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As many as 20% of Americans suffer from diagnosable mental health disorders, but those

overwhelmed with physiological and economic burdens cannot prioritize seeking support for

their mental health and well-being. There are many evidence-based psychosocial interventions

(EBPIs) that have been proven to be effective in treating mental health conditions. Recent

initiatives to improve engagement in mental health care through technology have generated

an abundance of promising digital mental health solutions. However, symptoms of stress, anxiety,

and depression remain overlooked and in constant tension with life demands and disruptions,

making it challenging to integrate such solutions into everyday life. My dissertation research

examines the tensions between everyday life demands and mental health and well-being, where I

design systems that integrate adaptations of EBPIs into everyday contexts to promote engagement.

My work intersects three well-being contexts: (1) the COVID-19 pandemic, (2) co-morbid cancer

and depression, and (3) workplace stress.

First, I examine the situated contexts using human-centered and computational methods

grounded on holistic frameworks to reveal challenges rooted in tensions among multiple needs

that get in the way of engaging in mental health and well-being activities. I conduct this research



in the COVID-19 pandemic and co-morbid cancer and depression contexts to demonstrate that

these challenges are present at the individual, organizational, and population scales. Second, I

identify modification targets to existing evidence-based psychosocial interventions that can be

enhanced through the use of technology to ease the tensions among needs and to directly integrate

adapted interventions into the relevant contexts. I describe the development of the collaborative

behavioral activation system aimed at improving the collaboration and engagement of patients and

providers in depression care. I also describe the development of a just-in-time micro-intervention

system aimed at reducing stress in the workplace. Lastly, I deploy these technology-enhanced

mental health and well-being systems in real-world contexts to evaluate their effectiveness in

improving engagement. Through such deployment, I highlight implementation challenges to

integrating patient-provider collaborative technology into a clinical care practice as well as

individual, contextual, and intervention-related factors that may influence real-time engagement

in digitized interventions. Across three well-being contexts, my dissertation demonstrates that

contextual and continuous adaptations of EBPIs can improve engagement in mental health and

well-being care. My dissertation makes theoretical contributions through the development of

holistic frameworks, methodological contributions through the development of computational

frameworks, and artifact contributions through the development of technology-enhanced mental

health and well-being intervention systems and through the design recommendations that arise

from real-world deployments.
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Chapter 1

INTRODUCTION

Mental health disorders are a leading cause of disability and death worldwide, with approxi-

mately one in five of US adults experiencing a mental illness in a given year [298]. Despite high

prevalence and negative impact, mental health disorders are severely under-treated [222]. Less than

25% of adults with a diagnosable mental health disorder receive professional psychotherapy [222],

and 20% to 50% of patients are known to prematurely drop out of therapy [405, 374, 375]. At the

patient level, significant barriers to treatment include high financial burden, lack of insurance

coverage, lack of access to quality care [330, 202, 125], stigma, and competing life demands all

contributing to not seeking or discontinuing care. Lack of professional training, insufficient time

and resources, competing demands of comorbidities, and inadequate reimbursement systems

contribute to added challenges that healthcare providers face [222]. Mental health disorders are

also associated with increased risk for chronic diseases due to unhealthy behaviors such as lack

of physical activity, poor diet, or substance abuse [319]. Furthermore, people with co-morbid

physical and mental disorders encounter additional barriers (e.g., disease management, treatment

complexity, reduced quality of life) that limit their ability to care for their mental health, which

then adversely affects adherence to treatment [37]. Unfortunately, those that are overwhelmed

with a multitude of physiological and economic burdens are especially unable to prioritize seeking

support where symptoms of stress, anxiety, and depression are often overlooked and in constant

tension with life demands and disruptions.

Even though many evidence-based psychosocial interventions (EBPIs) have been proven to be

effective in treating mental health conditions, they suffer from a “research-practice gap,” leading to

low adoption, low engagement, and low fidelity in adhering to the original guidebook [252]. One
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key contributor to such a gap is that the EBPIs are often evaluated in controlled settings when, in

reality, these interventions are practiced in non-traditional settings (e.g., work, schools). EBPIs

designed in controlled settings without consideration of unanticipated contextual challenges make

it difficult for patients to engage in interventions in their unique situations and, therefore, have the

potential to push people towards deprioritization of mental health care. Although evidence-based

practice in psychology guidelines recommend “the integration of the (1) best available research

with (2) clinical expertise in the context of (3) patient characteristics, culture, and preferences,” little

progress has been made in incorporating patient values, culture, and preferences in designing and

adapting interventions and treatment in comparison to the progress made in empirical research

and clinical expertise [392]. To design contextually fit interventions and practice, it is critical to

examine the “competing demands” that an individual experiences [301] that shape the access and

engagement of those interventions while targeting both treatment outcomes and engagement

and usability metrics. The shift in perspective from disease-specific to person-centered care

requires cultural and contextual adaptations to existing EBPIs [26, 394] as well as interventions

that exhibit dynamic and adaptive properties for supporting flexible decision-making in any given

context [3, 256].

In recent years, technology has played a pivotal role in improving engagement in mental health

care. Digital behavioral health technologies (e.g., telepsychiatry, text-based counseling, mHealth

apps) create new opportunities to expand the reach of evidence-based practices beyond traditional

clinical settings [144, 149, 151, 250] while also providing new opportunities for contextual

understanding. The collection of multifaceted and high-fidelity digital usage and behavioral

data can help characterize real-world contexts, observe physiological and behavioral patterns, and

measure the effectiveness of mental health solutions in vivo, which can be used to ensure that

people receive the best possible support in their situated contexts [292, 291, 355, 386]. Despite

technological innovations and promises to address mental health challenges, such interventions

ultimately need to consider the context within which they are deployed because access to

technology itself may be a barrier to mental health care among the multitude of competing

needs that discourage engagement in mental health and well-being care. Therefore, research
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in technology-facilitated mental health care and engagement must also shift towards a holistic

approach to intervention design and delivery informed by contextual understanding.

1.1 THESIS STATEMENT

In my research, I seek (1) to explore the nature of competing needs and resource tensions in situated

contexts that influence people’s engagement inmental health andwell-being activities, (2) to design

and build contextually appropriate interventions that simultaneously promote engagement in and

efficacy of mental health and well-being care, and (3) to deploy and evaluate these interventions in

real-world contexts for dynamic and continuous improvements to interventions and their delivery.

My dissertation research, therefore, demonstrates the following thesis statement:

Engagement in mental health and well-being care can be improved through contextual

and continuous adaptation of interventions by using human-centered and computational

methods to understand stakeholder needs at personal and population scales.

I claim that using human-centered and computational methods can reveal the tensions within

the multi-level system of stakeholder and well-being needs that get in the way of engaging in mental

health and well-being activities. I also claim that such contextual understanding, at both personal

and population scales, can support the appropriate design and adaptation of technology-facilitated

interventions aimed at improving engagement in mental health and well-being care.

1.2 DISSERTATION OVERVIEW

My dissertation has spanned three key research activities across three mental health and well-being

contexts in support of my thesis.

First, the demonstration of my thesis follows three key research activities that are typically

seen in the human-centered design process [176, 278].

1. Framing and understanding: Within the framing and understanding activity, the goal is to

use holistic frameworks to understand the conflicts within the multi-level system of human
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needs at personal and population scales. Here, I leverage human needs framework [264, 269],

social determinants of health [419], and parallel journeys framework [400] to gain an

understanding of needs that compete with the prioritization of well-being activities.

2. Designing and adapting: Within the designing and adapting activity, the goal is

to adapt and digitize core components of evidence-based interventions for improved

usability and engagement. Here I digitize Behavioral Activation [208], Collaborative Care

Model [17], Cognitive Behavioral Therapy [73], and Dialectical Behavioral Therapy [251]

into contextually fit solutions that accommodate the conflicts identified in the prior research

activity. I identify modification targets for these interventions that can be enhanced through

the use of technology.

3. Deploying and evaluating: Within the deploying and evaluating activity, the goal is to

conduct longitudinal deployments and identify opportunities for continuous adaptation and

personalization of interventions. Here, I deploy the systems that I build for user studies and

randomized clinical trials (RCTs) and analyze the data from the deployments to propose

design considerations for both technical and non-technical systems.

Second, I apply this process across three mental health and well-being contexts – (1) the COVID-

19 pandemic, (2) co-morbid cancer and depression, (3) workplace stress – to demonstrate my thesis

across the scale of analyses from momentary to longitudinal, from individuals to populations, and

from qualitative to quantitative.

1. COVID-19 pandemic: The COVID-19 pandemic has disrupted the lives of people across

the world in both digital and offline realms. Here, I leverage computational methods to

understand population-scale shifts in online search behaviors during the pandemic. My

analysis reveals a general shift towards basic needs away from higher-level aspirational

needs as well as a disproportionate change in a community’s use of digital resources across

several socioeconomic and environmental offline factors.

2. Co-morbid cancer and depression: Depression is highly prevalent but severely under-

treated among patients with cancer. Here, I leverage qualitative methods to understand

multistakeholder challenges that arise at the intersection of cancer and psychosocial care
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journeys. To address those challenges through technology support, I digitize and adapt core

components of evidence-based care strategies aimed at improving engagement in depression

care. I then deploy the system for an evaluation in a series of user studies and a multi-year

RCT.

3. Workplace stress: Workplace stress is prevalent and costly, but integrating stress

management strategies directly into the workday can be challenging. Here, I digitize

evidence-based psychosocial interventions into bite-sized, digital micro-interventions that

can be delivered in themoment through the use of passive sensing technologies. I then deploy

the system to evaluate how momentary contextual information can influence engagement

in interventions at work.

My dissertation, therefore, makes several types of contributions. I make theoretical

contributions through the development of the parallel journeys framework as a design framework

for examining and characterizing complex co-morbidities and care contexts. I make methodological

contributions through the development of the human needs computation framework as a way to

capture changes in digital engagement that span a broad spectrum of human needs and through the

development of the longitudinal before-after observational method that quantifies disproportional

changes in digital engagement. I make artifact contributions by designing and developing a

collaborative behavioral activation system and a just-in-time micro-intervention system. I make

several empirical – both qualitative and quantitative – contributions. I quantify the changes

in human needs during the pandemic and observe the second-level digital divide at population

scales. I characterize the challenges that multiple stakeholders face during co-morbid cancer and

depression care and during the deployment of a collaborative behavioral activation system. I

measure the efficacy of digital stress-reduction micro-interventions at work and identify factors

that influence engagement in the moment. I leverage my empirical findings to contribute design

implications for public health policies, the implementation of technology-enhanced collaborative

care, and a just-in-time adaptive interventions (JITAI) aimed at improving engagement in mental

health and well-being care.

Figure 1.1 summarizes the completed studies included in my dissertation.
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1.3 ORGANIZATION OF THE DISSERTATION

My dissertation has focused on understanding three mental health and well-being contexts through

human-centered and computational methods, designing technology-facilitated and contextually

fit interventions, and deploying those interventions to evaluate their efficacy in those contexts.

The overall organization of my dissertation is as follows.

In Chapter 2, I provide prior work in mental health and well-being interventions and

the relevant technology contributions to improving engagement. I also provide background

information on three specialized well-being contexts that I examine.

Chapter 3 describes my work in the context of the COVID-19 pandemic and online information-

seeking behaviors. I first illustrate howunderstanding the context at population scales can highlight

areas of competing needs. Then, I investigate how digital engagement in resources across health,

educational, economic, and social needs were not experienced equally by populations defined

by various socioeconomic and environmental factors. This work suggests that population-scale

monitoring of online information-seeking behavior can highlight specific at-risk populations to

inform policies and recovery efforts for current and anticipated needs. Section 3.1 was originally

published at the 14th ACM International Conference on Web Search and Data Mining [402], and

Section 3.2 was originally published in Nature Communications [403].

In Chapter 4, I present my work in the clinical context of patients with co-morbid cancer and

depression. I propose the parallel journeys framework to characterize the challenges that arise at

the intersection of cancer and psychosocial care journeys and develop a technology-facilitated

collaborative behavioral activation system, called SCOPE. By evaluating the system in a series of

user studies and a clinical pilot study, I highlight technical and non-technical design implications

for integrating collaborative systems in complex clinical care settings. Section 4.1 was originally

published in the Proceedings of the ACM on Human-computer Interaction (CSCW1).

In Chapter 5, I describe my work in the workplace context to develop stress-reduction micro-

interventions and a just-in-time system that delivers them at work. By deploying the system

in a four-week user study, I demonstrate that an adaptive workplace stress intervention system
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can lead to workplace stress reduction. I then identify contextual and individual factors that

influence engagement and improvement with implications for future JITAI systems. Section 5.1

was originally published at the 2022 CHI Conference on Human Factors in Computing Systems,

and the contents of Section 5.2 currently in submission.

Finally, Chapter 6 summarizes how the presented research work provides evidence for my

thesis statement. I also discuss future challenges and opportunities for investigating and improving

engagement in mental health and well-being care that spans individual, collaborative, and public

health contexts.
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Chapter 2

RELATEDWORK AND BACKGROUND

My dissertation research explores the challenges and barriers to engaging in mental health and

well-being care to inform the design of technology enhancements and adaptations to evidence-

based interventions aimed at improving engagement. In this chapter, I provide an overview of

mental health and well-being interventions and the need for adaptations (Section 2.1), followed

by the relevant prior work in the design of technology support for mental health and well-

being (Section 2.2). I then describe three well-being contexts in which I examine the tensions

among amultitude of human needs and design technology support formental health andwell-being

management (Section 2.3).

2.1 MENTAL HEALTH ANDWELL-BEING INTERVENTIONS

Mental health and well-being interventions and strategies have been developed and validated

across various domains and contexts. However, mental health treatments are still severely under-

utilized. Less than 25% of adults with a diagnosable mental health disorder receive professional

psychotherapy [222], and 20 to 50% of patients in therapy prematurely drop out of therapy [299,

375, 374, 405]. Barriers for patients in receiving treatments include lack of access to quality care,

financial burdens due to lack of insurance coverage, clinician shortage, stigma, and perceived

ineffectiveness [125, 202, 287, 330]. Behavioral health providers (BHPs) face various challenges

including the lack of professional training, insufficient time and resources, competing demands of

comorbidities, and inadequate reimbursement systemse [222]. Even for patients who receive care,

unfortunately, they struggle to remain engaged in care or receive consistent care with 20 to 50%

of patients known to prematurely drop out of therapy [405, 374, 375, 299].

Despite prolific research and development of evidence-based interventions and strategies,
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translating research in evidence-based psychosocial interventions (EBPIs) into clinical practice

or everyday life has been met with several challenges. When the interventions are developed

and evaluated in highly controlled settings (e.g., a sequence of consistent, in-person therapy

sessions), implementing these programs in real-world contexts has often failed to replicate the

“in-the-lab” effectiveness [256]. In addition, these interventions are evaluated with a singular focus

on disease-centric target outcomes with little or no regard to their usability or how people engage

with them “in the wild.” In reality, many of these interventions are practiced in non-traditional

settings such as work, schools, primary care, or community service settings [253].

Integration of EBPIs into everyday lives outside of therapy contexts also relies solely on user

motivation without support for compliance and adherence [70]. Due to their poor contextual

fit, these EBPIs often suffer from a “research-practice gap,” leading to low adoption and low

fidelity in adhering to the original guidebook [252]. Furthermore, little progress has been made in

incorporating patient values, culture, and preferences in designing and adapting interventions and

treatment in comparison to the progress made in the empirical research and clinical expertise [392].

Attempts at integrating EBPIs without the consideration of contextual challenges would continue

to push people towards deprioritization and under-utilization of mental health care. Therefore,

improving the usability of and engagement with EBPIs should be one of the top target metrics of

research and development of mental health and well-being interventions [25, 120, 128, 252, 267,

282].

Prior research in the implementation science field has examined ways to modify interventions

in reaction to unanticipated challenges in practice [27]. When mental health and well-being

interventions and strategies are met with unanticipated challenges that interfere with their

effectiveness, they can be “modified” in reaction to such challenges [27]. These interventions

could also be “adapted” deliberately and proactively ahead of deployment [394, 393]. For example,

cultural adaptations consider the compatibility of language, cultural practices, meanings, and

values in its modifications [26]. Contextual adaptations consider the culture as well as the context

of use (e.g., accessibility, acceptability, structural barriers [70] or child development stages [256])

to improve the contextual relevance of interventions [70]. While cultural adaptations commonly
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apply to the intervention content (e.g., language), contextual adaptation encompasses how the

interventions are used with usability, engagement, and retention as metrics to improve the

contextual relevance of interventions [70]. Furthermore, interventions that are more adaptable

have a higher chance of success in meeting the needs stemming from shifting contexts and

situations [256]. Interventions, therefore, need to exhibit dynamic and adaptive properties, such

as modular designs and identification of core components, to support flexible decision-making in

a given context [3, 256].

My research examines critical gaps in bringing evidence-based mental health and well-being

interventions into real-world, situated contexts using human-centered and computational methods.

I first characterize the contextual challenges and barriers to engaging in mental health and well-

being activities. Informed by these challenges, I then identify core components of interventions

and design targeted adaptations aimed at improving flexibility and ease of use in the given

contexts. In these situated contexts, I also seek technology design opportunities to enhance

intervention delivery and consumption. Therefore, my dissertation research contributes to the

growing literature on digital and contextual adaptations of interventions.

2.2 TECHNOLOGY SUPPORT FOR MENTAL HEALTH ANDWELL-BEING

Researchers have investigated technological support of mental health from a variety of perspectives.

Early calls for research at the intersection of mental health care and human-computer interaction

(HCI) [101] have been met with over a decade of research investigating technological support for

diverse clinical needs [352], such as anxiety disorders [102, 438], bipolar disorder [25], ADHD [235],

phobias [456], schizophrenia [434], and depression [283, 363, 389]. In the context of mental

health and well-being, innovators, researchers and therapists have explored the potential for

new technology to overcome key barriers to mental health care access and to improve overall

mental health and well-being outcomes for all. For example, computer-assisted therapy methods

have been examined in a variety of contexts, including for anxiety disorders [102, 438], bipolar

disorder [25], ADHD [235], phobias [456], schizophrenia [434], and depression [389, 283, 363].

The use of technology to help support mental health treatment has significant potential and has
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proven highly effective in a number of contexts [352].

In particular, technology-delivered interventions have garnered attention for their ability

to offer constantly-available content that people can engage with [72, 335, 336] to reduce

mental health symptoms [284, 363]. Given the potential for significant impact, many innovators

and researchers have created and studied the efficacy of smartphone-delivered mental health

interventions via RCTs [225, 244] and a myriad of consumer-oriented mental health applications

exist to provide a range of support online, such as self-guided meditation or symptommanagement.

However, most available mental health apps are not evidence-based [191, 294], and those that have

been rigorously studied – although shown to be effective in improving relevant outcomes [225, 244]

– also have high attrition and low adherence [134, 243].

Integrating technology into mental health and well-being solutions has introduced new ways

to adapt existing EBPIs. During the digital translation of EBPIs, technology-delivered interventions

can be broken into specific modules or skills [363]. They can also be adapted to be narrow in

scope and short in length (e.g., 1-minute meditation). These “digital micro-interventions” leverage

technology affordances to provide individual components of traditional psychotherapy focused on

managing proximal symptoms (e.g., relaxation for stress) in the hopes of achieving broad, distal

objectives (e.g., overcoming depression) [35]. This modularization of EBPIs makes it easier for

individuals to access and utilize interventions whenever they want especially between therapy

sessions.

Furthermore, the modularization of EBPIs can enable dynamic adaptations, especially when

coupled with computational approaches for behavioral, symptom, or contextual understanding.

For example, systems delivering these modular interventions can take advantage of the usage

and interaction data for personalization, improving its recommendations for activities that are

likely to be effective [364], used [218], preferred [305], or performed at the right time [292, 354,

381]. The fullest extension of such personalization, termed just-in-time adaptive interventions

(JITAI), has been introduced to continuously adapt and deliver personalized, contextualized, and

adaptable interventions incorporating dynamic human behavior data captured through ubiquitous

sensing technologies [292, 355, 386, 47]. This concept has been pursued in other health contexts
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(e.g., promoting physical activity [169], stress management [201], and weight management [387]),

with the recent interest in applying them to positive coping skill use [206]. JITAI approach holds

great potential for improving adherence and engagement, wherein micro-intervention delivery

timing, as well as the content, can be continuously adapted based on ecological momentary

assessment (EMA) or other passively sensed data [355, 381].

Technology support for mental health and well-being care expands opportunities to leverage

data to improve the efficacy of interventions. For example, prior work has examined evaluating

counseling sessions through natural language processing and machine learning approaches

to differentiate high-quality and low-quality counselors or counseling sessions [11, 312, 406].

Research has investigated monitoring and predicting mental health symptoms through mobile

phones and ubiquitous sensors [40, 433, 284] and social media posts [106, 105, 18, 257, 461, 350].

A large body of work has examined how machine learning techniques can support the detection,

diagnosis, and treatment of a myriad of mental health conditions [369, 409]. Researchers have also

leveraged usage data to characterize user behaviors [83] and investigated personalizing mental

health interventions by recommending activities to manage stress [354] or prevent negative moods

[189] based on an individual’s past sleep, diet, and activity data; by recommending interventions

based on an individual’s personal characteristics and context [305].

Despite technological innovations to address mental health challenges and the potential for

digital mental health solutions to extend into the fabric of our lives, they often fail to address

individual, institutional, and infrastructural level challenges in mental health care, such as

challenges for providers connecting patients to local resources, a lack of mental health resources

for low-income patients, a legal system that does not address mental health needs, or a lack of

reimbursement mechanisms [51, 285]. Such challenges remind us that digital interventions need

to be designed with consideration for the context in which they are deployed and that even access

to technology itself may be a barrier to mental health care. Therefore, my dissertation places the

context of use at the center and examines the role of technology in supporting engagement in

mental health care. In order to build adaptable systems that meet the dynamic and personalized

needs of a given context and that optimize flexibility, usability, and engagement, my work leverages
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the modularity of the core components of EBPIs in their digital translation and the adaptability of

intervention timing and delivery through ubiquitous sensing technologies.

2.3 MENTAL HEALTH ANDWELL-BEING CONTEXTS

In my dissertation, I investigated three well-being contexts to characterize tensions in needs that

get in the way of engaging in mental health and well-being activities. Challenges identified in

each of these contexts inform the design of technology enhancements and contextual adaptations

to interventions that promote engagement in mental health and well-being care. Here, I provide

background information on these problem contexts and on prior methodological approaches to

address those challenges in relation to my research.

2.3.1 The COVID-19 Pandemic

The COVID-19 global pandemic has presented challenges across physical health [440] as well

as societal (e.g., disparities [88]), economic (e.g., unemployment [23, 91]), and psychosocial (e.g.,

stress, anxiety [314], loneliness [420]) realms. Because of the multi-faceted influence of the

pandemic on health and well-being, recent work has called for understanding the multi-level

system of humans needs for pandemic response strategies [347] and examining the unintended

socioeconomic consequences of the pandemic [39].

Theories about basic human needs have been discussed for close to a century [318]. In

particular, Maslow’s hierarchy of needs [264, 265] has been applied in numerous domains [459, 424,

79, 289], despite criticisms of the validity of the theory [429, 59] and controversies surroundings

its relationship to Blackfoot Native American tribe [38, 139, 64]. These theories are aimed at

providing a holistic understanding of human needs. The characterizations of a broad spectrum of

needs from these models are increasingly relevant during the pandemic [347].

Most studies on human needs use survey-based methods [79, 407, 266, 281]. Others have

applied human needs theories in computational social science [9, 459, 247], but they focus deeply

on specific topics (e.g., consumer behavior, well-being) and leverage publicly available social

network data. In contrast, our work introduces a computational methodology to extract a full
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spectrum of human needs at population scales, which is critical for aligning policies with societal

needs that they are intended to support.

In particular, we harness search interaction data from web search logs. Web search logs are

routinely collected on a near real-time basis and at large scales, providing unique opportunities to

examine digital behaviors across a wide range of topics, geographies, and subpopulations as well as

highlighting potential barriers and changes to such engagement behaviors [127]. In fact, web search

logs have enabled studies of human behaviors across many different domains [15, 152, 442, 437],

times [12, 13, 309, 146], locations [443, 349], and to make inferences about the future or to identify

risk factors [104, 86, 228, 304, 445]. In the context of the COVID-19 pandemic, such data has

stimulated a prolific range of research on physical [242, 228, 153], psychological [414, 65], and

socioeconomic [163, 4] well-being [402].

Socioeconomic and environmental factors play a significant role in the health and well-being

of individuals and communities [140, 455, 450]. Despite pandemic-driven efforts to close the

long-term and emergent health equity gap [455], studies during the COVID-19 pandemic have

also demonstrated that socioeconomically and environmentally marginalized subpopulations have

been disproportionately and negatively affected by the disease [81, 88, 458, 463]. Unfortunately,

such disparities are also reflected in digital access and engagement [143]. Digital inequalities

manifest in multiple levels as the differences in (1) the access to technology or the quality of access

(i.e., first-level digital divide) [423], (2) the usage of digital technologies and skills (i.e., second-level

digital divide) [172, 174], and (3) the ability to translate the use of digital technologies into favorable

outcomes (i.e., third-level digital divide) [74, 338, 422]. The inability to digitally engage in more

“capital-enhancing” activities [74, 173, 174] can lead to negative offline consequences [180].

Prior work on understanding digital disparities has relied on costly surveys, interviews, or

self-reports [10, 164, 219] that require direct engagement with the study population in order to

prompt a recounting of their past behaviors rather than passively observing their actual behaviors.

Datasets from specific service providers (e.g., Wikipedia [175], Zearn.org [465, 464]), domains

(e.g., telehealth [124], eHealth [356]) or geographic areas (e.g., Northern California [356]) do not

capture digital behaviors across a broad spectrum of human needs and subpopulations and at
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fine geo-temporal granularities. Macroeconomic measures, such as unemployment claims, do

not capture potentially unmet needs or access barriers (e.g., confusion around unemployment

benefits [367, 46, 114]). Leveraging web search interactions, on the other hand, enables us to model

people’ search interests which are reflective of their underlying resource needs [408, 321, 447].

These interests could include accessing critical digital resources such as online educational sites in

response to school closures, online food delivery information in response to restaurant closures,

online social interactions in response to physical distancing and travel restrictions, or online

unemployment and economic assistance in response to economic instability during the pandemic.

In the context of the COVID-19 pandemic, my work leverages the centrality of web search

in everyday life to better understand changes in human needs during the pandemic, how these

changes are experienced differently by different subpopulations to further characterize the impact

of socioeconomic and environmental factors on engaging in digital well-being activities.

2.3.2 Cancer and Depression

Depression is one of the most common challenges in patients with cancer [221, 317] with

devastating consequences, such as increased mortality risk [214], longer hospital stays [296],

increased risk of completed suicide [181, 280, 348], increased healthcare costs [268], decreased

adherence to treatment recommendations andmedications [215], and decreased quality of life [317].

Common contributors to depression in cancer include a patient’s psychological reaction to phases

of the cancer journey (e.g., diagnosis, treatment, recovery or relapse, survivorship or end of life),

social stressors (e.g., loss of a job, financial burden), and physical side effects from cancer treatment

(e.g., nausea, fatigue, hair loss) [317, 380]. Recent meta-analyses have found the prevalence of

depression in patients with cancer to be as high as 24% [221, 317], much higher than the 8% annual

prevalence in the general population [435, 391]. Clinical depression in some patients may go

undetected by oncology providers and staff who lack specialized training to diagnose mental

health conditions [382, 307, 273].

Despite its high prevalence and negative impacts, depression in patients with cancer is highly

under-treated with 73% not receiving potentially effective depression treatment [430]. Patients
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in rural areas are more likely to receive inadequate access to mental health services compared

to urban residents, partly due to a limited supply of behavioral health providers (BHPs), lack

of psychiatric clinicians, and lack of on-site mental health services [330, 202, 125]. In addition,

patients with co-morbid conditions (i.e., cancer and depression) encounter many barriers that

limit their ability to care for their health (e.g., physical limitations, high complexity in medication

management, financial constraints, compounding of symptoms) [37].

Because of the potential direct neuropsychiatric effects of cancers and their treatment on

depression [317], access to BHPs trained specifically in oncology contexts is crucial in the

treatment of depression in patients with cancer. The Institute of Medicine recommends direct

integration of psychosocial services in cancer settings [302] as a cost-effective way to address

inadequate treatment [277, 317], and the psychosocial oncology care framework [254] provides

guidelines for achieving such recommendations. The Collaborative Care Management (CoCM)

model is an evidence-based strategy for implementing these recommendations [238], a proven

and cost-effective standard of care for treating depression, improving quality of life, and increasing

adherence to cancer treatments [21, 410, 78, 126, 197] consistent with accepted clinical practice

guidelines [19].

Collaborative care is based on several core principles [425]: (1) it is a team-based collaborative

approach to psychosocial care with a triad of providers (i.e., as described next), (2) it is a population-

based care approach responsible for the outcomes of a defined population of patients (i.e., patients

identified as depressed), (3) it is a measurement-based care approach that uses validated outcome

measures to monitor patients and to guide treatment decisions, and (4) it is an evidence-based

approach that uses scientifically proven interventions that are effective in treating depression [135,

17].

Collaborative care centers around the patient. A triad of providers, each with a clearly defined

role, collaborate to improve the patient’s psychosocial health outcomes. Figure 2.1, adapted from

the University of Washington AIMS Center, illustrates the roles and relationships of collaborative

care team members in the cancer context. An oncologist is responsible for overseeing the overall

care of the patient. A psychiatric consultant works with the care manager and oncologist to aid
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Figure 2.1: Illustration of Collaborative Care Model, which centers around the patient with a triad
of providers (oncologist, care manager, consulting psychiatrist) collaborating to improve the patient’s
psychosocial health outcomes. The illustration is adapted from the University of Washington AIMS Center
(http://aims.uw.edu/).

with assessment and diagnosis, to develop a biopsychosocial treatment plan, and to communicate

recommendations for treatment (i.e., psychotropic medications and/or evidence-based psychosocial

treatments) [32]. A care manager, who is typically a clinical social worker but can also be a

nurse or psychologist, is embedded in the cancer center and consults with an on-site or remote

psychiatrist with expertise in treating patients with cancer. They work closely with the care

team (i.e., oncology, primary care, and other supportive care providers) to coordinate and deliver

comprehensive care, provide patient education, deliver evidence-based psychosocial treatments,

monitor patient progress using standardized scales, and provide systematic outreach to engage

patients. [113, 168, 95]. Our work specifically examines depression care situated in the context of

collaborative care.

Implementing collaborative care is also not without its own challenges. For example, recent

reviews and analyses have highlighted: (1) low fidelity in adhering to the principles of effective

collaborative care [425], (2) lack of clarity in role definitions and boundaries, (3) challenges

http://aims.uw.edu/


19

in long-term sustainability, and (4) lack of standard care and communication pathways and

tools [286, 370, 453]. Using the core principles of collaborative care as a basis for determining key

tasks and processes, a comprehensive list of potential technology opportunities for enhancing

collaborative care has been proposed [28, 326]. Prior studies have looked at augmenting the

capabilities of collaborative care with technology through remote assessment [145, 224, 457],

patient-provider communication [341], digital interventions [390], or telehealth [6]. However,

many of these studies do not target the specific needs for depression care in cancer settings, and

further research is needed to evaluate the effectiveness of such technologies on improving patient

engagement in depression [325].

Using the core principles of collaborative care as a basis for determining key tasks and processes,

a comprehensive list of potential technology opportunities for enhancing collaborative care has

been proposed [28, 326], including a messaging platform for patient engagement, digital delivery

of evidence-based psychosocial interventions and education resources, decision support tools with

clinical pathways, remote self-assessment, and systematic monitoring and review of patients using

a web-based registry and remote consultations. However, despite high interest in integrating

technology into collaborative care and its promising benefits, further research is necessary in

understanding the needs for and feasibility of such technologies in collaborative care for various

stakeholders, especially for treating depression in cancer settings [325].

Because patients with co-morbid conditions (i.e., cancer and depression) encounter many

barriers that limit their ability to care for their health (e.g., physical limitations, high complexity

in medication management, financial constraints, compounding of symptoms) [37], co-morbid

cancer and depression is a highly relevant domain to examine the tensions in needs and to

identify opportunities to adapt existing interventions to fit the needs of the population. Given

that collaborative care serves as the standard of care for patients with cancer and depression, my

work aims to develop concrete technology design opportunities to support patient and care team

experiences.
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2.3.3 Workplace Stress

Over 83% of Americans suffer from work-related stress [293], which has a profound impact on

well-being due to increased risk of mental and physical health disorders, decreased productivity

due to absenteeism and burnout, decreased overall job satisfaction, and increased rates of stress-

related accidents and employee medical, legal, and insurance costs [55, 62, 94, 444]. Many have

theorized that workplace stress stems from the imbalance between job demands, control, or

resources [110, 421]. This perceived imbalance not only highlights that the experience of work-

related stress is highly personal and unique to individuals but also presents the conflict between

various work and nonwork roles as one of the key contributing factors of stress. For example,

when individuals face a conflict between work demands and personal needs (i.e., work-self conflict

or work-nonwork conflict), they tend to give up their personal roles to eliminate the source of

the conflict or over-commit to fulfill the responsibilities of both [111]. Such conflicts can have

detrimental effects on physical and psychosocial health [111, 357]. In addition, the effects of

work-nonwork conflict and related stress outcomes spill over into life outside of work, disrupting

the overall well-being of workers [162, 357].

Intervention strategies for workplace stress are commonly grouped into three categories:

primary, secondary, and tertiary [98, 372, 332, 333]. Primary strategies refer to action taken to

directly change or eliminate stressors; these strategies often involve organizational-level changes

(i.e., a culture shift), which might be difficult to achieve or even study because such changes are

costly and may cause high-profile disruptions to the organization [98]. Secondary strategies are

the most common; they target the individual experiencing stress and aim to detect and reduce

their stress to prevent the development of chronic, stress-related mental and physical health issues.

Individual talk therapy, workshops teaching stress reduction and time management, as well as

mindfulness or meditation applications like HeadSpace are all popular examples of secondary

strategies. Tertiary prevention concerns treatment for and recovery from stress-related mental

and physical health issues through counseling or supportive services such as Employee Assistance

Programs (EAPs). Some argue that addressing the source of stress through organizational changes,
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rather than assisting individuals, is necessary for long-term beneficial effects [98], and ample

evidence points to the benefit of individual-focused interventions which are easier to implement

and study [333]. Others suggest that such distinctions are not an important area for focus because

individuals trained with stress management skills can bring about organization-level changes [60].

Of these strategies, individual-based stress management interventions (e.g., cognitive-

behavioral skills training, meditation, exercise, etc.) have been shown to be effective on

psychological, physiological, and organizational outcome measures, are easier to implement

and study, and are perceived to be more effective [213, 333]. However, integrating individual-based

stress management interventions into the workday is challenging due to work culture [123, 184],

and putting stress management strategies into practice can be quite difficult psychologically, even

in healthy workplace contexts that value employee well-being [179].

Recent efforts to integrate interventions into the workplace include technology-delivered

mental health interventions [395]. Technology-delivered mental health interventions in the

workplace have gained popularity because they are always available (unlike a therapist), and can

be used without drawing attention to the user or disrupting a work environment. Much of the

prior research on their effectiveness in work contexts mainly focuses on work-related outcomes

(e.g., productivity, absenteeism) rather than mental health or well-being outcomes [395]. Many

interventions evaluated at work are still based on self-guided training (e.g., 12-week web-based

cognitive behavioral therapy) or apps (e.g., MoodHacker) that are not directly integrated into the

work context. Instead, digital interventions that take the work context into account are still highly

sought after [107]. However, most available mental health apps are not evidence-based [191, 294],

and those that have been rigorously studied – although shown to be effective in improving relevant

outcomes [225, 244] – also have high attrition and low adherence [243, 134].

Because of the unique experiences of individuals dealing with work-related stress and the

work-nonwork interface, integrating technology-delivered interventions into the workplace

requires a high degree of personalization. The system design also needs to be highly usable

and effective in the context of work to avoid introducing additional sources of personal conflict

and pressure in utilizing necessary self-oriented stress-reduction resources during work. My
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dissertation work targets stress reduction and engagement as outcomes and focuses on directly

incorporating the work context into the design and delivery of digital interventions through the use

of ubiquitous sensing technologies [275]. Because of the unique experiences of individuals dealing

with work-related stress, I explore ways to integrate technology-delivered interventions into the

workplace with a high degree of personalization. Ouside of my dissertation work, I also explore

the impact of organization-level interventions (e.g., deployment of employee well-being sensing

technologies) and how individual-based solutions can impact employee-employer relationships

and team dynamics (e.g., sharing of well-being insights with managers or colleagues).
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Chapter 3

UNDERSTANDING THE IMPACT
OF THE PANDEMIC ON HUMAN NEEDS

The COVID-19 pandemic has disrupted the lives of people across the world. Despite

pandemic-driven efforts to close the long-term and emergent health equity gap [455], studies

during the COVID-19 pandemic have demonstrated that socioeconomically and environmentally

disadvantaged subpopulations have been disproportionately and negatively affected by the

disease [88, 463, 81], with threefold higher infection rates and sixfold higher death rates in

predominantly Black US counties than in white counties [458]. Furthermore, challenges induced

by the pandemic span societal (e.g., disparities [88]), economic (e.g., unemployment [23, 91]), and

psychosocial (e.g., stress, anxiety [314], loneliness [420]) realms, making it critical to incorporate

the multi-level system of human needs and well-being for pandemic response and recovery

strategies [347]. During the COVID-19 pandemic, digital engagement in resources across health,

educational, economic, and social needs also grew in importance because of lockdown mandates,

social isolation, and economic burdens [402, 39, 20] as well as due to internet-based communication

methods employed by public institutions, such as the online dissemination of COVID-related

information by the World Health Organization [39]. Unfortunately, disparities in digital access

also reflect socioeconomic and environmental dimensions of variation [143], and such inequalities

may perpetuate existing disadvantages into a “digital vicious cycle” [39, 34]. Therefore, it is a

public health priority to identify vulnerable populations who are severely and negatively impacted

by the pandemic and to understand potential barriers to accessing critical resources [88].

In this chapter, I focus on online search behaviors during the pandemic as a context for which

to understand stakeholder needs. I demonstrate that (1) computational methods can reveal these

needs at population scales, and that (2) such understanding could inform the design of public
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health policies and interventions aimed at improving engagement in online resources. I conduct two

studies that illustrate that harnessing the centrality of web search engines for online information

access can reveal changes in human needs and disparities.

The first study [402] examines the role that the COVID-19 pandemic has played in shifting

human needs (Section 3.1). In this study, we propose a computational methodology, inspired

by Maslow’s hierarchy of needs, that can capture a holistic view of relative changes in needs

following the pandemic through a difference-in-differences approach that corrects for seasonality

and volume variations. We apply this approach to characterize changes in human needs across

physiological, socioeconomic, and psychological realms in the US, based on more than 35 billion

search interactions spanning over 36,000 ZIP codes over a period of 14 months (Section 3.1.1,

Section 3.1.2). The analyses reveal that the expression of basic human needs has increased

exponentially while higher-level aspirations declined during the pandemic in comparison to

the pre-pandemic period (Section 3.1.3, Section 3.1.4). In exploring the timing and variations

in statewide policies, we find that the durations of shelter-in-place mandates have influenced

social and emotional needs significantly (Section 3.1.5). The study also finds potential barriers to

addressing critical needs, such as support for unemployment and domestic violence (Section 3.1.6).

This approach and study results suggest that population-scale monitoring of shifts in human needs

can inform policies and recovery efforts for current and anticipated needs (Section 3.1.7).

Following the examination of population-scale shifts in human needs, the second study [403]

characterizes the degree to which different subpopulations shifted their needs in reaction to the

pandemic (Section 3.2). In order to capture a holistic view of the changes in digital engagement

during the pandemic [347], we structure the analysis according to the five social determinants

of health (SDoH) categories defined by the US Department of Health [419], which have been

widely used as a holistic framework to describe a wide range of socioeconomic and environmental

factors that determine one’s health, well-being, and quality of life. We analyze over 57 billion

everyday web search interactions during the pandemic across 25,150 US ZIP codes to reveal that

the extent to which different communities of internet users enlist digital resources varies based on

socioeconomic and environmental factors (Section 3.2.1). For example, we find that ZIP codes with
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lower income intensified their access to health information to a smaller extent than ZIP codes

with higher income. The study also shows that ZIP codes with higher proportions of Black or

Hispanic residents intensified their access to unemployment resources to a greater extent while

revealing patterns of unemployment site visits unseen by the claims data (Section 3.2.2). Such

differences frame important questions on the relationship between differential information search

behaviors and the downstream real-world implications on more and less advantaged populations

(Section 3.2.3).

The key takeaways and contributions to my thesis from these two studies are summarized

in Section 3.3. Both studies were conducted in collaboration with Tim Althoff, Eric Horvitz,

and Ryen W. White where I contributed to the conceptualization of the study, the design and

refinement of the methodology, the data collection and analysis, and the interpretation of results.

The first study was published in WSDM 2021 [402], and the second study was published in Nature

Communications [403]. I presented the research conducted in this chapter as a distinguished

invited talk at the Web Conference 2021 Web of Health track.

3.1 HUMAN NEEDS FRAMEWORK AND SHIFTING PRIORITIES

Many of the existing studies and datasets of the COVID-19 global pandemic focus on the biomedical

and epidemiological aspects of the case and fatality rates, including efforts in detection, infection

propagation, therapeutic intervention, and vaccine design, with a gaze fixed on the virus and illness

that it causes. Despite the direct focus on mitigating the spread and morbidity of infection [440],

pandemic-related policy decisions and investments cannot be made on health information alone.

Recent work has called for identifying and understanding the multi-level system of human

needs and well-being for pandemic response and recovery strategies [347]. Our goal is to better

understand the influences of the pandemic and associated policy decisions on a multitude of

human needs, where new insights about shifting needs can guide valuable refinements of policies

and motivate the development of new interventions, programs, and investments.

Quantifying human needs across the population is important but challenging, as it requires

innovative, ethical, privacy-preserving approaches with fine-grained and broad geo-temporal
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coverage. A standard way to assess human needs is through survey-based measures [147], which

can be costly and time-consuming to conduct at large scales. Surveys are difficult to manage across

time and geographies when the desire is to provide fine-grained analyses longitudinally and to be

able to understand and react in near real-time. Passively observing human behaviors is another

approach, grounded in the fact that physical and psychosocial needs motivate human behaviors

to express and fulfill those needs when they are unmet [264]. For example, historical purchase

behaviors are used to predict future consumer needs inmarket research [2], but this approach is also

limited to smaller-scale, consumer and commercial interests. E-commerce platforms (e.g., Amazon

marketplace) or specialized service providers (e.g., Talkspace, Coursera) may have access to large-

scale, real-time analysis of customer behaviors, but they are focused tightly on specific needs.

Publicly available social network data (e.g., Twitter), have been used to characterize needs [9, 459],

but these studies examine a subset of needs from data that only portrays externalized behaviors.

Such fragmentation of data limits the capture of broader expressions and comparisons across a

broad spectrum of human needs.

We address these limitations in obtaining signals about human needs by observing the behaviors

of people through their everyday interactions with a web search engine. Human behaviors, through

which human needs are expressed or fulfilled, often involve seeking information or obtaining

tangible support or material items, for which web search has been an integral component. Thus,

search logs provide a unique lens into human needs by providing signals about human behaviors

in their natural state, at a large scale, and on already routinely collected data.

We propose a computational methodology built on constructs of human needs by Maslow [264,

265] and Max-Neef [269]. We characterize pandemic changes across a broad spectrum of

fundamental human needs, spanning five broad human needs categories–Self Actualization,

Cognitive, Love and Belonging, Safety, and Physiological–and 79 subcategories. We apply this

framework to a dataset of 35+ billion search interactions across 36,000+ ZIP codes in the United

States over 14 months (7 months in 2019 and 7 months in 2020) to map search query strings and

click interactions to human needs, resulting in over three billion expressions of human needs. We

demonstrate how this approach enables the examination of shifts in fundamental human needs
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based on disruptions induced by the pandemic.

Our contributions include the following:

• We propose a novel computational framework for characterizing a holistic view of human

behaviors, intents, and unmet needs based on web search logs and human motivational

theories (Section 3.1.2).

• We leverage a difference-in-differences approach [234] to quantify the impact of the pandemic

and its associated policies on the relative changes in needs while controlling for seasonality

and external factors (Section 3.1.2).

• We present the first population-scale analysis across a holistic set of human needs during

the COVID-19 pandemic in the United States through the use of web search logs (35+ billion

search interactions for 14 months on 86% of US ZIP codes; Section 3.1.3-Section 3.1.6).

• We find that search interactions in pursuit of basic human needs (i.e., Physiological, Safety)

have increased exponentially during the pandemic while several higher-level aspirations

(i.e., Self Actualization, Cognitive) have declined (Section 3.1.3, Section 3.1.4).

• We observe geographical differences in how differing statewide shelter-in-place policies

are associated with short-term and long-term changes in social and emotional needs

(Section 3.1.5).

• We demonstrate that potential barriers to accessing critical resources, in support of people

facing unemployment or domestic violence, can be identified through search interactions

combined with external data sources (Section 3.1.6).

Our work suggests that signals from web search logs can be used to characterize and monitor

over time human needs at a population scale. Our findings also emphasize the importance of

tracking broad sets of human needs in combination with other reported measures to identify gaps

in our current understanding of challenges and support, measure the impact of policy changes,

and design policies and programs that can meet the needs.
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Figure 3.1: Illustration of human needs detection framework. (a) Human needs are represented by a
ladder according to Maslow’s hierarchy of needs to indicate than a person may have multiple needs
simultaneously. (b) These needs are expressed through search interactions, which can be categorized
through keyword matches and/or subsequent clicks into relevant search result pages. (c) Each search
behavior is then aggregated across categories of human needs, time, or geography. (d) To quantify changes
in needs, aggregated needs are compared between pre-pandemic and pandemic periods while adjusting for
seasonal and query volume variation.

Observation period 14 months (Jan 1-Aug 2 in 2019-2020)
# of queries 35,650,687,581
# of human need queries 3,250,228,644
# of days 428
# of ZIP codes 36,667

Table 3.1: Descriptive statistics for our web search dataset.

3.1.1 Dataset and Validity

Dataset, Privacy, and Ethics

We collected a dataset containing a random sample of deidentified search interactions from the

first seven months of the years 2019 and 2020 obtained from Microsoft’s Bing search engine. For

each search interaction, we collected the search query strings, all subsequent clicks from the

search results page (e.g., clicked URL), and the time and ZIP code location of the search interaction.

The resulting dataset contains 35+ billion search interactions and represents the web search traffic

of over 86% (36,667/42,632) of US ZIP codes associated with at least 100 queries per month so as to

preserve anonymity (Table 3.1). All data were deidentified, aggregated to ZIP code levels or higher,

and stored in a way to preserve the privacy of the users and in accordance with Bing’s Privacy

Policy. Our study was approved by the Microsoft Research Institutional Review Board (IRB).
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Validation of Data

Considering potential threats to validity, we examined the dataset from three perspectives:

coverage of the population, analysis of selection bias, and reliability of the trends.

Analyzing National Representation To understand how much of the US population is

represented by the collected data, we obtained demographics data from the Census Reporter

API [418]. The demographics of the ZIP codes in our dataset closely matched the US population

demographics (Appendix A.1). Although query volumes are not uniformly distributed across these

ZIP codes, the vast majority of the ZIP codes are included in our dataset. We leverage location

information for our analysis when geographical differentiation is necessary.

Analyzing Selection Bias To understand potential biases in socioeconomic circumstances that

would influence the usage of the Bing search engine, we leveraged deidentified client id as a proxy

for a unique user to estimate the ‘client rate’, or how much of the population in a ZIP code is

using the Bing search engine. We examined the correlation between the client rate and various

demographic factors. While the factors describe some of the variances, none were correlated more

strongly than r=–0.058 (% Housing Owned), suggesting that the dataset is not strongly biased

towards any single demographic (Appendix A.2).

Reliability of Search Interaction Trends Many Americans use other search engines such as

Google. Therefore, we compared search trends for Bing with data available via the Google Trends

API for the same time period and for specific keywords in each need category. We found that the

search trends are highly similar, with a median Pearson correlation of 0.96 (min=0.45, max=0.98,

all p<0.001). This implies that our findings are not simply an artifact of using one search engine

over another (Appendix A.3).
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3.1.2 Human Needs Framework

Human Needs Categories

We draw inspiration from Maslow’s hierarchy of fundamental human needs [264, 265] to tag each

search interaction with one or more of five broad categories of needs. We represent human needs

as a ladder to convey that a person may have multiple needs (Figure 3.1a). Safety and Physiological

are considered as ‘basic’ needs. Love and Belonging is often considered to be ‘psychological’ needs,

and Cognitive and Self Actualization are considered as ‘growth’ needs, defined in more detail

below:

Self Actualization needs are about realizing personal potential, seeking personal growth,

and self-fulfillment. Topics include: hobbies; parenting; wedding; talent acquisition; goals; charity.

Cognitive needs are about pursuing knowledge and intelligence through learning and

discovering. Topics include: online education, learning materials; educational degrees; cognition;

memory; focus.

Love and Belonging are social and emotional needs and include emotionally-based

relationships such as friendship, family, dating, sexual intimacy. Topics include: mental health or

emotions; social network or activities; relationships, dating, divorce or breakup.

Safety needs stem from our desire to seek order, stability, and protection from elements in

the world. Topics include: personal protection; finances; banking; job search; unemployment;

housing.

Physiological needs are the basic animal needs such as air, food, drink, shelter, warmth,

sex, and other body needs. Topics include: health; food and groceries; basic staples; sleep;

transportation.

To understand the nuances of the needs, we further subdivided the five main categories into 79

subcategories. Several researchers independently developed subcategories which were combined

and resolved collaboratively through consensus meetings. Appendix A.4 describes this process in

detail with the full taxonomy of our need categories, example queries and/or clicked page URLs.
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Human Needs Detection

A search interaction can be an observation of the underlying human need in two ways: (1) an

expression of a potential satisfier (physical or information) for that need, or (2) a direct expression

of the deficiency or satisfaction of that need. For example, a search query for ‘bandages’ with a

subsequent click on ‘amazon.com’ could indicate a purchase intent that satisfies a Physiological

need. We require the additional click into one of many e-commerce domains to solidify that this

interaction is a purchase intent. Information search about ‘online games with friends’ could satisfy

a Love and Belonging need. A need (satisfaction or deficiency thereof) could be directly expressed

in experiential statements such as ‘I feel depressed’ (Love and Belonging).

We match each search interaction to a corresponding need subcategory through simple

detectors based on regular expressions and basic propositional logic. Each need subcategory

could have multiple regular expressions applied to either the query string, the clicked URL, or both,

depending on the complexity of the expression and the need subcategory. We arrived at these

regular expressions based on our data through several collaborative consensus meetings until

we were satisfied with precision and recall (Appendix A.4). Overall, 9.1% of our query samples

matched at least one of the need categories. Each search interaction can satisfy multiple human

needs [269], so we allowed each search interaction to be tagged by multiple need categories (only

0.32% have multiple tags). We then aggregated matched search interactions across need categories

and subcategories, time (e.g., day, week), and geography (e.g., ZIP code, county, state). Figure 3.1

illustrates these steps in detecting and processing of human needs.

Throughout the chapter, we report needs as expressed through search interactions and not

actual underlying human needs. Some human needs are expressed well by search interactions

while other needs are more appropriately expressed through other digital and/or non-digital

means. When analyzing changes in such search interactions, careful consideration is required to

differentiate actual shifts in the underlying human needs (e.g., health-related needs have increased

due to COVID-19) from the equally meaningful changes observed in logs based upon shifts from

offline to online behaviors (e.g., online grocery purchases due to store closures), and we present
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our results in both possible contexts.

Framework Validation

Our goal is to detect with high precision a large number of needs across a broad set of categories.

Precision We sampled 1.2 million search interactions that matched at least one need category

as a candidate set. From this sample, we randomly chose 100 unique tuples of the search query

string and clicked URL (e.g., ‘15 lb dumbbells’ and click on ‘walmart.com’) for each of the five

high-level need categories, for a total of 500 unique tuples representing 1,530 search interactions

in our evaluation set. We selected unique tuples to avoid duplication in labeling, but we mapped

the labels back to the original 1,530 search interactions to compute precision on the distribution of

the source evaluation set. We then collected human labels for each tuple via Amazon’s Mechanical

Turk, where each tuple could be tagged with none, one, or more of the five needs categories. All

labels and predictions have Boolean values with no ranking among needs categories.

Upon inspecting the label quality, we found common systematic label errors such as labeling

‘recipe’-related queries as Cognitive needs, or ‘divorce’-related queries or visits to specific

government unemployment sites as Physiological needs, where the workers mislabeled the queries

according to the definitions we specified in the task detail. Other errors were due to inherent

ambiguities in the search. For example, ‘rent in florida coronavirus’ is tagged as Physiological

for ‘coronavirus’ but not as Safety for ‘rent’ because our high precision detector requires more

qualified keywords such as ‘apartment rent.’ Although the worker tagged this as Safety (i.e., rent

for shelter), the use of the word ‘rent’ here may not be shelter-related. We took a conservative

approach of only correcting definitive label errors and not ambiguous errors, and our evaluation

set achieved a precision of 97.2%, using the example-based precision metric defined in [467] for

multi-label classification.

Recall Although it is infeasible to ensure a perfect recall across a massive dataset, it is important

that we capture a significant number of needs expressions. We find that 9.1% of our search
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interactions match at least one need category. While this recall is significant and led to more

than 3.2 billion detections of needs expressions, we note that high recall is not necessary for an

unbiased analysis approach, because we conduct a fair comparison among the outputs of the same

detectors across pre-pandemic and pandemic periods. We did not find that the exact expressions

of needs varied drastically within our dataset which would indicate any temporal bias. We also

investigated whether our need expressions were dominated by a few categories. Clicks to YouTube

or Facebook dominated, but still only represented 1% of our dataset. We categorized visits to

these sites based on their primary functions (i.e., Facebook for social networking and YouTube for

media consumption). We found that our results were robust, whether or not we included these

high-traffic sites in our dataset.

Quantifying Changes in Human Needs

Our goal is to quantify the change in human needs during the pandemic relative to the pre-

pandemic period. This can be challenging due to the potential confounding effects of yearly

seasonal variations, weekly seasonal variations, and variations in query volume over time.

Conceptually, we control for yearly seasonal effects through comparisons with the previous

year, for weekly seasonal effects by matching the day of the week between both years (i.e.,

Mon Jan 6, 2020 is aligned to Mon Jan 7, 2019), and by considering relative proportions of the

query volume represented by each need over time. Formally, we follow a difference-in-differences

methodology [234, 118], commonly used in economics, to account for confounding effects

between comparison groups. Finally, our adjusted effect size is the logarithm of the ratio

between the two groups. This is effectively the difference-in-differences approach applied to

the logarithmic effect sizes and has the advantage of the effect sizes having symmetric properties

(i.e.,∆(t1; t2)=−∆(t2; t1)) [157, 92]. This step allows for an appropriate comparison of effect sizes

across both increases and decreases in need. Our estimate of the relative change in human need C

between two time periods is defined as

C(t1; t2, n) = log2

(
E(t20202 , n)

E(t20201 , n)

)
− log2

(
E(t20192 , n)

E(t20191 , n)

)
(3.1)
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whereE(t20202 , n) is the expression of the need n at some time t20202 in 2020 (i.e., after the pandemic

declaration) and E(t20201 , n) is the expression of need at t20201 (i.e., before the pandemic).

Across all following analyses, we choose the mean daily expression of needs between Jan 6

to Feb 23, 2020 as the ‘pre-pandemic baseline’, referred to throughout the chapter, and dates on

or after Mar 16 as the ‘pandemic period’ because individual states declared a state of emergency

at different times (Feb 29 to Mar 15). We then compute the 95% confidence interval on this

multiplicative effect size by using bootstrap resampling with replacement (N=500). We report

mean estimates and p-values throughout the text and 95% confidence intervals in all figures and

tables where applicable. All time series figures (Figure 3.2, Figure 3.3, Figure 3.5B) indicate the

moving average of the daily relative changes, computed from 3 days before to 3 days after.

3.1.3 Temporal Changes in Human Needs

We first consider how human needs change over time across the US in the context of major

events surrounding the pandemic. We compute the daily relative change in the expressed needs in

comparison to the pre-pandemic baseline, as described in Section 3.1.2, for the duration of our

entire dataset, giving us per-day relative changes in all need categories and subcategories. For

each inflection point and major national event, we examine need subcategories with the highest

relative changes to understand which contributes the most to the overall need.

Elevated Needs and Contributing Subcategories

Figure 3.2 illustrates daily relative changes of needs on a log scale, where zero indicates no change.

Overall, we see that all need categories were at elevated rates during March through May relative

to the earlier months. A few of the local inflection points correspond to US national events, such

as the declaration of national emergency on Mar 13 or the first stimulus checks being deposited

on Apr 11.

Physiological needs start to increase first around February (Figure 3.2A), dominated by health

condition related queries (C=1.46 on Feb 29) and subsequently by toilet paper purchase and health

measurement equipment purchase (C=1.14, 0.76 on Mar 6 respectively; Figure 3.2B). Around
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Figure 3.2: Daily relative changes in needs for each human need category throughout the pandemic.
Relevant events are annotated vertically at the time of occurrence. Changes in confirmed cases in the US
from the ‘Bing COVID-19 Tracker’ (http://www.bing.com/covid) are displayed below. See Section 3.1.3 for
discussion on A-H.

Mar 16, Physiological needs peak at over 3.8 times the baseline (21.91; Figure 3.2C). Following

the national emergency declaration (Mar 13) and mandated lockdowns (first on Mar 21), we

see a sharp increase in Cognitive needs (Figure 3.2D), dominated by educational site visits and

online education queries (C=1.97, 1.42 on Mar 23). Self Actualization needs peak around Apr 11

(Figure 3.2E), dominated by cooking site visits and cooking related queries (C=1.73, 1.15), and online

social activities queries and social technology uses dominate Love and Belonging needs (C=1.77, 1.72

on Apr 11). A sharp spike of Safety needs can be seen shortly after the first stimulus checks were

deposited: stimulus related queries, state unemployment site visits, COVID-19 protection purchase

dominate Safety needs (C=8.17, 5.49, 5.12 on Apr 18; Figure 3.2F). While other needs start to trend

downwards or stabilize throughout much of May-July, Physiological needs increase for a second

http://www.bing.com/covid
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time with additional interests in health conditions, followed by Safety needs with queries related

to economic stimulus and loans (Figure 3.2G), which aligns with the rise of COVID-19 cases in the

US around Jun 6.

Shifting of Needs

Based on the severe health impacts of the COVID-19 pandemic, we expected to see and confirmed

that Physiological needs dominated throughout our dataset, as COVID-19 is still a major US public

health issue at the time of writing. At a glance, we see two instances of the surge in Physiological

needs, followed by a subsequent increase in Safety needs. As Physiological concerns rise, public

health responses (e.g., business closures or restrictions) could potentially induce instabilities

in Safety needs, and this observation needs to be further investigated. We see basic needs

expressed before other needs consistent with the hypothesis by Maslow [264] and observations

by others [407]. We also expected to see a decrease in the expression of growth needs (Self

Actualization and Cognitive) as people’s attention shifts toward basic needs. However, both

Cognitive and Self Actualization needs increased overall, with the increase in Cognitive needs

being more temporary and Self Actualization being more sustained. Despite health and economic

concerns, interests in recreational activities or hobbies (e.g., cooking, gaming) contribute to this

steady 23% (=20.3–1) increase in Self Actualization needs. Further research into the temporary

nature of Cognitive needs and the long-term impact of such sustained interest in Self Actualization

is necessary.

We see that the peak in Physiological needs occurs around four weeks before the peak in

Safety needs (Figure 3.2C, F), while the second set of peaks is a few days apart (Figure 3.2H). This

could be an indication of phenomena like resilience or endurance from economics and disaster

management that requires further examination [263, 142].

3.1.4 Significant Changes in Human Needs

Next, we examine individual need subcategories that present the largest increase or decrease

in search expressions, possibly due to the pandemic’s impact. To explore these two ends of
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Need Need Subcategory Cmean Cmax 2Cmax-1

Phys Toilet paper purchase 6.11±0.08 7.00 12691.1%
Safe Stimulus related queries 5.69±0.03 8.17 28601.9%
Safe Unemploy. related queries 4.88±0.02 5.72 5156.4%
Safe State unemploy. site visits 4.81±0.04 6.26 7585.1%
Safe COVID-19 prot. purchase 4.67±0.03 5.57 4634.0%
Phys Health meas. equip. purchase 3.43±0.04 4.56 2257.2%
Phys Health cond. related queries 3.12±0.01 3.54 1065.6%
Phys Food assist. related queries 2.62±0.03 3.12 771.8%
Phys Grocery related queries 2.05±0.01 2.54 480.8%
Phys Food delivery queries 1.84±0.02 2.26 379.7%
L&B Online social activity queries 1.77±0.09 2.98 688.4%
Phys Food delivery site visits 1.7±0.01 2.26 379.3%

Table 3.2: Top 12 need subcategories with the largest increase in the mean relative change in need within
the initial 4 weeks of the pandemic with 95% confidence intervals, the maximum relative change in the
dataset, and maximum percent change.

Need Need Subcategory Cmean Cmin 2Cmin-1

SA Wedding related purchase -1.49±0.03 -1.76 -70.4%
SA Wedding site visits -1.25±0.02 -1.56 -66.2%
Cog Edu. degree related queries -0.87±0.06 -1.09 -53.1%
Safe Housing related queries -0.71±0.05 -1.09 -53.2%
Safe Job search related queries -0.65±0.03 -0.91 -46.7%
Safe Job search site visits -0.61±0.02 -0.95 -48.1%
Phys Apparel purchase -0.60±0.01 -0.84 -44.1%
SA Outdoor related queries -0.59±0.01 -1.07 -52.3%
SA Life goal related queries -0.57±0.09 -1.23 -57.2%
Safe Domestic violence queries -0.54±0.04 -0.97 -49.0%
Safe Rental related queries -0.53±0.06 -0.82 -43.5%
L&B Divorce related queries -0.49±0.03 -0.93 -47.3%

Table 3.3: Top 12 need subcategories with the largest decrease in the mean relative change in need within
the initial 4 weeks of the pandemic with 95% confidence intervals, the minimum relative change in the
dataset, and minimum percent change.

the spectrum, we compute the mean relative changes in needs during the initial four weeks of

the pandemic period (Mar 16 to Apr 12) compared to the pre-pandemic baseline, as described

in Section 3.1.2. We then examined the top 12 need subcategories with the largest increase or

decrease in the relative change.
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Heightened Physiological and Safety Needs

Table 3.2 shows that 11 need subcategories with the most increase fall under Physiological and

Safety needs as seen from the temporal trends in Section 3.1.3, and one (online social activities

queries) belongs to the Love and Belonging need category. Toilet paper purchase reached a maximum

increase of 127 times the pre-pandemic baseline (Mar 16). Recall that these are not just queries

containing ‘toilet paper’, but purchase intents as indicated by subsequent clicks to e-commerce sites

(Section 3.1.2). Such a high level of interest in toilet paper is commonly attributed to panic buying

due to the supply scarcity [167] and media coverage [148]. Stimulus related queries, including

general terms like ‘loan forgiveness,’ reached an even higher maximum increase of 286 times the

baseline (Apr 18) and is sustained at that high level through July, reflecting the magnitude of the

pandemic’s impact on the US economy.

When we examine the daily trends, we see that COVID-19 protection purchase exhibits a small

peak (C=1.0 on Jan 29) after the first reported COVID-19 case (Jan 20), and the needs quickly

escalate from Feb 20 (Figure 3.3B), at least three weeks earlier than other needs (Figure 3.3A,C,D)

that do not escalate until the national emergency declaration. A subsequent peak on Apr 3 (C=5.6)

coincides with CDC’s updated recommendation on cloth-based mask use. We also find that

indicators of social-economic instabilities such as unemployment site visits and food assistance

related queries still have not returned to their baseline levels (Figure 3.3A,C), arguably because

the pandemic is still in effect. Online social activities queries follow a similar pattern (Figure 3.3D),

reflecting the need to satisfy lock-down-induced social isolation through online services, but it

also raises the question of potential permanent shifts in ways of satisfying social needs. Our

findings revealed that only a few of these needs have returned to the pre-pandemic baselines while

many of them are sustained at elevated rates.

Shifts Away from Positive Outlooks

Table 3.3 shows the most decrease in the expression of several Self Actualization and one Cognitive

need subcategories. Specifically, indications of Self Actualization needs for partnership have
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Figure 3.3: Daily relative changes in select needs with the largest increase (A-D) and the largest decrease
(E-H) in need. Vertical bars denote the first reported US COVID case (Jan 20) and the US national emergency
declaration (Mar 13).

declined by more than 64% (=2−1.49–1) of their baseline throughout the typical US wedding season

around Spring and early Summer, which is expected given restrictions on large gatherings. In

addition, needs that are typically associated with growth, positive outlook, or new opportunities

have taken a large toll. In Self Actualization, queries about life goals also see a large decline. In

other need categories, needs expressed by educational degree related queries, job search related

queries, job search site visits, or housing related queries have declined by over 34% (=2−0.61–1) of

their baseline.

Upon inspection of daily trends, expressions of forward-looking needs have decreased and

remained below the pre-pandemic baseline (Figure 3.3E,F,G). The sustained decline in job search
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related queries (Figure 3.3G) juxtaposed with near 30 times increase in unemployment needs

(Figure 3.3A) is troubling evidence of the declining labor force as seen in other studies [91].

Indications of growth interests in educational degrees or life goals have not recovered (Figure 3.3F).

These results combined with heightened Physiological needs suggest a shift of focus away from

individual growth. Divorce related queries exhibited a maximum of 47% (=2−0.93; Figure 3.3H)

decline, possibly reflecting the challenges that families face in proceeding with divorce during the

lock downs [233]. Therefore, the underlying mechanisms for these shifts, the long-term impact of

the lack of growth needs, and support for relationships should be further studied. See Appendix A.6

for corresponding figures on all 24 subcategories.

3.1.5 Geographical Differences in Needs

We shift our attention to how the pandemic and its related policies differentially influence local

subpopulations. We use a set of statewide policies1 readily available through the COVID-19 US State

Policy Database [323]. We examine the impact of the shelter-in-place mandate (its duration and

effective date) on social-emotional and relationship needs (i.e., eight Love and Belonging and two

wedding-related Self Actualization subcategories). We hypothesized that social isolation induced

by longer shelter-in-place mandates generates more expressions of social-emotional needs.

We used the date on which the shelter-in-place mandate was enacted and relaxed or lifted for

38 states to derive the mandate duration2. We compute two relative changes in needs for each

state. First, to understand the short-term impact of the shelter-in-place mandate, we compute the

relative change in needs for two weeks after each state’s shelter-in-place mandate compared to the

one week before the mandates3. Second, to understand the long-term impact of the mandate, we

compute the relative change in needs between the pre-pandemic baseline and the last four weeks of

our dataset (Jul 6 to Aug 2), which is at least two weeks after the last state lifted its mandate (Jun

1Although our dataset allows ZIP code level analysis, a comprehensive list of local policies across the US is difficult
to obtain at ZIP code, city, or even county levels.
2Only 38 states had the start and end dates in the dataset as of August 2020.
3We chose one week before the mandate because it is the maximum number of full weeks after the declaration of

national emergency and before the earliest start date (Mar 21) for any shelter-in-place mandate.



41

19). To quantify the potential impact of these mandates, we ran a Pearson correlation analysis (1)

between the start date of the shelter-in-place mandates (i.e., ISO day number) and the short-term

relative changes in needs, and (2) between the duration of the mandates and the long-term relative

changes in needs.

Early Adjustments to Social Needs

The start date of shelter-in-place mandates ranged between Mar 21 and Apr 7. We find that the

relative changes in online social activities queries (r=−0.53, p<0.001), wedding site visits ((r=0.48,

p=0.002), wedding related purchase (r=0.43, p=0.006), and mental health resource site visits (r=0.47,

p=0.003) needs were most correlated with the start date. People from states that have earlier

shelter-in-place mandates expressed significantly reduced interest in weddings and mental health

site visits (Figure 3.4A) and significantly more need for online social activities (Figure 3.4B). For

example, in the two weeks after the mandate, people in New Jersey (mandate on Mar 21) sought

online mental health resources 25.7% less than the week before the mandate, while people in South

Carolina (mandate on Apr 7) sought those resources 13.4% more than the week before.

Long-term Social Impact

When we examine the long-term changes in expressed needs, we find that shifts in negative

mental health experiential queries (r=0.42, p=0.010, Figure 3.4C), wedding site visits (r=−0.37,

p=0.022, Figure 3.4D), and wedding related purchase (r=−0.35, p=0.033) were most correlated

with the duration of sheltering and closures. The duration of the shelter-in-place mandates was

highly correlated with the start date (r=−0.62, p<0.001), indicating that people faced with earlier

mandates are also impacted by longer mandates. As we discovered above, these people likely

suppressed their needs for weddings or mental health support early during the pandemic. At the

same time, as wedding needs slowly recover to the pre-pandemic baseline (Figure 3.3E), those

impacted by longer mandates are even slower in their recovery of wedding needs and are more

likely to express negative mental health issues. For example, people in Mississippi (24 days of

shelter-in-place) expressed 33.2% less negative mental health experiences than before the pandemic
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Figure 3.4: Relationships between shelter-in-place start date and short-term relative changes in mental
health and online social activities needs between 1 week before and 2 weeks after shelter-in-place mandates
(A-B), and between shelter-in-place duration and long-term relative changes in mental health and wedding
needs between pre-pandemic baseline and 4 weeks in July (C-D).

while people in Oregon (88 days) expressed 27.2% more negative mental health experiences than

before (Figure 3.4C). Others attribute this increase in negative emotions during the pandemic to

the shift to basic needs [79]. Per-state analysis of this shift along with the differential prevalence of

COVID-19 may be necessary to understand the mechanisms for this increase in negative emotions

and to provide appropriate social-emotional support.

3.1.6 Gaps between Expressed and Reported Needs

As we have demonstrated so far, there are many needs that are well expressed by web search

interactions such as purchasing goods online, looking for health information online, or accessing

economic assistance through government websites. Our final analysis examines a gap between

how web search facilitates the expression of these needs and the reported fulfillment of these needs
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Figure 3.5: Weekly relative changes in unemployment needs from Bing search and in unemployment
claims from the US Department of Labor compared to pre-pandemic baseline (A), and daily relative changes
in domestic violence and firearm purchase needs compared to pre-pandemic baseline (B).

to discover potential barriers to accessing critical resources. To demonstrate how our approach

allows for exploring these barriers, we focus on two need subcategories: unemployment and

domestic violence.

Expressed Unemployment Needs vs. Reported Claims

We obtained weekly, seasonally adjusted initial unemployment claims for 2020 from the US

Department of Labor4 and computed the relative changes in unemployment claims using the same

approach as in Section 3.1.2. We compare the change in reported unemployment claims with the

change in expression of unemployment needs in search and find that these two changes are closely

aligned (Pearson r=0.996, p<0.001) (Figure 3.5A). Despite policies that extend unemployment

eligibility for up to 26 weeks during the pandemic, we see that the expression of unemployment

needs remains at 25% higher than the reported claims since April. This discrepancy corroborates

with known issues with the unemployment benefits: many people were confused about the benefits

(e.g., job search requirement) and were being denied, having to search for more information or

4https://oui.doleta.gov/unemploy/claims.asp

https://oui.doleta.gov/unemploy/claims.asp
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file multiple applications [367, 46]. Although our analysis excludes those who use traditional

methods for filing unemployment claims (e.g., mail, phone), our results indicate that web search is

a critical resource that facilitates unemployment needs and highlights a potential gap in satisfying

unemployment needs which requires further investigation.

Expressed Domestic Violence Needs vs. Reports

One of the dire consequences of the COVID-19 pandemic is an increased risk of domestic violence

due to shelter-in-place mandates exacerbated by physical, financial, and social-emotional stressors

and increased alcohol consumption at home [75, 239]. Our analysis shows that the expression of

needs for domestic violence queries has dropped by nearly 36.7% (=2−0.66–1) since the pandemic

and stabilized at around -15.9% (=2−0.25–1, Figure 3.5B) below pre-pandemic levels. Interests in

firearm purchase have increased by over 40% (=20.5–1), corroborating other reports of increased

gun sales and gun violence and worrisome links to fatal domestic violence incidents [404, 177, 75].

A similar decrease in domestic violence-related metrics in March is seen by national hotlines5.

Some reports point to potential underreporting by victims unable to reach out for help under

constant surveillance by the offenders at home and fearful of exposure to the virus at a shelter [68,

383]. Although the expansion of online resources is critical to addressing the rise in domestic

violence [255], many studies highlight the need to recognize control tactics that prevent access to

these digital resources [344]. The sustained decrease in domestic violence queries seen in our data

may indicate such barriers or shifts in access methods for these online resources. The complexities

of domestic violence are evident in the inconsistencies across many data sources, resource media,

and contexts. Our results frame an urgent question that needs to be resolved through expertise in

domestic violence and social work organizations and through a careful combination of multiple

data sources to identify the underlying explanations for our findings.

5https://crisistrends.org/; https://www.thehotline.org/

https://crisistrends.org/
https://www.thehotline.org/
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3.1.7 Discussion

We presented a computational methodology based on theories of human needs to quantify the

effects of the pandemic and its related events on web search interactions. Although all need

categories had elevated changes in needs, we found that basic need subcategories were elevated

the most while growth-based need subcategories, indicative of positive outlooks in life, were

subdued (Section 3.1.3, Section 3.1.4). We also found that earlier and longer shelter-in-place

mandates may come with an unintended impact on mental health needs (Section 3.1.5). We

used unemployment and domestic violence-related queries to demonstrate how our methodology

could help expose gaps between the expression and fulfillment of needs–and frame questions and

directions for urgent investigation (Section 3.1.6).

Limitations

We cannot use our method to make causal claims. If other major concurrent events (e.g., Black

Lives Matter) have significantly influenced human needs during the observations window, we

are not able to distinguish between needs caused by the pandemic or these events. However, our

analysis clearly presents changes in the expression of human needs which can be important on its

own for understanding rising needs and considering factors for the design of specific interventions.

Our analysis relies on heuristics and correct inference of needs from search interactions. But

our framework is theory-driven, comprehensive, and achieves 97% precision across five main

need categories. Further fine-tuning of the framework should be motivated by precision-recall

requirements of individual analysis goals. Although expressions of needs may not reflect the

actual underlying human needs, the methodology serves as a useful detector for needs, as we

have demonstrated through its corroboration with several external findings, and combining our

methodology with additional data sources and interdisciplinary collaboration can further the

understanding of changes in human needs during global crises. In contrast to traditional methods

of measuring needs, our approach can operate at population scales relying solely on data that is

already routinely collected by web search engines, and thus allows for effective, retrospective, and
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fine-grained studies with observation periods of over one year.

Implications: Resilience and Vulnerability

Our work has demonstrated major shifts in a spectrum of human needs during the pandemic,

echoing the need to understand the societal, economic, and psychosocial effects of these events

and the underlying system of human needs. Such understanding is essential for guiding programs

around outreach and support of people during the current pandemic and preparing for future

pandemic responses and recovery efforts [347]. We observed that some needs have returned to

their baseline levels while others are sustained at elevated (e.g., health and economic instability)

or suppressed (e.g., job search, educational degree) levels (Figure 3.3). As we saw in Section 3.1.3,

temporal variations on how and when certain needs arise in response to major disruptions could

indicate a degree of psychological and economic resilience [263, 142]. Understanding how well a

region can endure disruptions is crucial for balancing health risks against societal risks, especially

for vulnerable populations who are severely impacted by the pandemic [88]. Our framework could

be used to quantify how much a community has been and might be able to endure social and

economic distress. For example, a region may be able to withstand prolonged business closures

before loan forgiveness needs surge, while another region may show an immediate need for

financial stimulus. In addition, when coupled with demographic variables, our framework could

be used to examine disparities in needs which may help with understandings of the disparate

impacts of blanket policies on the most vulnerable populations.

Implications: Preparedness and Resources

Our work revealed strong correlations indicative of a long-term mental health impact of longer

shelter-in-place mandates, suggesting that states with longer duration of shelter-in-place mandates

may need to provide additional support for social-emotional well-being (Figure 3.4). We also

saw potential barriers to accessing critical resources for unemployment and domestic violence; a

decrease in domestic violence queries in spite of conflicting anecdotes should raise questions and

an alarm (Figure 3.5). These examples suggest that expressions of needs through web interactions
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could highlight resource deficiencies or barriers. As regions prepare recovery efforts from COVID-

19 or make plans for future disruptions, our methodology can be harnessed to monitor or anticipate

a spectrum of needs at various geo-temporal granularities; this could help reveal impacts of the

pandemic (e.g., mental health [103]) and cater the appropriate interventions that meet individual

and societal needs.

Future Directions

We see this work as a step towards achieving a more holistic understanding of the multiple

influences of the pandemic and associated policies and programs. While we focused on

retrospective analyses, our approach has the potential to be used in near real-time to monitor

human needs and support future policy decisions. Understanding the disparate impacts of the

pandemic and its policies on a full spectrum of human needs, especially for vulnerable populations,

is critical for designing response and recovery efforts for major disruptions. Our work highlighted

future research opportunities and calls for action and collaboration across epidemiology, economy,

social sciences, risk management, and more. We look forward to further refinement of the methods

presented and hope the work will encourage discussions on observing and addressing changes

across a broad spectrum of human needs during a global crisis.

3.2 DISPARATE IMPACT AND BURDENS OF THE PANDEMIC

Socioeconomic and environmental factors play a significant role in the health and well-being

of individuals and communities [140, 455, 450]. Despite pandemic-driven efforts to close the

long-term and emergent health equity gap [455], studies during the COVID-19 pandemic have

demonstrated that socioeconomically and environmentally disadvantaged subpopulations have

been disproportionately and negatively affected by the disease [88, 463, 81], with threefold higher

infection rates and sixfold higher death rates in predominantly Black US counties than in white

counties [458]. In recent decades, digital access has also gained attention as an important factor

modulating health outcomes, as individuals harness the internet to seek health information and to

access healthcare services (i.e., telehealth, online pharmacy) [165]. During the COVID-19 pandemic,
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digital engagement in resources across health, educational, economic, and social needs grew in

importance because of lockdown mandates, social isolation, and economic burdens [402, 39, 20]

as well as due to internet-based communication methods employed by public institutions, such as

the online dissemination of COVID-related information by the World Health Organization [39].

Unfortunately, disparities in digital access also reflect socioeconomic and environmental

dimensions of variation [143]. The most basic form of digital inequality, the so-called first-

level digital divide, manifests itself as the difference between adequate and inadequate digital

infrastructure and devices (i.e., access to technology or the quality of access) [423]. Digital

inequalities alsomanifest themselves as the differences in the usage of digital technologies and skills

relevant to the usage of digital technologies, the so-called second-level digital divide [172, 174].

In this study, we harness the centrality of web search engines for online information access

to observe the second-level digital divide at population scales. We conduct a retrospective and

longitudinal observational study using 55 billion everyday web search interactions across multiple

devices and 25,150 US ZIP codes during the COVID-19 pandemic. In our work, instead of focusing

narrowly on a single topic, we aim to examine a spectrum of broader information domains to

capture a holistic view of the changes in digital engagement during the pandemic [347]. Therefore,

we structure our analysis according to the five social determinants of health (SDoH) categories

defined by the USDepartment of Health [419], which have beenwidely used as a holistic framework

to describe a wide range of socioeconomic and environmental factors that determine one’s health,

well-being, and quality of life. We apply the SDoH framework to search data to quantify the

changes during the pandemic in how offline exclusion (e.g., lack of sufficient economic resources,

lack of health insurance) relates to changes to existing digital exclusion (e.g., reduced participation

in online banking or eHealth).

The differential digital engagement patterns we present in this study have real-world

downstream implications. Most recently, the third-level digital divide has been conceptualized

as the differential ability to translate the use of digital technologies into favorable outcomes,

particularly leading to negative downstream outcomes in offline realms such as occupational

pursuits, healthcare, and social networking [422, 74]. For example, the digital footprint gap in the
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usage of information and communication technologies (ICTs) has been shown to surface during

childhood and the entire life course along offline axes of socioeconomic status (SES). As a result,

they may wind up with smaller social networks and limited employment opportunities [338].

Furthermore, even after controlling for internet access, those from higher SES or higher digital

literacy integrate digital resources into their lives and use the internet for more “capital-enhancing”

activities that are likely to result in more upwards mobility in the offline world [174, 173, 74, 322].

Just as the social, economic, cultural, and personal offline resources can affect engagement in

the corresponding digital fields, digital exclusion and the lack of engagement in digital resources

can lead to negative offline consequences [180] across the range of downstream outcomes in the

domains of health [356, 165, 338], education [69], and employment [226, 115]. Therefore, it is

important to observe digital behaviors across subpopulations and scrutinize the role of digital

inequalities in our society. In addition, disadvantaged subpopulations are already at a higher risk

of COVID-19 infection and mortality with heavier pandemic-induced socioeconomic burdens,

such that it is critical to ensure that digital inequalities do not exacerbate the disparate impacts of

the pandemic even further [39].

In this study, we contribute empirical evidence for the second-level digital divide by quantifying

how the changes during the pandemic in how offline exclusion (e.g., lack of sufficient economic

resources, lack of health insurance) relates to changes to existing digital exclusion (e.g., reduced

participation in online banking or eHealth). Unlike prior studies that are limited to interviews,

surveys, or specialization in domains or locations, we provide near real-time, population-scale

analysis across many different information domains to reveal naturalistic digital engagement

patterns uniquely seen through search data. Our analysis provides unique findings that are

unobserved by other data sources. For example, we observed a surge in unemployment site visits in

August 2020 that are not captured by the unemployment claims data. We also observed differential

uses of pandemic-relevant online resources that span across health information, learning, and

food delivery. Most importantly, we demonstrate a disproportionate change in a community’s

use of these digital resources across several socioeconomic and environmental offline factors.

These differences are significant when put into the context of the bidirectional nature of digital
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and offline exclusion. Although the SDoH factors and outcomes reviewed in our analysis are

generally not modifiable (e.g., race) or difficult to modify (e.g., income), our findings highlight

specific at-risk populations for whom to target shielding or interventions (e.g., stimulus checks to

target low-income populations).

3.2.1 Methods

In this section, we describe our data set and analysis methods. At a high-level, our dataset

includes anonymized search queries to the Bing search engine and subsequently clicked web

site URLs from those queries. Each search interaction is classified into the categories of health,

education, economic assistance, and food access that cover a broad range of critical resource needs

(Table B.4). We link the search interactions from each United States ZIP code to their respective

per-ZIP code census variables that broadly cover five SDoH categories: (1) Healthcare Access

and Quality (through health insurance coverage), (2) Education Access and Quality (through

educational attainment level), (3) Social and Community Context (through proportions of the

population represented by different race/ethnicity), (4) Economic Stability (through income and

unemployment rate), and (5) Neighborhood and Built Environment (through population density

and internet access). We divide our dataset according to these SDoH factors and compare the

magnitude of change in search behaviors between two ZIP code groups during the pandemic,

where a larger observed difference in the magnitude of change in search behaviors could indicate

that one group’s response to the pandemic is more significant than the other in the level of interest

in online information (e.g., health, unemployment) or in accessing online resources (e.g., online

remote learning).

Figure 3.6 illustrates the analysis process for online health information access. For example, we

split our ZIP codes into low and high income groups (below and above $55,000 median household

income) and compare the magnitude of change in health condition information queries (Fig. 3.6a).

To disentangle the confounding effects of SES and race/ethnicity proportions on behaviors and

health [5], we compare changes in search behaviors on matched pairs of ZIP codes that are highly

similar across these potentially confounding factors (Methods). We isolate the relative changes
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in search behaviors that occur concurrently with the pandemic using difference-in-differences

approach [234], adjusting for yearly and weekly seasonality and for pre-existing, pre-pandemic

disparities in query volume (Fig. 3.6b-d, Methods). Thus, wemeasure the disparate intensification or

attenuation of search behaviors during the pandemic between the two ZIP code groups delineated

by their distribution in a single SDoH factor (Fig. 3.6e). Finally, we apply the same process across

all SDoH factors (Fig. 3.6f, Methods).

The rest of this section goes into the data and the analysis process in detail.

Data Set and Study Population

Our source dataset consists of a random sample of 57 billion de-identified search interactions in

the United States from the years 2019 and 2020 from Microsoft’s Bing search engine. Each search

interaction includes the search query string, URLs of all subsequent clicks from the search result

page, timestamp, and ZIP code. We excluded search interactions from ZIP codes with less than

100 queries per month so as to preserve anonymity. Our search dataset intentionally includes

both desktop and mobile Bing search interactions in order to capture both search query sources.

Although the quality of access, especially through different device types or device specifications,

has been highlighted as another important factor in recent digital divide research [423], analysis

of the differential search behaviors across device types is outside the study’s scope. All data were

deidentified, aggregated to ZIP code levels or higher, and stored in a way to preserve the privacy

of the users and in accordance to Bing’s Privacy Policy. Our study was approved by the Microsoft

Research Institutional Review Board (IRB).

While many Americans use other search engines such as Google, Bing’s query-based market

share is estimated to be about 26.7% according to Comscore data [96]. We focused on query-based

metrics for estimating search market share because it captures end-users’ interaction with the

search engine, including queries that may not have resulted in site visits. Click share, on the other

hand, captures only search-driven traffic to a subset of websites that are instrumented with custom

code. To understand the validity of relying solely on Bing search data, we compared Bing and

Google queries for matched categories longitudinally and found that the search trends are highly
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Health condition query proportion by matched ZIP code groupbAll ZIP codes in dataset, split by median household income,
then matched on covariates

a

% change in health condition query proportions in 2020
relative to 2019 and pre-pandemic baseline 

d% change in health condition query proportions in 2020 
relative to 2019 

c

Differences in percentage points in health condition query proportions
during the first 4 weeks (Mar 16 − Apr 12) since the pandemic is declared 
between two matched ZIP code groups across 8 census variables 
adjusted for seasonal and pre-pandemic variations

fDifferences in % change in health condition query proportions
at two week intervals between two matched ZIP code groups 
across income adjusted for seasonal and pre-pandemic variations 

e

Control for seasonal variations
based on 2019 next

zoomed in for 2019

Changes in COVID deaths in the US

Compare these two 
population groups next

Figure 3.6: Quantifying disparities in online health information access. (a) 25,150 ZIP codes above and
below $55,224 median household income are matched to control for other confounding covariates (see
Methods). (b) The proportion of queries relating to a collection of health conditions increases dramatically
to over 3% around the time the US national emergency was declared. (c) Seasonal and weekly variations
are accounted relative to 2019. (d) After accounting for pre-pandemic baseline (relative to January 6 -
February 23, 2020, shaded in gray), we isolate the percent change in health condition query proportions
introduced during the pandemic where the differences between high- and low income groups start to
emerge. (e) We observe that low income ZIP codes experienced almost 200% less change in health condition
queries compared to that of the high income groups right after the US national emergency is declared.
(f) The same matching-based comparisons are performed across all SDoH factors during the first four weeks
since the declaration of the pandemic in the US. In (e) and (f), data are presented as mean values, and error
bars indicate 95% confidence intervals via bootstrapping (n=500).

correlated (Pearson r = 0.86 to r = 0.98, Figure B.3). Our search ZIP code data is provided by a

proprietary location inference engine, with added accuracy improvements to standard reverse
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IP lookup databases from contextual and historical information, but such estimation is still an

approximation. Our study also assumes that the demographics of the search users in a ZIP code

reflect the demographics of the population within a ZIP code. However, search users generally

trend towards a more white, richer, and older population. It is difficult to accurately characterize

the population base without third-party services such as Comscore data [96], which may have its

own limitations and biases. Our analysis of a proportion of user demographics using such data

confirms that Bing data tracks the US population reasonably well.

ZIP Code Level Data One of our goals is to characterize the role of socioeconomic and

environmental factors on digital engagement outcomes. Unfortunately, data that combines

individual-level search interactions with each individual’s socioeconomic and environmental

characteristics at the US national scale does not exist, is difficult to capture, and invites privacy

concerns. Instead, we use ZIP codes as our geographic unit of analysis. ZIP code level analysis can

be limited because it cannot describe each individual living in those ZIP codes. However, ZIP code

level analysis can scale to nontrivial population sizes and has been repeatedly recognized and

leveraged in population-scale and local/neighborhood-level research [14, 16, 204, 156, 10, 371, 77].

ZIP code level analysis also enables accounting for well-known issues associated with residential

segregation and socioeconomic disparities [143, 449]. We leveraged the available ZIP code

level American Community Survey estimates using the Census Reporter API [418] in order

to characterize the ZIP codes in our dataset.

Census Variables and Search Categories We chose a set of census variables to delineate ZIP

code groups as well as search categories to examine digital behaviors. Figure B.1 illustrates our

full choice of census variables and search categories.

The social determinants of health (SDoH) have been widely used as a holistic framework to

describe a broad range of socioeconomic and environmental factors that determine one’s health,

well-being, and quality of life. In recent years, the SDoH has also been referenced in relation to

the digital divide; digital literacy and internet access are referred to as “super determinants of
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health” as they relate to all social determinants of health [373]. Just as Helsper [180] theorized the

corresponding digital and offline fields, looking at variables from both offline and digital aspects

of the social determinants of health is critical in understanding digital disparities. Because of the

multidimensional nature of socioeconomic status and its association with health and well-being

outcomes, it is important to include relevant socioeconomic factors [58]. Therefore, our choice of

census variables and search categories are largely influenced by the SDoH framework defined by

the US Department of Health [419].

We considered multiple socioeconomic factors including race, income, unemployment,

insurance coverage, internet access, educational attainment level, population density, age, gender,

Gini index, homeownership status, citizenship status, public transportation access, food stamp,

and public assistance. We did not include some of the factors when they were highly similar

to already included factors (e.g., % below the poverty level is correlated to median household

income, Pearson r = −0.624). In the end, we included eight census variables that represent all

five categories of SDoH to cover a broad range of socioeconomic and environmental factors.

Under Healthcare Access and Quality, we included the percentage of the population with

health insurance coverage (Table B27001). Under Education Access and Quality, we included the

percentage of the population that attained a Bachelor’s degree or higher (Table B15002). Under

Social and Community Context, we included the percentage of the population of Hispanic origin

(Table B03003) and the percentage of the population with Black or African American alone (Table

B02001). Under Economic Stability, we included the median household income (Table B19013) and

the percentage of the civilian labor force that is unemployed (Table B23025). Under Neighborhood

and Built Environment, we included the percentage of the population with a broadband or dial-up

internet subscription (Table B28003) and the population density. We computed per ZIP code

population density by joining area measurements from ZIP Code Tabulation Areas Gazetteer

Files [417] and total population (Table B01003). We joined the search interaction data with

the above SDoH factors on ZIP codes and excluded ZIP codes that did not have either search

interactions or census data. The resulting 55 billion search interactions covered web search traffic

from 25,150 ZIP codes in the US, and these ZIP codes represent 97.2% of the total US population.
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Table B.1 provides per-ZIP code summary statistics of our dataset.

Our choice of search categories was largely informed by our prior work [402]. We chose three

determinants – Healthcare Access and Quality, Education Access and Quality, and Economic

Stability – from which to draw our search categories. We excluded two determinants that were

generally more difficult to capture with simple query string matches because they tend to be

more contextual (e.g., location, social) than can be expressed as query strings for information

seeking. Under the three SDoH factors, we chose seven search categories that not only appeared

more frequently than others in our dataset but also were relevant topics during the pandemic.

Table B.4 enumerates the categories we examined with example query strings, URLs, and regular

expressions.

Examining individual search keywords or subcategories has been pursued by others within

and outside the scope of the pandemic. In our study, the use of broad categories spanning health,

economics, education, and food is intended to capture a holistic view of the pandemic across many

different needs [347]. Accordingly, we do not make any claims about subcomponents within a

category because studying these subcomponents is out of the scope of this work.

Certainly, there exist search keywords that are more popularized by the current pandemic,

such as “coronavirus” or “covid”, that also belong in the health information category. However,

these keywords are not unique to the current pandemic and have existed before. As infrequent

searches for “coronavirus” might seem in 2019, in our data, the query frequency of “coronavirus”

in 2019 was similar to that of “mers” and certainly not zero (Figure B.4). In fact, many categories of

interests exhibited changes during the pandemic [402, 228], not just some that are highly relevant

to the pandemic. For example, Suh et al. [402] have demonstrated that many of the ordinary

search topics, such as “toilet paper”, “online games with friends”, or “wedding” were significantly

changed during the pandemic.

Disproportional Change in Digital Engagement during the Pandemic

Our goal is to quantify the disproportional change in digital engagement during the pandemic

experienced by different subpopulations. Our study conducts several data processing steps and



56

analysis methods to arrive at our findings: (1) we quantify digital engagement by computing relative

query proportions for various search categories, (2) we quantify intensification or attenuation of

digital engagement by computing changes in digital engagement between before and during the

pandemic, and (3) we compare the changes in digital engagement across ZIP code groups.

Digital Engagement Trends We leverage interactions with search engines to obtain signals

about digital engagements where everyday needs are expressed or fulfilled through a digital

medium, in our case Bing [402]. In our study, we characterize digital engagement through

modeling users’ search interests as expressions of underlying human needs [402], building upon

prior work that uses search interactions to model “interests” which are either expressed explicitly

through search queries or implicitly through clicks on results displayed on the search engine result

page (SERP) [408, 321, 447]. To gain a nuanced understanding of these search interactions, we

categorize each search interaction into topics ranging from health access to economic stability and

education access. We match each search interaction to a corresponding category through simple

detectors based on regular expressions and basic propositional logic (Table B.4). Each category

could have multiple regular expressions applied to either the query string, the clicked URL, or both.

Then, we count matching search interactions for a given category. Our query string detectors

operate only on English-language keywords such that any cross-cultural or cross-language analysis

is out of the scope of this work, but some of our detectors include looking at the click results

regardless of the query.

To capture the level of search interest in these categories in relation to all other categories

of interest, we compute the proportion of total search queries that belongs to a specific category.

For example, we compute the proportion of total search queries that contain health condition

keywords such as cancer, diabetes, or coronavirus to quantify the level of interest in engaging in

health information-seeking behaviors in relation to all other digital engagement behaviors. In

another case, we examine search queries that result in subsequent clicks to state unemployment

benefit sites to quantify the level of interest in unemployment benefits.

In addition, the focus on the level of interest through query proportions rather than query
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frequencies is helpful in our analysis. First, it helps with accounting for the baseline differences in

search access between two populations. Second, this focus on relative measures of search query

frequency helps adjust for changes in query volume over time, which is a common practice in

Information Retrieval and web search log analysis [61, 203]. Figure B.5-Figure B.12 illustrate the

temporal variations in relative query frequencies (left) and in relative query proportions (right) in

each query category for each of two matched groups across all SDoH factors. Adjusting for the

baseline differences in search access allows us to remove the existing access differences between

the two groups, and the temporal trends of the query proportions between the two groups become

much closer.

Longitudinal Before and During Pandemic Change in Digital Engagement To capture

longitudinal changes in search behaviors that are most likely attributable to the pandemic, we use

a difference-in-differences (DiD) method [234] to apply several corrections. DiD is often used in

econometrics and public health research as a quasi-experimental research method to study causal

relationships where a randomized control trial (RCT) is infeasible [452]. Using DiD design with

the pandemic as the treatment cannot lead to any causal claims because there is no control group

or a counterfactual (i.e., everyone is exposed to the pandemic). In our study, we leverage DiD

method to quantify the intensification or attenuation in search behaviors by removing seasonal

variations and normalizing on pre-pandemic baselines.

After we categorize each search interaction with our categories of interest, we count and

aggregate them per time window (i.e., 2-week or 4-week intervals in our analysis) and per ZIP

code (Fig. 3.6a). We compute the proportion of the total query volume represented by each category

for these time windows to quantify the level of search interests in that category while removing

undesired variations in the query volume over time (Fig. 3.6b). We denote the digital engagement at

time t in category c as the fraction of the total number of queries at time t: E(t, c) = N(t, c)/N(t).

From this, we control for yearly seasonal variations by subtracting the digital engagements of

2019 from that of 2020: E(t2020, c)− E(t2019, c). People tend to behave differently on weekends,

and we observed a 7-day periodicity in our data, sometimes known as the “weekend effect” [353].
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Therefore, when comparing two years, it is important to account for the weekend effect. In order

to highlight the actual differences that are not explained by weekend mismatches across years,

we aligned the day of the week between both years (i.e., Monday, January 6, 2020 is aligned to

Monday, January 7, 2019). In addition, we ensured that our comparison analysis included all seven

days of the week (i.e., look at means across one or multiples of a full week) (Fig. 3.6c).

Finally, to compute the change in digital engagement during the pandemic since the time

at which the US national emergency was declared on March 16, 2020, we subtract the query

proportions between January 6, 2020 and February 23, 2020, a period we defined as the “pre-

pandemic baseline” (Fig. 3.6d). Even though the national emergency was declared three weeks

later, we use February 23, 2020 as the cut-off because individual states declared a state of emergency

at different times between February 29 and March 15 of 2020, and to avoid partial weeks in our

analysis. Our estimate of the relative change in digital engagement in category c between before

and during the pandemic is defined as:

C(tbefore; tduring, c) =
[
E(t2020during, c)− E(t2019during, c)

]
−
[
E(t2020before, c)− E(t2019before, c)

]
(3.2)

Or the relative percentage change in digital engagement Cperc is expressed as:

Cperc(tbefore; tduring, c) =

[
E(t2020during, c)− E(t2019during, c)

]
− [E(t2020before, c)− E(t2019before, c)]

[E(t2020before, c)− E(t2019before, c)]
× 100 (3.3)

We acknowledge that there may exist a ZIP code with zero or very few search interactions for

a given category, especially before the pandemic and in 2019. For example, “stimulus check” may

only be relevant during the pandemic for certain ZIP codes. We cannot exclude these ZIP codes

because we want a good representation and distribution of ZIP codes in our analysis. If a ZIP

code makes only a handful of search queries on various health conditions, for example, but the

number of queries increases dramatically due to concerns surrounding comorbidities and health

complications, that is precisely the signal we hope to capture and observe across ZIP code groups.

We mitigate this potential challenge of zero or near-zero baseline issues in several ways. (1) Our

regular expressions are inclusive of potential variations in expressing the categories, including
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expressions that are likely to occur before the pandemic and in 2019. (2) We aggregate search

interactions in two or four-week windows, which consequently reduces the likelihood of having

no or very little search interaction before the pandemic. (3) We also aggregate across thousands of

ZIP codes that belong to a specific group (e.g., a group of ZIP codes with median household income

greater than $55,224), where the likelihood of having no or very little search interaction before the

pandemic for each group is 0%. (4) Instead of computing per-ZIP code DiD, we compute per-group

DiD. In other words, we perform a within-group summation before taking the difference, which

allows us to characterize the change in digital engagement for a typical ZIP code in the group.

Comparisons across ZIP Code Groups Finally, we aggregate these changes in digital

engagements across two comparison ZIP code groups for each SDoH factor, for example, to

compare the average change in the digital engagement of low income ZIP codes with the average

change of the high income ZIP codes (Fig. 3.6d). Thus, we operationalize the disproportional

change in digital engagement during the pandemic by quantifying the differences in the changes

in search behaviors for a single search category between two ZIP code groups delineated by a

single SDoH factor (Fig. 3.6). In our analysis, we report the change in digital engagement as the

percentages of the pre-pandemic baseline, Cperc, where 0% denotes no change. We report the

disparities in the changes in digital engagement between two comparison ZIP code groups as the

percentage point difference where 0 denotes no difference (Fig. 3.6e,f). We formalize disparities in

the changes in digital engagement in category c during the pandemic between high-risk ZIP code

group ghigh and low-risk ZIP code group glow as:

Dperc(tbefore; tduring, glow; ghigh, c) = C
ghigh
perc (tbefore; tduring, c)− Cglow

perc(tbefore; tduring, c) (3.4)

To obtain non-parametric 95% confidence intervals, we conducted bootstrapping with

replacement at 500 iterations during this aggregation step. These confidence intervals are computed

when estimating the effect size (i.e., the difference between matched groups) and are visualized

with figures demonstrating the difference between groups. All error bars in the figures indicate this

95% bootstrapped confidence interval (N=500). Figure B.13-Figure B.26 illustrate percent changes
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in each query category for each of the two matched groups and their differences in percentage

points across all SDoH factors.

Matched Comparison Groups

Our goal is to quantitatively estimate the independent association between one socioeconomic

factor and the changes in digital engagement while controlling for other factors during a global

crisis such as the COVID-19 pandemic. Specifically, we are interested in eight SDoH factors:

(1) median household incomes, (2) % unemployed, (3) % with health insurance, (4) % with Bachelor’s

degree or higher degrees, (5) population density, (6) % Black residents, (7) % Hispanic residents,

and (8) % with internet access.

One way to do this is to conduct a simple univariate comparison between the two groups.

However, one would quickly realize that the high income group has a fewer minority races than

the low income group, making the comparison unfair. Many of the socioeconomic and racial

variables are known to be correlated [5, 210, 58]. This means that univariate analysis of outcomes

along one SDoH factor would likely be confounded by multiple other variables. In fact, within

our dataset, we observed a high correlation among many SDoH factors examined (Table B.3). For

example, the median household income of the ZIP codes in our dataset is negatively correlated

with the percentage of Black residents (Pearson r = −0.23) and is positively correlated with

internet access (Pearson r = 0.66). Comparing high and low income groups without considering

other factors would result in two groups of uneven distributions of race and internet access, among

many other factors. Therefore, it is important to consider these factors jointly and adequately

control for SES factors when analyzing outcome disparities [5, 58]. To create a comparable and

balanced set of groups with similar covariate distributions, we leverage matching-based methods.

Matching-based methods are commonly used to replicate randomized experiments as closely as

possible in situations when randomized experiments are not possible from observational data [397,

182]. This is achieved by obtaining a balanced distribution of covariates in the treated and control

groups [22, 397]. Even though matching-based methods are commonly used for causal inferences,

the same matching-based method can also be used to answer noncausal questions [397] (e.g.,
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racial disparities [360]). Our study, therefore, performs a longitudinal before-after observational

study with matched groups to answer noncausal questions of the form: “How did the changes

in search behaviors during the pandemic differ across matched groups delineated by a single

socioeconomic and environmental factor?” In addition, our approach follows best practices for

balancing comparison groups in longitudinal studies [259] which we discuss in detail below.

In our study, we apply matching-based methods while considering the SDoH factors as

“treatments”. Prior SDoH research suggests that the five SDoH are interrelated and impact one

another [377]. Because of this relationship and known correlations between the SDoH factors,

we consider all other SDoH factors as potential confounders of a selected treatment factor. It

is true that considering SDoH factors as the treatment poses challenges in the framing of the

task because these factors are generally not modifiable (e.g., race) or difficult to modify (e.g.,

income). However, we refer to SDoH factors as treatments, not because they are modifiable, but

because we apply the standard formulation of matching-based methods. Identifying modifiable

factors in a matching-based experimental study can be used directly to make changes to those

treatment factors and to reduce risk. On the other hand, identifying non-modifiable factors has

been shown to also be useful to determine high-risk groups that require shielding and targeting

for interventions [188].

Because of the high degrees of spatial segregation in the US [143, 449], matching every ZIP

code can be challenging. For example, for every ZIP code with low income and high proportions

of Black residents, it is difficult to find a unique ZIP code with high income and high proportions

of Black residents. Therefore, we perform one-to-one matching of ZIP codes with replacement and

achieve better matches (i.e., lower bias). Theoretically, this is at the expense of higher variance,

but given the size of our dataset, this downside was not a problem in practice. We use the MatchIt

package [187] with the nearest neighbor method and Mahalanobis distance measure to perform

the matching.

We leverage an extensive and iterative search across multiple matching methods to achieve

maximum covariate balance and representative samples [212]. Regardless of which matching

method is superior, one thing to note is that using a “better” matching method does not generally
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guarantee a better experimental design. It is then common practice to assess the quality of

covariate balance, and in the end, it does not matter how this balance was achieved, as long as it

was achieved. We choose to performmatching on all covariates, instead of propensity scoring [342]

which summarizes all of the covariates into one dimension. Importantly, we demonstrate in Section

Evaluating Quality of Matching Zip Codes that this method leads to high-quality matches that are

balanced across all covariates.

Determining Treatment and Control Groups For each of the SDoH factors, we first split

all available ZIP codes into treatment and control groups using a threshold. We use a value close

to the median to split the population into two groups for median household income ($55,224), %

unemployed (3.0%), % with insurance (92.7%), % with internet access (81.8%), and % with Bachelor’s

degree or higher (21.1%) because the mean and median of those factors across the ZIP codes are

similar. In other cases, the distribution across the ZIP codes is highly skewed. For race/ethnicity,

we use the rounded percentage of the national population for that race/ethnicity (12% for Black and

18% for Hispanic residents). For population density, we follow previous practices of urban-rural

classification at 500 people per square mile [327]. Table B.1 and Table B.2 outline descriptive

statistics of our ZIP codes across SDoH factors as well as the national average and our chosen

cutoff thresholds.

We consistently defined the treatment group as “high-risk” according to each of the dimensions

of variation we specified [117]. Therefore, our treatment groups are as follows: low income, high

percentage of minority residents, low level of educational attainment, high unemployment rate,

low insurance rate, low level of internet access, and high population density. For example, for

income, we split the ZIP codes into a high-income group (median household income > $55,224)

and a low-income group (median household income ≤ $55,224), where the low-income group is

the treatment group. Then, for each treatment ZIP code, we look for a control (i.e., “low-risk”) ZIP

code that closely matches it on all other SDoH factors (i.e., |SMD| < 0.25 to generate a matching

pair of ZIP codes). We performed this matching on all ZIP codes, and we discarded ZIP codes for

which we cannot find a good match. As demonstrated in Table B.6, this process retains at least
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99.8% of the treatment ZIP codes in our matching process and the discarding of ZIP codes is a rare

exception.

Evaluating Quality of Matching Zip Codes To gauge whether two ZIP code groups are

similar across the SDoH factors and to determine the quality of matching while minimizing the

potential confounding effects of these factors, we leverage Standardized Mean Difference (SMD)

across ZIP code groups as our measure of comparative quality. The SMD is used to quantify

the degree to which two groups are different and is computed by the difference in means of a

variable across two groups divided by the standard deviation of the one group (often, the treated

group) [346, 398, 22]. In our analysis, we use |SMD| < 0.25 across all our SDoH factors as a

criterion to determine that the two groups are comparable, following common practice [397, 398].

For example, when we split our ZIP codes in half along median household income to create a

high-income ZIP code group (median household income > $55,224) and a low-income ZIP code

group (median household income ≤ $55,224) and examine the SMD of other SDoH factors, we

find that all SDoH factors except % Hispanic residents and population density fail to achieve the

necessary matching criteria of |SMD| < 0.25 prior to matching. This means that low-income

ZIP codes are more likely to have less internet access, lower educational attainment level, less

health insurance, more unemployment, and higher proportions of Black residents. We perform

this evaluation process for all comparison groups to find that correlations among all SDoH factors

pose threats to validity in univariate analyses. Table B.5 summarizes the mean SMD if we were to

directly compare two ZIP code groups created by splitting the ZIP codes along the chosen split

boundaries. Instead of such direct comparison, we perform matching and tune the caliper of the

matching algorithm to determine a good match and to meet the |SMD| < 0.25 criterion between

the two comparison groups across all covariates. Table B.6 summarizes the result of the matching

operation with the maximum |SMD| being below 0.25, that is ensuring comparability across all

covariates, between two ZIP code groups along all SDoH factors. Table B.7-Table B.22 enumerate

pre- and post-matching balance assessments between groups for each SDoH factor.
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Estimating the Effect Size After identifying treatment and control ZIP code groups with

comparable distributions along all SDoH factors, we compare the outcomes (i.e., constructs of

digital engagement such as online access to health condition information) between the matched

ZIP code groups. This matching process estimates, for example, the differences in the changes in

online health information-seeking behaviors between high and low income groups during the

pandemic while removing plausible contributions from all other observed factors. The differences

estimated in this study help identify high-risk groups (e.g., low income, low educational attainment,

high proportions of minority residents) for whom to suggest interventions or targeted shielding

to mitigate or reduce risk [188].

It is important to note that our matching process only partially incorporates what Helsper

calls the digital impact mediators of access, skills, and attitudes [180]. First, where digital access

is concerned, though all search queries in the study presume some form of internet access, we

do sample ZIP codes with varying levels of aggregate internet access, allowing us to control to

some extent for internet access at the population level. It is important to note, however, that

our study lacks the data to account for any changes in ZIP code level internet access during the

pandemic due to remote work. Where digital skills are concerned, we do not incorporate direct

measures of such technical or operational skills at either the individual or aggregate level, but

we do incorporate measures of educational attainment such that we can partially control for this

factor in our analysis. Finally, we do not control for individual-level or aggregate-level variation

in attitudinal impact mediators such as self-efficacy, as that would be outside the scope of the

study. Additional more detailed data would have to be collected and analyzed in order to fully

disentangle the impacts of the SDoH factors under study here from such digital impact mediators.

3.2.2 Results

Health information access

First, we examine the proportion of queries relating to a variety of health conditions (e.g.,

coronavirus and other health conditions including cancer or diabetes). Because the coronavirus, as
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the underlying cause of the pandemic, is at the forefront of everyone’s minds, the relative change

in queries related to health conditions is almost 1000% higher than the pre-pandemic baseline. If

all things were equal, we would see the same volume of response (i.e., the same relative change in

query proportions) across all ZIP codes. However, given the higher rate of pre-existing health

conditions, documented disparities in healthcare access, and higher COVID-19 case and mortality

rates for low SES subpopulations [5, 88], we would expect to see that ZIP codes characterized by

low SES would experience a greater intensification in their need for health information across

a variety of health conditions and therefore increase their level of health information seeking

behaviors more than their counterpart ZIP code groups. Instead, we find that ZIP codes associated

with lower incomes show over a 200 percentage point smaller increase (95% CI [−287,−152])

in health condition queries than their higher income counterparts (Fig. 3.6e). This means that a

ZIP code that was yielding a thousand health condition queries per month before the pandemic

makes about ten thousand such queries per month during the pandemic, but a similar ZIP code

would only yield about eight thousand such queries per month if that ZIP code had lower median

household income. We find that ZIP codes with higher proportions of Hispanic residents, higher

population densities, and higher unemployment rates also responded to the pandemic with a lower

relative change in their health condition queries during the first four weeks (Fig. 3.6f). While ZIP

codes with high (i.e., above population-average) proportions of Black residents (≥12%) do not

seem to be affected as much as those with high proportions of Hispanic residents during the first

four weeks, their response is lower during the months of August to November (Figure B.14g). On

the other hand, we find that ZIP codes with lower educational attainment (≤21.1% with bachelor’s

degrees) generate over 70 percentage points more (95% CI [31, 117]) health condition queries

compared to ZIP codes with higher educational attainment (Fig. 3.6f).

Prior research has shown that SES and demographics correlated with online health information-

seeking behaviors, highlighting the digital divide in health information access [100, 155]. This

divide has serious consequences. Through effective online health information-seeking behaviors,

individuals can potentially make better healthcare choices and enjoy better health andwell-being as

a result, thereby reducing health disparities [165, 338, 166, 100]. Unfortunately, our results suggest
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that disadvantages underlying certain socioeconomic contexts of ZIP codes (e.g., income, higher

proportions of minority residents) independently are associated with attenuated participation

in online health information-seeking behaviors relative to their counterparts. According to

prior digital divide research [117, 338, 116], a gap in health information-seeking behaviors may

exacerbate health disparities down the line.

Economic assistance access

During economic hardships and especially during the pandemic, the internet can be an efficient

way for governments and institutions to deliver interventions and can lower barriers to

accessing economic assistance or welfare services (e.g., https://www.usa.gov/food-help provides

a comprehensive list of resources for food assistance). Unfortunately, the pandemic imposes

multi-layered barriers to accessing crucial economic assistance because low SES subpopulations

are more likely to suffer economically from the pandemic [141] and deprioritize improving digital

access as a consequence [338]. To understand changes in economic search behaviors during the

pandemic, we examine behaviors for accessing unemployment and financial assistance on the

web.

When we examine unemployment-related search interactions, we find that relative changes

in unemployment-related search queries (e.g., “eligible for unemployment benefits”, “jobless

claims”) closely follow those of reported unemployment claims by the Bureau of Labor Statistics

(Figure B.2a). However, the intensification of unemployment search queries in ZIP codes with

higher proportions of Black residents is almost three times the increase corresponding to ZIP codes

with lower proportions of Black residents (Fig. 3.7a), with a 3026% increase in query proportions

for ZIP codes with higher proportions of Black residents compared to an over 1365% increase for

their counterparts, resulting in a 1,661 percentage point difference (95% CI [260, 2374]) (Fig. 3.7b).

Potential interest in digital unemployment resources is not captured in reported claims that

measure unemployment claims that are actually submitted, but it can be readily observed in

web search logs. For example, we find another surge in search queries that resulted in an over

1000% increase in the proportion of clicks on state-specific unemployment websites past July

https://www.usa.gov/food-help
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 Differences in percentage points for % change in financial assist. related queries
during the 4 weeks since mid April (Apr 13 and May 10)  
between two matched groups across 8 census variables 

f% change in financial assistance related queries
between two matched groups across % Black populations

e

Surge in needs
since mid April

d Differences in percentage points for % change in clicks to unemployment sites
during the 4 weeks in August (Aug 3 to Aug 30)  
between two matched groups across 8 census variables 

% change in clicks to unemployment sites
between two matched groups across % Hispanic populations

c

Surge in needs
in August

b Differences in percentage points for % change in unemployment related queries
during the first 4 weeks (Mar 16 − Apr 12) since the pandemic is declared 
between two matched groups across 8 census variables 

% change in unemployment related queries 
between two matched groups across % Black populations

a

Surge in needs during the
first month of the pandemic

Figure 3.7: Disparities in online economic assistance access. (a) During this first month, ZIP codes with
higher proportions of Black residents have expressed up to 3,358% more unemployment related queries.
(b) ZIP codes with higher proportions of Black or Hispanic residents, and lower income populations
experience greater changes in unemployment related queries during this first month. (c) There is a second
surge in search queries that led to clicks in state unemployment sites in August, with ZIP codes with
higher proportions of Hispanic residents experiencing more than double the change in clicks in state
unemployment sites. (d) ZIP codes with higher proportions of Black and Hispanic residents experience
greater change in clicks in unemployment sites during the month of August. (e) Search queries related
to financial stimulus were at their peak in late April, right after the time that the first stimulus checks
were deposited on April 11. (f) However, ZIP codes with higher proportions of Black residents experienced
a smaller change in financial stimulus related queries than ZIP codes with lower proportions of Black
residents. In bar charts, data are presented as mean values, and error bars indicate 95% confidence intervals
via bootstrapping (n=500).
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2020 (Figure B.2b), at which point the expanded federal supplement to unemployment insurance

benefits expired (Fig. 3.7c). During the month of August, ZIP codes with higher proportions

of Black and Hispanic residents present 789 (95% CI [595, 957]) and 716 (95% CI [351, 1043])

percentage points more in their change in clicks to unemployment sites, indicating that ZIP

codes with higher proportions of Black and Hispanic residents may have required additional long-

term unemployment benefits. Conversely, ZIP codes with lower educational attainment levels

experienced 517 percentage points less (95%CI [−1009,−81]) in the change in state unemployment

site visits (Fig. 3.7d). Such discrepancy between interests in unemployment benefits expressed

online and officially submitted claims and the relatively attenuated access to such resources may

suggest potential barriers in the successful submission of benefit applications (e.g., confusion,

eligibility [367, 46]). Coupled with a low recipiency rate of unemployment benefits [276] and the

association between unemployment accessibility and suicide risks [211], the mismatch between

demands and claims is concerning.

April of 2020 was a prime occasion for financial assistance related queries (e.g., “loan

forgiveness”, “stimulus check deposit”) because the first stimulus checks were deposited on April

11, 2020 (Fig. 3.7e). We find that financial assistance related queries increased by over 15,000% in

mid-April on average, but ZIP codes with higher proportions of Black residents experience 5,119

percentage points less change (95% CI [−8809,−1407]) in financial assistance related queries

between April 13 and May 10, 2020 (Fig. 3.7f). That means that if a ZIP code yielded 100 financial

assistance related queries per month in mid-April of 2019, that ZIP code yields 16,700 such queries

per month in mid-April during the pandemic, but only 11,600 queries for an otherwise similar

ZIP code with a higher proportion of Black residents. Since we successfully controlled for other

potential confounding factors such as income and educational attainment in our comparison, as

shown in Table B.8, our result points to higher proportions of minority residents within ZIP codes,

not necessarily the racial composition of the ZIP codes per se and certainly not the race/ethnicity

itself, as a plausible source for such disparity. Our finding highlights the need to further investigate

potential barriers or disadvantages unobserved in our data that disproportionately prevent ZIP

codes with higher proportions of Black residents from responding to pandemic-induced stimulus
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demands on the web.

Shift to digital learning and food delivery resources

The COVID-19 pandemic brought a rapid and massive digital transformation to lives as mandated

lockdowns forced people to transform and reimagine traditional interpersonal connections (e.g.,

going to school, getting food, or meeting friends) into virtual or digital ones. Unfortunately, digital

inequalities worsen social and material deprivations and perpetuate existing disadvantages into

a “digital vicious cycle” [39, 34]. To observe changes in education search behaviors during the

pandemic that may be useful to understand this vicious cycle, we investigate two types of digitally

mediated activities that would be presumed to be particularly sensitive to pandemic-induced

limitations on in-person access: online remote learning and online food delivery services.

Statewide mandates in the US required many schools to close in-person learning as early as

March 16, 2020 [323], and school districts scrambled to implement remote learning alternatives.

Many parents, students, and teachers turned to free online resources such as Khan Academy to

fill the gaps temporarily or permanently [308]. There were also reported disparities in access to

technologies or live virtual learning as well as absenteeism that stymied low income students [183].

When we examined search queries that result in visits to free online learning resources (e.g.,

coursera.org, khanacademy.org), during the first four weeks of the pandemic, there was an overall

increase in the proportion of queries that led to online learning sites compared to before (seen

as a positive percent change in Figure B.21). During this time, we found that ZIP codes with

lower income and higher proportions of Hispanic residents exhibited only half to two-thirds of

the increase (percentage point difference 95% CI [−227,−109] and [−202,−46] respectively) in

those queries relative to their counterpart groups (Fig. 3.8a). If a ZIP code yielded 100 search-led

clicks to online learning sites per month before the pandemic, that same ZIP code would yield

500 such clicks per month during the pandemic, but only 300 such clicks would be observed for

a similar ZIP code with lower income or a higher proportion of Hispanic residents, even after

controlling for internet access (Fig. 3.8b). ZIP codes with higher proportions of Black residents

and higher population densities exhibit a similar trend. Even though these free online learning
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 Differences in percentage points for % change in food assistance related queries
during the first 4 weeks (Mar 16 − Apr 12) since the pandemic is declared  
between two matched groups across 8 census variables 

f% change in food assistance related queries
between two matched groups across educational attainment

e

Surge in needs during the first
two months of the pandemic

d Differences in percentage points for % change in online food delivery queries
during the first 4 weeks (Mar 16 − Apr 12) since the pandemic is declared  
between two matched groups across 7 census variables 

% change in online food delivery queries
between two matched groups across % Black populations
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Surge in needs during 
the first month
of the pandemic

b Differences in percentage points for % change in clicks to online learning sites
during the first 4 weeks (Mar 16 − Apr 12) since the pandemic is declared 
between two matched groups across 7 census variables 

% change in clicks to online learning sites
between two matched groups across income

a

Surge in needs during the 
first month of the pandemic

Figure 3.8: Disparities in shifting to digital resources. (a) Online learning sites played a significant role
in filling in the gaps introduced by school closures at the beginning of the pandemic with an over 200%
increase in engagement. (b) ZIP codes with lower income and higher proportions of Black residents tend
to access online learning resources less. (c) With mandated lockdowns, populations have transitioned to
food delivery services during the pandemic, but the rate of change in online food delivery queries is more
than twice for ZIP codes with lower proportions of Black residents. (d) We see that ZIP codes with higher
proportions of Black or Hispanic residents or lower income experienced a smaller change in online food
delivery services during the first month of the pandemic. (e) Food assistance related queries were also
in high demand with an over 400% increase at the beginning of the pandemic. (f) ZIP codes with lower
educational attainment experienced a greater change in food assistance related queries than ZIP codes with
higher educational attainment. In bar charts, data are presented as mean values, and error bars indicate 95%
confidence intervals via bootstrapping (n=500).
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resources are designed to be accessible and flexible, helping students to go at their own pace, we

find that ZIP codes with low income or high proportions of Black or Hispanic residents did not

leverage them at the same level as their counterpart ZIP code groups during the pandemic.

On the other hand, during the fall academic period of 2020, the proportion of queries that

led to online learning sites decreased compared to before (seen as a negative percent change

in Figure B.21). During this time, we found that ZIP codes with lower income and higher

unemployment rates exhibited a smaller attenuation (i.e., their change remained closer to the

baseline, Figure B.22e and h), but ZIP codes with a higher proportion of Black residents exhibited

a larger attenuation (Figure B.22g).

In addition, school districts in low SES neighborhoods were more likely to be closed during the

pandemic and less equipped to provide remote learning or at-home assignments, greatly reducing

opportunities for both in-person and online learning for students with negative educational

outcomes [306, 132]. Our findings suggest that there exists unintended consequences of the public

health policies that perpetuate a myriad of disadvantages, as education is such a crucial factor in

digital literacy [143, 339], income [160], and health [343, 338].

COVID-19 fundamentally changed people’s purchasing and spending behaviors, as many

of the restaurants, stores, and non-essential businesses were closed to in-person shopping [24].

Spending on food delivery and groceries also increased significantly during the pandemic, with

more people eating at home with a higher utilization of online e-commerce platforms for accessing

food and groceries [24, 80]. When we examine search queries for online food delivery (e.g.,

“grocery delivery”, “deliver food”), we find that online food delivery queries increased by over

500% for ZIP codes with lower proportions of Black residents while those with higher proportions

of Black residents only increased by over 170% (percentage point difference 95% CI [−382,−188],

Fig. 3.8c,d). We found similar lessened engagement in online food delivery searches for ZIP

codes with lower income and higher proportions of Hispanic residents (95% CI [−200,−29] and

[−140,−24] respectively, Fig. 3.8d). These findings could be explained by the fact that low income

subpopulations receive and seek more food assistance and tend to eat food away from home less

frequently [351] and that such online food delivery services may not be accessible because they



72

incur higher costs for consumers, given the markup and delivery surcharges.

ZIP codes with lower educational attainment also experienced a 301 percentage point higher

increase (95% CI [167, 419]) in queries for seeking food assistance (e.g., “Supplemental Nutrition

Assistance Program“, “help with food stamps”, “free and reduced lunch”, Fig. 3.7e,f) relative to

their highly educated counterparts. Unfortunately, those that relied on these traditional food

assistance programs were left with severely limited choices during the pandemic because these

programs do not extend to online purchase or delivery services [66]. Our findings highlight a

potential gap between the increased food assistance need, as illustrated by the increase in the

online information-seeking behavior about food assistance, and the ability to actually procure

food goods through online food purchase and delivery services.

3.2.3 Discussion

We conducted a longitudinal study during the pandemic to observe the second-level digital divide

at population scales. Specifically, we leveraged the centrality of web search engines for online

information access to quantify how offline exclusion relates to the intensification and attenuation of

existing digital exclusion during the pandemic. Our use of search data provided a near real-time and

unique lens into naturalistic digital behaviors [127]. Our analysis revealed potentially unmet needs

that are unobserved by other data sources. For example, we observed a surge in unemployment site

visits in August 2020 that are not captured by the unemployment claims data. We also observed

differential uses of pandemic-relevant online resources that span across health information,

learning, and food delivery. Most importantly, we demonstrated a disproportionate change

in a community’s use of these digital resources across several socioeconomic and environmental

offline factors. These differences are significant when put into the context of the bidirectional

nature of digital and offline exclusion where the lack of the ability to capitalize on digital resources

could lead to negative downstream offline outcomes [180, 74, 322].

Our study is structured around the SDoH, a framework commonly used and well-known in

public health and disparities research, not only to cover a broad spectrum of factors but also

to identify opportunities that promote future research around specific determinants. Under
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the Economic Stability determinant, we found that the lack of economic stability (median

household income, % unemployment) is associated with a smaller increase in engagement

in health information-seeking behaviors or online learning consumption at the onset of the

pandemic, compared to their higher income counterparts. Under the Social and Community

Context determinant, we found that ZIP codes with higher proportions of minority residents (%

Black residents, % Hispanic residents) exhibited smaller increases in health information seeking,

online learning, or online food delivery behaviors, indicating that these groups fell behind in

the digital shift catalyzed by the pandemic [39]. Unemployment-related queries were increased

the most by ZIP codes with higher proportions of Black residents at the onset of the pandemic.

Unemployment-related site visits were increased the most by ZIP codes with higher proportions

of Hispanic residents beyond August, indicating the second wave of potentially unmet demand

for unemployment assistance. Under the Education Access and Quality determinant, we found

that lower educational attainment (% with BA or higher) is associated with a larger increase in

health information-seeking and food assistance-seeking behaviors. Under the Neighborhood and

Built Environment determinant, we found that higher population density is associated with a

smaller increase in health information-seeking and online learning behaviors. Although internet

access was not a variable we examined through matching, per our focus on the second-level

divide, we found that the lack of internet access does associate with lower unemployment queries.

Because we controlled for all other SDoH factors when comparing groups delineated by a single

SDoH factor, our findings have implications for designing determinant-specific interventions and

also for examining their potential long-term impacts. Although there are factors we did not find

to be significant (e.g., % with healthcare), we caution against interpretations of such factors or

interventions not being useful or necessary.

Our analysis along the SDoH factors probes into plausible sources of disproportionate digital

behaviors only at ZIP code levels, and understanding the disadvantages underlying these factors

and mechanisms for such disparities that permeate through the life course of an individual must

be further investigated. In recent years, the SDoH has been referenced in relation to the digital

divide; digital literacy and internet access are referred to as “super determinants of health” as they
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relate to all social determinants of health [373]. Recent digital divide literature also raises an alarm

for the “third digital divide” (i.e., the differential offline outcomes that people obtain from their

use of digital technologies) and highlights the important interplay between different levels of the

divide as well as the role of digital capital in bridging online and offline realms [74, 322]. Therefore,

our findings frame important research questions on the downstream real-world implications

of differential information search behaviors. For example, high priorities must be assigned to

understanding the long-term offline impacts of low income communities not leveraging as many

online learning resources or communities with higher proportions of Hispanic residents having

intensified unmet demands for online unemployment assistance compared to their counterpart

groups. Although the SDoH factors and outcomes reviewed in our analysis are generally not

modifiable (e.g., race) or difficult to modify (e.g., income), our findings nevertheless highlight

specific at-risk populations for whom to target shielding or interventions [188].

Prior studies have shown that access to digital resources and information and the incorporation

of such digital technologies in everyday lives from childhood are crucial for upwards mobility [338].

Although SES is an important factor in shaping disparities in digital access, prior research has

shown that SES also impacts levels of web expertise and the utilization of digital resources for

information-seeking activities [173]. Low SES populations suffer from the lack of training and

educational support key to building the necessary skills to make efficient use of digital access

and tools [143], highlighting that simply making the internet more accessible may not level the

playing field [324]. In the context of the current COVID-19 pandemic, where digital access and

resources became more critical due to prolonged at-home isolation and restrictions on in-person

activities, communities characterized by low SES may experience the compounding effects of

multiple potential disadvantages that may manifest as disparate reactions to the pandemic in

digital engagement.

We note the inherent limitations of studying digital engagement using digitally obtained data:

This and other studies with online data can inadvertently exclude those who leave no or very little

digital footprint [338]. Our information sources provide signals about levels of activity, but we

cannot study the details of changes in types of access if there is no engagement. Our analysis is also
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limited to the footprint of Bing as one of several search engines used for online information access,

and Bing’s user population may not be fully representative of the United States population. We use

both English regular expressions as well as language-independent click-based measures but did

not include regular expressions in other languages. Our study carefully controls for internet access,

as measured by the census, such that any observed effects cannot be explained by differences in

internet access across ZIP code groups. Our observed changes can only be attributed to ZIP code

levels and not individuals to preserve anonymity and because individual-level SDoH factors are

not available. Our work provides a holistic characterization of digital engagement using broad

categories spanning health, economics, education, and food, and we cannot make claims about

specific subcomponents (e.g., individual keywords). Our longitudinal comparison between before

and during the pandemic cannot be used to isolate the changes in search behavior to be solely

attributable to the pandemic to make any causal claims, despite our adjustments for temporal

variations.

Our current data cannot be directly used to discern whether different access behaviors are

due to the lack of web expertise (i.e., digital literacy or search facility), the lack of awareness of

the value of information (i.e., attitude towards information), or the lack of intangible resources

like time and energy. However, concepts like digital literacy, which is an important factor in

the embodiment of digital capital, can be quantified by careful examination of an individual’s

search behavior. As prior research has shown, search interactions vary, based on the user’s

familiarity with search engines or their domain expertise [448, 446]. Quantifying digital literacy

combined with a longitudinal observation of socioeconomic and environmental factors could

provide empirical evidence for how digital literacy operates in the attainment of offline economic,

cultural, and social capitals [74], and our large-scale, search-based methodology opens the doors of

opportunities for monitoring such phenomena. In addition, we see value in follow-up, small-scale

focused studies aimed at contextualizing individuals’ experiences of the crisis and measuring

the effects of community-specific interventions [39]. These community-specific interventions

could include raising the level of digital literacy (e.g., education around web expertise or digital

know-how) or improving the quality of digital access (e.g., high-speed, uninterrupted internet
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access or high-end equipment). Quality of access, especially through different device types or

device specifications, has been highlighted as another important factor in recent digital divide

research [423]. Therefore, more work is needed to understand the differential uses on desktop or

mobile devices. These may also include non-digital methods because traditional methods (e.g.,

text messaging, handouts) have been shown to work better for low SES populations [183]. Future

research aimed at understanding digital disparities, therefore, must acknowledge the correlations

between different SES, race/ethnicity, and social determinants of health [58] and leverage methods

that embrace their interrelatedness [451].

This study presents a web-based approach to understanding digital disparities. It demonstrates

that web search logs can be harnessed to characterize and deliver key insights about the

disproportional utilization of digital resources to meet everyday needs during global crises. Our

observational study design is able to scale to a large population (billions of queries by millions of

people) to quantify the disparities in digital engagement. Building on prior disparities research

that advocated for a comprehensive look at SES factors including race/ethnicity [5, 58], our study

emphasizes the inclusion of a broad set of factors and outcomes representative of the SDoH.

Through the lens of SDoH factors, our findings highlight disadvantaged communities that may be

struggling to overcome burdens induced by the pandemic and have disproportionately intensified

or reduced their access to critical online resources. Therefore, future public health interventions

should target both potential barriers to access that pull communities away from necessary digital

resources as well as provide support to ensure that the intensified need for digital resources is

adequately met.

3.3 SUMMARY OF CONTRIBUTIONS TO THESIS

The COVID-19 pandemic has disrupted the lives of people across the world, and much prior

research has shown that socioeconomically and environmentally disadvantaged subpopulations

have been disproportionately and negatively affected by the pandemic. In this chapter, we aimed

to understand the impact of the pandemic in the digital realm, specifically in online information

search domains, and to characterize the changes in human needs across populations of different
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socioeconomic and environmental backgrounds.

We developed a computational methodology that can capture a holistic view of relative

changes in online information-seeking behaviors following the pandemic through a difference-

in-differences approach. We applied this method to over 35 billion search interactions spanning

over 36,000 ZIP codes over a period of 14 months to characterize changes in human needs across

physiological, socioeconomic, and psychological domains in the US. Then we investigated how

these changes were experienced differently by different communities by analyzing 55 billion search

interactions across 25,150 US ZIP codes through a matching-based approach that disentangles the

potential confounding effects of socioeconomic and environmental factors.

Our findings showed that the expression of basic human needs increased exponentially while

higher-level aspirations declined during the pandemic in comparison to the pre-pandemic period.

In exploring the timing and variations in statewide policies, we found that the durations of

shelter-in-place mandates influenced social and emotional needs significantly. Across several

information domains, including health and pandemic-relevant online resources (e.g., online

learning, online food delivery), our findings revealed that there had been a disproportionate

change in a community’s use of digital resources to address their needs during the pandemic,

even if they were digitally connected. Our analysis also revealed potential barriers to meeting

unemployment needs that are not captured by the unemployment claims data.

Our work presented in this chapter suggests that signals from web search logs can be used to

characterize and monitor human needs and digital disparities at population scales. The major shifts

in a spectrum of human needs observed echos the need to understand the societal, economic, and

psychosocial effects of these events and the underlying system of human needs. The differences we

observed across socioeconomic and environmental factors are significant when put into the context

of the bidirectional nature of digital and offline exclusion. Our findings highlighted disadvantaged

communities that may need additional or targeted shielding through public health policies and

programs that can minimize negative downstream effects.

My work in the pandemic context demonstrated that computational methods (e.g., difference-

in-differences, matching-based comparisons, longitudinal before-after observational method)
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combined with holistic frameworks (e.g., human needs framework, social determinants of health)

can be leveraged to understand human needs and disparities at population scales. Although this

work does not implement public health interventions, which are difficult to achieve at population

scales, it highlights opportunities for research and development of community-specific interventions

that can lead to a higher engagement in digital resources necessary for well-being.
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Chapter 4

SUPPORTING COLLABORATIVE CARE
FOR PATIENTS WITH CANCER AND DEPRESSION

In the previous chapter, I situated my research in the context of online search behaviors during

the pandemic. Although I demonstrated that using computational methods can surface human

needs and disparities at population scales, I did not design public health policies and interventions

that would address those needs or disparities. In this chapter, I situate my research in the context

of depression care for patients with cancer and exercise all three stages of the human-centered

design process I described in Section 1.2, from understanding the stakeholder needs, designing

interventions, to deploying systems for evaluation.

Cancer is one of the leading causes of death worldwide, with an estimated 1.7 million people

with a cancer diagnosis in the United States in 2018 [436]. Although depression is one of the

most common challenges for patients during and after cancer treatments [221], it is severely

under-treated in patients with cancer, including about 25% of patients with cancer and depression

that receive no depression treatment at all [430]. Because of the complex interactions between

depression and cancer treatments [317], directly integrating psychosocial services in cancer settings

is highly recommended [137], and care models such as Collaborative Care Management (CoCM)

have been proven to be effective in treating depression and to be cost-effective in randomized

control trials [21, 410, 78, 126, 197]. However, prior implementations of collaborative care have

been met with a myriad of challenges, including low fidelity in adhering to principles of effective

collaborative care [425], lack of clarity in role definitions and boundaries, challenges in long-term

sustainability, and lack of standard care and communication pathways and tools [370, 453, 286].

In addition, patients with co-morbid cancer and depression face additional challenges due to their

weakened physical conditions, competing and overwhelming numbers of appointments, unmet
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logistical needs (e.g., transportation), stigma, or lack of knowledge around depression treatments.

Therefore, it is important to uncover challenges in the specific context of co-morbid cancer and

depression to inform the design of technology solutions.

In this chapter, I focus on the clinical context of patients with co-morbid cancer and depression

where we design technology-enhanced collaborative care for improving patients’ psychosocial

outcomes. In one study, I demonstrate that human-centered methods applied at personal and

organizational scales can reveal multistakeholder challenges that arise at the intersection of cancer

and psychosocial care journeys. To address those challenges through technology support, I digitize

and adapt core components of evidence-based care strategies in a series of iterative design evaluation

and pilot studies and demonstrate that such adaptation can improve engagement in depression care.

The first study [400] examines contextual factors to identify challenges and needs in the

depression care of patients with co-morbid cancer and depression (Section 4.1). We conducted

interviews with 29 stakeholders regarding the care of patients with co-morbid cancer and

depression: patients, center administrators, medical providers (i.e., oncologists, psychiatrists), and

behavioral health providers (BHPs; i.e., social workers, psychologists) and contextual inquiries with

8 BHPs. Interviews and contextual inquiries were conducted across three urban or rural cancer

centers that have implemented or aspire to implement collaborative care (i.e., have implemented

some components of collaborative care) (Section 4.1.1). Our findings revealed that patients that

navigate both cancer care and depression care face additional barriers to their depression care due

to the interactions and sometimes competition between the two care journeys and the cancer-

centric processes of care (Section 4.1.2, Section 4.1.3). Inspired by the discovered challenges, this

study prioritized technology design opportunities for supporting whole-person care for patients

with co-morbid cancer and depression (Section 4.1.4, Section 4.1.5).

Following the technology design opportunities from the formative study, we designed

technology enhancements to existing care strategies to improve stakeholder collaboration and

engagement in depression care (Section 4.2). We digitized core components of collaborative care

and behavioral activation (Section 4.2.1). Using a model for a technology-enhanced collaborative

behavioral activation loop, we designed and developed a collaborative behavioral activation
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system, named SCOPE (Supporting Collaborative Care to Optimize Psychosocial Engagement)

(Section 4.2.2). We evaluated it through four rounds of interview studies with patients and BHP

stakeholders (Section 4.2.3). Our design studies confirmed that the system does support the

collaborative behavioral activation loop, but they also uncovered technical and non-technical

opportunities for improvement (Section 4.2.4). The studies also identified future research

opportunities in deploying a technology-enhanced collaborative care system in a real-world,

clinical context (Section 4.2.5).

The key takeaways and contributions to my thesis from these studies are summarized in

Section 4.3. The first study was conducted in collaboration with Amy M. Bauer, Jesse R. Fann,

James Fogarty, Emily Friedman, Gary Hsieh, Alejandra Lopez, and Spencer Williams. I contributed

to the design of the first study, the data collection and analysis, and the interpretation of results.

The first study was published in CSCW 2020 [400] and presented at AMIA Clinical Informatics

Conference 2020 [401] and CHI 2020 workshop on Rethinking Resources for Mental Health [399].

The subsequent studies were conducted in collaboration with Lydia Andris, Amy M. Bauer, Jesse

R. Fann, James Fogarty, Gary Hsieh, Tae Jones, Ravi Karkar, Ty W. Lostutter, Anant Mittal, Spencer

Williams, and Ben Zheng. I contributed to the conceptualization of the iterative design and pilot

interview studies, the design and development of the system, the data collection and analysis, and

the interpretation of results. The research work from the subsequent studies is yet to be published.

4.1 PARALLEL JOURNEYS FRAMEWORK AND COMPETING DEMANDS

Cancer care has increasingly moved toward integrating psychosocial care directly into cancer

services [137], and care models such as Collaborative Care Management (CoCM) have been

proven to be effective in treating depression and to be cost-effective in randomized control trials

[21, 410, 78, 126, 197]. Collaborative care is a team-based care approach with an oncologist, a care

manager, and a psychiatric consultant working together to improve the patient’s psychosocial

health outcomes through the use of evidence-based care practices and a patient registry to deliver

measurement-based and population-based care. Despite the effectiveness of such models, a recent

national survey found that approximately 80% of cancer centers lack processes to follow up and
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adjust treatments for patients with clinical depression [466]. Implementing collaborative care is

also not without its own challenges. For example, recent reviews and analyses have highlighted:

(1) low fidelity in adhering to principles of effective collaborative care [425], (2) lack of clarity in

role definitions and boundaries, (3) challenges in long-term sustainability, and (4) lack of standard

care and communication pathways and tools [370, 453, 286]. 20% to 50% of patients are known

to prematurely drop out of therapy [405, 375, 374], and patients with cancer and depression

face additional challenges to engaging in care due to factors that range from weakened physical

conditions, competing and overwhelming numbers of appointments, unmet logistical needs (e.g.,

transportation), and stigma or lack of knowledge around depression treatments. Behavioral

health providers (BHPs) in cancer centers, typically trained in clinical social work, are particularly

overburdened with attempting to provide depression treatments in addition to helping patients

meet their navigational and financial needs.

Our research goals are: (1) to understand contextual factors and to identify challenges and

needs in the depression care of patients with co-morbid cancer and depression, and (2) to identify

technology design opportunities to support such care and to enhance or facilitate collaborative care.

We took a human-centered design approach to examine existing challenges to collaborative care by

conducting interviews and contextual inquiries across three urban or rural cancer centers that have

implemented or aspire to implement collaborative care (i.e., have implemented some components

of collaborative care). Prior research has examined the use of technology to support collaborative

care (e.g., telehealth, electronic health records, web, and mobile platforms), finding it to be effective

in engaging patients and treating depression [224, 145, 341, 390]. Although there have been a

variety of opportunities proposed for technology enhancements of collaborative care [28, 326],

such technologies must be carefully grounded in concrete needs identified using human-centered

design approaches [29, 30]. Furthermore, a better understanding of the needs for and feasibility of

such technologies in collaborative care, especially for treating depression in cancer settings, is

necessary to improve the effectiveness and usability of such technologies [325]. Our research thus

augments this growing body of work by uncovering challenges and opportunities for design in

the specific context of co-morbid cancer and depression.
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Although we observed that patients with co-morbid cancer and depression experience both a

cancer care journey and a psychosocial care journey consistent with prior research, our analysis

revealed that considering these care journeys independently was insufficient for characterizing

these patients and the challenges encountered by them and their care teams. Our research

therefore also proposes a framework of parallel journeys, examining challenges and opportunities

for interventions and technologies through a lens of placing these journeys side-by-side and

examining where they fall out of sync.

Our specific contributions therefore include:

• We propose the concept of a parallel journeys framework for examining and characterizing

complex co-morbidities and care contexts.

• We conduct interviews with 29 stakeholders regarding the care of patients with co-morbid

cancer and depression: patients, center administrators, medical providers (i.e., oncologists,

psychiatrists), and BHPs (i.e., social workers, psychologists) and contextual inquiries with

8 BHPs. Interviews and contextual inquiries were conducted at three different cancer centers.

• We confirm that patients with co-morbid cancer and depression experience various phases

of a cancer care journey as described by Jacobs et al. [198].

• We also observe that patients with cancer and depression experience various phases of a

psychosocial care journey, a concept described in psychosocial care practice guidelines that

we strengthen with qualitative evidence.

• We apply the parallel journeys framework to analyzing our data and examining breakdowns

and challenges to care that occur at the intersection of the parallel care journeys.

• We present technology design opportunities for addressing these challenges and supporting

whole-person care for patients with co-morbid cancer and depression.

4.1.1 Method

Two research questions that guided our study are:

RQ1. What are the challenges and needs that patients with co-morbid cancer and depression and

their care team encounter in providing depression care?
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RQ2. What are technology design opportunities for supporting patients with co-morbid cancer

and depression and enhancing integrated depression care?

To answer these research questions, our study included a combination of semi-structured

interviews and contextual inquiries. We conducted interviews with multiple stakeholders to

obtain multiple perspectives on current practices and challenges surrounding the care of patients

with co-morbid cancer and depression. We also conducted contextual inquiries to complement

and contextualize our interview data by observing care practices as they unfold in real-world

situations. Although our ultimate goal is to identify technology design opportunities, we ensured

that our data collection was not exclusive to technology use in order to explore contextual factors

and challenges that may influence the design and adoption of technology.

To ensure the safety of patients and maintain high ethical standards for the recruitment and

study procedure, we worked closely with the coordinating institution’s Institutional Review Board

(IRB) as the single IRB of record, with one behavioral health provider (BHP) from each site, and

with psychiatry and behavioral science experts within our research team.

Study Procedure

Sites We conducted our study in three cancer centers that varied across dimensions of: (1) urban

to rural according to Rural-Urban Continuum Codes (RUCC) [368], and (2) extent of existing

collaborative care implementation. Specifically, sites included two urban (RUCC = 1) cancer

centers and one rural (RUCC = 5) cancer center. One urban site (i.e., Site 1) had implemented

collaborative care, including BHPs playing the role of care managers (e.g., clinical oncology social

workers) assigned to different cancer specialties, embedded psychiatrists, weekly systematic

caseload reviews and consultations between BHPs and psychiatrists, and an Excel-based registry

to manage and track patients receiving behavioral health care at the cancer center. The other

two sites (i.e., urban Site 2, rural Site 3) were aspiring to implement collaborative care with

limited integrated psychosocial care. Both sites offered evidence-based psychosocial treatments

through BHPs who were embedded within the cancer center, but they lacked access to dedicated

psychiatrists, processes and workflow to support systematic follow-up and measurement-based
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care, and a registry for caseload management. We chose to study these sites with different

characteristics to ensure that our data derived from sites with variation in urban to rural locations

and their experience with collaborative care. Table 4.1 (top) summarizes site characteristics.

Due to the sensitive nature of depression and a vulnerable patient population, our study

required significant coordination and collaboration from the local sites. We held an orientation

meeting with various site representatives from each cancer center (i.e., site administrators,

providers, and medical directors) to present our study objectives and general procedures. We then

identified primary points of contact (i.e., one BHP from each site) who helped finalize participant

recruitment procedures, facilities use, scheduling, and compensation.

Participants At each site, we recruited four types of participants: behavioral health providers

(BHP), medical providers (MP), administrators (A), and patients (Pt). BHPs are clinicians responsible

for delivering psychosocial treatments and coordinating psychosocial care. These participants

primarily consisted of clinical oncology social workers, with the exception of one psychologist.

Medical providers consisted of oncologists as well as psychiatrists and primary care physicians.

Administrators consisted of a cancer center manager, a clinical services manager, and a clinical

social workmanagerwho assumed the role of overseeing the operations andworkflow of behavioral

care at the cancer center. We relied on points of contact from each cancer center to identify and

recruit BHPs, medical providers, and administrators.

Once identified, BHPs helped with patient recruitment in two ways. After providing BHPs

with a study information handout and recruitment guidelines, we asked each BHP to identify

several of their active patients whose recent PHQ-9 [223] (or equivalent) scores were 10 or above

(i.e., moderate to severe depression) and to ask patient permission for the study team to contact

them to participate in the interview study. In addition, each BHP contacted and obtained permission

from patients whose sessions with the BHP would be observed as part of a contextual inquiry.

Across three sites, we conducted semi-structured interviews with 29 participants (11 patients,

9 BHPs, 6 medical providers, and 3 administrators). Of 11 patients interviewed, 7 reported as

female, 3 reported as male, and 1 did not report any gender. Six patients reported as an ethnic
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Table 4.1: Site characteristics (top) and interview participants from each site (bottom). Participant categories
include patients (Pt), administrators (A), behavioral health providers (BHP), and medical providers (MP).

Site 1 Site 2 Site 3

Site Characteristics
Location Urban Urban Rural

CoCM Implemented Yes No No

Interview Participants

Patients (Pt) 3 3 5
Administrators (A) 1 1 1

Social workers (BHP) 4 2 2
Psychologists (BHP) 0 1 0
Psychiatrists (MP) 1 0 1

Primary care physician (MP) 0 1 0
Oncologist (MP) 1 1 1

Total 10 9 10

minority. Patient ages ranged from 24 to 89 years old with a mean of 47.0 and a standard deviation

of 18.0. Table 4.1 (bottom) also summarizes the number of interview participants from each site.

Of the 9 BHPs interviewed, 8 were also shadowed and observed through contextual inquiry. As

a result of contextual inquiry, we observed 10 unique patient sessions in Site 1, 9 in Site 2, and

7 in Site 3. We did not collect any demographic information for patients observed as part of a

contextual inquiry because these patients were not the primary focus of the contextual inquiry.

Of the 26 unique patients observed during the contextual inquiry, one was also interviewed.

Interview We conducted semi-structured interviews of multiple stakeholders to collect their

perspectives on care experiences in their own words and to triangulate common challenges

and needs. The focus of each interview varied slightly based on the type of participant. With

patients, our interview questions focused on understanding their experiences surrounding the

depression treatment they received, coordination of psychosocial appointments, communication

with their providers, and the practices and tools used in addressing their depression and symptoms.

With BHPs, we focused on their workflows, tasks, and tools used in providing and coordinating

psychosocial care within and outside of their sessions with patients and in communicating

and collaborating with different providers. We also probed their experiences in providing

evidence-based interventions, specifically behavioral activation, which is an effective treatment for
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depression [119, 130]. With psychiatrists (or with a primary care physician if the site lacked access

to a psychiatrist), interview questions were similar to those for BHPs with added attention to

aspects that differentiated their roles (e.g., recommending psychopharmacological interventions or

psychiatric consultations). With oncologists, we asked about their involvement in the psychosocial

care of their patients, including the detection of depression symptoms, communicating and

coordinating care with psychosocial or psychiatric care providers, and managing treatments

and medications. With administrators, our interview questions focused on operational and

financial aspects of psychosocial care, monitoring the quality of psychosocial care, and adoption

of new programs or technologies. These interview topics helped structure our interviews, but our

interview protocol was open-ended such that we could further explore challenges in any of these

topic areas with all participants.

During the interview, providers were asked to refer to a specific patient encounter to ground

their responses (e.g., “please recall a last patient or session that...”). These were not necessarily

the same patients we interviewed or observed while shadowing BHPs. To preserve patient

confidentiality, we explicitly did not gather patient identifiers from the providers or health records.

We instead captured general patient characteristics (e.g., female stem cell transplant patient),

behaviors (e.g., checking text messages on the phone), and affect (e.g., anxiety from the infusion)

from the conversation. Each interview lasted approximately an hour; 26 were conducted in person

and 3 by phone. Interviews were audio-recorded and later transcribed. Each interview participant

was compensated with a $50 gift card.

Contextual Inquiry Contextual inquiry [45] allows for observing actual behaviors and

situations as they unfold in real-world contexts. The primary focus of our contextual inquiries

was BHPs. We were interested in: (1) gaining a richer understanding of existing workflows and

practices, competing tasks and demands, and of technology use in the delivery of psychosocial

care, and (2) observing a wide variety of patients and treatment techniques employed by the BHPs.

A typical contextual inquiry session started in the morning with a quick orientation to the

day’s schedule and the patients we would be observing. During observation, we often sat next
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to the BHPs, listened to their conversations, watched their use of tools (e.g., desktops, mobile

devices, printers, notebooks), and traveled with them to their patient sessions and meetings. When

observing patient sessions, we did not interfere with the sessions and sat in the room in a way

that avoided a patient’s direct line of sight. Outside of patient sessions, we asked the BHPs to

think aloud if the circumstances allowed it (e.g., charting at their desks), and we asked clarifying

questions in the moment or at a later opportune time (e.g., en route to sessions, during lunch

breaks).

Each contextual inquiry session with a BHP lasted between 2 to 8 hours and consisted of one

or more patient sessions ranging from approximately 15 minutes to an hour. Most patient sessions

were scheduled, with the exception of 3 ad-hoc sessions. To address concerns of potentially

coercing patients into being observed, each corresponding BHP obtained permission in advance

from their patients for our research team to observe their sessions before our visit. We took

notes throughout the observation, captured photographs of the facilities and work spaces with

the permission of administrators, and received copies of psycho-education materials used in the

session. No compensation was offered for participation in contextual inquiries.

Analysis

We combined interview transcripts and observation notes to create a single dataset. All potential

identifiers (e.g., names, places) were manually removed by the researchers that collected the

data. Our general analysis approach was to draw out challenges and needs for answering RQ1

and then to synthesize technology design opportunities for RQ2. Here we describe our analysis

of challenges in greater detail, which involved two stages: (1) enumeration of challenges, and

(2) characterization of challenges through patient care journeys.

Identification of Barriers and Facilitators To understandwhat challenges exist in our data, we

identified barriers that hinder the progress of depression care and facilitators that enable depression

care in cancer settings. Three researchers qualitatively coded the interview and observation

data using inductive thematic analysis [57]. Two of the three researchers were already familiar
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with the data, having collected and anonymized most of the data. All interview transcripts and

observation notes were entered into qualitative data analysis software (i.e, ATLAS.ti). Researchers

independently examined a subset of assigned transcripts and notes, tagging parts of the texts

with “memos” [49] that summarize the dialog or observation (e.g., “BHPs are responsible for

organizing patient support groups”). We held collaborative memo extraction sessions for a subset

of data to align our process and reconcile disagreements. The researchers were encouraged to

reuse existing memos if the extracted quote could be described with an existing memo. Although

technology-related themes emerged from our analysis, the researchers reframed the technology

themes as the underlying stakeholder needs that the technology addresses. We then collaboratively

merged, split, and refined extracted memos, using consensus meetings to organize them into

emerging barriers and facilitators to psychosocial care. We iteratively repeated these processes of

extracting memos independently and collaboratively organizing memos into emerging themes of

barriers and facilitators (e.g., “BHPs have many competing demands”). At the end of the coding

process, three researchers collaboratively reviewed all barriers and facilitators and the underlying

memos and quotes to reach an agreed level of cohesiveness and consistency within each theme.

We extracted the underlying challenges that our identified facilitators supported and merged

those underlying challenges with barriers into a combined set of challenges. We incorporated

technology-specific facilitators into our consideration for technology design opportunities.

Development of Psychosocial Care Journey After the enumeration of challenges, we

organized our data into a temporal care journey to map each challenge to a certain point in

time of patient care. Our construction of a psychosocial care journey involved mapping out the

timeline of all stakeholder experiences through the care process based on three sources of data:

(1) patient recollection of their own care experiences, (2) provider accounts of how their patients

experience care, and (3) our observation of patient experiences. On the horizontal, temporal

axis, we had various transition points and phases of care informed by psychosocial care practice

guidelines [19]. On the vertical, stakeholder axis, we listed the patient and members of the care

team and illustrated any actions performed by or interactions between stakeholders. We then
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Figure 4.1: A snapshot of the psychosocial care journey mapping exercise for organizing challenges we
discovered in our data. The horizontal axis illustrates different phases of psychosocial care, and the vertical
axis describes different stakeholders and their interactions.

mapped several challenges at different points of the care journey. Figure 4.1 provides a snapshot of

this process. We found this exercise lacked the expressivity required to characterize the complex

care paths of patients. This realization led to the development of the parallel journeys framework

which we describe in detail in Section 4.1.2.

We organize our findings according to our research questions. We first address RQ1, presenting

contextual findings that helped us understand the challenges and needs that patients and their care

teams face in receiving and providing depression care in cancer settings. Section 4.1.2 describes

patient care journeys and our development of the parallel journeys framework. Section 4.1.3 applies

the framework to characterize challenges identified in our data. We generally found contextual

factors to be more prominent in our data because most participants had minimal use of technology

in their current care practices. We then address RQ2, presenting technology-specific findings

synthesized to address identified challenges. Section 4.1.4 presents technology design opportunities

for supporting depression care of patients with cancer and describes why these opportunities are



91

specifically important for our patient and care team context.

4.1.2 Parallel Journeys Framework

Cancer Care Journey

The emotional and physical experiences of patients with cancer can commonly be characterized

by phases of a cancer journey [178]: screening and diagnosis, information seeking, acute care and

treatment, no evidence of disease, and chronic disease and disease management. Jacobs et al.’s

cancer journey framework [199, 198] further characterizes these phases by incorporating patient

responsibilities, challenges, and personal impacts in each phase.

The patients that we interviewed, that we observed during contextual inquiries, and that

were described by providers, experienced these phases of a cancer care journey while managing

their patient responsibilities. They described encountering challenges in care and experiencing

changes in emotions and life. Pt13, whom we observed while shadowing BHP2, had recently

been diagnosed with cancer and was finalizing treatment decisions and financial adjustments in

preparation for active treatments; he began feeling a general sense of “gratitude and compassion”

since the diagnosis. Pt1 described the process of getting her body prepared for stem cell transplant

as being “really rushed,” and Pt2 explained that, in hindsight, she did not fully process all the

diagnostic information given to her because “people were making [her] feel like everything was not

a big deal when it was a huge deal.” Four of the patients we observed while shadowing BHPs were

actively being treated in the infusion suite, and BHP5 described the care environment as “it’s best

to always expect things will not go smoothly (laughs).” When we interviewed Pt1 just after she had

finished her transplant procedure, she mentioned that her struggle was in “trying to figure out

what [her] new normal is going to be.”

Our analysis revealed that the challenges that patients with cancer and depression expressed

around depression care could not fit squarely within one or more of these phases of the cancer

care journey. For example, psychotropic medications used to treat depression could interfere

with cancer treatment, thus requiring significant coordination between the psychiatrist and
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the oncologist. Pt8 developed severe anxiety towards chemotherapy infusions that required a

BHP’s physical presence to continue with treatment. Patients often feel too sick from cancer

treatments and may cancel their appointments with their BHPs, which impacts the continuity of

their depression care. Although the cancer care journey can be used to characterize a range of

emotional and psychosocial aspects of cancer (e.g., attitude change, return to normal), its phases

are delineated by the physical aspect of cancer (i.e., around the diagnosis, treatment, and recovery

from cancer), and it does not account for the context introduced by co-morbid psychiatric disorders

that include dedicated treatments and unique patient experiences. Therefore, the cancer care

journey alone is insufficient in characterizing such co-morbid contexts.

Psychosocial Care Journey

As described in Section 4.1.1, we generated a timeline of how patients experienced their depression

care, organized into four key phases of a psychosocial care journey. We found that patients with

depression experience four common phases of psychosocial care (see Figure 4.2): (1) identification

of patients with depression, (2) initial psychosocial assessment, diagnosis, and rapport building,

(3) active depression treatment, and (4) maintenance and relapse prevention planning. These phases

of a psychosocial care journey align with practice guidelines recommended for treating major

depressive disorder [150], psycho-oncology care practice guidelines [19], and collaborative care

guidelines and care responsibilities that include a screening of patients for depressive symptoms,

delivering evidence-based behavioral and/or pharmacological treatments to improve patient

outcomes, a systematic review of patients with psychiatric consultants and adjustment of treatment

for patients who are not improving, and relapse prevention planning [415, 135]. Our data from

the patient recollection of care, BHP description of how they engaged with patients, and our

observations of BHP sessions with patients at different points of care (e.g., initial engagement,

active treatment, follow-up) provide qualitative evidence and a nuanced understanding of how

patients with cancer and depression experience these phases. Here we formally introduce the four

phases by defining their care goals and providing evidence of how our patients with cancer and

depression experience the four phases of the psychosocial care journey.
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PHASE 1
identification of 
patients with 
depression

- Proactively screen 
patients for depression 
at key points in their 
cancer care

- Engage them in the 
appropriate 
psychosocial care

PHASE 2
initial psychosocial 
assessment, 
diagnosis, and rapport 

- Conduct a diagnostic 
assessment 

- Identify the needs of the 
patient

- Build trust and working 
relationship

- Provide resources and a 
biopsychosocial 
treatment plan

PHASE 3
active depression 
treatment

relapse

- Target identified 
problem areas from the 
previous phase

- Use evidence-based 
interventions

- Achieve target patient 
goals

PHASE 4
maintenance and 
relapse prevention 
planning

- Establish a relapse 
prevention plan

- Establish healthy coping 
strategies

- Achieve long-term 
management of 
depression and 
self-efficacy

Figure 4.2: Four phases of a psychosocial care journey: (1) identification of patients with depression,
(2) initial psychosocial assessment, diagnosis, and rapport building, (3) active depression treatment, and
(4) maintenance and relapse prevention planning. Patients may experience a relapse and fall back to the
first three phases.

Phase 1: In the identification of patients with depression phase, patients are screened

for depressive symptoms at various intervals throughout their cancer care using standard and

validated screening tools such as the Distress Thermometer [345] or the 2-item Patient Health

Questionnaire (PHQ-2) [249]. The goal of this phase is to proactively screen patients for depression

at key points in their cancer care and to engage them in appropriate psychosocial care to address

potential barriers to engagement in cancer care and to improve health outcomes. When a patient

reports depressive symptoms above a critical threshold, the care team refers the patient to the

appropriate BHP for a thorough assessment: “The information from the distress screening device

is entered [into the EHR]. If they’ve hit a certain threshold, it triggers an alert to social work. And

then social work calls and follows up with them.” (BHP3). Patients with pre-existing depression

that require coordination with an outside psychosocial care provider or continued management of

their condition are also referred to BHPs: “If a medication seems to be indicated or if they have a

more complex mental health background, then psychiatry or psychology would be an appropriate

referral. But it really should happen after they’re referred to social work.” (BPH9).

Phase 2: After patients are identified as potentially depressed and referred to a BHP, they

move to the initial psychosocial assessment, diagnosis, and rapport building phase. The
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goal of this phase is to gain a deeper understanding of the whole patient, assess the needs of the

patient, build trust and a working relationship, conduct a diagnostic assessment, and provide

resources and a depression treatment plan. The patient meets with a BHP who performs a full

psychosocial assessment of the patient by using validated tools to establish baseline symptom

severity (e.g., 9-item Patient Health Questionnaire (PHQ-9) [223], 7-item Generalized Anxiety

Disorder (GAD-7) [385]), by eliciting background information (e.g., family and medical history,

psychiatric and substance use history, financial background, social support, practical needs), and

by conducting a comprehensive clinical evaluation to establish a diagnosis prior to initiating

treatment [1]. Through one or more interactions with the patient, the BHP builds rapport with

the patient “to best know them and support them” (BHP4), “to open up or unpack what [BHPs] need

to track them” (BHP6), “for patients to begin to trust more and join with [BHPs]” (BHP5), and “to get

a patient buy-in [and know] whether or not they’re gonna continue to ask for your support” (MP2).

This phase also provides an opportunity for patients to receive psycho-education and supportive

resources: “One of the things I try and do with patients is also let them know the different supportive

care resources here, and that any of them, whether it’s psychiatry, psychology... it’s okay for them to

see any of... It’s really giving ’em permission.” (BHP6).

Phase 3: After patients have worked with BHPs and oriented themselves to available

psychosocial support, the next phase of the psychosocial care journey involves active depression

treatment. The goal of this phase is to target identified problem areas from the previous phase and

to achieve target patient goals (e.g., remission of depression as indicated by low PHQ-9 scores, and

cancer treatment adherence). BHPs provide brief evidence-based treatments (e.g., problem-solving

therapy, motivational interviewing, cognitive behavioral therapy (CBT), behavioral activation

(BA), acceptance and commitment therapy) during scheduled sessions (e.g., weekly, bi-weekly)

based on the needs of the patients: “I will be doing BA with him mostly because of the way he

and his wife talked about his activity level... he didn’t identify with the word depressed, but he

said, ‘I just don’t feel like doing anything.’ Like the lack of motivation, and he’s less talking about

like, ‘I’m thinking about X, Y and Z,’ where... if he’s having thoughts that are getting in the way,

that would make a difference. I would do... be doing CBT with him.” (BHP4). Patients regularly



95

complete patient-reported outcomes (e.g., PHQ-9, GAD-7) and perform tasks or assignments

between sessions for continuous care and positive reinforcement: “I really do enjoy opening the

sticker... the actual peeling of the sticker, and putting it next to my whatever it, my goal... whatever it

was. It makes you feel good. So she actually prescribed that you should get this activity journal, log it,

put the sticker next to it.” (Pt8). Patients that need psychotropic medication management or that

have additional co-morbidities (e.g., co-morbid anxiety, substance use disorders) are typically also

seen by psychiatrists.

Throughout active depression treatment, BHPs monitor the progress of patients using

assessment tools and their clinical judgment: “I kind of rely on the [assessment] tool to sort of

be the indicator of how things are going.” (BHP6). BHPs systematically monitor all patients under

their care, proactively reach out to patients when necessary, and conduct regular caseload reviews

with psychiatric consultants to make treatment adjustments. For patients who are discharged after

completing their cancer treatments or who move away from the cancer center, BHPs facilitate

referrals to and coordination with community providers for continued engagement in care: “There

are some patients who have serious mental illness1 and I actually think need to be in a community

mental health center where they have a case manager. And so earlier on I will try to get them involved

as soon as possible once they’re like physically well enough to be able to travel to that place. And then

we’ll work together for a while and then I’ll try to sort of let the community mental health agency

take over.” (MP2).

Phase 4: When a patient’s depressive symptoms substantially improve and the treatment

target has been reached (e.g., depression remission), patients move to the maintenance and

relapse prevention planning phase. The goal of this phase is for patients to achieve long-term

remission of depression and maximize self-efficacy. Patients work with their BHPs to establish

a relapse prevention plan that includes identifying early warning signs (e.g., changes in sleep,

mood), establishing effective coping strategies (e.g., taking medications, reducing stress, engaging

in pleasurable activities), and contacting BHPs if symptoms re-emerge [193].

1This discussion was in reference to a patient with major depression that persisted beyond active cancer care.
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identification
initial assessment

active depression treatment
disclosure of 
depression history

life-long 
depression care behavioral activation + psychotropic medication

extended cancer treatment
hormone modulating therapy

cancer care
psychosocial care
prior depression care

chemotherapy

cancer treatment 
decision

acute cancer treatment
cancer 
diagnosis

Pt12
breast cancer with 
persistent depression 
for much of her life

moves within 30 min of cancer center moves back home

?dis-engaged during 
acute cancer treatment

discharge 
follow up

identification
initial assessment

active depression treatment
high PHQ-9 score

"I'm ready to be 
with my kids and 
be at home."

lives 2 hours away from cancer center

weekly therapy
counseling

recovery from cancer
stem cell transplant discharged

cancer treatment 
preparation

acute cancer treatment
cancer 
diagnosis

Pt1

“I’m doing pretty 
well. I didn’t need 
anesthesia during 
biopsy.”

concurrent chemotherapy and radiation therapy

cancer treatment 
decision

acute cancer treatment
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?

Pt13
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supportive care team suspects patient will 
face crisis during acute cancer treatment

flagged
care team is concerned 
about his optimism

Figure 4.3: Illustration of parallel journeys for three patients with cancer and depression. Different
patients engaged in psychosocial care at different phases of their cancer care. These patient journeys were
constructed from a medical provider interview (Pt12 described by MP2), a patient interview (Pt1), and
observation of a BHP (Pt13 session with BHP2).

As with a cancer care journey, the psychosocial care journey alone is insufficient for

characterizing the care experiences of patients with cancer and depression. For example, depression

care could continue beyond cancer treatment, but because behavioral health services are often

embedded in and limited by cancer center resources, patients who move away after active cancer

treatment or are discharged from the cancer center may need to search for new providers.

Recurrence of depression could place patients back into the psychosocial care journey, and

such patients may be engaged in different phases of cancer care, introducing complications

of coordinating multiple care resources.
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Parallel Journeys Framework

Both the cancer care journey and the psychosocial care journey were alone limiting in

characterizing the challenges of patients with cancer and depression, in part because the

combination of the two journeys further complicates the patient experience by exacerbating

the characteristic challenges of each of them. To address this limitation, we developed the concept

of a parallel journeys framework as a conceptual design framework to examine these journeys

together and to help organize our data. To illustrate this concept of parallel journeys, we describe

the parallel journeys of three patients extracted from our qualitative data. Pt12’s experiences were

described by MP2 during her interview. Pt1 discussed her own experiences during her interview.

Pt13’s experiences were constructed based on our observation while shadowing BHP2. We also

listened to BHP2 discuss Pt13 with a nutritionist, and we asked clarifying questions about Pt13 to

BHP2 outside of the session.

Prolonged engagement in psychiatric care: Pt12 (Figure 4.3 top) has experienced life-long

depression prior to her breast cancer diagnosis. Because of the complexity of her depression

and her need for psychiatric support, she is immediately referred to see a psychiatrist. Upon

completion of her chemotherapy, she is placed on hormone-modulating therapy for the next five

years with regular monitoring for the recurrence of cancer. Because she is still being treated by

the cancer center, she remains actively engaged in the psychiatric care that the cancer center

provides once every two months.

Pt12’s hormone-modulating therapy will last five years, during which time she will be eligible

to see the psychiatrist at the cancer center. Although the cancer diagnosis had initially caused her

depression to be severely decompensated, the psychiatrist recommends she see an outside BHP

regularly because the psychiatrist does not have more frequent appointment availability: “From a

therapeutic standpoint... she would probably do better with more frequent therapy. We just simply

don’t have the availability.” The length of her cancer treatment puts a strain on her depression

as well as on the psychosocial care team at the cancer center which is obligated to treat existing

patients while turning away new patients due to an overbooked schedule.
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Abrupt termination of depression care: Pt1 (Figure 4.3 middle) moved across the state to

receive a stem cell transplant2. Prior to her cancer diagnosis, she normally saw a therapist every

week to manage her depression. The standard preparation phase of her transplant process includes

a full psychosocial assessment by a BHP, so her initial PHQ-9 assessment revealed a high level

of depression and a need for continued psychosocial follow-up. Her transplant was urgent, so

she was disengaged from her depression care with no support during three weeks of acute cancer

treatment. Her follow-up session with the BHP happened when she was ready to be discharged

from the hospital. She moved back home as soon as the cancer treatment was completed, and she

was not able to develop an ongoing relationship with the BHP at the cancer center or to receive a

proper transition plan.

Pt1 faced two challenges during her depression care. First, her depression care was paused

during transplant: “if my circumstances were a little different, because my transplant was a little

rushed... I probably would’ve scheduled something with [BHP] every week.” Second, her follow-up

session with the BHP was focused on her wanting to move back home earlier than recommended,

and she left the cancer center without a proper transition plan to continue her depression care.

She lives two hours away from the cancer center and wished for a phone follow up: “she could’ve

just called me for a few minutes just to like say, check in, and see how I was doing.” Her abrupt

transition out of depression care illustrates some of the missed opportunities that contribute to

the under-treatment of depression in patients with cancer.

Anticipated crises during active cancer treatment: Pt13 (Figure 4.3 bottom) was diagnosed

with head and neck cancer with a part-time income that barely covered his living expenses. He

was referred to the BHP by the oncology staff because his family seemed to be more distressed

than the patient himself about the diagnosis. He was scheduled to receive concurrent radiation

and chemotherapy treatment which is notoriously difficult on the body. However, he had an

optimistic view about his treatment and was willing to remain employed throughout treatment to

support himself. Although his depression and anxiety assessment scores did not currently indicate

2Patients undergoing bone marrow or stem cell transplant are asked to live within a 30-minute drive of the cancer
center.
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clinically significant symptoms, the BHP flagged the patient for monitoring because she suspected

he will need help when the intensity of the treatment starts to affect his physical capacity to work

and may negatively impact his mental health.3

Pt13 had not yet been diagnosed with depression, but his supportive care team suspected that

the severity of his cancer and treatment and possible subsequent unemployment would put him at

high risk for depression4. If he develops depressive symptoms during his acute cancer treatment,

as anticipated by his care team, he would need to be identified through a screening process to

receive depression care. Without a proper screening process, his depressive symptoms could

be easily overlooked because oncology providers are not focused on diagnosing mental health

disorders and male patients often do not self-disclose their depressive symptoms [382, 307, 273].

As Figure 4.3 illustrates, the care experiences of these three patients are vastly different from

each other. These experiences represent not only three distinct ways that patients with cancer

engaged or would engage in their depression care, but also highlight unique challenges brought

on by the interaction between cancer care and depression care. Patients could be engaged in

depression care for a prolonged period due to the length of their cancer treatment (Pt12), or

depression care could abruptly end because cancer treatment is completed (Pt1). Acute cancer

treatment could lead to disengagement from depression care (Pt1), or it could cause depressive

symptoms (Pt13).

4.1.3 Two Journeys, Additional Challenges

The three patient experiences described above demonstrate that different patients engage in

depression care at different phases of their cancer care according to their cancer diagnosis,

treatments, physical and emotional conditions, and personal and environmental circumstances

before, during, and after their cancer care journey. In order to consider the challenges that patients

with cancer and depression navigate when these parallel journeys interact, we examine the cancer

care journey described by Jacobs et al. [199, 198] alongside the psychosocial care journey as a

3Our study did not follow this patient beyond this observation.
4Patients with head and neck cancer have particularly high rates of depression and suicide [280, 334, 300].
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design framework, which we refer to as a parallel journeys framework. This framework is used

to organize our findings, specifically the impact on patients and their care team (e.g., BHPs,

psychiatrists, oncologists) due to: (1) the interactions and sometimes competition between the

two care journeys, and (2) challenges introduced by the current cancer-centric processes of care.

Table 4.2 demonstrates the use of this framework by providing examples of challenges that we

observed at each intersection point between the two care journeys. Although we did not observe

challenges for every possible intersection, these examples show how each stage of the psychosocial

care journey produces challenges in at least one stage of the cancer care journey, and vice versa.

Such a framework can also be useful in identifying challenges that may not be directly observed

in data. For example, we did not explicitly interview patients who developed depression after

their cancer treatment. However, one BHP explained the importance of monitoring patients after

cancer treatment [112, 315, 288]. When her previous transplant center enforced conservative

post-treatment guidelines (i.e., patients are sequestered at home for 6 months to a year), she would

strategize with patients on productive use of time at home to counter feelings of depression that

may accompany social isolation (BHP5).

We also found that interactions between the two journeys impact the stakeholders differently,

suggesting the third dimension of stakeholder role in the organization in Table 4.2. Because our goal

is to design technology for providing behavioral health care and for supporting patients and their

care team, we present these multi-dimensional challenges primarily by phases of the psychosocial

care journey and according to different stakeholder perspectives. Then, in each subsection, we

highlight specific interactions with phases of the cancer care journey.

Psychosocial Care Journey: Identification of Patients with Depression

We observed a number of challenges in detecting depression in patients with cancer (Table 4.2,

column 1). The best practice guideline for patient identification is to longitudinally screen for

patient distress throughout their cancer journey using validated assessment tools [316, 137, 295],

necessary because depression can be undetected in patients with cancer who may develop it at any

point during their cancer journey and because oncology providers are not focused on identifying



101

Table 4.2: Challenges at the intersections between psychosocial care journeys and cancer care journeys.
Columns represent phases of a psychosocial care journey, and rows represent phases of a cancer care
journey. At the intersection of the two journeys, we provide an example challenge identified in our data,
noting that additional unobserved challenges may exist.

Identification
of
patients with
depression

Initial
assessment,
diagnosis, and
rapport
building

Active
depression
treatment

Maintenance
and
relapse
prevention
planning

Cancer
screening
and
diagnosis

Information
overload from
both cancer
diagnosis and
supportive care
resources (Pt10)

Patients
under-report
depressive
symptoms during
initial assessment
(BHP1)

Depression is
decompensated
with a cancer
diagnosis (MP2)

Cancer diagnosis
can exacerbate
existing stressors
and risk factors
(MP1)

Initial
information
-seeking

Patients hide
depression
following a cancer
diagnosis (MP1)

Patients may get
tired of paperwork
or refuse initial
assessment (MP2)

<unobserved> <unobserved>

Acute
cancer
care
and
treatment

Oncology staff
may not screen
for depression
(A1)

Initial assessment
can be difficult
when
cancer-related
stressors take
precedence (BHP3)

Lack of energy
impedes
depression
treatment (MP5)

<unobserved>

No
evidence
of
disease

Depression may
not be identified
when not seeing
oncologists or
BHPs (BHP5)

<unobserved> Patients are not
transitioned to
community
providers or lose
access to BHPs
following cancer
treatment (Pt1)

<unobserved>

mental health conditions [382, 307, 273]. With inadequate screening, BHPs are confronted with

emotional crises that arise from underlying depression. However, we observed that all three sites

did not administer distress screening longitudinally (e.g., PHQ-2). The screening was instead

administered at the initial oncology consultation and sometimes at other pivotal moments (e.g.,

after treatment, at relapse), a timeline defined by the cancer journey rather than the psychosocial

care journey.
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Patient Perspective Some patients hesitated to report depressive symptoms due to unwanted

consequences: “And if you’re honest and you say that you consider depression, all the brakes come

on and that’s a bad thing. Because that makes people- or it makes me not wanna rec- put down that

I’m depressed. It’s gonna get negative attention. It doesn’t get positive.” (Pt5). It was common for

patients with cancer to describe feeling pressured to be strong. Patients we observed felt they had

to hide their vulnerability or even their disease from their children or family and did not have a

safe place to be vulnerable. One patient said, “Oh my gosh. It took me forever to really admit it,

’cause I was ... I didn’t have to put on bracelets that said, ... you’re strong. And I was just, like, I can’t

be depressed, I can’t be depressed. And it just finally, it was, like, I give up.” (Pt8). Some patients

normalized depression as an obvious side effect of cancer: “[They] laugh it off and say, ‘well I’ve got

cancer of course I’m depressed.’ ” (MP4). Some patients expect depression to go away when cancer

goes away: “They say ‘Well, this is just related to my cancer. I treat my cancer, and you know... I

won’t have to worry about my mood.’ ” (MP5).

Because cancer demands so many resources from everyone surrounding a patient, patients

often felt guilty and were hesitant to seek out help when they needed it: “I don’t have employment

anymore, I get charity from the hospital, so they pay for me to see all these people and so there’s that

hesitance too, where it’s like, I’m already aware of how much they’re paying. I mean, do I wanna ask

for more? There are other patients here that also need resources. How much should go to me and...

Balancing that and what that feels like psychologically as well.” (Pt11).

Behavioral Health Provider Perspective When patients are not adequately screened and

identified, BHPs commented that patient distress could “explod[e] into crisis” (BHP1) at anymoment

and that needing to manage to such crises as they unfold is not an ideal situation for bringing

patients into depression care. Social workers also described being “dumping grounds” (A1) for

all problems that the oncologists cannot address: “It’s common if somebody cries, that some of

them come running to us. They get uncomfortable with a lot of emotion in the room.” (BHP8). One

administrator said, “In many places I’ve been, that was kind of like, if you didn’t know what to do

with it, send it to the social worker. (laughs). Yeah. That’s not okay.” (A1). Even though the BHPs are
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trained to assess and treat anxiety and depression within the oncology context, some providers

bypass the BHP and refer patients directly to psychiatry: “We’re still struggling I think in some

ways in social work overall, to emphasize our role to the team as being the primary resource for

mental health care versus psychiatry. We have the skills to assess and treat, you know, anxiety and

depression within the oncology context. So, there’s no reason to bump up to a higher level.” (BHP9).

Medical Provider Perspective Primary care visits and oncology visits are common points in

cancer care where depression is identified. All three oncologists we interviewed reported that they

identify patients with depression through the use of their “gut feelings most of the time” (MP1)

and from patients describing depressive symptoms (i.e., apathy, fatigue, forgetfulness that cannot

be attributed to current treatment or medication) (A1) or due to patients “break[ing] into tears”

(MP3) during their follow-up visits. However, “sensing” distress is difficult for providers because

they lack sufficient psychiatric training, some patients are not forthcoming about depression,

and distressed patients often present to providers with physical symptoms rather than mental

health issues [137]: “I will be with the patient for months on end and then it’s not until I make a

referral to palliative [care] that palliative says ‘Hey, did you know your patient’s depressed?’ I’m like

‘Oh, how did I miss that?’ ” (MP1). One provider said, “My suspicion would be that patients may

minimize their symptoms a little bit to me. I think there’s a little bit of that they don’t want me to

feel disappointed that they’re not responding [to medication].” (MP5).

We also observed that oncology nursing staff may be more attentive to patient depressive

symptoms than medical oncologists: “When I first started working here, a nurse brought to my

attention a patient who they thought could benefit and when the oncologist was approached about

putting in a referral for this patient, he remarked, ‘Well, why? She’s one of my happiest patients.’ And,

in actuality, this patient was incredibly depressed.” (BHP3). However, the staff was under pressure

to improve the efficiency of oncology care processes, which limited the opportunity to take time

to administer depression screening or adequately triage patient psychosocial needs for proper

referral: “There’s a lot of pressure from providers to get in and out of the room so that they can get

into the room and see patients. And so they are there always pressuring the MAs, LPNs, you know, to
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do things quickly and get out.” (A1).

Psychosocial Care Journey: Initial Psychosocial Assessment, Diagnosis, and Rapport

Building

We also identified challenges in the assessment phase of the psychosocial care journey, either

associated with active cancer treatment (Table 4.2, column 2) or based on a variety of needs that

patients had at different phases of their cancer care. Because cancer places such high demand on

financial, physical, and practical resources [229], patients were more likely to drop out or not show

up to the first appointment with their BHP or to occupy most of the initial assessment appointment

with discussion around their practical needs (e.g., financial aid, transportation, housing) instead of

treating their depression.

Patient Perspective The first visit is an opportunity for a patient to express their emotional

support needs and to negotiate what kind of care they can expect from the follow-up sessions:

“[we discussed] things that I want to address or that I’m struggling with ... or what I’m wanting out of

the sessions.” (Pt11). To some patients, it was the first time they felt validated: “She came to me when

I was first admitted to the hospital. And, she’s been a godsend. Just because she would... there’s some

validation that you’re going through something.” (Pt5). We also observed that the resources and

support that patients received during this phase depended on where the patient is in their cancer

care journey. For patients that are just entering cancer care or are in an unfamiliar environment

far away from home, the initial assessment helped patients be connected with someone: “When I

first went to [treatment city], I was by myself for a really long time, so I didn’t really have a whole

lot of people to talk to. So, getting to sit down and talk to [BHP] about how things were going and

how I was feeling about my whole transplant was really helpful for me.” (Pt1). For patients who

have been fighting cancer for an extended period of time, the initial psychosocial session also

helped patients establish a safe space to be vulnerable when the usual cancer culture encourages

them to “be strong and keep fighting” (BHP1). For patients with advanced cancer, it provided an

opportunity to have a conversation about seemingly awkward but important topics such as the
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power of attorney, end-of-life directives, or options for physician-assisted hastened death.

Patients were sometimes not aware they were referred to see a BHP: “Sometimes they (patients)

didn’t know that they were scheduled for us (BHPs) so they’re like, ‘What the heck is this about?’ ”

(BHP1). Patients may cancel or skip initial appointments because there has not been an established

relationship: “Our no shows are more common with patients that have never met us in the first place,

I think partially because we don’t have a relationship.” (MP2).

Behavioral Health Provider Perspective When BHPs are introduced to a patient during a

crisis moment, BHPs often perceive the need to drop everything to attend to those crises. In

addition, patients are often overwhelmed with the cancer-related issue at hand such that BHPs

cannot perform a full psychosocial assessment, share psycho-education or resources in a digestible

manner, or identify goals or a treatment plan for future sessions. One BHP commented “because

you’re dealing with the crisis and the emotional fallout, ... I think that sometimes our assessments are

jumbled and not thorough. And you can kind of try and backtrack at the next meeting to do a better

assessment, but that doesn’t always happen either.” (BHP1). Another said “when you’re going into a

crisis moment, it’s hard to just say, ‘Oh, wait. Let me give you this survey.’ (laughs)” (BHP2).

Cancer places such a high financial burden on patients that BHPs spend much of their time

addressing patients’ practical needs instead of their underlying depression: “They’re always having

to deal with financial issues, or this person needs housing, or lodging, or transportation.” (MP5).

Social workers often are not able to establish themselves as BHPs during the initial assessment: “I

think especially medical social workers, just get dragged into the practical stuff and never use our

other [behavioral therapy] skills. And so I just feel like my skills are really rusty.” (BHP1).

Psychosocial Care Journey: Active Depression Treatment

The intersection between active depression treatment and various stages of cancer care presents

additional challenges (Table 4.2, column 3). During active depression treatment, BHPs must

be flexible to frequently-shifting patient circumstances associated with cancer and oncology

treatment. Depressive episodes vary in both length [384] and rate of recurrence [71], and cancer
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diagnoses and treatments present unpredictable logistical [82] and health [171] challenges. This

leads to significant challenges for patients, BHPs, and medical providers who need to navigate the

dual journeys of depression and cancer care. We found that these challenges can arise during the

acute treatment and recovery phases of cancer care.

Patient Perspective Many patients with cancer and depression may disengage from depression

treatment due to fatigue, which is both a symptom of depression and a common side effect of

cancer treatment. The heavy burden of oncology and psychosocial appointments may be especially

overwhelming for depressed patients who lack motivation or hope, reducing patient willingness

to engage in one treatment or the other: “I guess I’m just tired of all these appointments happening,

I’m like can I get three weeks free without an appointment, you know?” (Pt3). Patients may also

feel physically or cognitively drained when going through chemotherapy, losing motivation to

seek out depression treatment: “It’s hard to prioritize seeking that out if you’re already dealing with

something else, because it’s like, ‘Man, I got treatment...I’m dealing with the side effects of the last

treatment.’ ” (Pt4). In some cases, external resources such as books, apps, and support groups can

be helpful to patients in this phase: “I joined this—on Instagram—a group of metastatic breast cancer

people, and I look at all this thing. All this, thousands of women around the world, just sharing their

thing. And, it gives me hope...” (Pt10).

Another challenge for patients arose out of a general lack of documentation of psychosocial

session outcomes: “Other providers have discharge notes through [registry system]. I don’t have that.

Sending home discharge notes is impractical because I can’t type during the session.” (BHP3). Often,

patients may have memory challenges while going through chemotherapy: “I did have chemo

and sometimes that brain, you know, remembering dates, exact times, a little hard. And side effects

from a lot of the stuff I take and I hate that my memory, that’s one thing that I noticed had changed.

My memory.” (Pt3). Patients therefore may have trouble keeping track of session outcomes and

assignments, and some suggested that tools to help manage that information could be helpful:

“It would be, it could be a useful tool. I’ve never really thought about it. He [psychologist] kind of

references back like, how I was feeling at the past visit. You know, a little bit but and maybe he keeps
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track of it but I don’t really even remember what happened yesterday. I’d have to look back up in the

calendar to see when it was...Yeah, that’s pretty cool. Some additional tool that’s specific to mental

health? That tracks your fears, how you’ve been feeling? I don’t know, that’d be cool.” (Pt2). Such

tracking may empower patients to develop deeper insights about their own behavior: “Usually

it’s the patients where their mood is all over the place. Or they really haven’t yet linked the fact

that activities or physical sensations link to their mood, and I’m trying to encourage that link—the

association in their head.” (BHP1).

Behavioral Health Provider Perspective During the acute cancer treatment phase, patients

may encounter unpredictable crises that derail depression treatment: “There will be times where

we have one session, and we’ve done a lot of Behavioral Activation stuff, but then the next time they

come in, maybe they’ve gotten some really bad news or something and they’re just really distraught,

and that session, rather than following-up with the Behavioral Activation, we’re kind of doing more

of a kind of crisis management.” (BHP3). Patients may choose to end their depression treatment

prematurely when their oncology treatment is finished, despite patients still being symptomatic

from depression or despite BHP’s belief they could benefit from further sessions or are at high risk

of recurrence: “We are, in my mind, not specifically mental health like you go and you’re coming

because you want to get mental health treatment. We are coming to support you to get you through

the treatment, and so if you’re starting to feel better because physically you’re feeling better...I can’t

really justify telling them like, ‘Oh, you must meet me again.’ ” (BHP4). Clinic social workers may

have limited capacity to see patients discharged after completing active cancer treatment, leaving

patients to manage their own depression care: “So I don’t really know how anyone can help me at

this point. I’m still just trying to figure out how I can help myself.” (Pt1).

Another challenge emerges due to the need to coordinate between oncology and psychosocial

appointments. Appointments with BHPs are frequently scheduled on the same day as cancer

treatments, because of the convenience for a patient. However, patient psychosocial needs may

not easily fit into this schedule, and it may be difficult for a patient to come in for appointments

outside scheduled oncology treatments: “So, to ask them to come for an exceptional visit is very
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hard for them sometimes... I try to schedule it when it’s convenient for the patient because... they’ve

just finished some treatment and they don’t have another stretch of treatment for two weeks, chances

of them come back in here when they’re not feeling well is slim to none.” (BHP5).

Medical Provider Perspective Just as frequent oncology appointments may make adherence to

depression treatment more difficult, depressive symptoms can likewise impair oncology treatment:

“Usually I just let the patients know I am worried about this and make it clear that this could interfere

with the main treatment, which is the oncology-focused treatment that I’m trying to achieve for them.”

(MP1). In particular, depression could potentially lead to poor decision-making around oncology

care: “I get concerned at times that there are patients who are making bad decisions about that care.

Possibly because of depression...I mean, there are times frankly when I’ve had patients who had a

decision-making process so flawed, and they’re making such a bad decision that could have really

negative impact on their outcome.” (MP3).

Nearly all participants, including both oncologists and patients, reported the lack of available

appointment slots among the behavioral and psychiatric care providers as one of the main barriers

to accessing mental health care: “The counseling is something that I would love to have for every

patient. But the problem becomes, how do I arrange that? [psychologist] is one person. He can’t

see absolutely everybody, and then when he does, and he wants to do ongoing CBT. It’s very hard

to schedule appointments with people.” (MP5). When access to psychiatry is limited, the BHPs,

primary care physicians, and oncologists often needed to collaborate to determine the appropriate

set of psychotropic medications. This was not an ideal solution, given that none of these providers

were properly trained to manage such situations: “I’m a medical oncologist so I feel a little bit over

my head (laughs) in that situation. ’Cause I wasn’t trained to manage bipolar disorder.” (MP2).

Psychosocial Care Journey: Maintenance and Relapse Prevention Plan

We were not able to observe any patients moving into the maintenance phase, possibly because

patients were discharged from the cancer center before their target depression treatment goals were

reached. Instead, patients simply disengaged from depression care because they were discharged
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from cancer centers (Table 4.2, column 4). There were also some efforts to connect patients with

community mental health specialists to continue their depression treatment outside of the cancer

centers.

Patient Perspective Some patients needed to manage their own depression, due to a lack of

proper hand-off to appropriate community BHPs that patients can access outside of the cancer

centers: “I’m trying to figure out what I’m supposed to do with myself and what kind of person I’m

supposed to be in this next year. This isn’t really anything that the doctors really told me would

happen, that I would feel so lost and unsure what to do next.” (Pt1). In some cases, patients felt

reluctant to seek treatment elsewhere: “She [patient] also feels a sense of safety at [urban site],

and so going to a new place, it’s scary for her.” (MP2). This presents a challenge, as cancer center

behavioral health resources may not have the capacity to continue treatment after a patient’s

cancer treatment is finished: “I had a patient once who was angry, but she hadn’t had cancer in 12

years when she came here and she wanted to see a social worker. And I said, that’s just not, you know,

it’s not possible.” (BHP5). One patient explicitly rejected receiving continued depression treatment

at the cancer center: “I just associate this place with (laughs) not good feelings, I don’t know. It

sounds mean, but I mean it’s just... the least amount of time you have to be up here, the better.” (Pt8).

Many patients, especially those needing special treatment that their local or rural cancer

center did not offer (e.g., stem cell transplant), had to relocate or travel for hours for access to the

urban cancer center. Unlike psychosocial care in primary care settings where patients are likely to

remain in the same primary care facility in their local communities, some patients would need to

travel for hours to continue their depression treatment: “It’s challenging when they don’t live here...

It’s challenging that they can’t get here.” (BHP5).

Behavioral Health Provider Perspective As much as BHPs and psychiatrists wanted to

continue treating patients, they also reported their skills and expertise should be used for those

who require psycho-oncology support: “This is one of our struggles. Because she wants to see me.

I think she gets something out of our visits. I could probably see her for years (laughs) and she has
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breast cancer, and the breast oncologists like us to take care of their patients long term. But she doesn’t

necessarily have to have a provider who specializes in psycho-oncology at this point unlike some of

our patients. So I think each provider has a different opinion, but for me, I hope to be able to graduate

her because I want to open up my clinic to new patients.” (MP2).

Although patients were welcome to reach out to their BHPs during active cancer treatment,

BHPs were also limited to only seeing patients in active cancer care: “We have a limited number of

appointments that we allow our behavioral health providers to see after treatment is done, because we

don’t have the staff here to keep those patients coming back day after day.” (A2). One site partnered

with a startup that offers to match patients to BHPs, but there were exclusions: “We sometimes

have to find a resource for patients if they’re outside of that area or [on] Medicaid.” (A3).

4.1.4 Technology Design Opportunities for Collaborative Care for Depression and

Cancer

We have presented specific challenges that patients with cancer and depression encounter.

Informed by these challenges, we have also identified design opportunities aimed at improving

collaborative care for depression in cancer settings, specifically opportunities that can be addressed

through the use of technology. Although some of the identified challenges may not be unique

to this setting, collecting insights with this population allowed us to more saliently observe the

particular issues facing those undergoing both cancer care journeys and psychosocial care journeys,

in turn allowing us to better prioritize functionalities and design opportunities. Whereas prior

sections are organized by phases of the psychosocial care journey, this section presents a set of

technology design opportunities and how each opportunity can improve the care experiences

across multiple phases of the cancer care journey and the psychosocial care journey.

Provide tools for and around self-assessment

From a patient perspective, we observed that patients in active cancer treatment may experience

physical side-effects of the treatment (e.g., chemotherapy) and difficulties with transportation,

both of which may make it more difficult to attend appointments. Furthermore, some patients in
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active treatment noted that they had significant downtime in the infusion suite with little to do,

suggesting another opportunity for self-assessment activities. Finally, patients nearing the end

of treatment described being tired of making trips to their treatment sites, suggesting they may

also benefit from home self-assessment. Providing patients with self-assessment tools could help

patients stay engaged in care through remote monitoring when in-person appointments are less

desirable or feasible.

For example, systems could allow patients to perform technology-supported self-assessments

(e.g., universal distress screening or depression and anxiety assessment performed through

electronic surveys, apps, or IVR technologies). The resulting data could be directly integrated with

an EHR system, further reducing the time spent on manually entering such data. Self-assessments

could also be configured to be administered at an appropriate frequency, thus avoiding a need for

BHPs to determine whether the assessment needs to be administered before every patient visit.

Such a system would allow the frequency of assessments to be decoupled from the appointment

schedule to accommodate patients at various phases of their cancer care journey.

From a related provider perspective, we also observed that a patient’s cancer journey creates

additional challenges for BHPs responsible for psychosocial care. BHPs play a critical role in

coordinating patient care across many providers and supporting patient needs from multiple

perspectives. Treatment of patient depression during the limited time available within sessions,

therefore, competes with other tasks that are directly (e.g., responding to patient voicemails,

handling crises) or indirectly (e.g., contacting Medicaid case managers, reviewing financial aid

applications) related to patient depression. Many of these tasks are typically organized through

memory, hand-written notes, or email/calendar reminders. We also saw that patient depression

care is often neglected when BHP resources are constrained [286]. Technology improvements

that help BHPs manage competing demands, or even improvements that allow more effective use

of limited time, could allow BHPs to focus on activities critical for patient management and for

providing psychosocial care.

One such opportunity is to give BHPs access to patient self-assessment data, thereby reducing

logistical burdens and allowing BHPs to focus on using session time to better deliver depression
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treatment itself. Systems can also reduce inefficiencies in managing and distributing patient care

resources (e.g., sifting through binders of care materials, photocopying resources, walking back to

their desks to find materials) through a repository of resource materials that all BHPs have access

to and which can be emailed or printed for patients as needed during a session. Similarly, systems

can also allow BHPs to configure, schedule, and organize action items with priorities, reminders,

and deadlines. Such electronic assessment systems have been shown to be feasible and effective

in cancer settings [138, 136, 44, 43]. In addition to being consistent with recommendations of

prior research, our results characterize these challenges as resulting from the parallel journeys of

patients with co-morbid cancer and depression. Our examination of the perspectives of multiple

stakeholders shows this is a key priority for both patients and providers in this setting.

Provide tools for population-based patient monitoring

We found challenges in a patient’s cancer journey can often influence patients to disengage

from their depression care. Monitoring patient progress is a critical component to ensure an

appropriate level of patient engagement in their depression care. With appropriate monitoring in

place, providers can both: (1) detect when patients are not improving as expected and therefore

make appropriate adjustments to treatment, and (2) identify patients who are disengaged from care

and therefore initiate proactive outreach. However, all three sites lacked appropriate and efficient

tooling support for population-based analysis and monitoring of patients. One site leveraged an

Excel-based patient registry to systematically follow all patients, but the corresponding workflow

created duplication of efforts (e.g., the registry was not directly integrated into the EHR), which

discouraged proactive monitoring of patients. To streamline population-based patient monitoring,

systems could allow patient self-assessment data to be directly entered into the EHR (i.e., reducing

the burden of data entry) and could also provide a summary dashboard for easy access to pertinent

information about a provider’s population of patients. Although prior research has proposed

EHR systems that collect data from clinical registries [54] or aggregate information from various

databases [366], this solution would build upon our suggestion for patient self-assessment to

further address the needs of this patient population. For example, such a system could help track
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patients undergoing active cancer treatment, who may “fall through the cracks” when cancer care

is prioritized over depression treatment. Furthermore, given that patients who have completed

their cancer treatment may lose access to the cancer care center, an electronic registry could trigger

action items or send reminders to BHPs to follow up with patients who have been discharged or

moved away but still require depression care (e.g., to help ensure appropriate transition plans).

Patients we interviewed reported frequently checking their progress toward cancer recovery

by logging into their EHR portal and viewing historical lab results and provider notes. The

same system could also help patients reflect on their progress with depression treatment, which

could help raise awareness of the importance of treating their depression. A system might

provide rewards and achievements intended to increase self-efficacy or might guide patients with

appropriate interventions and psycho-education materials.

Provide access to digitally translated evidence-based psychosocial interventions

We observed that patients often have significant periods of downtime across multiple stages of

the cancer care journey. For example, during active treatment, patients may spend several hours

at a time in the infusion suite. Furthermore, stem cell transplant patients going through recovery

may not be allowed travel, left with long periods of time with potentially little to do. For those

patients who are also undergoing treatment for depression, these may represent opportunities to

provide electronic resources (including tools such as worksheets) for evidence-based psychosocial

interventions. By translating behavioral health resources into an engaging digital format that

patients can access via their phones, tablets, or computers (e.g., while at home or in an infusion

suite), patients could be better supported in their psychosocial care journeys during these long

stretches mandated by their cancer care journeys. Easy access to such resources could be especially

important for those undergoing active cancer treatment, where we observed that unpredictable

crises can be common.

Digital resources for evidence-based psychotherapy have been of interest to researchers for

some time [220, 90, 195], including resources developed for anxiety and depression [331]. A tool

could aggregate such existing resources and incorporate them into patient treatment (e.g., patient-
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facing mobile apps could include search features to identify relevant resources), which could

further support patients who have difficulty accessing frequent in-person sessions (e.g., for health

reasons, for financial reasons, due to a lack of cancer center depression resources). Our parallel

journeys framework also suggests that existing resources or new interventions might be organized

according to where patients are in their multiple journeys (e.g., presenting additional resources at

times in a patient’s cancer journey when they are most at risk for depression).

Document shared understanding between patients and providers

Our findings revealed that forgetfulness and fatigue negatively impact patient engagement in care,

a challenge that is magnified by the additional difficulties of navigating parallel journeys. Although

forgetfulness as a barrier to treatment adherence may seem obvious, we cannot dismiss the fact

that the cancer treatment impacts the brain chemistry in a manner that severely reduces the

patient’s ability to remember (i.e., so-called “chemo brain”) [185, 388]. In addition, patients with

cancer receive a cocktail of medications with significant toxicities and endure an overwhelming

number of hospital appointments that intensify their fatigue. Although depression care sessions

often generated action items or assignments for patients, these decisions were not documented or

were documented in a manner such that they were not available when the patients needed them

(e.g., sticky notes, paper). Furthermore, BHPs sometimes forgot they assigned anything to a patient,

and the resulting lack of follow-up accountability and interest from the BHP can lead to a loss of

trust and consequent nonadherence by patients. Given that prior research on patient-provider

collaborations using personal informatics data has indicated that clear goal-setting is necessary

for managing expectations around data collection and reducing information overload for both

parties [89], there is an opportunity for a system to help patients and providers manage a shared

understanding of depression treatment, especially given the high demands of this population.

Documentation of action items could be facilitated through provider-facing systems that

allow quick charting during patient sessions. Such a tool could be designed for transparent

collaboration in the documentation of action items between patients and providers during a

session, a strategy that can ensure shared understanding and has been found to build trust
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and reduce miscommunication in patient-provider collaboration around personal informatics

data [361, 89]. Patient-facing systems can make action items accessible in a variety of modalities,

especially on mobile devices, a possibility supported by one BHP participant: “people always know

where their phone’s at. (laughs)” (BHP3). Such a system would need to be designed in a manner

that minimizes cognitive burden, both during a session (i.e., ensuring it enhances collaborative

goal-setting rather than distracting from an in-person session) and afterward (e.g., action items

could be lost in typical text-heavy after-visit summary).

Such support for patient-provider collaboration around a shared understanding of patient

action items could also facilitate fidelity to active components of evidence-based treatments. For

example, systems could include activity and mood-tracking components of behavioral activation,

reminders for planned pleasant activities, or positive feedback provided either automatically, as

scheduled by BHPs, or synchronously by BHPs in response to patient-entered data. Systems can

also include brief behavioral strategies (e.g., goal setting, activity scheduling, problem-solving

to address barriers) as well as helpful tools (e.g., basic cognitive or behavioral exercises when

patients report depressive symptoms). Patient documentation of their completed action items

could support a sense of accomplishment and progress, and providers could use data to follow up

with patients to reward and encourage positive behavioral changes or to troubleshoot barriers

when a patient is not engaging with action items.

Support timely and appropriate communication

Patients reported they experience intense depressive symptoms between sessions or outside

of normal clinic hours and feel a need for guidance from their psychosocial providers. These

needs may be exacerbated by the unpredictable course of cancer treatment, which may lead to

crisis moments throughout the care journey. Patients overwhelmingly wanted a way to reach

their providers outside of their sessions. However, patients hesitated to reach out during these

crisis moments due to their own guilt of burdening the busy providers, fear of being on hold,

or anticipation of increased anxiety from waiting for callbacks. On the other hand, BHPs were

hesitant to receive a flood of incoming communication requests and data that they cannot handle:
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“[handling suicide ideation] would be really hard. I mean, there would be, there’s, there’s just no way to

ensure that there could be a timely response to that. And I think, I think that you’ve probably pointed

out the biggest downside of having any kind of, um, electronic communication that is kinda counseling

focused.” (BPH9). Importantly, patients with depression will experience suicidal thoughts whether

or not these thoughts have been communicated to care providers, and arguably patient risk is

greatest if providers are unaware of patient suicidality. With careful attention to the design of both

clinical processes and technologies, a system that facilitates such communication and appropriate

clinical intervention may help reduce patient risk for self-harm.

We observed that planning around communication typically happened during the initial

assessment, verbally and through the exchange of business cards. Systems can enhance this

workflow by documenting the agreed communication plan and making care team contact

information readily available in the desired modalities. Prior research has found that online

patient portals can significantly improve patient satisfaction with their communication with

their providers, based on increased convenience and direct physician response [241]. Building

on prior research regarding the advantages and disadvantages of different communication

methods [462], our results emphasize a need for shared understanding between patients and

providers regarding the appropriate use of and expectations for communication channels. Our

parallel journeys framework also provides a lens for understanding how shared understanding

regarding communication can break down (e.g., the reluctance of patients near the end of their

cancer treatment to reach out for depression support, due to guilt regarding the already significant

support received during their cancer journey, thus contributing to the risk of relapse or unsuccessful

transition in their psychosocial care journey).

Asynchronous and virtual communication methods could lower the barriers to patients

reaching out and could reduce the time commitment required from BHPs (e.g., messaging can

be less time-consuming than scheduling and conducting a phone session). A system could allow

appropriate expectation-setting by supporting a BHP in configuring the system to respond

immediately with a short message (e.g., regarding when a patient might expect a response).

While waiting for a BHP’s response, patients could interact with other aspects of a system to find
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information and interventions appropriate for their circumstances. Because patients require a clear

understanding of the level of support for crisis management [31], the design and implementation

of such a system will require transparency around the boundaries and limits of using the digital

system. BHPs can develop safety plans for their patients and educate patients on real-time

intervention tools for suicidal ideation which can be accessed through patient-facing systems (e.g.,

calling 911, a suicide hotline, a crisis text line). By providing patients with in-the-moment access

to crisis resources, patients may also be less likely to show up to BHP appointments in crisis and

may therefore be better able to focus on their depression treatment.

Improve access to resources

Patients with cancer can be overwhelmed with information, especially during diagnosis and

treatment decision phases [216]. Patients in the initial information-seeking phase may have

questions around navigational or practical topics (e.g., housing, childcare, financial assistance,

volunteer services, scheduling logistics, the course of treatment); as they transition into active

treatment, they may have additional questions about other topics (e.g., transportation options).

Patients can also be overwhelmed by the emotions they experience throughout their care. We

found that patients were given resources and information, but they were not able to internalize

them and wanted frequent reminders: “Even if you didn’t get anything in-between and something

came up, having that periodic reminder would... You would know that that resource is available if

you need it. Versus just a one-time when you first come in.” (Pt11). To make patient resources more

accessible, systems could intelligently recommend appropriate information based on a patient’s

specific phase of a cancer care journey and of a psychosocial care journey, similar to personalized

systems proposed for patients at risk for cardiovascular disease [84]. BHPs can also manage, curate,

and configure appropriate sets of resources based on patient needs and make them available in

patient-facing systems. Systems can also allow patients to discover relevant content (e.g., psycho-

education resources, self-guided interventions) and could include peer recommendations of useful

resources from patients in similar circumstances.
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4.1.5 Discussion and Future Work

Characterizing the Whole Patient through a Parallel Journeys Framework

The field of psychosocial oncology has made significant progress in acknowledging the association

between psychological and physiological challenges encountered by patients with cancer,

highlighting the growing awareness and importance of caring for the whole patient and the

need to target quality of life as the desired goal for patients with cancer [200]. Despite the

increased attention to care for the whole patient and the Institute of Medicine’s recommendation

to integrate psychosocial services into cancer care [302], there still remain 73% of patients with

cancer and depression who receive no or inadequate depression treatment [430]. Our findings

confirmed known and unmet challenges in providing psychosocial care in cancer settings [135, 286]:

(1) Patients normalized depression as a side effect of cancer. (2) Oncologists did not feel they

have sufficient training to manage the psychiatric and psychological aspects of cancer. (3) BHPs

were overburdened with navigational and practical responsibilities that interfered with their

provision of depression care. (4) Organizations lacked the psychiatric and psychosocial resources

and processes to adequately support patients’ psychosocial needs. In examining our findings, we

discovered that the commonality that underlies these unmet challenges is still rooted in treatment

settings that prioritize the treatment of the disease process (i.e., cancer) over the holistic needs of

the patient as a person.

We have demonstrated that patients with cancer and depression go through their cancer care

journey in parallel with their psychosocial care journey. The concept of the parallel journeys

framework came from our finding that cancer-centric views, both in terms of clinical staging of

cancer or the phases of a cancer care journey, inadequately describe the experiences of patients

with cancer and depression whose psychosocial needs do not necessarily align with cancer-centric

views. Despite all of the sites we examined having integrated psychosocial care processes, we still

observed across all sites an attitude towards depression being a secondary disease, manifested

in how the center structured their budget to hire psychiatric staff, how patients prioritized

their limited capacity to cancer-related appointments, how oncology staff supported the distress
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screening process, and how BHPs over-accommodated to fit the cancer care. As our findings

revealed, cancer settings still require raising the priority of mental health care. Presenting the

psychosocial care journey taking place in parallel with the cancer care journey is one step toward

better characterizing the whole patient.

In characterizing the whole patient, our work brought cancer care and psychosocial care

journeys together to describe the complexity of co-morbidities, representing the needs of a

particular “extreme user group” [85] who have the potential to provide deep insights about these

issues [412]. We leveraged existing models of care journeys, and we did not evaluate the feasibility

of our framework in other co-morbid contexts or using other models of care journeys. However,

our parallel journeys framework may generalize to other conditions because it does not dictate

either the types of co-morbid conditions or the specific models of the care journey. Understanding

exactly how this framework can be used to describe care challenges in other co-morbidities or

using other models of care journey remains an opportunity for future work.

Technology to Prevent Patients from Falling through the Cracks

Our study revealed several missed opportunities that left patients with cancer and depression

to fall through the cracks and receive less than ideal or no depression care. Through the lens of

the parallel journey, our work exposed many of these “cracks” at the intersection of the cancer

care journey and the psychosocial care journey. At a high level, the parallel journeys framework

brings attention to technology design opportunities to ensure patients with cancer and depression

receive adequate depression care.

Each of the four phases of the psychosocial care journey is delineated by a set of concrete

and measurable goals, similar to how the cancer care journey is conceptualized (i.e., with the

completion of tasks or changes to the physical body demarcating the phases and paths that

patients with cancer experience). Our parallel journeys framework highlights the need for tools to

support achieving psychosocial goals in each phase of the psychosocial care journey to help patients

progress toward improved mental health. Given the goals of each phase of psychosocial care, tools

also need to be flexible enough to accommodate the needs and challenges of each phase of cancer
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care. Having concrete goals promotes measurement-based practices and allows the evaluation of

potential tools based on the forward progress of each patient.

The parallel journeys framework also directs attention to the need for tools to support continuity

of care within and across psychosocial care phases and beyond cancer treatment. Burdens of cancer

play a significant role in patients disengaging from depression care, forcing BHPs to be flexible

and balance the need to address the crises presented at sessions with interventions to address

underlying depression. In addition, because psychosocial care service is integrated into the cancer

center, patients discharged from cancer care often discontinue psychosocial care. Improved tools

that make psychosocial care accessible outside of cancer centers could support patients that would

normally disengage from depression care and could support patients that need in-the-moment

help in receiving timely communication and interventions.

Ultimately, it is important to consider the broader context when designing specific policy

interventions [45]. Although challenges such as high dropout rates or low adherence to depression

treatment are not unique to cancer care settings [303], we observed that the difficulties of depression

care are compounded by the difficulties of cancer care, including side effects of cancer and

its treatment, financial burdens, and logistical burdens that accumulate from cancer treatment.

These burdens are felt both by the patients and by the BHPs who are also overwhelmed by the

demands placed on them in the cancer setting. There are many existing technology solutions for

monitoring mood and tracking activities [89, 85], but the development of effective interventions

and technologies in this context must consider the interactions between the various stakeholders

and the specific challenges faced by patients on these parallel journeys and their providers.

Limitations

We only recruited patients with depression whose recent PHQ-9 score was greater than 10.

These patients were also reachable by their BHPs and the researchers, potentially introducing

selection bias towards patients who are more engaged in depression care. Recruiting actively

distressed patients also meant we did not interview any patient in the maintenance phase of a

psychosocial care journey. Our sample of patients was relatively small, such that we did not have
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a representative sample for age, race/ethnicity, gender, cancer type, or cancer stage. Our work also

excluded caregivers who are often the driving force behind enabling care for patients. Caregivers,

as well as other family members, often need psychosocial care themselves due to the high demand

and emotional stress that cancer places on relationships surrounding the patient [297]. More

research is, therefore, necessary to understand caregiver challenges in supporting patients, their

own psychosocial experiences, and their participation in designing patient-facing tools.

Our contextual inquiry method involved observing sessions that were highly sensitive, private,

and emotionally charged. Despite the fact that patients were reminded to ignore the observer in

the room, it is possible that they behaved differently during the observed sessions. In our journey

mapping exercise, we pieced together a single patient’s journey from a single stakeholder’s

description or from our observation notes, either of which could potentially include biased

perspectives. We leveraged existing journey paradigms and guidelines for cancer care and

psychosocial care to examine patients with cancer and depression and to identify the importance

of considering a parallel journeys framework for characterizing their challenges. The phases of the

psychosocial care journey are consistent with clinical practice guidelines [19] and therefore have

clinical validity for depression care. However, we have not applied the framework to other co-

morbidities and there may be limitations on the generalizability of the phases of the psychosocial

care journey in other co-morbid contexts.

4.2 DESIGN OF TECHNOLOGY-ENHANCED COLLABORATIVE CARE

Our prior work revealed that the challenges in depression care of patients with co-morbid cancer

and depression arise when the needs for depression care conflict with the needs of cancer care.

In particular, we found several challenges specific to behavioral activation as a treatment in the

context of integrated psycho-oncology care settings. We saw that the burden of cancer (patients’

limited physical, cognitive, and emotional capacity due to the illness and associated volatile

treatment and stressors) results in patients’ limited capacity for participating in therapy and

interferes with the treatment plan. Formal behavioral activation was not being achieved during

the course of sessions, or only a few highly simplified or adapted components of behavioral
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activation were being provided as needed. When the action plans are not documented or are not

accessible, then the patients are not aware of what they need to do for their treatment or they

often forget to adhere to the plan. If the progress towards the plan is not documented, then the

BHPs are not aware of what the patient is asked to do over time and the burden of maintaining

and bringing back the session and assignment outputs is placed on the patient. Patients were not

able to maintain a steady course of treatment when BHPs are overbooked and unable to schedule

regular, re-occurring appointments (due to limited personnel and their need to respond to crises) or

when patients have unplanned stressors or barriers to meeting regularly with their BHPs. Because

BHPs also have other supportive duties and knowledge (e.g., financial or transportation support)

and patients have complex needs and demands, the sessions become fragmented and time is spent

on addressing these other needs.

We saw that the core aspects of behavioral activation (e.g., mood logging, activity tracking)

become burdensome on top of already overwhelmed schedules and cancer treatments, and

patients are generally less motivated to adhere to treatments. Successful behavioral activation

requires follow-up and review at face-to-face sessions but is not designed to support asynchronous

interactions between patients and BHPs between sessions in case patients cannot have regular

visits. If the behavioral activation treatment is disrupted, then the BHPs and patients do not have

the tools to continue the care through and beyond the transition. Overall, patients with cancer

and depression struggle to prioritize depression care in the midst of an overwhelming amount

of burden put on them by both diseases, and the care teams struggle to maintain consistent and

high-fidelity depression care due to frequent changes required by the progression of both diseases.

From these findings, we identified six technology design opportunities situated in the

collaborative care context that could support patients and BHPs to work together to monitor

and improve their engagement and depression outcomes. Our research goal is to leverage these

opportunities and enhance existing care strategies in improving stakeholder collaboration and

engagement in depression care. We first digitize core components and tasks of collaborative care

and behavioral activation and present a model for a technology-enhanced collaborative behavioral

activation loop (Section 4.2.1). This model is used to inform the design and development of a
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deployable collaborative behavioral activation system, named SCOPE (Supporting Collaborative

Care to Optimize Psychosocial Engagement, Section 4.2.2). We conduct multiple rounds of iterative

design interview studies with patients and BHP stakeholders to confirm or make adjustments

to our design choices, and the system is deployed to a pilot population of 6 patients, 3 social

workers, and 1 psychiatrist (Section 4.2.3). We analyze the interview data from these four rounds

of studies to evaluate how our SCOPE system supports the collaborative behavioral activation

loop (Section 4.2.4). We then present technical and non-technical opportunities for improvement

and future research directions in deploying a technology-enhanced collaborative care system in a

real-world, clinical context (Section 4.2.5).

4.2.1 Digitization of Collaborative Care and Behavioral Activation

The technology design opportunities identified from our prior study are the following:

DO1. Provide tools for and around self-assessment

DO2. Provide tools for population-based patient monitoring

DO3. Provide access to digital psychosocial interventions and treatment modalities

DO4. Document shared understanding between patients and providers

DO5. Support timely and appropriate communication

DO6. Improve access to online and community resources

We leverage these opportunities as our guiding principles in envisioning how technology

would enhance existing care strategies. Specifically, our prior study probed multiple stakeholders’

experiences with integrated psycho-oncology care on two evidence-based strategies proven to

be effective in cancer settings: (1) the Collaborative Care Management model [238], and (2)

Behavioral Activation [119, 130]. In this section, we explore these two strategies to highlight

core components and actions that we could target for the digitization that address the design

opportunities identified earlier. We then propose a collaborative behavioral activation loop model

to illustrate how technology can support stakeholder engagement in collaborative care and

behavioral activation.
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Core Components of Collaborative Care

Effective delivery of collaborative care relies on five core principles [425]: patient-centered,

population-based, measurement-based, evidence-based, and accountable. Using the core principles

of collaborative care as a basis for determining key tasks and processes, a comprehensive list of

potential technology opportunities for enhancing collaborative care has been proposed [28, 326].

An important component that drives the technology capabilities that support various clinical tasks

is the patient registry5. A patient registry collects and organizes data about a specific population

of patients to evaluate their outcomes and plays a central role in the collaboration between care

managers and psychiatrists in collaborative care (Figure 2.1). A traditional patient registry in

the collaborative care context typically lives within the bounds of the clinic (e.g., Excel-based

registry) and is used between care managers and psychiatrists. However, to support our design

opportunities, we envision a technology-enhanced registry that would receive direct input from

the patients to BHPs and send documents and assignments from BHPs to patients (Figure 4.4).

A technology-enhanced collaborative care registry would connect with patient-accessible

interfaces to collect patient outcomes (DO1), to capture and share documented care plans and

patient history (DO4), and to enable communication between patients and providers (DO5) for

patient-centered care. It can coordinate and facilitate the delivery of educational resources (DO6)

and digitized evidence-based psychosocial interventions (DO3) for evidence-based care. A registry

can also provide alerts for patients that have not exhibited anticipated outcome improvement to

support measurement-based care, track all patients for population-based care (DO2), and monitor

outcomes at a provider or an organization level for quality improvements and accountable care. In

the collaborative care setting, many of these actions surrounding the registry fall on the shoulders

of a BHP (typically a clinical social worker), who are tasked to work closely with the care team to

coordinate and deliver comprehensive, patient-centered care. Much of the data that goes into the

registry would come from the patients and the BHPs’ encounters with their patients.

5https://www.sciencedirect.com/topics/medicine-and-dentistry/patient-registry

https://www.sciencedirect.com/topics/medicine-and-dentistry/patient-registry
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Figure 4.4: Illustration of a modified Collaborative Care Model with the technology-enhanced registry that
allows direct connection between the patients and the registry. Patients can send patient-generated data to
the registry, and the registry can facilitate sharing of documents and assignments from the providers.

Core Components of Behavioral Activation

At the core of behavioral activation is the realization that depression can stem from a vicious cycle

of doing less of what matters which leads to a depressive mood that discourages further action.

To combat the negative cycle of depression, behavioral activation encourages people to do more

of what matters which leads to a positive mood and a sense of accomplishment that encourages

further positive activities. Thus, activities, emotions, and their relationships are core aspects of

behavioral activation [208].

Behavioral activation has been shown to be effective in primary and general care settings

due to its flexible and modular delivery format [411]. A clinical guideline for behavioral

activation treatment outlines the delivery of several skills to patients [33, 428]. First, clinicians

are recommended to review the behavioral activation model and educate patients about the
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relationship between activity and mood. Then, clinicians guide patients to assess personal values

and set individualized goals. Using these values and goals, patients schedule pleasant activities

and track the association between mood and activities. When faced with barriers or avoidance

behaviors, patients are encouraged to employ problem-solving techniques.

Of these skills, we optimized for digitizing a subset that maximizes patient-provider

collaboration. We specifically target those skills that require patients to engage independently but

their skill uses can be monitored and assessed by BHPs remotely to accommodate the situational

burdens of cancer and to increase patient self-efficacy. These include values and goals assessment,

activity scheduling, and activity/mood tracking. A technology-enhanced behavioral activation

(DO3) would allow patients to use their mobile devices to receive prompts from their BHPs

regarding the treatment plan and assignments (DO4). Patients can use their mobile devices to

brainstorm values and goals that may drive their behavior and identify important and enjoyable

activities that align with their values and goals. Patients would schedule these activities and

receive reminder notifications to perform them. Patients can log their activities and assess their

moods or outcomes (DO1). Patients can send their engagement and assessment data to their BHPs

for monitoring (DO2). Patients can reach out to BHPs when needed and can receive feedback on

their progress (DO5). Any components of behavioral activation that are not directly integrated

into the system, such as problem-solving or relaxation techniques or educational materials, can be

accessed through their mobile devices as separate modules (DO6).

Technology-Enhanced Collaborative Behavioral Activation Loop

In an ideal setting, a successful behavioral activation strategy would involve discussing patient

values, goals, and activities during the active session with the BHPs. Outside of the session,

patients would actively engage in activities and track their mood associated with those activities.

At the next session, patients and BHPs would review tracked data and adjust the treatment

and action plan for the patient to follow outside of the session, thus ensuring continuity in

care. However, in our prior study, we found that behavioral activation in cancer settings often

does not progress in this idealized, sequential manner. We found that, even though patients
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and BHPs may discuss values, goals, and activities during sessions, patients may experience

cognitive impairments from cancer treatment side effects (i.e., “chemo brain”) that make it difficult

to remember the discussions. Patients may be too overwhelmed by their disease to prioritize

participating in behavioral activation. In some cases, patients cannot go to the subsequent sessions

due to treatment side effects. In other cases, patients need to talk about a new issue that came up

which leads to the discontinuation of the care.

An ideal behavioral activation implementation would foster a closed-loop interaction between

patients and BHPs that connects one session to another but also between sessions. Guided by

the core components of collaborative care and behavioral activation and the potential technology

capabilities to support them, we formalize such a loop into a technology-enhanced collaborative

behavioral activation loop model with actions and tasks that must be strung together to complete

the loop. Figure 4.5 illustrates how each of these touch points connects to complete the collaborative

behavioral activation loop. For example, during the session, patients and BHPs can record their

care plan into a centralized system (Figure 4.5a). Between sessions, patients are reminded of

their care plan and engage in the activities and track progress (Figure 4.5b), while BHPs monitor

patients’ engagement through shared data and communication (Figure 4.5c). If patients cannot

attend the next session or the next session is too far away, BHPs can send updated care plans or

nudges to self-help resources. When they come back to the next session, they review the progress

based on information that has already been collected (Figure 4.5d). At the end of the session, they

make adjustments to the care plan as necessary and record the updated care plan, thus closing the

loop (Figure 4.5a).

The model introduces four touch points to support technology. These four touch points can

guide the identification of patient and provider task scenarios for which to design our system.

While Plan and Review are performed during active collaboration in sessions, Engage is done

independently by the patients, and Monitor is done independently by the BHPs.

Plan Before concluding the session, BHPs discuss treatment plans with their patient and

sends assignments to patients through the registry to complete remote assessments, review
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Figure 4.5: The collaborative behavioral activation loop model consists of four touch points: (a) plan, (b)
engage, (c) monitor, and (d) review. During the session, patients and BHPs review the progress and make
adjustments to the treatment plan. Outside of the session, patients engage in their care, and BHPs monitor
patient-generated data. When they come back to the following session, they review the progress and make
future plans, thus closing the loop.

educational resources, or engage in psychosocial intervention strategies. Following the session,

BHPs document session output into the registry, including treatment plans, outcome measures,

changes to medications, referrals, psychosocial intervention strategies used, and general session

notes.

Engage Between sessions, the patient gets notified of any remote assessments that are requested

by the BHPs and performs them. Patients engage in activities related to behavioral activation,

including values and goals assessment, activity scheduling, and tracking activity and mood. They

also review educational resources and other behavioral activation skills. Their engagement data is

shared with their BHPs in real-time. Patients can reach out to BHPs for questions or urgent help.
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Monitor Between sessions, BHPs use the registry to monitor engagement and assessment

data from patients and review their progress to make adjustments to assignments or to reach

out for flagged events or behaviors. With consulting psychiatrists, BHPs review their patient

caseload to identify patients to discuss. They collaborate on the registry to determine the next

steps or document recommended treatment adjustments. Before the session, BHPs review patient

data in the registry, including their assessment data, prior session, case review information, and

engagement history, to prepare for an upcoming session with a patient.

Review During the session, BHPs and patients review the data collected from prior assignments

and troubleshoot if there were any barriers to making progress or engaging in activities. BHPs

proceed with their treatment and conclude the session by discussing the action plan following the

session, thus closing the loop.

4.2.2 SCOPE System Design

Using the collaborative behavioral activation loop model (Figure 4.5) introduced earlier to organize

main touch points for technology support, we designed a collaborative care system called SCOPE

– Supporting Collaborative Care to Optimize Psychosocial Engagement – that involves a patient-

facing app and a provider-facing registry that are used together to support a collaborative

experience.

The patient-facing app is built as a progressive web app that is mobile-optimized and accessible

by any device and can be installed like a native app. The registry is a web-based application that

providers can securely access from any web-enabled device. Both applications are backed by a

centralized web service and a database that hosts patient data. Patients can only interact with

their own data, while care managers and psychiatrists can interact with all patient data in their

organization through the registry. Our system is designed specifically for psychosocial care and

is independent of any existing EHRs such that providers outside of the psychosocial care team

do not have access to the patients’ sensitive data, and integrating with existing EHRs is out of

scope for this deployment. Figure 4.6 illustrates the full SCOPE system capabilities with patient
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Figure 4.6: Illustration of the full SCOPE system capabilities consisting of patient and care manager
technologies connected through the registry. This illustration includes system capabilities that are not yet
developed, such as interactive voice response (IVR), caregiver technologies, and EHR integration.

and provider technologies. It also enumerates system capabilities that are not yet developed,

such as interactive voice response (IVR), caregiver technologies, and EHR integration. Table 4.3

enumerates currently implemented SCOPE system capabilities and how each of the four touch

points in the collaborative behavioral activation loop is supported by the SCOPE system.

Provider-facing registry

The SCOPE registry facilitates patient monitoring and management with integrated tools for

supporting behavioral activation.

The landing page of the registry (Figure 4.7a) is an overview of the patient caseload to support

patient management and prioritization. The caseload table is designed to provide a quick glimpse

into patients and to help identify those that need extra attention. The caseload can be filtered
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Plan Engage Monitor Review

Patient-facing system capabilities
Completing depression and anxiety check in x
Logging mood x
Scheduling an activity x x
Viewing and managing scheduled activities x x
Logging whether or not you have completed a scheduled activity x
Viewing shared documents and learning resources x x
Completing values and activities inventory x x
Viewing depression and anxiety check-ins x x
Viewing logged activity data x x
Viewing logged mood data x x
Completing safety plan x
Viewing crisis help resources x
Sending patient data to care team x

Provider-facing system capabilities
Assigning assessments (e.g., PHQ-9, GAD-7) to patients x
Assigning values inventory x
Assigning safety plan x
Accessing behavioral activation resources x
Viewing and editing patient history and information x x x
Viewing and editing session information x x x
Viewing completed behavioral activation components x x
Viewing patient progress on depression and anxiety x x
Viewing patient progress on mood x x
Viewing patient progress on scheduled activities x x
View patient values and activities inventory x x
View patient safety plan x x
Flagging patients for safety or discussion x
Viewing and interacting with the list of patients in the caseload table x
Viewing and editing caseload review information x

Table 4.3: List of SCOPE system capabilities and how they support the four touch points of the collaborative
behavioral activation loop.

by a care manager or a clinic within that organization and allows sorting across columns. The

table provides summary information such as the first and last session, the last case review, total

number of sessions. It tracks patient-level flags (e.g., safety risk, need discussion) and when the

follow-up is due to identify patients who have not been seen in a while. It provides patient outcome

assessment results when they were administered, and the changes in outcomes to help identify

patients that have not improved and need attention. The caseload table also acts as an entry point

to the individual patient overview.

The patient overview page (Figure 4.7b) consists of patient profile and history, session and case
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Figure 4.7: Screenshots from the SCOPE registry. The registry supports patient caseload overview (a)
to identify high-risk patients. For each patient in the registry (b), providers can enter patient history (d),
add session and case review notes (e), monitor patient progress (f), and review behavioral strategies and
resources (g). Providers can jump to various sections from the table of contents (c).

review information, patient assessment results and progress, and behavioral strategies employed

to treat the patient. The patient profile panel provides the medical record number (MRN), clinic

code, demographics (e.g., age, gender), and care team information (e.g., primary oncologist, social

worker) that are affixed to the left side for easy access. It also includes flags for safety risks and

discussion at case review meetings. Providers can edit patients’ profile information and toggle

these flags. Below the patient profile is a navigation panel (Figure 4.7c) that allows quick access to

different sections of the patient overview.

The patient section (Figure 4.7d) includes clinical history and diagnosis for both cancer and
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mental health which is available for editing. The summary of ongoing treatment information is

automatically pulled from an existing session and assessment data and placed alongside clinical

history so that providers can get a patient’s background information from a single place.

Session and review information section (Figure 4.7e) displays a table enumerating the history

of all patient encounters and case review discussions. Providers can add a session or a case review

to bring up a modal dialog to enter relevant notes. Inside a session information modal dialog,

providers can track session type, session duration, medications, behavioral strategies used during

the session, referrals made during the session and their status, recommendations, action items, and

session notes. Inside a case review modal dialog, providers can track the consulting psychiatrist,

any changes made to medications or behavioral strategies, referrals, recommendations, action

items, and review notes.

Progress section (Figure 4.7f) displays patient-generated data, such as depression assessment

(PHQ-9), anxiety assessment (GAD-7), mood logging, and activity tracking. As patients enter

assessment data through their apps, each assessment displays a table enumerating each entry

as well as a visualization of trends in reported outcomes over time. The visualization supports

showing the total score for assessments or the individual items. Providers can toggle each item

on or off to view a subset of items at a time. Providers can assign an assessment for a specific

frequency and day of the week based on the needs of their patients, and the assigned assessments

will show on patients’ apps as requested. Providers can also enter assessment data if the assessment

was conducted in the clinic or over telehealth. Depending on the level of granularity providers

need for tracking assessment data, they can enter one total score or each score of individual items

in the scale.

Behavioral strategies section (Figure 4.7g) includes information about behavioral activation

treatment and patient-entered values inventory and safety plan. The behavioral activation panel

enumerates each component of behavioral activation and tracks when it was last completed in

sessions. It also lists relevant forms and worksheets that providers can review with patients. The

same resources are also available on the patient-facing app so that they can access them at any

time. Providers can assign values and activities inventory to patients, which will show up as
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Figure 4.8: Screenshots from the SCOPE behavioral activation app. The patient app supports the core
components of behavioral activation. From left to right, each screenshot shows (a) provider-assigned and
patient-scheduled action items, (b) values and activities inventory, (c) activity logging, and (d) mood logging.

requests on the patient’s app. When the patient fills out the inventory from their app, the providers

can see the list of activities and their associated enjoyment, importance, life area, and value. For

patients with safety concerns, providers can assign a safety plan to be completed. The patient’s

submitted safety plan will then be visible to the provider for review.

Patient-facing behavioral activation app

The SCOPE patient app facilitates behavioral activation and remote self-assessments. It also

provides access to a personalized safety plan and treatment resources.

The home page of the patient-facing app (Figure 4.8a) includes an inspirational quote of the

day, tasks requested by the provider, and activities planned for the day. The tasks requested by the

provider could include values and activities inventory, safety plan, depression check-in, anxiety

check-in, or mood logging. Activities planned for the day will be populated based on the activities



135

that patients schedule for behavioral activation.

When a patient accesses their values and activities inventory (Figure 4.8b), they choose fromfive

life areas: Education/Career/Contributing, Mind/Body/Spirituality, Recreation/Interests/Creativity,

Relationship/Social Life, and Responsibilities. In each of the life areas, patients can add a list of

values associated with the life area. For each value, patients can add a list of activities that are

associated with the value. Patients can access the values and activities inventory at any time to

modify the list of values and activities.

When a patient accesses their safety plan, they answer a series of paginated prompts including

reasons for living, warning signs, coping strategies, social distractions and support, professional

support, and a safe environment.

When a patient enters a depression or anxiety check-in flow, each question of the scale is

displayed in a paginated manner. After all questions are answered, patients can see their final

score, including a table that helps interpret the score. For example, a score range of 5 to 9 in

PHQ-9 would display “Your symptoms are relatively mild. Keep up the good work as you and your

clinical social worker collaborate to decrease them even more!” If the patient responds positively

to the suicidality question of the PHQ-9, the app would display crisis resources.

In the mood logging flow (Figure 4.8c), patients are asked to rate their current mood from a

scale of 0 (Low) to 10 (High). Then, they are asked to write any notes relevant to the mood that

can be shared with the clinical social worker.

Patients can mark activity completion by clicking on an outstanding activity (Figure 4.8d). If

the patient marks the activity as ‘Yes, I did it’, they are asked to rate the level of accomplishment

and pleasure in performing the activity. If the patient marks the activity as ‘Yes, but I did something

else’, they are also asked to provide the alternative activity they performed. If they answer ‘No, I

didn’t do it’, they are prompted to write thoughts on barriers to doing that activity.

The patient app has three additional pages accessible via the bottom application bar: activities,

progress, and tools.

The activities page displays a list of scheduled activities that the patient has configured in

the activity view. In the calendar view, patients can navigate to a different day on a calendar to
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see which activities are scheduled for that day. Patients can schedule a new activity from this

page. Patients can choose an activity from their inventory to schedule, or they can schedule a

brand-new activity. Patients can set a date and time for the activity and configure a repeat and/or

a reminder for the activity. Once scheduled, the scheduled activity appears in the list where the

patient can delete or deactivate it as necessary.

The progress page enables access to tracked data for depression, anxiety, activity, and mood.

Tracked data is displayed in a table, and patients can click into each row to see full submitted data,

including individual scores or notes.

The tools page contains links to the values and activities inventory, a library of shared

documents and learning resources, a safety plan, and crisis help. The library of resources contains

identical forms and worksheets to the ones shown in the provider-facing registry. The tools page

also includes information about the research team and a button to log out of the app.

4.2.3 Study Design and Method

Our research goal is to design a technology-enhanced collaborative behavioral activation system

and to deploy the technology in a randomized clinical trial (RCT) that compares the efficacy of

technology-enhanced care against that of usual care. The SCOPE system (Section 4.2.2) described

earlier was a result of three design iteration studies and a pilot study. To evaluate if the SCOPE

system supports collaboration and engagement as intended, we analyze the data from these four

user studies. In this section, we describe the design process and the analysis method.

Design process

Our design process involved (1) three major iterations with stakeholders using wireframes and

interactive prototypes and (2) one pilot study with a deployed system in a real clinical setting.

Each iteration required a rapid turnaround between design and evaluation to prepare for the RCT

deployment. In making design decisions, we weighed inputs from our expert collaborators who

are practicing clinicians in collaborative care settings to prioritize various technology capabilities.

We also weighed inputs from our engineers to determine the feasibility and cost associated with
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developing various technology capabilities. With each iteration, we leveraged our design and

prototype as a probe and a data collection mechanism to gather user requirements [50, 194]. In

particular, we sought (1) to obtain technology design requirements that meet our stakeholder

needs, (2) to field test our prototype, and (3) to characterize potential challenges and tensions

that would hinder stakeholder engagement in a real-world deployment of the system. Our design

and technology probe provided a grounding for facilitating discussion with potential users of the

system around their challenges and needs. Our design process follows primarily a convergent

approach from iteration to iteration because the ultimate aim of our project is to develop a

technology solution that can be deployed and tested in an RCT.

Each iteration was followed by an interview study with stakeholders. Each study focused

on a specific subset of scenarios that required stakeholder inputs, and subsequent user studies

modified, replaced, or expanded on prior scenarios to better support findings from prior studies

or to investigate new areas. We captured the implementation outcomes [439] and the System

Usability Scale (SUS) [237] to gauge whether our design is on the right track. To facilitate the

rapid design process, the interviewers synthesized the feedback and captured design action items

from one interview to make modifications to the existing design for the next interview. Therefore,

none of the interview data was formally analyzed during the design process. All interviews were

conducted and recorded over Zoom and transcribed using third-party software (Otter.ai).

Design Iteration 1 The first design iteration involved exploring patient app functionalities

around behavioral activation support and self-assessment.

To conduct the evaluation, we recruited 6 patients from cancer clinics participating in our

RCT. Of 6 patients interviewed, 5 reported as Caucasian/White and 1 as multiracial. Four patients

reported as female and 2 as male. Patient ages ranged from 21 to 77 years old (x̄ = 57.2, σ = 20.2).

To evaluate the design, we identified 6 scenarios: mood logging, activity scheduling, logging

complete activities, logging incomplete activities, remote self-assessment, and sending a message

to the provider. We designed a 90-minute, semi-structured interview protocol around these 6

identified scenarios. For each scenario, we walked patients through the app screen by screen
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on how a hypothetical patient would use the app to complete that scenario. Following each

scenario, we asked patients to rate implementation outcomes and asked open-ended questions. We

assessed the implementation outcomes using modified, single-item versions of the Acceptability

of Intervention Measure (AIM), Intervention Appropriateness Measure (IAM), and Feasibility

of Intervention Measure (FIM) on a scale from 1 (Strongly disagree) to 5 (Strongly agree) [439].

We then asked open-ended questions about their likes, challenges, and desired changes. After

reviewing all scenarios, we asked patients to assess the usability of the design prototypes using

the System Usability Scale (SUS) [237]. If there was remaining time, we asked patients to provide

comments about the scenarios, potential design ideas for the home page and reminders, and other

considerations for patients like themselves in designing the app.

On average, our design received 92.1 (σ=7.31) out of 100 on the SUS scale and 4.59 (σ=0.66)

out of 5 on the implementation outcome scales.

Design Iteration 2 The second design iteration involved building out the near full set of

wireframes for both the patient app and the registry according to the tasks identified by the

collaborative behavioral activation loop.

We recruited 8 patients to evaluate the patient app design and 6 social workers to evaluate the

registry from the cancer clinics participating in our RCT. Of 8 patients interviewed, 4 reported as

Caucasian/White, 2 as African American/Black, 1 as American Indian, and 1 as multiracial. Six

patients reported as female and 2 as male. Patient ages ranged from 31 to 78 years old (x̄ = 58.9,

σ = 13.3). Of the 6 social workers interviewed, all reported as Caucasian/White. Five reported as

female and 1 as male. Social worker ages ranged from 34 to 58 years old (x̄ = 47.2, σ = 11.0), and

1 did not report their age.

This design iteration focused on achieving high fidelity to evidence-based care practices. In

our patient app design, we aligned our design to follow the behavioral activation practices that

will be implemented in the RCT. For example, we included a full values and activities inventory

flow in the app. Unlike our previous design that used descriptive language for mood scales (i.e.,

awful, bad, okay, good, great), we used a standard mood tracking scale (i.e., low, neutral, high
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from 0 to 10) that was used in practice. We also removed the communication scenario from our

previous iteration for two reasons: (1) our expert collaborators were concerned about the potential

for added provider burden [109], and (2) existing EHRs provide a way for patients and providers

to communicate. Our registry design included viewing caseload overview, creating a new patient

record, adding session information, reviewing patient progress, preparing for a case review, and

presenting the patient information during a case review.

The interview procedure for the second study was nearly identical to the first study, with each

scenario walkthrough followed by implementation outcome ratings and open-ended questions

for likes, challenges, and desired changes. In this study, we included a Net Promoter Score

(NPS) [329] to gauge the interest in stakeholders for sharing the technology with others. We also

asked social workers to design a new organization of patient information that would help them

present the patient information during the case review. We used an online interactive whiteboard

(Miro6) to facilitate the discussion where each patient information unit could be freely moved and

reorganized.

On average, our design received 83.21 (σ=13.67) out of 100 on the SUS scale, 4.49 (σ=0.77) out

of 5 on the implementation outcome scales, and 9 (σ=1.22) out of 10 on the NPS.

Design Iteration 3 The third design iteration involved developing a functional prototype that

stakeholders can test themselves. The primary audience was the providers who would use the

system in actual care practice, and our goal was to help them evaluate how the patient app and

the registry can be integrated into their workflow. We recruited 6 social workers from the same

two cancer clinics. All 6 social workers identified as Caucasian/White, and 1 reported as being

Hispanic. Four reported as being female and two as male. Social worker ages ranged from 32 to 58

years old (x̄ = 44.1, σ = 10.1).

In the functional prototype for the registry, we implemented most functionalities, including an

interactive visualization for patient-submitted assessment data. The prototype also demonstrated

how data from different sections of the registry are integrated to provide a holistic view of the

6https://miro.com/

https://miro.com/
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patient and the treatment. The final design included the reorganization of patient information as

the previous study had suggested. In the functional prototype for the patient app, we implemented

most screens for BHPs to simulate the patient experience.

The interview procedure involved sharing a link to the prototype that participants could access

from their machines. We asked participants to share their screens and to speak their thoughts out

loud as they interacted with the prototypes. We did not walk through specific scenarios as in the

first two studies, but we guided participants to different parts of the apps to get their impressions.

The participants first experienced the registry and then explored the patient app. They commented

on how they would expect patient-provider engagement to happen. We did not ask any questions

that captured quantitative data.

Pilot Study We made further iterations on the design based on the feedback from the previous

three studies. We developed a fully functional registry and a patient app that is connected to the

back-end service and database. We deployed the system to cancer clinics and enrolled participants

in the program in preparation for the RCT.

After several months of the pilot enrollment, we conducted a semi-structured interview study

to get initial feedback and user requirements from actual deployment and usage of the system in a

clinical setting. Unfortunately, 5 of our 6 pilot patients refused to be interviewed or had difficulties

in scheduling interviews. Engaging patients with cancer to engage in research activities is often

challenging due to their already over-burdened lives [378]. We only recruited 1 patient but were

able to interview all 3 social workers and 1 psychiatrist enrolled in the pilot study. All participants

reported as Caucasian/White and female. Their age ranged from 37 to 62 years old (x̄ = 50.2,

σ = 10.1). We do not report demographics per stakeholder type due to the increased risk of

identification for the small participant size.

During the interview, we first asked to describe how participants used the system. Then we

asked how the system supported collaboration and coordination of care amongst stakeholders, how

the system supported data collection and monitoring, how the system supported shared decision-

making and adjustments to care, and how the system supported adherence to guideline-level
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care.

Analysis

Our system design process required a rapid turnaround between design and evaluation. After the

four rounds of studies, we aimed to systematically analyze the interview data to evaluate how the

current design does or does not support various stakeholder tasks identified in our collaborative

behavioral activation loop. We also aimed to understand how stakeholders would integrate the

system into their collaborative and independent care experiences.

We first combined interview transcripts from all four studies to create a single dataset. We

used inductive thematic analysis [57] to conduct a bottom-up approach to coding the interviews.

Wherever applicable, each code was associated with a design iteration, a stakeholder type, and a

scenario that was discussed. Each code was subsequently merged for duplication and grouped

under similar themes. Each theme was then categorized into the four touch points – Plan, Engage,

Monitor, and Review – identified in our collaborative behavioral activation loop model. We

included two additional categories – Getting Started and Closing the Loop – to describe feedback

surrounding the initial and continued engagement with the system in the care practices. As a

result, each category was associated with a set of themes that represented stakeholder needs

that were supported or not supported and themes that represented how each stakeholder type

envisioned the system being integrated into their care experiences.

Participant Anonymization Our studies involved interviewing social workers who were

employed at the cancer clinics involved in our RCT. Some of the clinics only had a few social

workers that were responsible for caring for hundreds of patients. Our studies, therefore, involved

interviewing the same social worker in multiple design iterations. Our study also included one of

only a few psychiatrists who have shared consulting duties across cancer clinics. To preserve the

anonymity of our participants, we do not differentiate social workers from psychiatrists. We also

do not differentiate which social worker participated in which design iteration nor do we reveal

which social worker participated multiple times in our studies. In our findings, we refer to all 16
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interviews with social workers and psychiatrists as BPH1 through BPH16. Since there were no

repeat patients in our studies, we refer to all 15 patient interviews as Pt1 through Pt15.

4.2.4 Findings

We present our findings organized by the four touch points – Plan, Engage, Monitor, and Review

– identified in our collaborative behavioral activation loop model and two categories – Getting

Started and Closing the Loop – that describes how the system could be integrated into the care

practices.

Getting started: integrating the system in patient-provider collaboration

Can the app shed a light on depression?

“Because if I find myself spiraling down, and I’m having a hard time stepping off that

merry go round that’s going down. Because this is another tool that I would use to help

myself. (Pt11)”

Despite the app being perceived as more work, patients thought that the app would help them

recognize their depression. When they feel low, they can engage in an activity “to help [them] get

out of that quicker than what [they] normally would. (Pt9)” One patient thought that the app could

help them to be more transparent about their depression: “If I’m honest about using that there

would be less places that I could hide, you know, hide information from myself or from them that

could affect my treatment, my care, my well being? [...] And the app would definitely give information

so that I would, I would, I would be stepping out of isolation. (Pt7)” Some patients explained that

there may be certain situations when the app may be more appropriate. One patient mentioned

that the app would not be appealing if they are in severe depression: “I’ve even been hospitalized.

And this would not be attractive. But since I am healthy now this is appealing to me. But when I was

at my most depressed it would not have been. (Pt1)” Another patient wanted to use the app after the

chemotherapy: “Maybe when chemo is over and you’re just trying to heal. This is so much helpful.

And when? Because I remember like, after right after surgery and stuff, no matter how hard I try, but
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maybe this can help. I don’t know, because I never tried anything like this. You know, it’s like, you’re

just in this disease mood. (Pt4)”

Patients need a clear justification for using the app.

“If my doctor said, you know, I think this is what you need, I would certainly give it my

best shot. (Pt5)”

There were mixed reactions to being motivated to use the app by patients, as some saw clear

value in understanding the association between mood and activity and some were not interested

or were hesitant in engaging with the app. A few patients thought that the activities requested of

the app were a lot of work: “It is making me feel [...] that here’s yet another task that I have to do

and I’m tired. (Pt10)” And 7 BHPs were concerned that the app would add more work to already

overburdened patients. However, 9 patients expressed, and 2 BHPs agreed, that the willingness to

use the app to track their mood or activities depended on a clear justification and a need from

their BHPs and a commitment from the patients. Some patients were unsure how the app would

help their depression, and how the BHPs would use the data to improve their symptoms: “Who is

accessing this information and, you know, my care teams accessing this information, how are they

going to use it? To help me? (Pt7)” Patients also wanted assurance that the care team would be

committed to taking advantage of the app in their treatment: “It’s going to have to be something

that my care team is familiar with. Otherwise, you know, the data capture and the usefulness in in

that face to face interaction with your team is going to be limited if they’re if they’re not willing to

buy into the this tool. (Pt8)”

It takes two to collaborate.

“I am concerned about a lack of social work enthusiasm for the registry and the app.

(BHP16)”

Althoughmany of the BHPs have reported using the registry for case reviews with psychiatrists,

there has been unenthusiastic adoption of the system as a whole. One BHP explained that there is
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no need to use the registry if their patients are not using the app (BHP14). Another BHP explained

that the use of the system really depends on the situation that their patients are in and their

motivation level: “I have had a really hard time. Okay, not because of the app or the registry, but

because of where my patients are at. Okay, my patients are really ill. They’ve been in and out of the

hospital. They’ve had some cognitive changes, and they just weren’t getting on it. [...] I think it has to

do with their lives. Yeah. And then I’ve got one that is so fully engaged. It’s and I don’t have to do

much. She just kind of does that she loves it. She um, she writes notes, like when she does a PHQ. She

tells you kind of how she’s feeling when she did that. And anyway, so she doesn’t need much direction.

(BHP13)”

In some cases, a challenge on one side of the collaboration breaks the whole cycle. For example,

patients may not be set up in the system to engage: “Because I didn’t have... I hadn’t launched

the PHQ-9, the GED7, she couldn’t fill one out. (BHP14)” Or, the patients are properly set up and

sharing data, but the BHPs have trouble getting into the system: “there’s one social worker right

now, who has not gotten their sign in for the registry. And so their patient is using the app data is

coming in. But that social worker can’t and then isn’t looking at what’s in there. I will say it is. It

can be frustrating. And then it’s a less effective use of time if the social workers haven’t reviewed

what the patient’s doing in the registry via the app, before I review it with them. (BHP16)” But once

the connection is established, the BHPs are very excited to see their patients’ data: “There’s a lot

more information, you know, because she does her mood about every two to three days, and then a

PHQ every two weeks, so it’s just regular. Yeah. Always information. So it’s kind of exciting for me to

look at the registry and say, oh, yeah, she’s been in there. So I’m gonna look and see what she did.

(BHP13)”

Engage: improving self-care between sessions

The app augments existing therapy and life activities.

“Only in that if they were in fact, utilizing this tool, it would give us a another point of

reference in, in our in my care. Yeah. And how? Yeah, give us another point of reference.
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(Pt8)”

Many patients thought the app, especially the behavioral activation components in the app,

would help guide their therapy beyond just “talking (Pt7)” Once completed, one patient thought

that having access to the values and activities inventory summary would help provide “direction

(Pt10)” in life and bring more “clarity (Pt10)” for the BHP and the patient. Another patient

mentioned that the inventory would set them up “for what’s like success and all different types or

areas of [their] life. (Pt9)” Unlike a typical calendar that organizes activities throughout the day,

the activities with value alignment were meaningful in a different way: “I can think of why this

could be this could be better, more, there’s... there’s more to it than just putting a task in my Google

calendar because it’s connecting with my values. (Pt7)” The app also provided a different kind of

interaction than traditionally scheduled therapy: “I think it’s a lot more interactive and a lot more a

minute by minute rather than, I mean, literally minute by minute, but it’s more than just Oh guys, I

have a scheduled time to talk to her. That, you know, then I blast out everything I can think of at

that time, really manage what I’m doing ongoing now. It really gets it off my chest. Whereas this is

something that would be more like maybe she can make suggestions. (Pt9)”

Beyond behavioral activation components, six patients mentioned that personalizing the app

would draw them to use the app more. Several patients wanted a calming feeling associated with

the app through calming backgrounds, music, or animations because “[they] need help, (Pt4)” so

anything peaceful would help distract them from feeling bad (Pt1). Personalization also helps

make the app theirs, as one patient said: “Yeah, this is my page. This is... I do this. And I can do this.

(Pt15)”

Patients want flexibility in what to track.

“What are you like? [...] some people are numbers people, maybe they want to pick the

number chart. I’m a five out of 10. Or, and some people are artistically driven. Maybe

they want emojis or something like to pick out, you know, up to 10 emojis that they feel

encapsulates their mood? (Pt15)”
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Although the primary target for tracking was mood and activities to support behavioral

activation, many patients wanted to track other symptoms that might be relevant, such as pain

(Pt3), headaches, tinnitus, nausea (Pt8), social activities (Pt7), gratitude or sleep (Pt12). Many

patients had prior experience or intuition that these other symptoms affect their mood and wanted

an objective way to validate what they are going through: “I would somewhere be noting that okay,

this is day one of a chemo cycle. Yeah, this is day two of the chemo cycle, because those things affect

my physical state, which then affects my mood. And that is a big part of the tracking for me, okay, I

know, with these chemos, on this day of the cycle, I’m likely to have these physical symptoms, and I

can then it eases things for me mentally, emotionally to know, oh, this is what’s going on. And I know

it’s gonna pass in this kind of a timeframe. And so that can definitely help my my mental state. (Pt8)”

Different patients wanted a different way of tracking their moods or activities. While one

patient preferred to describe their mood with adjectives such as “irritable” or “impatient (Pt10)”,

another patient wanted the simplest logging as possible: “the conflict could be you know, having to

stop and think do I have to type in words. (Pt3)” But many agreed that having detailed notes was

helpful for their care: “The fruit is where people are describing what is actually going on. (Pt7)” For

example, having notes can be helpful for the clinician to know if the inability to do the activity was

“out of the patient’s control, versus a mood related issue. (Pt8)” If a patient failed to do an activity,

patients could dig into “the issues around why [they] couldn’t do [...] what [they] committed to do

(Pt5)” and “decide if that’s something that [they] want to do again. (Pt9)”

Patients see values in reviewing their own data.

“I have a seriously sat down and catalogued and given structure to the things when I’m

feeling down. So in spite of rehashing being being an evil thing, if I don’t go back at some

point, and try to analyze it, I’ll never fix it. (Pt14)”

Although the app was primarily designed to be used in collaboration with the providers, many

patients found value in engaging in self-reflection of their own data. Many patients believed that

the tracked data and visualizations will be “informative (Pt11)” and help them understand how “all
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the stuff that [they’re] dealing with (Pt9)” is affecting their days. Because patients can have a track

record of the activities they have not done, they will realize that they may be “taking away the

chance of [them] feeling better (Pt4)” that will prompt them to do what is necessary to improve

themselves.

Most importantly, patients thought that the tracked data gives them a different perspective:

“When you see it down on paper, or see it’s somehow in a format, other than just running it through

your brain? You get another? Another viewpoint? Yeah. You know, and it’s, it speaks to another part

of me. (Pt11)” The data can also help patients avoid being in a false negative loop: “For having

actual data for perspective versus the mind that can lie to you at times over mood especially. (Pt8)”

However, one patient warned that knowing too much about the questions or the data could tempt

them to “skew it a little bit. (Pt12)” Others deferred to the BHPs to help interpret the data: “They’re

the expert. They might see something that I’m not... I don’t recognize yet. (Pt9)”

Monitor: improving clinical care between sessions

Registry helps provide structure around treatment and review.

“As the counselor, it has helped my structure of my counseling with having the library

[of BA resources] having the PHQ and the GAD and seeing the progress and having the

the measurements, that’s what it is having the measurements visually, so that I can be

tracking more over the continuum of how they’re doing. (BHP15)”

As our prior study revealed, BHPs supporting patients with cancer and depression often make

frequent adjustments to their treatment plan. With the registry outlining the core components

of behavioral activation as a checklist, one BHP felt that the program is more “rigid”, when in

reality, treatment plans are not executed in a “consecutive order, depending on what’s happening

with the patient. (BHP2)” Another BHP felt that it helps structure their counseling to go beyond

talk therapy: “The positives, is having the it’s like a new language. So having a new language on

what behavioral activation is, and how you track it, and how you track it, your mood with it. For

some of the patients, that seems to be really clicking well, and spurring them on to continue to do
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the behavioral activation. So I think having the tracking and the scales of the mood is a different

language tool than us just sitting in the counseling room chatting. (BHP15)” Access to the library of

behavioral activation resources and tracking which components of behavioral activation can be

used as a tool to “fall back on” and remind them of strategies that they “have not inquired about

(BHP1)”, and they have been used help “jog [their] thought of [are they] using everything available?

(BHP15)” However, one BHP felt that the system is not helpful if behavioral activation is not the

main treatment strategy used with the patient (BHP14).

Beyond the session, BHPs thought that the structure of the registry and input fields helped

remind them what information is relevant to record for patients, compared to their previous

practice of using “blank notes section (BHP3)” in the EHRs, “hunting and pecking to find information

(BHP2)” in the Excel registry , or not capturing necessary information for caseload review (BHP6).

It was especially helpful for preparing patient records to review with psychiatrists: “I have not

asked about substance use or sometimes I’ve written down medication recommendation and a plan and

the case console that I’ve I’ve the piece of paper, you know, maybe he’s been misplaced or something

like that. And so now it’s really nice that it’s an electronic electronic format because all we have

right now for case console is just to say that we did it Yeah, that’s it. There’s no like, here’s a friendly

reminder. (BHP1)” The organization of patient information in the registry was “more in favor of

it flowing in a reading format, based off of a typical presentation format that [they] give. (BHP1)”

However, the lack of integration with EHR meant that the BHPs do not get a full picture of the

patient. One BHP mentioned about the benefit of EHR: “I can see other people’s inputs. So I’m not,

it’s not just me social work. Right, so I can integrate. So a lot of the things that I do, I can see the

psychiatry note, right, I can see palliative care notes, I can see whether the patient’s been dose reduced

on their medications, I can see what side effects they’re experiencing, like I can really get the whole

patient. (BHP14)”

One BHP has felt that the registry has improved their caseload review experience: “So I like

that we can be looking at the registry together, we can quickly at a glance, see what’s a patient’s

oncologic situation. We have a list of medications they’ve been on, we can review pH nine scores, GED,

seven scores, mood logs, activities together, and then we can really readily access. Okay, well, what
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did you tell them in your last session? What did I recommend at the last case review? So I think that

is actually a more effective way to collaborate. Thus far, I think I am enjoying it with social work

teaming, enjoying it. (BHP16)” It also helped them manage their time better: “So one thing I love

is the initial scope registry face page where I can see all the patients enrolled, I can filter them by

social work, I can get a quick snapshot of how severe their scores are. And really importantly, when

the last time I reviewed their case for social work is okay, because we’re still early in enrollment, I’m

reviewing people too often, if anything, like more often than we need to strictly, then that will change.

But it’s really helpful to see that. (BHP16)”

The registry introduces additional work, but there is a silver lining.

“My genuine belief is that with the learning curve, overcome, this is a better way to track

patient data. But it’s a real change from the way they’ve been doing things. And more

than a change, it ends up being double the work because it’s two separate systems that

they have to nav compared to the one that they had to do.(BHP16)”

Some BHPs secured a dedicated time to do administrative work “that’s specifically supposed to

be set aside, to follow up on [their] registry and keep track of [their] patients. (BHP8)” Still, many of

the BHPs expressed that the system introduces more work to their already overwhelmed work.

One major source of the frustration was the duplicated data entry in the registry and the EHR: “I

think one of the challenges with the registry overall is that, that it’s disconnected from the medical

record. And so we can’t kind of pull in stuff that already exists in the medical record. I mean, just

quickly toggle between the two necessarily, but I think that’s just kind of the nature of the beast at

this stage in the game. (BHP5)”

Although integration with the EHR was desired, they mainly wanted data to be pulled from

the EHR into the registry and not the other way around. One benefit of having a separate system

is the ability to keep clinician notes separately from what patients have access to: “In [EHR], we’re

sharing all of our notes with our patients. And so I’m, I’m more inclined to write less there and write

more in this. (BHP1)” BHPs mentioned that the information that they would put in the registry
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“might not be something that [they] necessarily want the patient to read (BHP5)” and need “to be

really careful now about what [they] put in [EHR] notes. (BHP4)” BHPs were concerned with the

EHR notes might be used against them and could be “demanded in court. (BHP2)”

Review: facilitating data-driven conversations

BHPs want to integrate the data into their treatment.

“Having that continuum of the data and the numbers to quantify things has helped to

figure out what’s working and what’s not for the patient to be able to problem solve.

(BHP15)”

BHPs liked the assessment and mood visualizations in the registry and wanted to share the

visualization with patients. Without overwhelming the patient, one BHP wanted a separate space

that patients can go to for charting their data: “So they have the option, but it’s not necessarily in

their face. So I wonder if there’s even like a full another space here where you could do graphs. That’s

optional. (BHP11)” Several BHPs wanted to view the visualization together during sessions to now

only show progress. One BHP also wanted to celebrate small wins and validate their feelings: “I

like this idea, too, if it would be possible to share with them like, wow, I know, you’re still really feeling

like you’re not feeling yourself, but look at where you’ve come from, it kind of helps using that to

help them reflect. (BHP7)” Several wanted to use the data as evidence to challenge patients’ beliefs

and perceptions about themselves: “If they’re telling me something, and the numbers say something

different, right? They may say, I don’t feel very, like I’m making any progress. And then you can

show that will actually your scores are showing that there’s even a small amount of improvement.

(BHP11)” A different BHP wanted to show correlations between symptoms and external events to

help them prepare for the next such events: “So I can say, Oh, look, that happened. It was you know,

like, maybe you had a scan. Yeah. And they can see Oh, okay. Before scan business, I need to start

doing some of the interventions and stuff like that. (BHP9)”

Having granularity of data about their care practices can help BHPs problem-solve and modify

their own treatment. For example, one BHP noted that knowing the frequency of use for different
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behavioral activation components would help notice that there is an issue: “I think it’s worth

knowing how many times you go over stuff, because then you can notice if there’s some kind of

cognitive issues, or if for whatever reason, whoever you’re working with is just not engaging in it.

(BHP4)” If they can notice the issue, BHPs can brainstorm solutions: “this would be something

that we’ve used? Well, we meet to look at what worked well, what didn’t work? Well. What kind of

adjustments we need to make? You know, are there barriers getting in the way? Do they need some

motivational interviewing or something else? (BHP8)” The treatment data can also be correlated

with the outcome for the consulting psychiatrists to make treatment adjustment recommendations:

“I like the graphical representations. I like ability to see concurrent GAD-7 and PHQ-9 score. So like

on a certain date, what’s happening? I like the ability to be able to if I want to correlate those dates

with Okay, well, what changed? Did we recommend that increase? Are you doing more behavioral

activation? So, and I like the granularity. (BHP16)”

Providers needed additional support for visual cues and data interaction capabilities to draw

additional insights from the data and for interpreting the incoming stream of data. For example,

they wanted various sorting and filtering capabilities: “If there would be any advantage to sorting

items by pleasure and accomplishment. Okay, so we can see that these particular activities that you

did seem to be high pleasure and or low pleasure activities. Again, you know, either sorting or color

coding or something so that there could be kind of a visual cue of some kind. In the event that either

I’m looking at this on my own trying to suss out that pattern, we’re looking at it with a patient trying

to show them a pattern. (BHP12)” BHPs felt that it is a learning curve to figure out how to make

data actionable: “It’s just going to be a clinician learning curve for me to figure out. Well, on October

4, they recorded you know, this thing on the GAD and this other thing on the PHQ-9, and now I have

mood ratings on that same day. So now I’ve got to kind of figure out, what does all of this mean,

right? It’s going to be a learning curve. [...] What do I do with information that comes in? (BHP9)”

Patients want guidance on what to do based on their data.

“If I’m between moderate and severe [depression] that, you know, what can I do to

improve? (Pt9)”
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Many patients were unsure of what actions to take when they knew that their assessment

scores reflected poor mental health. Patients desired the app to give them guidance on how

to change their mood from bad to good (Pt4), to prompt them to brainstorm ways to improve

their score (Pt9, Pt7), or to provide inspirational quotes to help motivate them (Pt7). One patient

made a recommendation: “In more crisis or a more acute mode, [...] add clinicians recommendation.

(Pt8)” Another patient recommended that an inspirational quote following a bad assessment could

include an action:

It’s quote, actions. So he gives you a quote from someone like this one [...], ‘My

therapist told me, the way to achieve true inner peace is to finish what I start. So far, I

finished two bags of m&ms and a chocolate cake. I feel better already’. Now, this was

a quote [...] from a comedian. And then [...] the action part of that is, your action for

today is to treat yourself to a small indulgence, you know, [...] there’s a quote, and

then there’s an action. (Pt9)

Plan: documenting care plan during and outside of sessions

Patients need guidance for using the app.

“Whether we can get them to use it correctly is another thing, but I’m happy

to work on that. (BHP7)”

Patients sought guidance from their providers on how to incorporate the app into their

care plan: “You need to walk me through this stuff for me to kind of get my brain wrapped

around. (Pt14)” Values and activities inventory stood out as one of the activities that

patients would need guidance on the most. One BHP explained that her standard

practice for the paper version of values and activities inventory is to start the exercise

together: “I’ll often do like one part of it with them just to kind of give them you know, an

idea of, of, of, you know, its purpose and how to do it, and then they’ll usually take it home

and fill out the rest of it. (BHP12)” One BHP explained that, in her previous experience,
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patients “sometimes mistake activities for values and vice versa. (BHP16)” Instead, a

digitized version of the values and activities inventory, while readily available, lacks

“enough direction for them to understand what [they]’re asking. (BHP16)”

Guidance on how to use the app or how the app integrates into the care became

especially salient during the later stages of our user study. All four providers in the

pilot study expressed the need to first walk patients through the app. However, this

became a logistical challenge, as one BHP explained: “We keep trying to meet face to

face so I can kind of show her. And yeah, like, I can’t explain it on the phone. And she’s

70 something and she’s like we just can’t work out a time when because I’m only in the

[redacted] clinic one day. Yeah, that never seems to work for her. (BHP13)” In addition,

the BHPs need to understand the app to be able to guide patients. One BHP said, “I

also feel that I don’t know the app inside and out. So I, okay, I stumble a bit in trying to

teach them. So even the times that we tried to do it together, you know, I’ve pulled out the

paper instructions of how to do that. I’ve given them a copy of it. But I don’t know. I don’t

know that that’s very helpful. That might be just be too much. (BHP15)” Another BHP

explained that the app needed to be gradually integrated into the treatment work flow:

“What’s going to slow down my ability to do BA is that I’m going to have to incorporate

this app and start slow. (BHP9)”

Integrating the system into the care introduces a challenge for the BHPs. Typically,

BHPs do not bring technology into their session. With the system, BHPs envisioned

that they would have to change their approach to sessions: “it sounds like the idea

is, maybe that I would be I would be on my my computer during the session with the

patient. Yeah. Yeah. And that that will be a new, a new approach. (BHP12)” One BHP

was “willing to change workflow if it helps patients [and] can bring about positive change

for a patient. (BHP9)”

Having activities documented can help patients be accountable.
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“Keeps one accountable here, doesn’t it? (Pt11)”

On the other hand, patients in general had positive feedback about the activity

scheduling and logging experience. They appreciated the flexible support around

activity scheduling and logging which increased their appeal for the task. One

participant especially liked the ability to think proactively about alternative activities

in case the situation does not allow for the target activity: “Instead of saying, Well,

I just can’t do this. Having, you know, kind of put it in front of me to Okay. Think of

something you can commit to that would you know, fill in the blank? (Pt5)” Tracking

alternative activities would help “pinpoint it a little bit more (Pt5)” for what is really

getting in the way.

Several patients desired the scheduled activities to be directly integrated into their

calendars, citing that “If it’s not on my calendar it doesn’t exist. (Pt14)” Because patients

often had multiple medical appointments, they wanted the activities to be merged

with the appointment calendar maintained by the EHRs (Pt6).

However, one participant emphasized that flexibility in the timing of activities and

reminders are important in getting them done in case of unforeseen disruptions that

happen frequently to patients with cancer: “Couple of things I would say as someone

with a lot of medical things going on, maybe having an activity that is associated with a

specific time is not going to be very practical. And if I’m thinking oh, I have to do this at

this time, and if I don’t do it at that time, I might not do it at a different time. Yeah. And

you know having more latitude or variability just like okay, and I do understand when it

is routine, there is huge value in that in the routine it becomes more of the fabric of the

course of your day. But when that routine gets upset, for whatever reason interrupted I

would hate for the activity then to fall by the wayside. (Pt8)”

Patients thought that reminders also helped nudge them to do important activities

when there is no social support: “When I first got treatment when I have a friend who
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come and stay with me for a week, so even my husband go to work and my daughter go

to school, there’s somebody reminding me to eat it reminding me to work out reminding

me for a walk, it makes a difference. So this is like you don’t have somebody that you

every day. It’s like important, especially for cancer. (Pt4)”

One type of appeal for activities being tracked in the app is the potential for the

reminders to be personalized, especially by their BHPs, to ease the sense of being

overwhelmed by their situation: “If your app could send you a little notifications, like,

Hey, [SW] says, Don’t forget to do your check in for the day. (Pt15)” Patients envisioned

that different people would want different modes of reminders (e.g., text messaging, in-

app notification), different messaging in the reminders (e.g., personalized, anonymous,

coded), and different timing of reminders (e.g., random, specified) to maximize the

uptake of activities: “I think I feel like people will probably want to different people

would want different things. [...] If it showed up at two o’clock every day, I would get

used to it. And I think it would be way too easy to ignore it. (Pt5)”

Because the goal of the app is to increase patient activities, some wanted nudges

during a period of inactivity: “if you haven’t done a lot of stuff. Along those same lines,

like how are you doing? Are you sure there’s no, like activities you want to log? Like, if

not, here’s, here’s something you could do. Maybe make when people at some point near

the beginning, make people generate ideas for what they can do? (Pt2)”

Closing the loop: enabling collaboration between sessions

BHPs can interact with patients in real-time.

“I think one thing that it seems like will be important is for people to feel like

I’m actually paying attention to the stuff that they’re doing. [...] I think that

that’s going to be one of the key features of this for us is being able to act more

in real time. (BHP12)”
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Because our system does not have an active alerting system for providers, BHPs

were concerned that they would not be viewing the registry actively to react to any

incoming data that might raise a flag (BHP7). Without a sophisticated alerting system,

one BHP suggested sending an email: “It wouldn’t even have to include information

about the patient’s name, just like, Hey, your registry is on fire right now. Go check

your registry. (BHP7)” Many BHPs wanted to use the data to reach out to patients

who might be having a hard time: “I can see if there’s really drastic things and I was

had safety concerns. I could see kind of ad hoc adding an appointment or just a casual

phone call or something like that to check in. (BHP7)” If a patient was doing better and

engaging in activities, one BHP wanted to reach out with a “small cheerleading note”

or a “note of encouragement. (BHP12)”

One BHP thought that the system would help them make faster progress compared to

traditional one-on-one sessions: “That’s another big limitation to our work is that we

see patients in the clinic, you know, half an hour an hour every couple of weeks. And I

can say multiple my current patients, I if I had a way of reminding them or giving them

assignments, we will be making much faster progress or for some people any progress

at all because they leave and they’re not talking to me and their mind is just you know,

moved on, which I would say for myself to do. So this is great. Like this. (BHP7)”

Patients want flexibility in sharing their data with providers.

“One of the few things that like we as patients have control over a lot of the

time, is like what we tell our health care providers. (Pt2)”

Most patients had differing opinions about sharing their data with their providers.

Some were sure that the emotional data tracked by the app would not be useful for

the oncologists (Pt8, Pt14). Some were open to sharing their data with the care team

because they “feel so bad that [their] privacy was not an issue (Pt6)” or because the
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information would be “relevant to [their] condition (Pt8)” and “so that they can help.

(Pt6)” One patient wanted the data sharing to be flexible so that they can choose “one

person kind of as like liaison [...] to look at my general, like all my info reported. (Pt2)”

Some wanted to share data on an agreed upon schedule, such as once a month (Pt11)

or every few weeks (Pt12).

Some were hesitant about sharing the data right away or being honest about their

data. One patient said that they may not submit the data: “If it gets that bad, I start

to go into shutdown mode, and I don’t want to talk to anybody might not even hit that

button. (Pt9)” Another patient was fearful of sharing their perceived failures: “It was

like when I had to do my socialize every day. I mean, it was so hard. I didn’t want to tell

her I didn’t do it three days in a row. You know, I mean, ya know, in some days when I

come when I did, I... I guess I felt better, but it was scary. Yeah. You know, um, so it’s just,

I... It’s hard to say, you know, I mean, if, if you face any challenges, I think it’s just that

commitment to fill it out correctly. (Pt3)”

Patients want assurance that there is someone on the other side.

“It would be really good if this was a way in which, you know, maybe the PA

can say, we got your back. [...] or [SW] will say, [...] Hey, we’re just checking

in on you, and you’re back. And, and is there anything you need? (Pt10)”

Having the tracked data sent to the providers meant that patients had an expectation

for responses or acknowledgment. In extreme cases, some patients wanted a response

“as soon as [the data is] available (Pt12)”, but most were comfortable having providers

view the data on a regular cadence unless there was an emergency. The expected

cadence varied from daily (Pt6), a few times a week (Pt9), to weekly (Pt6). One

participant expected that it would vary depending on the severity of the symptoms:

“If I was in some kind of an acute or crisis mode, I would assume they’re going to be



158

checking more frequently. If a fire if things are cruising along, maybe they’re not going

to need to access that data. (Pt8)” Some patients were fine reaching out to providers if

there is an urgent need (Pt8, Pt11). At the very least, patients expected the providers

to review the data before their appointment: “My hope would be that they would review

that information before the appointment Tuesday or Wednesday before I come in so that

we’re, we’re current. (Pt7)”

Many patients wanted the BHPs to reach out immediately if the assessment scores

were bad, if suicidality was detected, or if a consecutive log of a bad mood or severe

symptoms. Patients expected BHPs to notice that something is not going well: “If i’m

going down hill in the rapid way ,it’d be really good for <SW> to know that no and not

me having to kind of reach out on you know. (Pt10)” If the depression score is severe,

some patients wanted the system to “alert the care team right away (Pt12)” with a “red

flag (Pt6)” and for the BHPs to respond “aggressively (Pt14)” : “Definitely, definitely.

You know, them to reach out as soon as possible to see how I’m doing? I’m not the type

of person that would go and hurt myself. But there are times where I just feel like okay,

especially right after the surgery, [...] there’s just too much too much going on.(Pt9)”

One patient wanted a way for the system to let them know what the committed

response time would be: “I think as a user, I would want the other options to be on the

provider side to say, Okay, I’m having my appointment, and we discuss and we decide

that he, for me, he’s only going to check this my data right before my appointment. So he

has some way to designate that on my record, whereas his next patient comes and maybe

they’re in a tougher place, and that maybe he needs to be able to see that on an ongoing

basis. And that he has some way to designate that on their record. (Pt5)”
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4.2.5 Discussion

In this study, we designed and evaluated technology-enhanced collaborative care and

behavioral activation system that improves stakeholder collaboration and engagement

in the care of patients with cancer and depression. Our design was guided by

tasks identified from our model for technology-enabled collaborative behavioral

activation intervention loop (Figure 4.5) and iterated through 3 user studies and

a pilot deployment study at multiple cancer clinics. Analyzing the interviews from

these four studies, we found that our system supports all four touch points identified in

our model with the potential to bring positive changes to the existing care by closing

the intervention loop.

We found that patients saw the app as a way to engage in care between sessions by

committing to mood-enhancing activities and tracking progress toward them. Patients

reported an increased sense of accountability and self-efficacy in lifting themselves

up between sessions. For BHPs, the registry provided a clear structure around their

treatment in reminding them of various treatment components that they have not

exercised or organizing information for efficient reviewing of the patient progress. It

also provided a safe space for BHPs to document their notes that may be relevant to

their treatment. Both patients and BHPs felt that the system would allow collaborative

review of the tracked data and problem-solving to brainstorm the next steps during

the sessions. Outside of the sessions, BHPs thought that the system would allow

real-time monitoring of patient’s progress and engagement.

Our study revealed several opportunities for improving the system as well as serious

challenges in integrating the system into care practices. Although some challenges

could be attributed to the system design, many challenges were brought on by

the introduction of the system. Such challenges must be resolved through careful

deliberation by the stakeholders about the role of the system and their motivation
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to integrate the system into the care flow and adapt their approach to care. Here,

we discuss both technical and non-technical challenges and opportunities for future

design and research.

Support personalization of the patient care experience

Many patients expressed the desire to personalize the app. In addition to the

personalized touch to the background or the color scheme, patients wanted the app

to help them understand themselves better. Patients wanted the ability to adapt

the app to track their mood, activities, and other symptoms the way they see fit.

Patients also expressed that their tracking needs to be varied based on the cancer

stage, the treatment they were in, or their underlying depression. Therefore, a future

collaborative behavioral activation system should provide flexibility in tracking. For

example, the system could allow customization of the tracking forms based on how

patients want to articulate their mood or activities (e.g., numeric rating, emotion words,

emojis, or diary entries) as well as other relevant data (e.g., sleep, pain, nausea) that

could inform their mood or activities entries. Such customization for tracking should

be discussed with the providers so that the data collected is clinically relevant [362].

Both patients and BHPs in our study expressed the need to draw insights from

their data, but the kinds of insights they wanted were diverse and depended on

the kind of questions that the care team needs to answer (e.g., What kind of activities

lead to positive mood? What time of day do I feel low? What gets in the way

of completing certain activities? Do I really feel miserable all the time?). Simply

presenting visualizations or insights dashboards is insufficient if the questions or

tracking goals are not documented, especially for patients with cancer and depression

whomay suffer from cognitive or memory issues. Therefore, a collaborative behavioral

activation system should allow patients and providers to set specific questions or

tracking goals that are relevant to the current treatment. The system could also allow
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the design of custom insight generation tools (e.g., visualizations, summaries) that

would help patients and providers to directly answer those questions [361].

Patients often had great insights about how technologies should be customized to

better integrate them into their lives, especially around nudges. We found that different

participants had their own ideas for acceptable notification designs that would support

their activities and tracking based on their current use of technology. For example,

some patients wanted reminders to come as SMS messages while others wanted

notifications at random times throughout the day or wanted them to be in an actionable

language. Although there are standard conventions for notifications and reminders on

various mobile platforms and calendaring systems, it is important to remember that

the nudges to track or perform activities in our context come from a treatment plan

that patients and providers agree on. Therefore, a collaborative behavioral activation

system should provide flexibility in designing notifications and reminders but also

such design decisions should ultimately stem from shared decision-making between

patients and providers.

Balance self-care and collaborative care

The primary design objective of our collaborative behavioral activation system was to

improve stakeholder engagement and patient outcomes through technology-facilitated

collaboration. This is why our system does not necessarily provide stand-alone, self-

help activities to patients nor does it provide just the charting functionality in the

registry. As we mentioned earlier, the system integration fails if both patients and

providers do not engage in the process, but should the engagement level be expected to

be consistent? Our study revealed that there is a variable level of engagement needed

by patients and providers depending on patients’ prior experience, self-efficacy, and

where they are in their treatment. We saw evidence that patients loved the ability

to engage in self-care between sessions, but they wanted BHPs’ guidance through
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that process at the beginning. Patients that have prior experience in mood logging

or journaling expressed confidence in collecting data on their own and analyzing

them to draw actionable insights, while those without the prior experience needed

encouragement and direction. When patients are in challenging situations (e.g.,

during chemotherapy, receiving bad news after a scan), they wanted more proactive

engagement from their BHPs.

Our current app design includes behavioral activation components that can stand

on their own and be utilized by patients at any time. But having content available

prematurely without clinical guidance can lead to patient confusion. For example,

the values and activities inventory, which is one of the earlier components in the

behavioral activation treatment and one that we digitized and made available in our

app, was seen as one that both social workers and patients preferred to start during the

session. Providers expressed concerns that patients would not complete the exercise

properly or comprehend what is being asked of them. We also know that in-person

sessions may be too few and far between for patients with cancer and depression due

to the various challenges they face with their care. So inevitably, patients may need to

rely more on self-care activities and self-help content without direct guidance while

BHPs monitor and check in from a distance. Not having access to patients or patients

conducting behavioral activation activities on their own poses a risk of low adherence

to guidance-level care. Therefore, further research is necessary to understand how to

design for flexibility in the level of engagement by patients and providers but also the

impact of flexibility on the quality of care and adherence.

Support negotiating the right level of data sharing and responsiveness

In our study, we found that patient expectations for provider responsiveness towards

the incoming stream of patient-generated data ranged from immediate to the next

session. We also found that patient comfort levels in sharing data varied from full
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transparency to full control. Patients raised concerns about knowing if the data was

received, and providers raised concerns about liability if they were not able to keep up

with the incoming stream of data [109]. Beyond the transfer of patient-generated data,

digitization of care could enable a certain level of visibility [236] into the care practices

(e.g., when BHPs logged in) as well as the patients’ engagement (e.g., when patients

logged in) that clashes with a level of autonomy, control, and confidentiality desired by

patients or providers [53]. Such tension among control, visibility, and accountability,

if not balanced, could erode the trust in patient-provider relationships [376].

Our findings highlight the need to establish a process for patients and providers to

negotiate an appropriate level of data sharing and responsiveness before introducing

the technology into the patient-provider collaborative relationship and a process for

making adjustments as appropriate [454]. Such shared decisions must be documented

and respected by the collaborative system. However, such processes could be in conflict

with the organization’s need for standards that must be put in place to meet the legal

and regulatory requirements surrounding data ownership, privacy, and security [231,

313]. Future work is necessary to understand the individual, interpersonal, and

organizational needs for setting appropriate boundaries for the collection of patient-

generated data and how to design processes around them.

Compensate for extra work through increased efficiency and productivity

Even though the system has the potential to enhance the sessions and to fill the

engagement gap between sessions, our findings revealed that there was a significant

cost incurred by the introduction of the system. Many patients were concerned

that the app felt like more work on top of everything that they are already dealing

with. Despite the additional work, patients were generally willing to engage if there

were sufficient justifications from their BHPs. Some patients could not imagine

engaging with the app when they are in “survival mode” or hospitalized. Social
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workers also did not have high expectations for app engagement for patients whose

health was really bad. This observation raises the question of the target audience for

the system. Behavioral activation may be the most effective treatment for depression

in patients with severe health problems, but perhaps getting these patients to engage in

a technology-facilitated behavioral activation may not be as beneficial because of the

additional cost incurred. Further research is necessary in evaluating the cost-benefit

trade-off of introducing collaborative behavioral activation systems for different

patient categories, for example, along dimensions of depression severity, cancer stages,

or financial or logistical hardships.

The costs to BHPs were felt from multiple perspectives. There were administrative

costs associated with duplicated data entry from having a separate system from the

EHR and with monitoring the incoming stream of data from patients for any urgent

and necessary follow-up. Costs associated with changing their care practices were also

high. BHPs felt that they had to incorporate behavioral activation even when the more

flexible therapeutic approach was deemed necessary, they had to bring technology

into the session when they were used to more traditional face-to-face interactions,

and they had to be able to interpret and utilize new forms of patient-generated data

beyond standard scales [232, 109]. There may be technology-based solutions to reduce

the cost by gaining efficiency through the registry. For example, patients who need

urgent attention could be flagged for proactive outreach before situations escalate

into a crisis. Integrating the registry with EHR and adding the ability to keep private

notes, as many social workers desired, could eliminate the cost incurred by duplicated

entries. Even though the system might improve patient outcomes overall, efficiency

gain in one set of tasks (e.g., patient flagging) may not be enough to offset the cost

incurred by the introduction of new tasks (e.g., monitoring patient-generated data,

adapting the care practices to integrate technology) for an already overburdened BHP

population. Therefore, the integration of a collaborative behavioral activation system
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should be evaluated on patient outcome metrics (e.g., engagement, depression) as well

as metrics specific to BHPs that evaluate their productivity (e.g., patient crises averted,

cases reviewed) and well-being (e.g., work satisfaction, perceived workload, provider

stress or burnout).

Resolve social and organizational tensions surrounding technology integration

We identified several challenges that prevent getting stakeholders started in integrating

the system into their care. The first challenge is getting set up with the system. BHPs

were not equipped to explain how to use the app or troubleshoot the app with their

patients when the patients were getting set up with the app. They were not able

to walk through the app over the phone when in-person appointments were not

possible. This challenge could be addressed by designing a walk-up-and-use system

or incorporating self-guided tutorials. However, this places the burden on the patients

who are already overwhelmed with their cancer and are impacted by the side effects

of the cancer treatments.

The second challenge is in getting patients to be motivated to use the app. Patients

wanted to be convinced of the value of using the system by their BHPs and wanted to

see evidence that the data that they collect was actually being used to inform care.

In fact, goal alignment and shared understanding of how the data will be informing

care is critical in patient-provider collaborations with patient-generated data [89].

Ultimately, the burden of introducing the app and getting patients on-boarded falls on

the shoulders of the BHPs who are already overburdened with other tasks. However,

some BHPs were hesitant about the use of the system in their care, citing patients’

disinterest and complex situations or the time spent on introducing the system away

from therapy.

This creates an impasse. If BHPs do not introduce the app to the patients, patients
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do not engage in the app, and BHPs, as a consequence, do not engage in the system.

Even if patients engaged in the app, if BHPs do not incorporate the data in their

care, patients will eventually abandon the app. Both patients and BHPs are equally

overburdened and under-resourced to adopt new care workflows. So, how do we

address this problem? Is it the problem of the system designer to make the system

persuasive? Is it the patients that should figure out the app on their own and demand

its use in care? Should the BHPs spend their precious session minutes selling the

benefits of the app?

Although our system was recognized as potentially beneficial to the care, our findings

revealed that there may be social and organizational barriers to adoption that may not

be solved with technology innovation alone [232]. Future research should, therefore,

understand what changes to the organizational culture, care delivery, and team

composition need to be established when a new technology is introduced. For example,

an in-house technical expert can troubleshoot technology issues with patients and

providers. Standardized training and guidance can help BHPs identify patients that

might benefit the most from technology integration, help with getting the initial buy-

in from the patients, and establish a playbook of use case scenarios of when and how

to incorporate patient-generated data into the care. There may need to be a drastic

shift towards the organizational culture that values the use of patient-generated data

as an integral component of delivering high-quality care [454].

Investigate facilitators and barriers for technology adoption

Our collaborative behavioral activation system is currently being evaluated in a

randomized clinical trial with two arms, where patients are randomly assigned to

technology-enhanced collaborative care (i.e., where our system is used) or usual

collaborative care. The RCT as a whole would evaluate whether technology-

enhanced care improves patient engagement and outcomes across the population. The
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randomization of patients brings an interesting challenge to the adoption of technology

because not all patients in the technology arm would be an appropriate candidate

for the use of the behavioral activation app, just as our pilot social workers have

expressed. However, it introduces an opportunity to identify patient characteristics

that facilitate or impede engagement in technology-supported care and to evaluate

the level of engagement necessary to observe clinical efficacy.

Our study also found barriers to the adoption of the collaborative behavioral activation

system by both patients and providers. In evaluating the impact of these barriers to

the adoption of the system, we recommend the Unified Theory of Acceptance and Use

of Technology (UTAUT) [426] to be the most appropriate in capturing the needs of

our population. For example, patients expressed that they would be motivated to use

the system if their social workers justified its use, and social workers pointed to the

organizational support (e.g., administrative time) as a facilitator for engaging with the

registry. Both of these examples could be explained by the Social Influence construct.

Facilitating Conditions is another construct that could explain the patients’ hesitation

to use the system when they are overwhelmed by multiple demands or when they

are severely depressed. Therefore, we recommend measuring the core constructs

of UTAUT at each iteration of the system or the implementation to understand

factors that influence technology adoption and the efficacy of technology-enhanced

collaborative care.

The integration of psychosocial services in cancer care is crucial in supporting the

whole patient, and yet challenges rooted in cancer-centric views continue to prevent

patients with cancer and depression from receiving adequate care. We introduce the

parallel journeys framework to characterize patient experiences in simultaneously

navigating the cancer care journey and the psychosocial care journey. The framework

helps reveal challenges at the seams of the two journeys and helps surface related

technology opportunities. We encourage health technology researchers, designers,
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and healthcare providers to consider both cancer care journeys and psychosocial care

journeys in their future design of technologies for patients with cancer and depression.

4.3 SUMMARY OF CONTRIBUTIONS TO THESIS

The integration of psychosocial services in cancer care, such as collaborative care, is

crucial in supporting the whole patient, and yet challenges rooted in cancer-centric

views continue to prevent patients with co-morbid cancer and depression from

receiving adequate depression care. In this chapter, we aimed to understand the

challenges of depression care in cancer settings to inform the design, development,

and deployment of technology solutions for supporting collaborative care.

We conducted a formative study to find that patients with co-morbid cancer and

depression struggle to navigate between their cancer and psychosocial care journeys

and proposed the parallel journeys framework as a conceptual design framework for

characterizing challenges that patients and their care teams encounter when cancer

and psychosocial care journeys interact. We used the challenges discovered through

the lens of this framework to highlight and prioritize technology design opportunities.

By digitizing the core components of behavioral activation and collaborative care,

we developed a model for a technology-enhanced collaborative behavioral activation

loop. Using this model, we designed a technology-enhanced collaborative behavioral

activation system, called SCOPE, and evaluated the system through three design

iteration studies and a pilot deployment.

We found that patients generally welcomed the technology support but needed a clear

justification and a collaborative commitment from their BHPs to adopt its use. The

system enabled patients to engage in self-care activities between sessions and helped

BHPs by providing structure around their treatment and caseload reviews, with the

potential to facilitate data-driven conversations during the sessions for collaborative

action planning. However, we found that the introduction of the system added friction
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in existing clinical workflows and burdens that got in the way of both patients and

providers engaging in the system.

The parallel journeys framework introduced in this chapter helped raise awareness

that mental health care is deprioritized over cancer care and that tools and processes

need to be implemented to improve engagement in mental health care. However, our

findings also revealed that introducing technology enhancements to collaborative care,

although informed by the needs discovered through the lens of this framework, still

faces technical and non-technical issues when it meets the complexities of the clinical

real world. Our findings highlighted the need to overcome several implementation

challenges such as inadequate negotiation between patients and BHPs before the

technology introduction, lack of knowledge about how to incorporate the system into

the existing care practices, and motivational and situational barriers to technology

adoption. Therefore, this work suggests that efforts to introduce technologies aimed

at improving collaboration and engagement among multiple stakeholders in clinical

settings must be prepared to make appropriate adjustments to the interventions, the

process, and the organizational structures surrounding them.

My work in the clinical context of cancer and depression demonstrated that

human-centered methods – formative, design, and deployment studies – can reveal

multistakeholder and organizational challenges that arise at the intersection of cancer

and psychosocial care journeys as well as when new technology systems are introduced

to the clinical care context. To improve the collaboration and engagement in depression

care, I digitized core components of behavioral activation and collaborative care into a

collaborative behavioral activation system. From the deployment of the system in a

real clinical setting, my work further revealed opportunities for adaptation in both

technology enhancements and implementation processes.
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Chapter 5

INTEGRATING STRESS-REDUCTION INTERVENTIONS
IN THEWORKPLACE

In the previous two chapters, I demonstrated that using human-centered and

computational methods can reveal human needs and challenges in the context of

the pandemic and in the clinical context of depression care. I also demonstrated that

digitization and adaptation of core components of evidence-based care strategies

can help improve engagement and collaboration in depression care for patients with

co-morbid cancer and depression. So far, I have leveraged the contextual information

at extended temporal scales (i.e., years, treatment duration). In this chapter, I situate

my research in the context of workplace stress to explore how momentary contextual

information can be leveraged to adapt interventions and to improve engagement.

Stress is prevalent and costly: Over 83% of Americans suffer from work-related

stress [293] and over half experiencing stress throughout most of the day [328].

Workplace stress intervention strategies have been recommended and evaluated [98],

but integrating individual-based stress management interventions into the workday

and actively engaging with them can be challenging [123, 184]. Smartphone-based

mental health apps have gained popularity for ease of access, and recent efforts have

been focused on improving usability, delivery timing, and content selection factors to

improve user engagement. Bite-sized, “digital micro-interventions” [36] have been

a promising content design approach and can be easily integrated into the workday.

To further improve engagement, just-in-time adaptive interventions (JITAI) promise

to deliver the right personalized micro-interventions at the right times to maximize
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efficacy [292, 355].

In this chapter, I focus on workplace stress as a context for which to design stress-

reducing micro-interventions. I demonstrate that passive-sensing and momentary

contextual information can be leveraged to achieve just-in-time adaptation of

interventions aimed at improving engagement in stress-reduction interventions in the

workplace. I conduct two studies to illustrate that deploying an adaptive workplace

stress intervention system can lead to workplace stress reduction and help identify

factors of engagement.

The first study [190] examines the impact of the intervention types and delivery

timing through direct integration of stress-reduction interventions into the work

context (Section 5.1). We designed and developed a workplace stress intervention

system that uses passively sensed contextual data to deliver just-in-time digital

micro-interventions, adapted from components of Cognitive Behavioral Therapy

(CBT) and Dialectical Behavioral Therapy (DBT). Using this system, we conducted a

four-week longitudinal study with 86 participants, examining the effects on usage,

stress reduction impact, and user preferences by three intervention types and two

delivery timing conditions: Pre-scheduled (PS) by users and Just-in-time (JIT) prompted

by the system-identified user stress-levels (Section 5.1.1). Although we found no

significant difference between JIT and PS conditions in study-long or momentary

stress reduction, participants preferred automated “nudges” over scheduling their

own interventions, while simultaneously desiring control over their schedule with

system assistance for intelligent planning (Section 5.1.2). Our findings suggest that

users may benefit from a combination of the two delivery methods, wherein system-

initiated interventions offer ease and increase overall usage, and user-initiated, pre-

scheduled interventions promote a sense of control and could lead to healthy behavior

change. This study provides opportunities to guide the design of personalized JITAI

and planned intervention systems to reduce stress and enhance well-being in the



172

workplace (Section 5.1.3).

Using the data collected from the deployment study, the second study examines

what factors contribute to improving intervention engagement and positive outcomes

to inform the design of JITAI systems (Section 5.2). We analyzed the interaction

data from JIT participants together with the contextual information captured by the

sensing software and telemetry as well as demographics and individual characteristics

(Section 5.2.1, Section 5.2.2). We built statistical models to identify contextual,

individual, and intervention-related factors that explain the likelihood of choosing

different intervention types, engaging in a system-initiated intervention, rating the

intervention, and the effectiveness of intervention in momentary stress reduction

(Section 5.2.3). We found that personality traits influence not only the engagement

in system-initiated interventions but also in the choice of interventions, suggesting

that a JITAI system may need to adjust its recommendations based on personality

traits to balance choice preferences but also engagement likelihood. We also found

that contextual factors, such as the timing, being in a meeting, the availability at the

computer, or the appropriateness of the intervention in the given context, were all

important to consider for engaging in system-initiated interventions, but the effects

of intentionally deferring the intervention to a later, specified time were much higher.

The study findings suggest design implications for tailoring JITAI systems to meet

the contextual and personalized engagement needs that balance user preferences and

intervention efficacy (Section 5.2.4).

The key takeaways and contributions to my thesis from these two studies are

summarized in Section 5.3. The first study was conducted in collaboration with

Marah Ihab Abdin, Mary Czerwinski, Javier Hernandez, Esther Howe, Daniel McDuff,

Mehrab Bin Morshed, Gonzalo Ramos, Kael Rowan, and Tracy Tran and was published

in CHI 2022 [190]. The second study was conducted in collaboration with Tim Althoff,

Mary Czerwinski, Javier Hernandez, Esther Howe, Robert Lewis, and Koustuv Saha
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and is yet to be published. I contributed to the conceptualization of both studies,

the design and development of the system, the data collection and analysis, and the

interpretation of results. This work is currently in submission.

5.1 PROVIDING INTEGRATED SUPPORT FOR STRESS REDUCTION AT
WORK

Reducing workplace stress is of critical importance for employees and employers

alike. Work-related stress increases the risk of mental and physical health disorders,

decreases productivity due to absenteeism and burnout, decreases overall job

satisfaction, and increases rates of stress-related accidents and employee medical,

legal, and insurance costs [55, 444, 62, 94]. Workplace stress can also spill over into life

outside of work, disrupting the overall well-being of workers [162]. Workplace stress

intervention strategies such as organizational changes, individual stress management

skills training, and therapeutic counseling have been recommended and evaluated

as important components of long-term stress reduction [98]. Individual-based stress

management interventions (e.g., cognitive-behavioral skills training, meditation,

exercise, etc.) have been shown effective on psychological, physiological, and

organizational outcome measures [333].

However, integrating individual-based stress management interventions into the

workday and actively engaging with them can be challenging in workplace cultures

with psychologically unsafe climates [123] or where there are high task demands but

taking personal time for stress management is not supported [184]. Furthermore,

while employees may learn about stress management strategies via in-person stress-

reduction workshops or individual therapy, shifting from understanding evidence-

based strategies to using these strategies when they are most needed (i.e., in moments

of high stress) can be quite difficult psychologically, even in healthyworkplace contexts

that value employee well-being [179]. Smartphone-based mental health apps have
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gained popularity because they are always available (unlike a therapist), and can

be used without drawing attention to the user or disrupting a work environment.

However, most available mental health apps are not evidence-based [192, 294], and

those that have been rigorously studied – although shown to be effective in improving

relevant outcomes [225, 244] – also have high attrition and low adherence [243, 134].

Therefore, promoting active engagement in interventions over time is an important

step to improving user engagement and long-term outcomes for technology-delivered

interventions [292, 305].

Recent efforts to improve user engagement for technology-delivered interventions

have been focused on improving usability, delivery timing, and content selection

factors. Bite-sized, “digital micro-interventions” have been a promising content

design approach to lowering the barrier to entry and to reducing the effort needed

to engage with the content [36]. Because such interventions can be accessed via

computers at employee workstations (i.e., do not require context switching), they may

be easily integrated into the workday. To further improve engagement, adaptive

or personalized micro-intervention delivery systems can incorporate individual

preferences and contexts to choose the appropriate intervention content and delivery

timing [218, 305, 365, 121]. For example, just-in-time adaptive interventions (JITAI),

powered by ubiquitous sensing technologies, promise to deliver the right interventions

at the right opportunistic or vulnerable times to minimize disruptions and optimize

efficiency [292, 355]. Just as therapists select the most appropriate intervention for

a given moment, users could benefit from the personalization promised by JITAI

systems [292]. Although JITAI has the potential to become more intelligent over time

and improve its predictive ability to identify opportune moments for intervening [355]

and the ideal content, most conceptualizations of this approach do not include

opportunities for individuals to proactively engage in and exercise control over

their stress management processes, which has been shown to improve long-term
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psychological outcomes in individual psychotherapy [207, 93] and to lead to health

behavior change [396]. Accordingly, our research examines the role of the system- and

user-controlled intervention timing and content selection in promoting engagement

and improving stress-reduction impact.

In this chapter, we present a four-week, between-subjects study with 86 information

workers. Our aim was to understand the impact of digital micro-intervention delivery

timing and content on usage patterns and stress reduction throughout the workday to

inform the design of effective and engaging workplace stress reduction intervention

systems. Leveraging a desktop application to facilitate passive data collection and

a Teams chatbot for intervention delivery, our study compared three categories of

intervention content and two delivery timing conditions: Pre-scheduled (PS) by users

and Just-in-time (JIT) according to passively-sensed and user-reported stress-levels.

We found our interventions to significantly reduce momentary stress. Although

we found no significant difference between JIT and PS conditions in study-long

or momentary stress reduction, participants preferred automated “nudges” over

scheduling their own interventions, while simultaneously desiring control over their

schedule with system assistance for intelligent planning. While our users rated the

shorter, “easier” interventions as more enjoyable, we found that the longer, more

difficult-to-perform interventions were in fact significantly more effective. Our

findings suggest that both system-initiated intervention delivery and user-initiated

intervention scheduling are promising directions for integrating stress-reduction

interventions at work. In fact, users may benefit from a combination of the two,

wherein system-initiated interventions offer ease and increase overall usage, and

user-initiated, pre-scheduled interventions promote a sense of control and could lead

to healthy behavior change. In both cases, our findings suggest users benefit from

having access to a healthy balance between easy-to-do and effective interventions.

Based on these findings, we present opportunities to guide the design of personalized
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JITAI and planned intervention systems to reduce stress and enhance well-being in

the workplace.

5.1.1 Method

The goal of this work was to identify design opportunities for systems that integrate

digital micro-interventions into everyday work contexts. Our research questions were:

RQ1. How does intervention timing impact intervention usage, stress reduction, and

user preference?

RQ2. How do different types of interventions impact intervention usage, stress

reduction, and user preferences?

RQ3. What aspects of the intervention timing and content do participants find most

useful or needed?

To examine the impact of different delivery timings (RQ1), we conducted an

experimental study that directly compared two conditions: Pre-scheduled (PS) by users

and Just-in-time (JIT) according to user stress-levels. We designed and developed an

intervention system with a chatbot that facilitated different delivery timing of stress

reduction interventions to information workers (Section 5.1.1). In the PS condition,

the chatbot helped participants browse through the catalog of interventions and

schedule them in their calendars; in the JIT condition, the chatbot nudged participants

to perform interventions when it detected high-stress levels. To examine the

impact of different intervention types (RQ2), we adapted evidence-based psychosocial

interventions into digital micro-interventions and categorized them into three types

according to their function and required user effort (Section 5.1.1). Participants

chose from the three intervention types throughout the study. Finally, to solicit

user feedback from in-vivo usage of the system (RQ3), we deployed this intervention

system to 86 information workers and conducted a longitudinal study with four weeks
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of observation that compared two delivery timings and three intervention content

types (Section 5.1.1).

System Design

We designed and developed an intervention system that is composed of (1) a stress

score component, (2) a JIT component, and (3) a chatbot component. Our stress score

component computes the user’s current level of stress based on passively sensed data.

Then a JIT component leverages the stress scores and the user’s self-reported stress

levels to determine when to nudge users to perform stress-reduction interventions.

Finally, a chatbot component proactively sends messages to the user and facilitates

the delivery of ecological momentary assessments (EMAs), surveys, and intervention

content. We designed our system to capture salient signals in people’s work context

where they are more likely to be in front of their computers but offered flexibility

through the chatbot so that they could utilize their computers or mobile devices for

engaging in EMAs, surveys, or interventions as needed.

Stress Score Component

The stress score component is responsible for inferring the user’s stress level based on

passively-sensed information. Sano et al. [355] have highlighted that computer usage,

calendar and email usage, intervention history, activity and heart rate variability are

together useful features for predicting intervention timing. Our stress score component

uses similar features but optimizes for detecting moments of high stress, such that

interventions can be delivered at moments of need (i.e., reduce momentary high

stress).

We capture contextual and behavioral information about people through custom

logging software that runs on their primary work computer. From this logged
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information that includes computer activity (e.g., window switching, keyboard usage)

and behavioral and physiological signals (e.g., facial expression, breathing rate), we

compute a stress score. Specifically, the logging software has three main capabilities.

The first is to capture email, calendar, and application data from the users’ desktop

applications usage (all participants used Microsoft Outlook as their primary email

and calendar software). The second is to use their webcam to capture their position

and facial actions while they are in front of their workstation. The third is to use

their webcam to capture their heart rate and breathing rate using a non-contact

measurement technique [246].

We designed the stress score to capture five components that previous work has

identified as sources of stress. They are defined as follows:

• Email (w1): The volume of emails received in a given day has been linked to

higher stress in information workers [260, 261]. The email component (w1) at X

hours into the day was computed as the number of emails received until that

time of day / 2400.

• Calendar (w2): The lack of breaks and number of appointments in a work day

(e.g., meetings) is a known stressor for information workers [262]. The calendar

component (w2) of the score was computed as the total number of appointments

in a given day / 15.

• Time (w3): People are also more likely to experience negative emotional states

(such as stress) later in the day, in general [274]. The percentage into the day

(w3), was the time component of the stress score.

• Facial (w4): Previous work has identified that facial expressions during informa-

tion work can capture changes in affect [270, 274]. To describe facial behavior

we use the Facial Action Coding System (FACS) [131], the most commonly

used and descriptive taxonomy. The facial component (w4) was computed as

corrugator (AU04) and lip depressor (AU15) activity minus zygomatic major
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Figure 5.1: Users can browse the intervention catalog to choose from different intervention types (a) and
navigate to an intervention to view its details (b). Users can choose to launch the intervention at that
moment (c) or copy relevant information about the intervention, including a link to launch the intervention,
to perform the intervention at a later time (d). Users can paste this information into a calendar event to
schedule it at the desired future time (e).

(AU12). Corrugator (i.e., brow furrowing) and lip depressor (i.e., frowning) are

typically linked to negative experiences (e.g., confusion, frustration, displeasure),

whereas zygomatic major (i.e., smiling) is typically linked to positive experience

(e.g., joy, pleasure) [209].

• Physiological (w5): Changes in heart rate are also associated with increased

stress during computer-based work [427, 186]. The physiological component

of the stress score (w5) was computed as the current heart rate (in beats/min)

divided by 100 beats/min.

We normalize each component of the stress score to create a value between 0 and 1.

If any of these numbers was greater than 1, it was rounded to 1. We combined and

normalized these components to compute the stress score as:

S =
w1 + w2 + w3 + w4 + w5

5
(5.1)

This stress score was stored in the database for retrieval by the JIT component.

Our stress score includes aspects of work demand (i.e., email volume, calendar

volume) and available resources (i.e., time into the day) as well as behavioral and/or
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physiological changes in reaction to stress (i.e., facial expression, heart rate). These

components were designed based on insights from prior work and crafted to create

a simple and explainable continuous estimate of how likely an individual was to be

experiencing stress. Although a more elaborate stress score could be used in the

future, for the purposes of our study, we found that this was a practical estimate of

stress. We ran a retrospective analysis of the correlation between our stress scores

and participants’ self-reported ratings on their momentary stress levels via EMAs

(1=Not at all stressed; 3=Moderately stressed; 5=Extremely stressed), we found a

significant positive correlation between the two (N=1318, Pearson r=0.2, p<0.01). We

note that the stress score was not always available at the time participants reported

their momentary stress levels because the participant may have disabled the sensing

software temporarily or responded to the EMAs when they are not at their desks.

Therefore, we rely on both stress scores and self-reported stress levels for the JIT

component, which we discuss next.

JIT Component

Our JIT component is responsible for determining if the system should nudge the user

to perform a stress-reduction intervention at that time. We leverage the computed

stress score and also apply heuristics that incorporate users’ self-reported stress levels

to maximize the potential efficacy of the stress interventions [381]. Self-reported

stress levels are obtained from EMAs or at the end of intervention usage.

Based on the data from the first week of using the system during the four-week

observation period, we compute each user’s average for computed stress scores and

self-reported stress levels. We then use these averages as individual baselines (week

one of four) and as thresholds for delineating high-stress from low-stress during the

subsequent weeks (weeks two to four). Our logic for JIT interventions also checks

historical intervention usage and system nudges to ensure that the system does not
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aggressively prompt engagement. Our system will send a nudge to engage in a stress

intervention if and only if:

• Computed stress score is greater than or equal to the user’s baseline (or 0.5) in

the past 5 minutes or self-reported stress level is greater than or equal to the

user’s baseline (or Moderately Stressed) in the past 30 minutes,

• It is during the weekday and the user’s working hours,

• There are no scheduled stress interventions during the remainder of the day,

• The user has not completed an intervention in the past hour,

• There has not been a system-initiated nudge in the past two hours, and

• There have not been four or more nudges so far that day.

These nudges are sent as messages from the chatbot, which we describe next. Our

system is configurable such that the JIT component can be active for a subset of users.

Chatbot Component

We use the Microsoft Teams chatbot1 as a platform to maximize success in delivering

and interacting with EMAs, surveys, and intervention content because all of our users

regularly used Teams for work-related communication and had Teams clients readily

available on desktops and mobile phones. We designed our chatbot, named Huey,

to proactively initiate conversations with the users, and it would remind users to

complete EMAs or surveys or to help them engage in stress-reducing interventions.

Most prompts are presented as Adaptive Cards2, either with predefined response

options (e.g., scales for stress levels) or a button to open a task module dialog that

hosted web-based contents (e.g., videos, surveys). We implemented Huey using

Microsoft’s Bot Framework3.

1https://docs.microsoft.com/en-us/microsoftteams/platform/bots/what-are-bots
2https://adaptivecards.io/
3https://dev.botframework.com/

https://docs.microsoft.com/en-us/microsoftteams/platform/bots/what-are-bots
https://adaptivecards.io/
https://dev.botframework.com/
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Figure 5.2: When the system determines that an intervention is needed at the moment, Huey sends a
nudge to users to perform an intervention (a). When the users opt to perform interventions at that moment,
they can choose an intervention type they are interested in performing (b). Or they can opt to postpone the
intervention and select a later time for Huey to check back in (c).

Huey provides seamlessly integrated experiences for browsing the intervention catalog

or consuming the stress interventions through Teams task modules (i.e., embedded

web controls) so that the users can achieve all tasks within the Teams app. Users can

browse the intervention catalog to drill into different intervention types (Figure 5.1a),

navigate to an intervention they like (Figure 5.1b), and launch the intervention within

the same dialog flow (Figure 5.1c). If the users want to perform the intervention at

a later time, they can copy intervention metadata, which includes a link to launch

the intervention at any time (Figure 5.1d). This information can be easily pasted into

a calendar event and scheduled at a time that works better for them (Figure 5.1e).

When Huey nudges users to perform an intervention, users can choose to perform

the intervention at that moment or to postpone it to a later time that day (Figure 5.2a).

When the users opt to perform interventions at that moment, they can choose an

intervention type they are interested in performing (Figure 5.2b). Then Huey selects a

random intervention from that category that is used the least frequently. Or users

can opt to postpone the intervention and select a later time for Huey to check back

in (Figure 5.2c).
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Figure 5.3: An example dialog flow of how Huey facilitates intervention consumption. Huey first asks
users to rate their current stress level (a) before presenting the intervention content to the users (b). The
intervention may ask the users to respond to a prompt (c). After completing the intervention, Huey asks
users to reflect on the intervention (d) and provide a rating (e). Finally, Huey asks users to rate their stress
level (f) and comments on the changes in stress levels (g).

Just before the users perform their intervention, Huey asks them to rate their

momentary stress using a 5-level stress rating (1=Not at all stressed; 3=Moderately

stressed; 5=Extremely stressed; Figure 5.3a). After performing the intervention, Huey

asks users to reflect on how the intervention went and to rate the intervention

(1=Very poor; 3=Acceptable; 5=Very good; Figure 5.3d,e). Finally, Huey concludes

the intervention by asking users to rate their momentary stress and comments on

the changes in stress levels from before performing the intervention (Figure 5.3f,g).

Figure 5.3 shows an example of this intervention consumption flow.

Huey supports three different intervention modalities: (1) A video-based intervention

provides a brief description of the content, followed by a task module dialog that
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played the video (Figure 5.4a); (2) A single-turn text prompt intervention provides a

brief instruction for the users to engage in an activity, followed by a prompt to answer

a reflective question (Figure 5.4b); (3) A conversation-based intervention provides a

dialog that guides users through a series of prompts (Figure 5.4c).

Intervention Design

We designed interventions based on components of Cognitive Behavioral Therapy

(CBT) and Dialectical Behavioral Therapy (DBT), two empirically supported front-line

psychotherapy modalities that are used to flexibly treat a wide range of mental health

and well-being concerns [73, 251]. We created all interventions to take under five

minutes, and they were comprised of either a short video, a single-turn text prompt,

or a brief therapeutic conversation with Huey. We then categorized the interventions

depending on the function served for users as well as the approximate effort required.

• Get my mind off work (Low effort): ‘Get my mind off work’ interventions are

translations of the DBT pleasant activities schedule, a list of positive activities that

help individuals regulate their emotions by becoming engaged with something

that elicits positive feelings [245]. Examples include watching a short video

of penguins playing in Antarctica or listening to a favorite song. These

interventions are simple and likely similar to activities many individuals do

naturally throughout the day when attempting to take a break at work. However,

they steer clear of activities that may feel pleasant in the moment but research

shows may lead to more distress in the long-term, such as scrolling on social

media or eating a high quantity of sugary food. These interventions are intended

to capture users’ attention with low levels of user effort and investment and are

deployed using the single-turn text prompt and video formats.

• Feel calm and present (Medium effort): ‘Feel calm and present’ interventions

draw inspiration from the mindfulness practices taught in CBT and DBT, which



185

help individuals re-focus on the present moment in order to gain perspective

and increase control over their thoughts, feelings, and behaviors. Examples

include using the five senses to notice and name components of the immediate

environment or writing a self-affirming statement ten times with one’s non-

dominant hand – an activity that takes a substantial amount of focus and tends to

bring individuals in states of stress into the present moment. These interventions

typically require moderate levels of user effort but have significant empirical

support as stand-alone interventions capable of decreasing stress [245]. They

are deployed using single-turn text prompt and video formats.

• Think throughmy stress (High effort): ‘Think throughmy stress’ interventions

help users directly address and problem-solve stress-inducing components of

their lives using strategies from CBT and DBT, such as cognitive re-framing,

pros and cons lists, and reaching out to a friend or co-worker for help with

emotional processing or getting productive [441]. These interventions require

the highest amount of user effort as they necessitate direct engagement with

stressful content. They are delivered via single-turn text prompts and therapeutic

conversations with Huey.

Study Design

We conducted a four-week, between-subjects user study, where our participants

engaged with our system through the Huey chatbot, which delivered stress-reducing

micro-intervention content and facilitated different study requirements and protocols.

Participants

We recruited information workers from a large technology organization by sending

email advertisements about the study to a randomly sampled set of employees from the
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organization’s employee database. Interested participants completed a brief screener

survey about their demographics (e.g., age, gender, role) and work set up (e.g., primary

device specification and OS, web camera availability). Eligible participants, whose

primary device specifications met our sensing software requirements, were asked to

install and run the study software for 30 minutes to confirm system compatibility.

We then enrolled participants on a first-come, first-served basis. In total, we enrolled

87 participants in the study. Participants were randomly assigned to one of the two

conditions while maintaining equal gender distribution between the conditions, as

prior work shows women report higher overall workplace stress than men [184]. One

participant dropped out and another participant switched conditions during week one

of the four-week observation period, both due to unforeseen technical issues.

Of the final set of 86 participants who successfully completed the study, 65.1% identified

as male and 32.6% as female. 38.4% were in the age range of 36-45 years old, 23.3% in

26-35, and 23.3% in 46-55 years old ranges. 54.7% worked in Engineering/Development

roles, 22.1% in Sales and Marketing roles, 8.1% in Operations and Services roles, 5.8%

in Business Development and Strategy roles, and 4.7% in Administrative Assistant or

Human Resources roles. 86.2% of the participants worked remotely from home.

Huey also supports special commands to allow accessing study-related instructions

(via “help”) or on-demand interventions (via “hi”) at any time. Messaging “hi” to

Huey would initiate dialogs for browsing the intervention catalog and performing

interventions on demand. The timing of reminders for EMAs and surveys as well as

which dialog flows are available are configurable per user.

We were unable to capture webcam-based signals from 16 of 86 participants (eight

in each condition) due to unforeseen performance issues with the sensing software

that interfered with their daily work. However, our stress score component is robust

to missing data such that this was not an issue for the study.
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Figure 5.4: Huey supports three intervention modalities: (a) A video-based intervention provides a brief
description of the content, followed by a task module dialog that played the video; (b) A single-turn text
prompt intervention provides a brief instruction for the users to engage in an activity, with an open-ended
prompt to answer a reflective question; (c) A conversation-based intervention provided a dialog that guides
engage through a series of prompts.

Procedure

The study procedure included one week of onboarding, four weeks of observation of

intervention usage and engagement, and one week of off-boarding (Figure 5.5).

During the preparation week, participants were asked to install the required sensing

software and the chatbot and to complete an intake survey. The intake survey asked

for the participant’s local time zone and their typical start and end times of the work

day, which were used to configure the system’s interaction with the participants.

The intake survey included the Depression, Anxiety, and Stress Scale 21 (DASS-21),

a 21-item self-report questionnaire designed to assess clinical levels of depression,

anxiety, and stress [248], and the Emotional Regulation Questionnaire (ERQ), a 10-item

scale designed to measure respondents’ tendency to regulate their emotions through

cognitive reappraisal and expressive suppression [161]. We asked participants to

report their current stage of behavior change to reduce stress at work from four stages



188

of behavior change (Stage 1: Pre-contemplation, Stage 2: Contemplation, Stage 3:

Taking action, Stage 4: Maintenance) adapted from the Transtheoretical Model [320]

The intake survey also included questions about personality style, stressful life events,

emotional resilience, and self-care style.

During the four-week observation period, participants were asked to interact with

Huey to engage in stress-reducing interventions, where we configured the intervention

system to enable features specific to their assigned conditions:

• Pre-scheduled Engagement (PS): In this condition, participants were asked

to plan their interventions in advance. On Fridays prior to each study week,

Huey asked participants to browse the catalog of stress-reducing interventions,

choose specific interventions they would like to try, and schedule at least

one intervention for the upcoming week into their work calendar (Figure 5.1).

From the intervention catalog, participants could copy intervention-specific

information into their calendars with a link to launch the intervention. These

participants leveraged the calendar’s built-in reminder functionality for the

interventions. On Mondays of each study week, Huey reminded participants to

review their scheduled interventions and to adjust them appropriately. When

the scheduled time arrived, participants clicked on the link in the calendar event

to engage with Huey to carry out the intervention. Participants in this condition

could also access the intervention catalog on demand, where they could launch a

selected intervention at that moment or copy intervention-specific information

into their calendars.

• Just-in-time Engagement (JIT): In this condition, participants were asked to

engage with an intervention based on our system’s JIT component (Section 5.1.1).

When our JIT component determined that a stress-reducing intervention is

needed and appropriate for the participant, Huey sent a message to the

participant, presenting an option to perform the intervention at that moment or
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to postpone it to a later time that day (Figure 5.2). When the participants opted

to perform interventions at that moment, Huey asked them to choose between

one of the three intervention categories we described in Section 5.1.1. Once a

category was selected, Huey chose a random intervention from that category that

was used the least frequently. Participants then engaged with Huey to carry out

the intervention. As in the PS condition, participants in the JIT condition could

also access interventions on demand, where they could perform the intervention

at that moment or schedule it for a later time that day.

Based on each participant’s reported work hours, Huey asked participants to complete

five EMAs per day during the weekday, roughly equally spaced apart to be on the hour

or half-hour (e.g., at 9 AM, 11 AM, 12:30 PM, 2:30 PM, and 4 PM if work hours span 9

AM to 5 PM), and to complete two optional EMAs during the weekends (e.g., at 11 AM

and 3 PM). Each EMA consisted of two parts. The first part was required for the study

and asked participants to rate their stress level during the past 30 minutes using the

same 5-level stress rating. The second part included questions about work demands,

available resources, arousal, valence, food consumption, and social interactions. EMA

questions can be found in the Supplementary Information. Participants were also

asked to complete morning surveys 15 minutes before the start of each work day,

evening surveys 15 minutes before the end of each work day, and weekly surveys

during the afternoon on Fridays. The morning survey included questions from the

Census Sleep Diary [76], and the evening survey captured food and beverage intake

throughout the day. On Fridays of the first three weeks, participants were asked to

complete weekly surveys which included questions from the DASS-21 and the stages

of behavior change.

After the four-week observation period, participants were asked to complete an exit

survey that included scales for DASS-21, stressful life events, emotional resilience,

and the stages of behavior change. The exit survey presented 8 questions probing
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Onboarding

Common Software install

Intake survey

Weekdays�
� Morning survey�
� Evening survey�
� EMA 5 times a day

Fridays�
� Weekly surveys



Weekends�
� EMA twice a day

Pre-scheduled
Scheduled interventions


On-demand interventions

Just-in-time
Just-in-time interventions

On-demand interventions

Offboarding

Software uninstall

Exit survey

4-Week Observation

Figure 5.5: Our study procedure included onboarding with software install and intake survey, four weeks
of observation of intervention usage, surveys, and EMAs, and off-boarding with software uninstall and exit
survey.

the usability of the assigned conditions including ease of use, satisfaction, and

frustration. The exit survey also included condition-specific and open-ended questions

probing their preferences for engaging with the interventions, appropriate timing of

interventions, and how participants compared accessing interventions on-demand,

scheduling interventions in advance, or being nudged to do an intervention by a system.

It also solicited comments about the intervention content, what factors motivated

them to perform the interventions, and any perceived helpfulness or impact of the

interventions on stress reduction. These questions were identical for both conditions.

Exit survey questions can be found in Appendix C.

Each participant was compensated with a $400 Amazon gift card for their participation

and data. Our study was approved by the Microsoft Research Institutional Review

Board (IRB).
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Data Processing & Analysis

We combined data from the system usage logs and survey responses to understand

engagement patterns, intervention usage, and outcomes. We leveraged the system

usage logs for our analysis of intervention usage. Each intervention use instance

was associated with one of three intervention categories (Section 5.1.1), whether

or not it was used on-demand, timestamps of when it was started and completed,

stress levels immediately before and after the intervention use, user ratings, and any

free-form comments the participants wanted to provide. We extracted 1651 unique

intervention attempts during our study. 28.9% (477/1651) of those were started but

never completed. 96.5% (1133/1174) of the completed interventions were followed

by user ratings, and 92.4% (1085/1174) of the completed interventions had both pre-

intervention and post-intervention stress levels. We collected 6685 stress levels from

EMAs, 1174 from pre-intervention use, and 1085 from post-intervention use, for a

total of 8944 stress levels. We had both intake and exit DASS-21 measures for each

of the 86 participants and 217 DASS-21 measures from weekly surveys, for a total

of 389 DASS-21 measures. We computed momentary stress reduction by subtracting

the pre-intervention stress levels from the post-intervention stress levels and study-

long stress reduction by subtracting the DASS-21 stress sub-scale responses from the

intake surveys from that of the exit surveys, where positive values indicate higher

stress reduction. We aggregated the intervention usage and stress level data for each

participant for analysis. We mapped the participants’ reported stages of behavior

change to numerical values based on their reported stage (Stage 1: Pre-contemplation,

Stage 2: Contemplation, Stage 3: Taking action, Stage 4: Maintenance) and examined

the change in the stages of behavior change between the study start and end.

For comparing the means of the two conditions (JIT vs. Pre-scheduled), we used

the Welch Two Sample t-test. Wherever applicable, we used Benjamini-Hochberg

procedure [41] on the t-test results to correct for multiple comparisons. For comparing
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differences among participants, we used paired t-tests. We used one-way analysis

of variance (ANOVA) tests to examine differences in outcome variables (e.g., stress

reduction) with multi-level factors (e.g., intervention categories). When we found

significant results, we then investigated pairwise differences, employing Tukey’s

HSD procedure to correct for the increased risk of Type I error due to unplanned

comparisons. We used linear mixed-effects models to investigate the relationship

between per-participant characteristics and outcome variables, again investigating any

pairwise differences using Tukey’s HSD procedure to adjust for repeated testing. When

we included gender as a variable, we included the subset of participants (N=84) who

identified themselves as male or female, due to the small sample size of other gender

identity categories (N=2). For correlation analyses, we used Pearson’s correlation. We

used Python and R for processing the data and for statistical analyses.

Two researchers qualitatively coded the open-ended survey responses using inductive

thematic analysis [57]. We identified several topics of interest (e.g., the timing and

frequency of engagement with the bot, motivating factors, preferences for engagement

and interventions, desired functionalities), categorized participant responses into

themes within each topic, and quantified their occurrence.

5.1.2 Findings

We first describe the temporal trajectory of participants’ self-reported stress through-

out the study to contextualize the overall impact of the study (Section 5.1.2). Then

we organize our findings according to our research questions. We first address

RQ1, presenting the impact of the two engagement timing conditions on the overall

intervention usage, momentary and study-long stress reduction, and user ratings

(Section 5.1.2). We also include the impact of on-demand intervention usage.

We then address RQ2 and present the impact of the three intervention types on

usage, stress reduction, and ratings (Section 5.1.2). Finally, we address RQ3 and
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Figure 5.6: Self-reported stress levels throughout the study. (a) shows the average DASS-21 stress subscale
from intake, weekly, and exit surveys. DASS-21 stress scores of 0-14 indicate a ‘Normal’ stress range.
(b) shows average momentary stress levels per day from EMAs and pre-/post-intervention uses. Vertical
grey bands denote weekends to highlight daily patterns on momentary stress levels. (c) shows average
momentary stress levels across all pre-intervention uses (Pre), post-intervention uses (Post), and EMAs. All
error bands and bars indicate 95% confidence intervals.

summarize participants’ feedback on overall system usability, engagement timing,

and interventions (Section 5.1.2).

Stress over Time

Study-long stress Overall, the present sample did not experience extreme levels

of stress or statistically significant changes in stress levels from study start to study

finish. Average participant stress at study start was within a non-clinical range (i.e.,

within normal limits; x̄=9.47, σ=6.96 at study start) and remained within this range

throughout the study with little variation (Figure 5.6a), as measured by the stress

sub-scale of DASS-21 [248]. Stress levels at the study start and stress levels at the

study end (x̄=10.42, σ=7.23) indicated no statistically significant study-long change in

stress levels.
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Short-term stress Momentary stress levels, as assessed via EMAs and pre-/post-

intervention stress levels, were relatively stable throughout the course of the study

as well. Participants reported an average of 104 momentary stress levels over the

course of the four-week observation (x̄=4.19, σ=2.39 per day per participant). The

average momentary stress level was 1.87 (σ=0.91), between ‘1=Not at all stressed’

and ‘2=Slightly stressed,’ with minimal variation over the course of the study. We

also saw lower stress levels during the weekends (Figure 5.6b). Average EMA stress

level was generally below pre-intervention and above post-intervention stress levels

(Figure 5.6c).

Pre-/post-intervention stress Pre-intervention (x̄=2.16, σ=0.95) and post-

intervention (x̄=1.82, σ=0.87) stress levels indicate that interventions resulted in a

statistically significant momentary decrease in stress levels (t(1084)=18.113, p≪0.001).

RQ1: Engagement Timing Impact

Quantity of interventions used by timing Participants completed an average of

13.65 interventions over the four-week study (x̄=10.39, min=2, max=55). We found

a statistically significant difference in number of interventions completed between

the two conditions; JIT participants completed significantly more interventions than

PS participants (19.74 vs. 7.56 per participant, t(63.633)=-6.696, p≪0.001), but this is

likely due to the study design, wherein JIT participants were prompted throughout

the day.

Stress reduction by timing Despite differences in the completed usage of

interventions, we found no statistically significant difference in both momentary and

study-long stress reduction between the two conditions. We also found no correlation
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between the total number of completed interventions and study-long stress reduction

(Pearson r=-0.06).

User ratings by timing Participants had a generally positive reaction to the

interventions, giving them an average rating of 3.65, between ‘3=Acceptable’ and

‘4=Good’ (σ=0.98). We found that JIT participants rated interventions significantly

lower than PS participants by about 0.256 points (χ2(1)=5.962, p<0.05).

Behavior change stage by timing At the beginning of the study, 48.8% of

participants were in the ‘Stage 3: Taking action’ stage of behavior change, with

32.6% in ‘Stage 2: Contemplation’, 15.1% in ‘Stage 4: Maintenance’, and 3.5% in

‘Stage 1: Pre-contemplation’ stages. Controlling for the behavior change stage at the

study start, we found a statistically significant difference in advancement through the

behavior change stages between conditions: PS participants reported significantly

more advancement through the behavior change stages compared to JIT participants

(F (1)=6.834, p<0.05) and no statistically significant interaction effect between the

intake stage and condition.

On-demand usage by timing Although users could access on-demand interven-

tions in both conditions, PS participants completed statistically significantly more

on-demand interventions compared to JIT participants (2.63 vs. 0.02; t(42.125)=7.552,

p≪0.001). On average, PS participants completed interventions on-demand 38.2% of

the time (σ=0.33). 46.5% of PS participants completed on-demand 50% of the time

or more. For PS participants, interventions used on demand reduced statistically

significantly more stress than those used at pre-scheduled times (χ2(1)=10.587, p<0.01)

by about 0.23 points. According to their pre-intervention stress levels, we found

that PS participants used on-demand interventions when they were slightly more

stressed than at pre-scheduled times (2.23 vs 2.06), but the effects were not statistically
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significant (t(229.81)=-1.862, p=0.064). We found no statistically significant difference

in subjective ratings between interventions used on-demand versus those used at

pre-scheduled times.

RQ2: Intervention Type Impact

In both PS and JIT conditions, participants were able to choose from the three

intervention types whenever completing an intervention.

Quantity of interventions used by type On average, participants selected ‘Get

my mind off work’ interventions 36.8% (σ=0.254) of the time and completed 71.6%

of those selected. They selected ‘Feel calm and present’ 45.5% (σ=0.251) of the time

and completed 72.7% of those selected, and selected ‘Think through my stress’ 17.7%

(σ=0.201) of the time and completed 100% of those selected. JIT participants completed

statistically significantly more ‘Feel calm and present’ interventions (t(82.631)=-2.978,

p<0.01) and statistically significantly fewer ‘Get my mind off work’ interventions

(t(80.364)=-2.073, p<0.05) compared to PS participants. There were no statistically

significant usage differences between JIT and PS for the ‘Think through my stress’

intervention type. We modeled the impact of baseline DASS-21 stress, emotion

regulation strategies, behavior change stage, age, and gender on the completion

rate per intervention type and found the baseline DASS-21 stress to have a statistically

significant effect on the completion rate of ‘Feel calm and present’ interventions

(F (1)=5.630, p<0.05). We found no other statistically significant effects.

Stress reduction by type When we examined the impact of the completion rate

per intervention type on study-long stress reduction, we found that a higher rate of

completed uses of ‘Get my mind off work’ among all completed uses had a statistically

significant improvement on study-long stress reduction (F (1,83)=6.055, p<0.05). Of
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1085 completed intervention uses with pre- and post-intervention stress levels, ‘Think

through my stress’ reduced momentary stress by 0.41 points on average (σ=0.61), ‘Get

my mind off work’ reduced momentary stress by 0.32 points on average (σ=0.55), and

‘Feel calm and present’ reduced momentary stress by 0.26 points on average (σ=0.53;

Figure 5.7a). Intervention type had a statistically significant effect onmomentary stress

reduction (χ2(1)=9.77, p<0.01). Pairwise comparisons of intervention type revealed

that ‘Get my mind off work’ interventions reduced momentary stress more than ‘Feel

calm and present’ interventions, and ‘Think through my stress’ interventions reduced

momentary stress more than ‘Feel calm and present’–both to a statistically significant

extent. There was no statistically significant difference in momentary stress reduction

between ‘Think through my stress’ and ‘Get my mind off work.’ We found similar

results when controlling for condition (JIT/PS), baseline stress, emotion regulation

style, behavior change stage, gender, and age.

User ratings by type On average, participants’ subjective ratings of the inter-

ventions were 3.67, between ‘3=Acceptable’ and ‘4=Good,’ for ‘Get my mind off

work’ (σ=1.02), 3.67 for ‘Feel calm and present’ (σ=0.96), and 3.52 for ‘Think through

my stress’ (σ=0.96; Figure 5.7b). The intervention category had a statistically

significant effect on user rating (χ2(1)=7.44, p<0.05), such that ‘Get your mind off

stress’ interventions were rated significantly higher than ‘Think through my stress’

interventions.

RQ3: User Feedback on Intervention Timing and Types

Pre-scheduled participant feedback PS participants (N=43) used a variety of

factors for determining when they would choose to place interventions on their

calendars. Some participants chose the beginning of the day or the end of the day

(N=24), and several chose to space them throughout the week (N=7). Many looked for
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Figure 5.7: Average momentary stress reduction (a) and user rating (b) across three intervention types.
Positive stress reduction indicates that stress is reduced after intervention use on a 5-point scale (1=Not at
all stressed; 3=Moderately stressed; 5=Extremely stressed). Higher user rating on a 5-point scale (1=Very
poor; 3=Acceptable; 5=Very good) indicates that the user liked the intervention after intervention use. The
error bars indicate 95% confidence intervals across all intervention uses.

free spots on their calendar (N=13), after several back-to-back meetings when they

knew they would be stressed, or afternoons when they knew they would be tired.

PS participants liked that having interventions on the calendar held them accountable

(N=13): “I didn’t forget because it was on the calendar”; “it calmed me seeing it was

there.” There was a subgroup (N=13) that especially liked to plan interventions out or

make them recur, while others specifically mentioned their ease of use (N=5), that they

could use them on demand if they needed to (N=3), and that they liked having breaks

in the calendar to learn something new (N=6). Although some users complained that

the chatbot did not schedule interventions automatically for them based on their

availability, others noted that free times were not necessarily indicative of stressful

moments, meaning a chatbot might not pick the best time based on a simple free time

algorithm.

While 11 out of 43 PS participants told us that they liked pre-scheduled and on-

demand interventions equally, 30 participants stated a strong preference for on-

demand interventions because they were easy to access and perform when they

were stressed (in the moment) and because it was too hard to predict when they would

be stressed in the future. Though on-demand interventions were easy to access, it
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was noted that it was hard to remember to do them. 33 participants said that they

wanted automatic “nudging” by the bot based on their stress levels.

JIT participant feedback JIT participants (N=43) thought that the JIT interventions

were a good reminder to take time out of their day, especially when stressed (N=30).

They thought that the interventions were convenient and helpful (N=17). In terms of

improvements to the design of the system, JIT participants raised timing and frequency

issues: nudges were too frequent and disruptive of focus (they thought that the system

should make them easier to ignore). Although they wanted automatic detection and

interventions based on stress levels and an overly crowded calendar, they suggested

intelligent timing based on their availability and task context. Many JIT participants

liked the agency to perform the interventions when they wanted or needed to by

using the on-demand feature, which ended up being less disruptive to workflow and

kept the users in control (N=18).

System feedback On a 5-point agreement scale (1=Strongly disagree; 5=Strongly

agree), participants in both conditions agreed that the intervention system they used

during the studymade it easier to engage in interventions compared to before the study

(x̄=4.07, σ=0.98), that the system was easy to use (x̄=4.03, σ=1.13), that they found

themselves engaging in more interventions compared to before the study (x̄=3.88,

σ=1.12), and that the system met their requirements for engaging in interventions

(x̄=3.76, σ=1.09). Participants in both conditions also agreed that, if given the

opportunity, they would continue to use the system (x̄=3.38, σ=1.20), but this had the

lowest agreement scale among positive usability statements. Participants disagreed

that using the system was a frustrating experience (x̄=2.37, σ=1.18). JIT participants

found their condition-specific system to be easier to use than PS participants with

statistical significance (4.28 vs. 3.79, p<0.05). We found the differences between
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Made it easier to engage in interventions

Is easy to use*

Found myself engaging in more interventions

Meets my requirements for engaging in interventions

Is helpful for reducing my workplace stress
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Figure 5.8: Average agreement on eight statements about the system usability across Pre-scheduled (PS)
condition in blue and Just-in-time (JIT) condition in orange. The agreement was measured using a 5-point
scale (1=Strongly disagree; 5=Strongly agree). The error bars indicate 95% confidence intervals across
participants. * indicates that there is a statistically significant difference between the two conditions.

conditions to be not statistically significant in all other usability ratings. Condition-

specific agreement ratings are illustrated in Figure 5.8.

Intervention type feedback Generally, participants had the most positive reaction

to ’Feel calm and present’ and ’Get my mind off work’ interventions. Across all

participants, 30 participants felt that ‘Feel calm and present’ interventions were most

helpful and 26 felt that ‘Get my mind off work’ interventions were most helpful in

immediate stress reduction; only 4 participants felt that ‘Think through my stress’

interventions were helpful in immediate stress reduction. 16 and 12 participants felt

that ‘Feel calm and present’ and ‘Get my mind off work’ interventions had the biggest

impact on long-term stress reduction, respectively, and only 9 participants felt that

‘Think through my stress’ interventions had the biggest impact on long-term stress

reduction.

Some participant reactions to specific intervention content were polarized, according

to participant open-response feedback: one participant perceived ‘Think through my
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stress’ to be “most helpful in channeling [their] energy in a new direction” while

another thought that interventions that required introspection, such as those in the

’Think through my stress’ category, to be least helpful because “then [they were]

stressed about what [they were] writing.”; one participant perceived watching videos

of nature or an interesting place were “good for getting mind off current activities of

the day that were the contributors to stress” while another thought “the ones which

required that [they] sit at [their] computer to watch a video” to be least helpful.

Participants indicated an interest in accessing a wide variety of interventions,

expressing an overall preference for interventions that varied in their physical

environment (e.g., being physically away from the desk vs. doing interventions at the

desk), in the level of focus on stress (e.g., think about stress vs. take the mind off stress),

in the social interactions (e.g., involved other people vs. alone), in familiarity (e.g.,

surprising and new vs. known and expected), and in effectiveness (e.g., interventions

that I benefited from). Participants overwhelmingly wanted intervention content that

was simple, easy to do, and required low effort or burden.

5.1.3 Discussion

In the four-week, between-subjects study presented herein, we examined the impact of

digital micro-intervention delivery timing and content type on usage patterns and stress

reduction throughout theworkday for N=86 informationworkers. Through testing two

delivery timing conditions (PS and JIT) and three categories of intervention content

type, we showed that digital micro-interventionswere effective at reducingmomentary

stress (stress change from pre- to post-intervention), regardless of intervention

engagement timing and content type. Although delivery timing did not have a

statistically significant impact on momentary or study-long stress reduction, we

did observe noteworthy differences between user perceptions of delivery timing

conditions: JIT intervention engagement was perceived as easy to do and motivating,
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while PS intervention engagement was perceived as nicely customizable to user

work schedules. We also found that PS intervention engagement was associated

with statistically greater advancement through the stages of behavior change (i.e.,

advancement towards long-term integration of stress-reduction behaviors into

everyday life). Lastly, we found that while low-effort, positive distraction interventions

were perceived to be more helpful, high-effort, problem-solving interventions were

indeed more effective. Understood alongside our qualitative findings, which suggested

user preferences for engagement timing and content type are versatile and wide-

ranging both between people and within individuals over time, we propose stress

reduction intervention systems should support both PS and JIT intervention use and

offer a wide variety of content types.

Design Considerations and Research Needs for Workplace Intervention Systems

Extrapolating from our quantitative and qualitative findings, we offer key design

suggestions and opportunities for workplace stress-reduction intervention systems.

Integrate digital micro-interventions into the workplace.

The present study revealed that using digital micro-interventions throughout the

workday reduces momentary stress and that this effect is present across variations

in delivery timing (JIT, PS, and on-demand) and content type (low- to high-effort).

Digital micro-intervention systems will continue to be optimized for the greatest

stress-reduction impact, but even without such refinement, simply having easy access

to such interventions may empower employees to reduce their stress levels within

a matter of minutes. Further, digital micro-interventions were shown to reduce

workplace stress when used as stand-alone individual-level interventions, i.e., as

secondary strategies aimed at targeting the individual to reduce stress, without
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employing primary strategies at the organizational level aimed at eliminating the

stressors themselves [98, 372, 332, 333]. Based on these findings, we propose that

workplaces provide digital micro-intervention access to their employees as a first-line

secondary strategy for reducing employee stress when employers cannot engage with

primary strategies or as short-term harm reduction when primary strategies, such

as changing fundamental components of an organizational structure, take months

or even years to enact. Future research should compare the effectiveness of digital

micro-interventions to other secondary strategies, such as longer breaks during the

workday. Future research should also investigate whether certain primary strategies,

such as overall workload reduction, could multiply the stress-reducing effects of

digital micro-interventions and whether digital micro-intervention access could be

used as a tertiary strategy for helping employees recover from stress-related mental

and physical health issues.

Provide a personalized balance between automation and agency.

Our findings suggest that digital micro-intervention systems should offer users

multiple levels of control over the timing and content of interventions, from low-

control/high-automation options to high-control/low-automation. The majority of

participants across both conditions preferred having intervention timing determined

by the automated stress detection system (JIT) for ease of use – an opinion based

either on lived experience from being assigned to the JIT condition or on reading a

description of the JIT condition after having completed the study in the PS condition.

Yet participants also requested concurrent access to interventions on-demand, the

ability to pre-schedule interventions at their discretion, and the ability to “snooze”

the entire system. Our findings also revealed that the JIT system tested was not

sufficiently intelligent for some users due to issues like receiving intervention nudges

while busy. Further, participants in the PS condition reported more advancement
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through the stages of behavior change over the course of the study, compared to those

in the JIT condition, with the majority of participants who advanced shifting from

Stage 2: Contemplation to Stage 3: Taking action. In other words, our results suggest

that, despite JIT being the preferred condition, participating in the PS condition may

have shifted users’ self-perceptions towards being individuals capable of taking action,

while participating in the JIT condition did not change users’ self-perceptions. Overall,

despite user preferences for JIT interventions and promises of intelligent adaptability

and personalization of JITAI systems [292, 355, 386], there were benefits to user-

initiated on-demand and pre-scheduled options, especially while JIT system metrics

are undergoing refinement. Future research should systematically test various ratios of

system automation versus user control and seek to establish whether (a) user-initiated

intervention engagement promotes greater advancement through behavior change

stages than future iterations of JIT systems with more sophisticated timing algorithms,

and (b) which type of intervention engagement – user- versus system-initiated – is

the best match for each stage of behavior change [320].

Our study also revealed a parallel user interest in system-selected content. Specifically,

participants wanted to be provided with the “right” intervention for the given moment,

i.e., an intervention they would like and that would address their momentary needs.

Participants also indicated an interest in accessing a wide variety of interventions,

suggesting that novelty in and of itself may be an important component of user

engagement and, secondarily, intervention impact. Systems delivering digital micro-

interventions should have the ability to intelligently select interventions for users

depending on their momentary needs, including the need for novelty. Future research

should test the frequencywith which new content should be introduced and implement

a content-renewal system at an optimal frequency. These features will likely lead to

more sustained user engagement and stress reduction over time.
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Promote self-experimentation on intervention content that compares effective-

ness and effort.

Although incorporating individual preferences has been shown to improve the

engagement and outcomes of stress interventions [218, 305, 365, 121], our findings

suggest that users may not always be aware of which content helps reduce their stress

the most. In our study, the highest-effort interventions we tested (‘Think through my

stress’, i.e. problem solving) had the largest stress-reducing effect over the course of the

full study, across conditions and baseline characteristics. However, these interventions

were selected significantly less frequently than ‘Feel calm and present’ interventions

and were rated significantly lower than ’Get my mind off work’ interventions. Future

systems should offer users feedback and the opportunity to reflect on their past

experiences of stress reduction and content ratings, as this may prompt different and

potentially more effective choices when selecting intervention content. For example,

users could benefit from a dashboard that summarizes recent trends in self-reported

and passively-sensed stress levels, as well as intervention use, impact, and the rating

history. By exploring past behavior, users could learn about themselves, prompting

them to make more informed decisions when choosing interventions in the future.

Solicit user feedback to adapt intervention timing and content.

Just as the system providing feedback to users may facilitate their change and growth,

users providing feedback to the system can help the system improve. Participant

feedback in our study indicated that users are eager to provide suggestions and believe

it will improve their user experience. Given the wide range of participant preferences

for timing and content and the overwhelming need for personalization, this hypothesis

is likely correct. Offering users intervention timing and frequency that is “just right”

and providing users with personalized content for each user/context pairing will
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require quite sophisticated system intelligence. Opportunities for the user to train the

algorithms to perform optimally will also be necessary. For example, with the help

of the aforementioned user dashboard that summarizes trends in stress levels and

intervention behavior, users could review their recent activity to identify patterns the

system may not otherwise detect. Future research should design and test dynamic

assessment and integration of user preferences into sensing and intervention delivery

systems.

Limitations

The present study and associated findings have some important limitations.

Our sample presented with low levels of stress at the beginning of the study. Users of

all stress levels can benefit from stress reduction interventions, but different stress

levels may present different challenges for intervention design. For example, there may

be more room for improvement for high-stress individuals, but high-stress individuals

may be more resistant to interventions. As such, interventions should be designed for

and tested on a higher-stress sample. Additionally, the relative homogeneity of the

sample (all information workers, majority engineers, and majority male-identifying)

limits the generalizability of our findings.

Both JIT and PS participants had access to interventions on-demand, complicating

comparisons between the two conditions. Further, PS participants selected their

intervention content days in advance, while JIT participants selected content only

a moment in advance. Future studies should be designed to clearly separate out

the effects of JIT, PS, on-demand, and the duration between content selection and

completion. While intervention content was inspired by evidence-based stress

reduction strategies and similar to digital micro-interventions tested elsewhere, the

particular content had not been tested prior to the present study. Future work should
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test intervention content and delivery timing separately.

The stress metric employed for the JIT condition was not refined prior to study

implementation, and therefore may have prompted interventions at inopportune times.

For example, although the stress metric incorporated the number of calendar events per

day, it was not capable of distinguishing between work-related and personal events. As

personal events could have included self-care activities with stress-reducing impacts,

the assumption that a greater number of calendar events per day was associated

with greater stress may not have been fully accurate. Additional system limitations

included: (1) PS participants were required to manually schedule interventions for

themselves without the assistance of a calendar integration; and (2) eight participants

had to turn off their cameras due to heavy system load, which constrained the stress

metric employed for JIT participants.

Privacy and Ethics

User privacy is a major concern with any application that tracks user behavior.

Privacy in the context of work-related stress is even more sensitive, since, in a toxic

work environment, stress-related concerns can be stigmatized [129]. Hence, privacy

regarding tracking stress-related data is very sensitive, and it must be well regulated

within respective organizations. Note that for inferring stress, we used high-level

activity data from each participant (e.g., the total number of emails in a given window,

the total number of minutes in meetings, etc.). Such data pose relatively few privacy

challenges. Irrespective of the granularity of such data, strong regulations need to be

established regarding this data collection. In addition, ethical decisions about when

to intervene, the granularity of intervention (e.g., individual level, community level,

etc.), and how such interventions align with the individual preferences for receiving

interventions need to be well thought out through user-centered design and ethical

review boards within our respective communities. We intend to embrace all of these
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challenges in our efforts to confront workday stress and all of its adverse side effects

for information workers.

5.2 EVALUATION OF INTERVENTION ENGAGEMENT ATWORK

Our prior study with Huey (Section 5.1) revealed that just-in-time (JIT) micro-

interventions are effective in significantly reducing momentary stress. We also found

participants in both PS and JIT conditions desired an automated system that would

be intelligent about the right timing to send the nudges and the right intervention

for the given moment – a feature promised by JITAI systems [292]. Just-in-time

adaptive intervention (JITAI) systems have been proposed to optimize precision

support and personalized intervention delivery, with a promise to deliver the most

effective intervention at the moment that the person is most receptive [292, 355].

Operationalizing the adaptation of the system requires choosing appropriate tailoring

variables and intervention options to drive the system’s decision-making on when to

intervene and what to intervene with. Although the use of passively sensed data for

contextual understanding and system adaptation is often recommended for the design

of JITAI systems [47], many JITAI systems still rely mostly on ecological momentary

assessments (EMAs), app usage, or simple temporal features [431, 48]. Passive sensing

technologies, however, can offer numerous sets of contextual variables (e.g., location,

calendar, movement, activity), and the challenge in designing sensing-capable JITAI

systems lies in identifying a core set of tailoring variables that the system should

consider for optimizing effective engagement [460].

Prior research has examined factors for engagement in digital mental health interven-

tions (DMHIs) [122, 53], such as personal (e.g., demographics, personalities), content-

related (e.g., perceived fit, usefulness), and technology-related factors (e.g., technical

issues, privacy). However, most of the works reviewed investigate study-long

engagement rather than in-the-moment engagement factors. Momentary engagement
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factors have been increasingly important for improving the usability of interventions

in real-world contexts [36], especially since the integration of intervention usage

into life is a core facilitator for engagement [53]. Despite the promises of JITAI

systems to provide precision support [47], very few studies demonstrate the value

of just-in-time support in improving user engagement [170, 48]. Therefore, our goal

and key contribution is to identify key tailoring variables that influence momentary

engagement in digital interventions to inform the design of JITAI systems.

Unlike laboratory experiments or controlled studies, our study allows observing users’

moment-by-moment interactions with the system in naturalistic work environments.

We leverage passively sensed data to gain a glimpse into participants’ daily work

activities (e.g., emails, meetings, computer activity) and how the work context

influences their engagement patterns. In addition, the system usage and telemetry,

including which intervention participants chose and liked, can be leveraged to adapt

the behavior of the system. Such contextual and intervention data, along with

individual demographics, can reveal information about the appropriate conditions

that lead to momentary intervention engagement and positive outcomes.

To understand factors that influence the engagement and efficacy of workplace stress-

reduction JITAI systems, we analyzed data from the four-week deployment study

with Huey, a just-in-time (JIT)4 micro-intervention system described in Section 5.1.1.

Drawing inspiration from prior study findings, we identified five research questions

to guide the analysis (Section 5.2.1). We combined participant characteristics data

from 43 participants with system usage and telemetry data to contextualize 1,585

system-initiated interventions (Section 5.2.2). From statistical modeling of the impact

of individual, contextual, and intervention-related factors on engagement outcomes

(Section 5.2.2), we confirmed that individual factors (e.g., age, gender, personality

4This system did not adapt the intervention content based on changing state or user context and, therefore, is not
a full JITAI system.
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<Start intervention>

<End intervention>

Now is a good time for you to 
do a brief intervention. Are 
you up for it?

Yes, I have 5 minutes.

No, let’s schedule for later.

Great! What are you in the 
mood for right now?

Get my mind off work

Feel calm and present

Think through my stress

To get started, please rate 
your stress.

Not at all

Slightly stressed

Moderately stressed

Very stressed

Extremely stressed

Let’s see if your stress level 
has changed. Please rate 
your current stress.

Not at all

Slightly stressed

Moderately stressed

Very stressed

Extremely stressed

Wow, your stress dropped 
from ‘Very stressed’ before 
this intervention down to 
‘Slightly stressed’!



Thank you for trying an 
intervention. I’ll check in later!

How would you rate this 
intervention?

Very poor

Poor

Acceptable

Good

Very good

<Show intervention content>

I’m done

Great! Select a time from the 
drop down. I’ll check in with 
you then.

Select an option

3:00 PM


3:30 PM


4:00 PM


4:30 PM

a

b

c d e

f

g

Figure 5.9: System-initiated intervention flow. (a) System sends a nudge to users to perform an intervention.
(b) Users can opt to postpone the intervention at a later time. (c) If users choose to do an intervention, they
can select from one of three intervention categories. (d) Users first self-report their current stress level. (e)
The system shows the intervention content for users to interact with. (f) User rates the intervention. (g)
Users self-report their stress levels after the intervention.

traits, coping skills), as well as contextual and content-related factors (e.g., availability,

intervention modality), significantly influenced momentary intervention engagement,

intervention choice, user ratings, and stress reduction outcomes (Section 5.2.3). These

findings suggest tailoring guidelines for JITAI systems whereby contextual and

personalized factors can be used to find a positive balance between user preferences

and maximal intervention efficacy (Section 5.2.4).
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5.2.1 Motivating the Research Questions

There are multiple considerations that influence JITAI systems’ decision points (i.e.,

“a time at which an intervention decision is made” [292]), such as the right timing

for a prompt, the right intervention for the moment, or the intervention likely to be

engaged in. In the deployment study, decisions are not made entirely by the JITAI

systems. For example, users take several turns with the system, and each turn-taking

requires an explicit input (i.e., decision) from the user (Figure 5.9). Therefore, tailoring

JITAI systems requires not only considerations of contexts but also the impact of

user decisions on subsequent interactions. In this section, we draw inspiration from

the deployment study and prior findings from Section 5.1.2 to motivate five research

questions surrounding the engagement and efficacy of system-initiated interventions.

In Section 5.1.2, we found that participants desired intelligent timing based on their

availability and task context. To characterize the timing of system nudges that

would increase the likelihood of engagement, we first aimed to understand what

contextual factors (e.g., workload) and individual characteristics (e.g., personality)

lead to engagement in the system-initiated interventions (RQ1).

RQ1. What factors are associated with the engagement in system-initiated interven-

tions?

The system design allowed participants to choose an intervention category when

the bot prompted them to do an intervention (Figure 5.9c). Here, we found that

participants had differing opinions about their intervention preferences which might

influence their choices. As a follow-up, we explored how different conditions might

influence their choices for intervention categories (RQ2).

RQ2. What factors are associated with the choice of intervention categories?
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Once a category was chosen, the system randomly selected the least used intervention

for the participant to engage in. The interventions could be one of three modalities,

and some interventions could be done at the desk while others suggested moving about

indoors or outdoors. These characteristics of interventions, such as location, modality,

and effort level, are important to consider because certain interventions might not

be feasible in certain situations (e.g., the participant cannot go outside) [364, 87]. To

understand the consequences of the intervention choice, both the category chosen by

the participant and the specific intervention randomly chosen by the system, we aimed

to identify contextual, individual, and intervention-related factors on the engagement

of that particular intervention (RQ3).

RQ3. Once chosen, what factors are associated with the engagement in the chosen

interventions?

Finally, we aimed to understand how contextual, individual, and intervention-related

factors affected the user’s rating of the interventions (RQ4) and the effectiveness of

interventions on stress reduction (RQ5).

RQ4. Once engaged, what factors are associated with the rating of interventions?

RQ5. Once engaged, what factors are associated with the (momentary) effectiveness

of interventions?

5.2.2 Data, Processing, and Analysis

To understand which factors contribute to participants engaging in a system-

initiated intervention and the effectiveness of interventions at a given moment, we

incorporated several data sources. We leveraged per-participant demographics and

validated scale responses (coping skills and personality traits) to explain individual

differences (Participant Characteristics). From participants’ interactions with the



213

system, we determined whether a system-initiated intervention was completed and

the effectiveness and rating of interventions once engaged (System Interactions). We

harnessed passively sensed data streams to explain the context surrounding the system

initiation and intervention engagement (Passively Sensed Context).

This section describes each data source, the motivation for using a subset of variables

within each data source, the definition and processing of extracted metrics, and the

evaluation of the metrics that led to the final set of variables used for modeling. We

then describe our analysis approach. Table 5.1 describes the full set of variables

selected for our analysis and their descriptive statistics.

Participant Characteristics

We included demographic variables and personality traits that have been shown to

impact engagement [53]. We also included participant coping skills that we assumed

to be stable throughout the 4-week study.

Age and gender 67.4% of the 43 participants identified as male. Three participants

self-reported to be 18-25 years old, 11 to be 26-35 years old, 18 to be 36-45 years old,

eight to be 46-55 years old, two to be 56-65 years old, and one to be 66+ years old.

Because of the small sample sizes on either end of the age groups, we combined the

lower two and upper three age groups to create more balanced age groups.

Coping skills We included emotion regulation [161] measured by two primary

components. Cognitive reappraisal measures a person’s ability to change the

view of the situation. Expressive suppression measures a person’s ability to

control the expressive emotional response. Both components range from 1 to 7,

with 7 representing high reappraisal and high suppressive ability. We included

resilience [379], ranging from 1 to 5 with 5 being high resilience, as the ability to
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Table 5.1: List of the per-participant, per-half hour, per-nudge, and per-intervention variables and their
descriptive statistics.

Variable Distribution

Per-participant Age 18-35 (14), 36-45 (18), 46+ (11)
Gender Man (29), Woman (14)
Cognitive Reappraisal x̄=4.69, σ=1.09, min=2, max=7
Expressive Suppression x̄=3.74, σ=1.26, min=2, max=6
Resilience x̄=3.51, σ=0.89, min=2, max=5
Agreeableness x̄=3.79, σ=0.74, min=2, max=5
Conscientiousness x̄=4.12, σ=0.83, min=2, max=5
Extraversion x̄=2.62, σ=0.86, min=1, max=4
Neuroticism x̄=2.85, σ=1.04, min=1, max=5
Openness x̄=3.48, σ=0.79, min=2, max=5
Engagement Skewness x̄=-0.09, σ=0.58, min=-1.41, max=1.41

Per-half hour Nudge Probability x̄=0.06, σ=0.04, min=0.02, max=0.30

Per-nudge Meeting Counts x̄=0.30, σ=0.51, min=0, max=3
No Meeting Minutes x̄=5.43, σ=11.79, min=0, max=50
Self Event Counts x̄=0.12, σ=0.37, min=0, max=3
Email Messages Sent x̄=0.39, σ=0.88, min=0, max=8
Email Messages Read x̄=3.22, σ=5.09, min=0, max=54
Chat Messages Count x̄=3.88, σ=5.90, min=0, max=64
Adhoc Call Count x̄=0.04, σ=0.21, min=0, max=2
Number of Attention Signals x̄=1442.64, σ=1316.68, min=0, max=5705
Nudge Source JIT algorithm (1337), Rescheduled (248)
Engaged TRUE (563), FALSE (1022)

Per-intervention Category Address (112), Calm (338), Distract (200)
(chosen) Engaged TRUE (563), FALSE (87)

Modality Video (113), Prompt (384), Conversation (24)
Location At desk (422), Inside (84), Outside (15)

Per-intervention Stress Reduction x̄=0.29, σ=0.53, min=-1, max=3
(completed) Rating x̄=3.61, σ=1.02, min=1, max=5

Improved TRUE (150), FALSE (371)
Liked TRUE (289), FALSE (232)
Stress Before x̄=2.14, σ=0.97, min=1, max=5
Category Address (77), Calm (275), Distract (72)
Modality Video (60), Prompt (340), Conversation (24)
Location At desk (325), Inside (84), Outside (15)

bounce back or recover from stress. Both emotion regulation and resilience measure a

person’s ability to cope with stressors.

Personality traits We also included the Big Five personality traits [99, 272, 205]

because they are known to impact stress [97, 52] and engagement in mental health
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treatment [53]. Agreeableness is described as being friendly, caring, likable, and

altruistic. Conscientiousness is related to being competent, organized, thorough,

and deliberate. Extraversion is related to being sociable, energetic, adventurous, and

enthusiastic. Neuroticism is described as being anxious, irritable, self-conscious, and

vulnerable. Openness is associated with being curious, imaginative, unconventional,

and interested in a variety of things. Openness, neuroticism, and agreeableness are

generally associated with higher engagement in DMHIs [53]. Each personality trait

ranges from 1 to 5, with 5 representing the high presence of the trait.

System Interactions

From system usage data, we reconstructed each participant’s step-by-step interaction

with the system as represented in Figure 5.9.

Engagement label We labeled each system-initiated intervention as “engaged”

in an intervention (i.e., Engaged = TRUE) if the participant explicitly marked the

intervention as done (i.e., clicking on “I’m done” button in Figure 5.9e), regardless of

whether they completed any subsequent prompts (i.e., Figure 5.9f-g). Any ignored,

incomplete, or timed-out nudges were considered not engaged.

As shown in Figure 5.9b, participants can opt to postpone the intervention to a later

time. Each system-initiated intervention that was triggered at this later requested

time was categorized as “rescheduled” (i.e., Nudge Source = Rescheduled). Although

these rescheduled nudges looked identical to JIT nudges, we hypothesized that the

participants would be more likely to engage in a system-initiated intervention if they

remembered having postponed the intervention to a time that is more suitable for

engagement.

We found that 91.3% of nudges were responded to within 30 minutes of the nudge.
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Each nudge is canceled by the system if there had not been a participant response

in 30 minutes and if there were outstanding EMA requests. Once participants began

conversing with the bot, 96.8% of the engaged interventions were completed within

30 minutes of the first interaction with the bot. To better capture the context

surrounding the intervention engagement, we associated each engagement label with

a timestamp from the first interaction with the bot. For cases where the participant

ignored the nudge, we associated each engagement label with a timestamp of the

initial nudge.

Because our goal is to understand the influence of workplace contextual factors, we

limited our analysis to weekdays (Monday-Friday). We further excluded days that

participants explicitly stated as being out of the office for the entire day to remove

noise introduced by atypical weekdays. As a result, there was a total of 1,585 system-

initiated interventions with available context data, and 35.5% (563) of those nudges

led to a completed intervention engagement.

Intervention choice When the system sends a nudge to perform an intervention,

users can choose from three intervention categories (Figure 5.9c). For simplicity, we

refer to these three intervention categories as ‘Distract’ (i.e., ‘Get my mind off work’),

‘Calm’ (i.e., ‘Feel calm and present’), and ‘Address’ (i.e., ‘Think through my stress’),

respectively, in the rest of the paper. There were 18 interventions per category.

If a participant chose an intervention category (Figure 5.9c), we marked that nudge

with binary labels of Distract Chosen, Calm Chosen, or Address Chosen. Each of

these interventions was further labeled with Modality and Location based on the

specific intervention that the system chose within the category. Modality is one of

three options – video, prompt, or conversation. Of all the interventions presented

to participants, there were 113 video-based, 384 prompt-based, and 24 conversation-

based interventions. Location refers to whether the intervention could be performed
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at the desk (e.g., watching a nature video), anywhere inside (e.g., running cold water

on your hands), or outside (e.g., taking a walk). There were 422 interventions that

were done at the desk, 84 inside, and 15 outside. There were 650 total instances with

category labels, and 563 (86.6%) of those were “engaged” interventions.

Engagement outcome Of 563 system-initiated interventions that were engaged,

521 (92.5%) had both pre- and post-intervention stress ratings and intervention ratings.

275 of these interventions engaged were Calm interventions, 169 were Distract

interventions, and 77 were Address interventions.

We looked at two outcome metrics – momentary Stress Reduction and intervention

Rating. The average stress rating before engaging in the intervention was 2.14 (σ=0.97)

on a 5-point scale (1=Not at all stressed; 5=Extremely stressed). On average, each

intervention engagement led to a momentary stress reduction of 0.28 (σ=0.53) and

a rating of 3.61 (σ=1.02; 1=Very poor; 5=Very good). We further binarized these

outcome metrics to determine if a certain intervention engagement Improved stress

(i.e., self-reported stress rating was lowered after the intervention use) and if the

participant Liked the intervention (i.e., rated as ‘Good’ or ‘Very good’). In our data,

Stress Reduction and Rating were positively correlated (Pearson r=0.214, p≪0.001). As

such, the binarized outcomes, Improved and Liked, were also significantly associated

(χ2(1)=18.839, p≪0.001).

System-initiated intervention probability Throughout the 4 week study, the

average number of interventions in which participants engaged increased from 1.61

(σ=1.66) per participant at week 1 to 5.84 (σ=3.98) at week 4. This increase could be

plausibly attributed to the increased number of nudges sent to the participants as

the study progressed (Figure 5.10a). Week 1 of the study happened to be the week

following a major US holiday (4th of July) when many employees were more likely
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Figure 5.10: Weekly trend of (a) the number of system-initiated interventions, (b) the number of intervention
engagements, (c) the average momentary stress ratings (1=Not at all; 2=Slightly stressed; 3=Moderately
stressed), (d) the number of work days and workload, (e) the number of hours spent in meetings, and
(f) the number of hours spent in attending to emails. Error bars indicate 95% confidence intervals from
bootstrapping (n=1000).

to recharge after vacations [444]. The average number of work days per participant

during week 1 was 4.33 (σ=1.02), compared to 4.90 during week 3 (σ=0.37, Figure 5.10d).

Our data revealed that the general workload was lower immediately following the

holidays. In fact, the meeting volume significantly increased throughout the study

(β=1.269, F(1)=7.479, p=0.007, Figure 5.10e). The average total hours of meetings per

week increased from 8.94 (σ=6.41) at week 1 to 13.19 (σ=6.38) at week 4 (t(82.0)=-3.048,

p=0.003, Figure 5.10e). The average total hours of email per week increased from 4.74

(σ=2.91) at week 1 to 6.03 (σ=3.52) at week 4 (t(79.2)=-1.827, p=0.071, Figure 5.10f).

The system determined the threshold for triggering interventions based on the
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individual baselines captured at week 1. Both the increased workload and self-reported

stress ratings are likely to have caused the average number of nudges per participant

to increase after the first week. Although the number of intervention engagements

increased with the increased number of nudges, the fraction of nudges that led to

engagement decreased over time with 0.549 (σ=0.385) at week 1 to 0.393 (σ=0.242)

at week 4 (Figure 5.10b), indicating that there may be an upper limit to the number

of nudges that will lead to engagements. In fact, the weekly number of nudges and

the fraction of engagements were negatively correlated (Pearson r=-0.319, p=1.786e-

06). Therefore, when modeling the factors that contribute to engagement in system-

initiated interventions, we also consider the general probability of receiving a nudge

in the following way.

On average, participants received 48.37 (σ=15.29) system nudges and performed 18.2

(σ=9.48) interventions during the 4-week study. Although each of these nudges could

be considered as an independent, repeated observation, system-initiated interventions

were not uniformly distributed throughout the day due to particulars of the system

design. The system nudges partially depended on self-reported stress levels which

were captured through EMAs. These EMAs were spread out evenly between the fixed

start and end work hours of each participant, typically 8 AM and 5 PM. Because the

system’s JIT algorithm runs every 5 minutes to check if a nudge needs to be sent based

on the stress score and the EMA stress ratings, the most likely hours for receiving a

system nudge is shortly after the EMA, leading to each participant receiving more

nudges during certain hours of the day than others (Figure 5.11a). To account for such

variability in receiving system-initiated interventions, we incorporate the momentary

nudge probability in our analysis. Because the range of nudge probabilities is small

(x̄=0.06, σ=0.04), we multiply the measure by 100 to represent it in percentages.
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Figure 5.11: (a) Probability of receiving a system-initiated intervention during typical work hours (8
AM - 5 PM). Error bars indicate 95% confidence intervals from bootstrapping (n=1000). (b) Kernel density
estimate for engaging in a system-initiated intervention. Blue lines indicate participants for whom the
Fisher-Pearson coefficient of skewness is significant (p < 0.05).

Temporal engagement skewness Prior research has found that different hours

of the day were seen as good or not-so-good timing for stress interventions [355].

In Section 5.1.2, we found that participants typically scheduled interventions at the

beginning or the end of the day, indicating that there may be individual preferences for

when to engage in interventions. To examine if a certain participant has a temporal

tendency to engage, we computed the Fisher-Pearson coefficient of skewness, or

Engagement Skewness, on the hourly intervention engagements per participant. A

positive Engagement Skewness means that the participants tend to engage at the

beginning of their workday, and a negative Engagement Skewness means that the

participants tend to engage towards the end of their workday. We used the skewness

metric instead of simply looking at the engagement during the morning and the

afternoon to account for individual differences in working hours. We found that

61.90% of the participants skewed towards engaging at the end of the day while 38.10%

of the participants skewed towards the beginning of the day. Figure 5.11b shows

the probability density distribution of intervention engagement per participant. We

incorporated this skewness per participant in our analysis.
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Passively Sensed Context

To understand the context surrounding a system-initiated intervention, we leveraged

two sources of passively sensed data that required little or no action from the

participants to collect.

One source is the custom sensing software that ran on participants’ desktops to infer

stress scores. The sensing software also captured general user computer activity events

such as mouse and keyboard interactions into a single metric, Number of Attention

Signals, which could be an important indicator for presence. We hypothesized that

presence at the computer could lead to higher engagement in interventions as the

nudges were designed to grab the attention of participants at work. The range of

values for Number of Attention Signals was fairly large (max=5705) compared to other

variables, so we divided the values by 2000 to estimate a comparable coefficient and

confidence intervals during modeling (i.e., to have odds ratios within 2 decimal points).

When interpreting the effect sizes, we corrected for this factor of 2000. We also

hypothesized that the likelihood of engaging in a stress-reduction intervention during

active participation in a meeting is low. Therefore, we included No Meeting Minutes

to represent the total number of minutes without a scheduled meeting with others

and Self Event Count as the total number of calendar events with only the participant

as the attendee.

The other is data collected via Microsoft’s Viva Insights5. As part of the enrollment

process for the study, we obtained explicit consent from all participants to join their

study data with their Viva Insights data. Viva Insights captures de-identified activity

aggregates in 30-minute windows for Microsoft tools across all devices associated with

an individual’s work account. From this source, we included Meeting Counts, Adhoc

Call Count, and Email Messages Sent/Read. We excluded Chat Messages Count from

5https://docs.microsoft.com/en-us/workplace-analytics/use/metric-definitions

https://docs.microsoft.com/en-us/workplace-analytics/use/metric-definitions
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our analysis because the nudges were delivered through Teams, and our data source

cannot be used to discern if the messages were coming from the bot. Comparison of

means revealed that there was a significant difference in Chat Messages Count between

when participants were engaged and when they were not engaged in an intervention

(t(1312.6)=−3.452, p≪0.001).

Because our data is limited to half-hourly windows, we associated the contextual

metrics with each system-initiated intervention by taking the half-hour window that

holds the nudge timestamp.

Analysis

All research questions (Section 5.2.1) are aimed at estimating the effects of contextual,

individual, and intervention characteristics on binary outcome variables (e.g., Engaged,

Distract Chosen, Liked). Thus, we built a logistic regression model predicting each

outcome based on a combination of per-participant characteristics, per-half-hour

nudge probability, per-nudge contextual metrics, or per-intervention metrics as fixed

effects. The outputs of the logistical regression models are presented as odds ratios

in Table 5.2-Table 5.6, representing a ratio of odds (e.g., probability of engaging vs

probability of not engaging) under two different conditions (e.g., being a woman vs

not being a woman). The data processing was conducted using Python packages (e.g.,

numpy, pandas, scipy, seaborn) and the models were tested using R libraries (e.g.,

lme4, car, performance).

We determined the significance of the fitted model against the null hypothesis model

using the analysis of deviance. We conducted analyses of variance to estimate the

significance of fixed effects. Because the data is unbalanced (i.e., unequal number of

observations for each level of a factor), we obtain Type II sums of squares [230]. For

categorical variables of 3 levels or more (e.g., Age Group, Category) that were found
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Table 5.2: RQ1: Odds ratios and confidence intervals for each predictor of Engaged for all system-initiated
nudges. (* p<0.05, ** 0.05<p<0.01, *** 0.01<p<0.001).

Engaged

Predictors Odds Ratios CI

(Intercept) 0.10*** 0.03 – 0.30
Age Group (36-45) 1.17 0.88 – 1.56
Age Group (46+) 1.47* 1.07 – 2.02
Gender (Woman) 1.37* 1.05 – 1.79
Cognitive Reappraisal 1.14* 1.01 – 1.29
Expressive Suppression 0.92 0.83 – 1.02
Resilience 1.05 0.88 – 1.25
Agreeableness 0.87 0.72 – 1.05
Conscientiousness 1.13 0.96 – 1.33
Extraversion 1.03 0.89 – 1.21
Neuroticism 0.97 0.83 – 1.12
Openness 1.15 0.99 – 1.34
Engagement Skewness 0.64*** 0.51 – 0.79
Nudge Probability 1.02 1.00 – 1.05
Meeting Counts 0.62*** 0.49 – 0.78
No Meeting Minutes 1.00 0.99 – 1.01
Self Event Counts 1.15 0.85 – 1.54
Email Messages Sent 1.05 0.92 – 1.20
Email Messages Read 1.01 0.99 – 1.03
Adhoc Call Count 0.89 0.52 – 1.49
Number of Attention Signals 1.39*** 1.17 – 1.66
Trigger Source (Rescheduled) 1.77* 1.32 – 2.38

Observations = 1585; Tjur’s R2=0.073

to be significant, we estimated pairwise differences using Tukey’s HSD procedure.

Multicollinearity in fixed effects was tested using the variance of inflation factor (VIF),

and none of our models exhibited a multicollinearity issue. All reported effects are

statistically significant (p < 0.05) unless noted otherwise.

5.2.3 Results

RQ1: Effects on intervention engagement

To answer RQ1, we modeled Engaged as a function of per-participant characteristics,

per-half hour nudge probability, and per-nudge contextual metrics. The logistic
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regression model of Engaged with all fixed effects was significantly different from the

null hypothesis model (i.e., Engage∼ 1; χ2(21)=115.5, p≪0.001). Table 5.2 outlines the

odds ratios and confidence intervals for each predictor. We found Gender, Cognitive

Reappraisal, Engagement Skewness, Meeting Count, Number of Attention Signals, and

Nudge Source to have statistically significant effects according to Type II analyses of

variance (p < 0.05).

Reviewing the coefficients of our fixed effects, we found that being 46+ years old,

being a woman, higher Cognitive Reappraisal, higher Number of Attention Signals, and

receiving a rescheduled nudge led to a higher likelihood of intervention engagement.

For predictors that increased the likelihood of engagement, receiving a rescheduled

nudge has the largest effect size, with a 77% increase in the likelihood of engaging in

the intervention compared to JIT algorithm-based nudges. Being in the 46+ age group

has a 47% increase in the likelihood of engaging compared to being in the baseline

(i.e., 18-35 age group). An increase of 2000 attention signals has a 39% increase in

the likelihood of engaging. Being a woman has a 37% increase in the likelihood of

engaging than not being a woman (or being a man, since our sample only included

two gender types). An increase of one point in cognitive reappraisal skills would

result in a 14% increase in the likelihood of engaging.

On the other hand, higher Engagement Skewness and Meeting Count led to a lower

likelihood of intervention engagement. For predictors that decreased the likelihood

of engagement, an increase of one unit in Engagement Skewness would lead to a 36%

decrease (i.e., 1 − 0.64 = 0.36) in the likelihood of engaging. In plain terms, the

more the participant tends to engage at the beginning of the day, the less likely they

would engage in interventions. Having one more meeting has a 38% decrease in the

likelihood of engaging. Inversely, having one less meeting leads to a 61% increase (i.e.,

1 / 0.62 = 1.61) in the likelihood of engaging.



225

RQ2: Effects on intervention choice

To answer RQ2, we modeled each of the three outcome measures – Distract Chosen,

Calm Chosen, and Address Chosen – as a function of per-participant characteristics,

per-half hour nudge probability, and per-nudge contextual metrics. Table 5.3 outlines

the odds ratios and confidence intervals for all models.

Likelihood of choosing Distract interventions

The logistic regression model of Distract Chosen was found to be significant

(χ2(21)=75.65, p≪0.001). Reviewing the coefficients of our fixed effects, we found

that being 36-45 years old increased the likelihood of choosing Distract interventions

by 65%. Being 36-45 years old had a higher likelihood of Distract interventions than

being 46+ years old and being 18-35 years old, but only the differences from being 46+

years old were statistically significant. An increase of one point in Openness scale had

a 67% increase in the likelihood of choosing Distract interventions. On the other hand,

being a woman and an increase of 2000 attention signals decreased the likelihood of

choosing Distract interventions by 38% and 35%, respectively.

Likelihood of choosing Calm interventions

The logistic regression model of Calm Chosen was found to be significant

(χ2(21)=38.641, p=0.011). We found that an increase of one point in cognitive

reappraisal skills has a 27% increase in the likelihood of choosing Calm interventions.

On the other hand, an increase of one point in Openness has a 29% decrease in the

likelihood of choosing Calm interventions.
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Table 5.3: RQ2: Odds ratios and p-values for each predictor of Distract Chosen, Calm Chosen, Address
Chosen for all participant chosen interventions (* p<0.05, ** 0.05<p<0.01, *** 0.01<p<0.001).

Distract Chosen Calm Chosen Address Chosen

Predictors Odds Ratios CI Odds Ratios CI Odds Ratios CI

(Intercept) 0.11* 0.01 – 0.73 1.84 0.32 – 10.62 0.44 0.04 – 4.52
Age Group (36-45) 1.65* 1.03 – 2.67 0.62* 0.40 – 0.96 0.88 0.46 – 1.65
Age Group (46+) 0.71 0.40 – 1.26 0.95 0.57 – 1.57 1.6 0.85 – 3.07
Gender (Woman) 0.62* 0.39 – 0.98 1.31 0.87 – 1.96 1.29 0.73 – 2.26
Cognitive Reappraisal 1.01 0.82 – 1.25 1.27* 1.06 – 1.53 0.67* 0.53 – 0.84
Expressive Suppression 0.99 0.83 – 1.19 1.06 0.90 – 1.25 0.95 0.75 – 1.18
Resilience 0.93 0.69 – 1.25 0.87 0.67 – 1.13 1.42* 1.00 – 2.02
Agreeableness 0.75 0.55 – 1.03 1.02 0.77 – 1.36 1.46 0.99 – 2.20
Conscientiousness 1.30 0.98 – 1.75 0.92 0.71 – 1.18 0.74 0.51 – 1.05
Extraversion 1.18 0.91 – 1.53 1.00 0.79 – 1.27 0.79 0.57 – 1.11
Neuroticism 0.88 0.68 – 1.14 1.00 0.79 – 1.26 1.36 0.99 – 1.89
Openness 1.67** 1.30 – 2.16 0.71* 0.57 – 0.88 0.83 0.60 – 1.13
Engagement Skewness 1.12 0.74 – 1.68 1.11 0.78 – 1.59 0.86 0.53 – 1.38
Nudge Probability 1.00 0.96 – 1.05 1.01 0.97 – 1.05 0.97 0.92 – 1.03
Meeting Counts 0.84 0.55 – 1.25 1.07 0.76 – 1.52 1.14 0.71 – 1.77
No Meeting Minutes 1.00 0.99 – 1.02 1.00 0.99 – 1.01 1.00 0.98 – 1.02
Self Event Counts 1.08 0.63 – 1.79 0.83 0.53 – 1.30 1.19 0.65 – 2.05
Email Messages Sent 1.05 0.84 – 1.30 1.00 0.82 – 1.22 0.99 0.74 – 1.30
Email Messages Read 1.03 0.99 – 1.07 0.99 0.96 – 1.03 0.96 0.90 – 1.01
Adhoc Call Count 0.88 0.36 – 1.94 0.93 0.45 – 1.93 1.26 0.45 – 3.05
Number of Attention Signals 0.65** 0.48 – 0.87 1.18 0.92 – 1.53 1.33 0.94 – 1.87
Trigger Source (Rescheduled) 1.01 0.61 – 1.63 0.76 0.49 – 1.16 1.39 0.81 – 2.35

Observations = 650 Tjur’s R2=0.115 Tjur’s R2=0.059 Tjur’s R2=0.089

Likelihood of choosing Address interventions

The logistic regression model of Address Chosen was found to be significant

(χ2(21)=53.352, p≪0.001). We found that an increase of one point in Resilience

increases the likelihood of choosing Address interventions by 42%, while an increase

of one point in cognitive reappraisal skills decreases the likelihood of Address

interventions by 33%.
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Table 5.4: RQ3: Odds ratios, confidence intervals, and p-values for each predictor of Engaged for all
interventions after participants chose a category (* p<0.05, ** 0.05<p<0.01, *** 0.01<p<0.001).

Engaged after chosen

Predictors Odds Ratios CI

(Intercept) 0.05* 0.00 – 0.94
Age Group (36-45) 1.06 0.54 – 2.05
Age Group (46+) 1.65 0.71 – 4.02
Gender (Woman) 1.65 0.88 – 3.16
Cognitive Reappraisal 1.11 0.83 – 1.48
Expressive Suppression 1.25 0.95 – 1.57
Resilience 1.63* 1.05 – 2.59
Agreeableness 1.24 0.77 – 2.00
Conscientiousness 0.81 0.55 – 1.17
Extraversion 0.72 0.48 – 1.08
Neuroticism 1.39 0.96 – 2.07
Openness 1.24 0.88 – 1.76
Engagement Skewness 1.01 0.60 – 1.73
Nudge Probability 1.01 0.95 – 1.07
Meeting Counts 0.65 0.41 – 1.06
No Meeting Minutes 1.00 0.98 – 1.02
Self Event Counts 1.94 0.86 – 5.61
Email Messages Sent 1.16 0.84 – 1.67
Email Messages Read 0.97 0.93 – 1.03
Adhoc Call Count 0.54 0.23 – 1.33
Number of Attention Signals 0.90 0.61 – 1.33
Trigger Source [Rescheduled] 1.79 0.85 – 4.10
Category [Calm] 1.14 0.60 – 2.14
Category [Address] 0.55 0.22 – 1.43
Modality [prompt] 3.53* 1.35 – 9.60
modality [video] 5.86* 1.69 – 21.68
Location [Inside] 0.43* 0.23 – 0.83
Location [Outside] 0.34 0.11 – 1.18

Observations = 650; Tjur’s R2=0.12

RQ3: Effects of intervention choice on engagement

To answer RQ3, we modeled Engaged as a function of per-participant charac-

teristics, per-half hour nudge probability, per-nudge contextual metrics, and per-

intervention characteristics. The logistic regression model of Engaged was significant

(χ2(27)=69.595, p≪0.001, Table 5.4)We found that an increase of one point of Resilience

would increase the likelihood of engaging by 63%. The effects of Modality were

more pronounced. Having a prompt-based and video-based intervention increased
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the likelihood of engaging by 253% and 486%, respectively, compared to having a

conversation-based intervention. Pairwise comparison for Modality also confirmed

that conversation-type interventions were less likely to lead to engagement compared

to video or prompt-based interventions. Having an intervention that could be

performed inside, but not at the desk, decreased the likelihood of engaging by 57%.

Inversely, having an intervention that could be performed at the desk increased the

likelihood of engaging by 133% (i.e., 1/0.43 = 2.33) compared to one that could be

done indoors.

RQ4: Effects on intervention rating

To answer RQ4, we modeled Liked as a function of per-participant characteristics,

per-half hour nudge probability, per-nudge contextual metrics, and per-intervention

metrics. Because we wanted to account for the potential impact of the intervention

effects on its rating, we included Stress Reduction as another fixed effect. The logistic

regression model of Liked was significant (χ2(28)=92.385, p≪0.001, Table 5.5).

We found that being a woman, higher Cognitive Reappraisal, higher Extraversion,

and higher Stress Reduction led to a higher likelihood of liking the intervention. We

found pronounced effects of Gender and Stress Reduction. Being a woman or having

a reduction in stress by one point results in the increased likelihood of liking the

intervention by 151% and 136%, respectively. An increase of one point in Extraversion

or an increase of one point in Cognitive Reappraisal increases the likelihood of liking

the intervention by 46% and 35%, respectively.

On the other hand, being 36-45 years old, higher Expressive Suppression and higher

Nudge Probability led to participants being less likely to like the intervention. Being

36-45 years old decreases the likelihood of liking the intervention by 49% compared

to being 18-35 years old. An increase of one point in Expressive Suppression decreases
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Table 5.5: RQ4: Odds ratios, confidence intervals, and p-values for each predictor of Liked for all
interventions that participants engaged in (* p<0.05, ** 0.05<p<0.01, *** 0.01<p<0.001).

Liked

Predictors Odds Ratios CI

(Intercept) 5.95 0.51 – 70.91
Age Group [36-45] 0.51* 0.30 – 0.86
Age Group [46+] 1.01 0.55 – 1.83
Gender [Woman] 2.51*** 1.51 – 4.20
Cognitive Reappraisal 1.35** 1.08 – 1.69
Expressive Suppression 0.82* 0.68 – 0.99
Resilience 1.10 0.80 – 1.51
Agreeableness 0.72 0.50 – 1.02
Conscientiousness 0.80 0.58 – 1.09
Extraversion 1.46** 1.10 – 1.95
Neuroticism 0.84 0.64 – 1.11
Openness 0.99 0.75 – 1.30
Engagement Skewness 0.73 0.47 – 1.12
Nudge Probability 0.94** 0.90 – 0.99
Meeting Counts 0.93 0.61 – 1.42
No Meeting Minutes 1.00 0.99 – 1.02
Self Event Counts 0.66 0.40 – 1.10
Email Messages Sent 1.01 0.79 – 1.28
Email Messages Read 1.00 0.96 – 1.04
Adhoc Call Count 0.66 0.24 – 1.69
Number of Attention Signals 1.16 0.84 – 1.59
Trigger Source [Rescheduled] 0.78 0.47 – 1.30
Category [Calm] 0.80 0.49 – 1.29
Category [Address] 0.94 0.44 – 2.01
Stress Reduction 2.36*** 1.60 – 3.54
Modality [prompt] 0.52 0.17 – 1.53
modality [video] 0.75 0.22 – 2.47
Location [Inside] 0.69 0.40 – 1.19
Location [Outside] 2.56 0.79 – 9.27

Observations - 521; Tjur’s R2=0.166

the likelihood of liking interventions by 18%. An increase of one standard deviation

(i.e., 4 percentage points) in Nudge Probability would decrease the likelihood of liking

the interventions by 22% (i.e., e4×ln(0.94) = 0.78)).
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Table 5.6: RQ5: Odds ratios, confidence intervals, and p-values for each predictor of Improved for all
interventions that participants engaged in. (* p<0.05, ** 0.05<p<0.01, *** 0.01<p<0.001).

Improved

Predictors Odds Ratios CI

(Intercept) 0.00*** 0.00 – 0.00
Age Group [36-45] 0.58 0.30 – 1.13
Age Group [46+] 0.98 0.49 – 1.98
Gender [Woman] 0.41** 0.21 – 0.77
Cognitive Reappraisal 0.69** 0.52 – 0.91
Expressive Suppression 1.01 0.79 – 1.28
Resilience 0.84 0.55 – 1.25
Agreeableness 1.73* 1.10 – 2.76
Conscientiousness 1.27 0.86 – 1.89
Extraversion 0.89 0.62 – 1.29
Neuroticism 0.57** 0.39 – 0.81
Openness 1.09 0.78 – 1.55
Engagement Skewness 1.18 0.68 – 2.03
Nudge Probability 1.09** 1.03 – 1.16
Meeting Counts 0.85 0.48 – 1.42
No Meeting Minutes 1.01 0.99 – 1.03
Self Event Counts 1.29 0.69 – 2.36
Email Messages Sent 1.04 0.78 – 1.39
Email Messages Read 0.96 0.90 – 1.01
Adhoc Call Count 0.94 0.28 – 2.63
Number of Attention Signals 1.40 0.95 – 2.05
Trigger Source [Rescheduled] 1.08 0.57 – 2.02
Category [Calm] 0.43** 0.23 – 0.78
Category [Address] 0.40* 0.16 – 0.97
Stress Before 5.76** 3.98 – 8.64
Rating 2.47** 1.84 – 3.39
Modality [prompt] 6.65* 1.53 – 36.45
modality [video] 5.62* 1.12 – 34.10
Location [Inside] 1.17 0.60 – 2.25
Location [Outside] 0.23 0.03 – 1.10

Observations =521; Tjur’s R2=0.338

RQ5: Effects on intervention effectiveness

To answer RQ5, we modeled Improved as a function of per-participant characteristics,

per-half hour nudge probability, per-nudge contextual metrics, and per-intervention

metrics. We include Stress Before to account for the effects of pre-intervention stress

rating on the effectiveness of the intervention and Rating to account for the potential

effect of participants’ rating of the intervention on their post-intervention stress rating.
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The logistic regression model of Improved was significant (χ2(30)=186.66, p≪0.001,

Table 5.5).

We found that higher Agreeableness, higher Nudge Probability, higher Stress Before,

higher Rating, and getting prompt-based or video interventions led to participants

being more likely to improve on their stress rating. The effects of Modality, Stress

Before, and Rating were the most pronounced. Having a prompt-based or video-based

intervention increases the likelihood of improving by 565% and 462%, respectively,

compared to a conversation-based intervention. An increase of one point in the stress

rating before doing the intervention increases the likelihood of improving by 476%.

An increase of one point in the user rating for the intervention increases the likelihood

of improving by 147%. An increase of one point in Agreeableness also increases the

likelihood of improving by 73%. For Nudge Probability, an increase of one standard

deviation (i.e., 4 percentage points) would increase the likelihood of improving by 41%

(i.e., e4×ln(1.09) = 1.41).

On the other hand, being a woman, higher Cognitive Reappraisal, higher Neuroticism,

and choosing Calm or Address interventions led to participants being less likely to

improve their stress rating. Being a woman decreases the likelihood of improving by

59% compared to being a man. Choosing a Calm or Address intervention decreases the

likelihood of improving by 57% and 60%, respectively, compared to choosing a Distract

intervention. Inversely, choosing a Distract intervention increases the likelihood of

improving by 133% (i.e., 1/0.43 = 2.33) and 150% (i.e., 1/0.4 = 2.5) compared to

Calm and Address interventions, respectively. An increase of one point in Cognitive

Reappraisal and an increase of one point in Neuroticism decreases the likelihood of

improvement by 31% and 43%, respectively.
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5.2.4 Discussion

In this study, we leveraged the survey, EMA, and passively-sensed data from the

deployment of the JIT stress-reduction intervention system (Figure 5.9) to identify

significant individual, contextual, and intervention-related factors that influence

the momentary engagement, the choice of interventions, the engagement given

an intervention choice, the user rating of interventions engaged, and the stress

reduction from the engagement. In summarizing our findings, we first categorize these

factors into (1) non-modifiable individual factors, (2) modifiable individual factors,

(3) contextual factors, and (4) content factors.

The distinction between modifiable and non-modifiable individual factors is important

for intervention design. Once modifiable factors are identified, strategies can be

deployed to directly influence those factors if those strategies can lead to a greater

impact on the engagement or the efficacy of the interventions. Non-modifiable

factors are also important to determine which subset of populations can benefit from

additional targeted support through organizational or policy-level changes [188]. In

our analysis, non-modifiable individual factors include gender and age, and modifiable

individual factors, although debatable [337], include emotion regulation skills and

personality traits. Our findings revealed that these individual factors not only influence

study-long engagement [53] but also influence momentary engagement and can be

useful for tailoring JITAI systems. Contextual factors such as workload (e.g., meeting

counts, email counts) and availability (e.g., presence or activity at the computer)

are helpful in the JITAI system’s decision-making process for when to interrupt the

user. Content factors include intervention-related information such as the amount

of effort required, the modality of intervention delivery, and the ideal location for

intervention engagement, and these factors can inform JITAI systems in determining

which intervention to present to the user given the understanding of the current

context.



233

In this section, we summarize and discuss the findings organized by these four

categories of factors with recommendations for design and future research.

Non-modifiable individual factors

Tailoring JITAI systems to individuals has been suggested to improve engagement

and efficacy of interventions in prior research [431]. In our analysis, we found several

significant effects of gender and age on our outcome measures. Participants who

self-reported as being a woman had over twice the likelihood of liking interventions

than being a man, despite having less likelihood of improving from engaging in

interventions. Being a woman also had 38% less likelihood of choosing Distract

interventions than being a man, suggesting that there may be an unobserved

motivational factor. For example, although not statistically significant, women

reported higher momentary stress on average compared to men (2.15 for women

vs 1.84 for men; t(20.756)=−1.545, p=0.137) which may contribute to choosing more

Calm or Address interventions to reduce their stress. Although the general findings

from DMHI studies that women are more likely to engage in digital interventions

than men are corroborated by our analysis [53], the fact that women improve less

despite engaging more, liking interventions more, and choosing more Address (i.e.,

high reward) interventions is a concern for systems design that only take engagement

metrics into account.

Participants that are 46+ years old were 47% more likely to engage in interventions

while being 36-45 years old increased the likelihood of choosing Distract interventions

by 65% and decreased the likelihood of liking interventions by 49% compared to those

that are 18-35 years old. Although the effects of different age groups on engagement

have mixed results across prior studies, the higher engagement rate for 46+-year-old

participants in the study could be explained by a higher rate of interest in digital

interventions for older populations [258]. Participants in the 36-45-year-old age group
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choosing Distract interventions and not liking them highlight an opportunity for

finding different types of interventions that they might enjoy.

Recommendation #1: We recommend that intervention content be tailored based

on gender and age. At the same time, the efficacy and user rating of interventions

should be closely monitored to ensure that certain groups enjoy the same level of

benefits as other groups. New intervention content could be co-designed with groups

that may not be benefiting as much and added to the system on a regular basis to

equalize outcomes across subgroups.

Modifiable individual factors

Our findings corroborate prior research that personality trait is a strong factor in the

engagement of DMHIs [53]. Prior study has found that openness to experience is

associated with better adherence and lower odds of attrition [279]. In our analysis,

we did not find a significant effect on engagement, but we found that Openness

significantly increases the likelihood of choosing Distract, but decreases the likelihood

of choosing Calm interventions. One possible explanation may be the variety in

the intervention content, which people with high openness would prefer [271].

Distract interventions tend to offer more variety in content with videos of travel

destinations and humor as well as opportunities to explore social connections, whereas

Calm interventions were mostly introspective activities such as breathing or focused

observations.

Although the effects were only moderately significant (p < 0.061), we found that an

increase by one point in Neuroticism and Agreeableness scales increases the likelihood

of choosing Address interventions, which were designed to help users directly address

and problem-solve stress-inducing components of their lives. For participants with

high scores in Neuroticism and Agreeableness scales, it is possible that interventions
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that help them directly address their stress were more appealing than others that

were designed to distract from stress and refocus on the present. Prior study has also

found neuroticism and agreeableness to associate with a stronger interest in the use of

stress management apps [133]. We also found that one point increase in Agreeableness

scale was associated with an increased likelihood of improvement by 73%, whereas

the same point increase in Neuroticism scale was associated with a lower likelihood

of improvement by 43%, despite both having higher tendency to choose Address

interventions. Since agreeableness is known to be positively associated with the

therapeutic alliance in mental health treatments [67], it is possible that the prosocial

and cooperative nature of those with high agreeableness [158] allowed them to fully

engage in the Address interventions that were more action-oriented, leading to a

greater improvement. On the other hand, neuroticism has been known to negatively

correlate with adherence to mental health recommendations [311] and to a wide

variety of mental health treatment outcomes [67].

Recommendation #2: We recommend that JITAI systems carefully monitor

potentially unhelpful usage behaviors by incorporating personality traits in

the adaptation algorithm because they may impact the choice of interventions

that may lead to negative downstream effects on outcomes. For example,

it may be beneficial to offer a variety of more effortful interventions for

people who report higher scores in openness. For people who report higher

scores in neuroticism, the system could suggest less effortful interventions or

explore different types of interventions that may lead to more stress reduction.

Across the board, emotion regulation had significant effects. One point increase in

the Cognitive Reappraisal scale was associated with a 14%6 increase in the likelihood

6It is important to note the differences in the range of point scales. An increase of 14% for a 7-point scale is
equivalent to an increase of 20% for a 5-point scale.
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of engaging, a 27% increase in the likelihood of choosing Calm interventions, a 35%

increase in the likelihood of liking the intervention, a 33% decrease in the likelihood of

choosing Address interventions, and a 31% decrease in the likelihood of improvement

after engagement. On the other hand, one point increase in the Expressive Suppression

scale was associated with an 18% decrease in the likelihood of liking the intervention.

We also found that one point increase in the Resilience scale increases the likelihood of

choosing Address interventions by 42% and increases the likelihood of subsequently

engaging in interventions by 63%.

Prior research has explored the role of emotion regulation in stress coping. For

example, emotion regulation skills help assess the stressful situation and determine

the appropriate emotional response [290] or act as buffers against the negative effects

of stress [432]. Emotion regulation has also been theorized as a moderator for

increased resilience after encountering a stressful situation [413]. Although our

analysis cannot claim the causal direction between coping skills and engagement,

our findings suggest that emotion regulation and resilience may play a role in, not

only the stress-coping process but in choosing different interventions or deciding

to engage in an intervention. The role of emotion regulation strategies in altering

our decisions and choices in various contexts has been empirically studied in highly

controlled laboratory settings [159]. While most research has argued for increasing

coping skills as an outcome measure or a treatment target [42], our findings suggest

promising new research directions in understanding how coping skills could impact

our decisions to engage in therapeutic interventions in the moment.

Recommendation #3: We recommend further research to explore how taking a

dynamic approach to personality and coping skills would inform the design of JITAI

systems. Prior research has studied personality traits [337, 154] and coping skills [42]

as “states” with intrapersonal variations and targeted their modifications through

therapeutic strategies (e.g., CBT). Because of the potential mediating role of coping
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skills in perceived stress [56] and the role of perceived stress in outcome improvement

(i.e., one point increase in stress rating before the intervention leads to being over

5 times more likely to improve in our findings), coping skills should be measured

periodically and incorporated into the decision-making process of JITAI systems.

Contextual factors

We found that the more the participant tends to engage at the end of the day, the more

likely they would engage in interventions and that the system-initiated interventions

that were rescheduled to a later time increased the likelihood of engagement. These

findings may suggest a tendency to defer interventions to later in the day. Prior work

that applied the Self Determination Theory [108] to JITAI systems suggested that

perceived competence and self-regulation abilities may deplete throughout the day,

potentially leading to unhealthy choices (e.g., unhealthy food, alcohol) towards the end

of the day [386]. This has a serious consequence for those that tend to procrastinate

or postpone healthy behaviors (e.g., exercise, stress intervention) towards the end

of the day. On the other hand, allowing people to defer an intervention to a specific

time may increase self-efficacy and perception of control, which might lead to an

increased chance of behavior change [7]. In fact, in our qualitative data, we found that

many participants liked the ability to perform the interventions when they wanted.

We also found that the increase in Nudge Probability decreases the likelihood of

liking the intervention but increases the likelihood of improvement, revealing that

a JIT intervention might be “a bitter pill to swallow” but a useful pill nonetheless.

However, a relentless reminder could lead to distraction [227] and eventual system

abandonment [48].

Recommendation #4: Future JITAI systems should carefully balance individual

preferences with intervention efficacy and help users discover what works best

for them. Our findings show encouragement that intelligent intervention timing
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based on contextual information could improve the engagement and effectiveness of

interventions, but perhaps at the cost of users liking the interventions or leading to

unhealthy choices towards the end of the day. It should also consider that higher user

ratings may not always reflect the effectiveness of the interventions and aim to explore

both the rating and the improvement in determining the timing of interventions.

In evaluating the work context, as expected, we found that a nudge sent at a time

when the user is less likely to be in a meeting but more active at the desk improves

engagement. Contrary to our hypothesis, we found no significant associations with

No Meeting Minutes or Self Event Counts. It is possible that there is high variability

in the level of focus and attention needed during times carved out for self. For

example, our data sources cannot discern if the times carved out for self were work-

related (e.g., focus time for reading, writing) or nonwork-related (e.g., running errands,

child pick up, exercise). The current study’s data sources cannot achieve automatic

detection of activities beyond basic work activities, such as meetings, emails, chats,

calls, or computer activities. Although tailoring to the activity context is the defining

promise of JITAI systems, automatically detecting the activities performed within a

time window is not an easy task. In addition, the impact of accuracy in detection on

engagement and outcomes is unknown.

Recommendation #5: Further research is necessary to understand the impact of

accurate activity detection and intelligent timing on the engagement and effectiveness

of JITAI systems.

Content factors

In our analysis, intervention categories, modalities, and locations showed pronounced

effects on engagement and improvement, suggesting the importance of the interven-
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tion content in the design of JITAI systems. We found that having an intervention that

could be done at the desk more than doubled the likelihood of engagement compared

to an intervention that could be done indoors, but not at the desk. It is possible that

leaving the desk at the moment of the nudge was not appropriate given the situation

or there was an unobserved motivational barrier. In these scenarios, suggesting

a different activity, rescheduling the activity or waiting until the next appropriate

transition time might have been beneficial. To improve engagement, intervention

designers could provide additional desk-based stress reduction techniques to minimize

the burden of leaving the desk.

On the other hand, we found that having a prompt- or video-based intervention

increased the likelihood of engagement by over 3-fold and improvement by over 5-fold,

compared to a conversation-based intervention. Although prompt- and video-based

interventions were typically less effortful than conversation-based interventions that

require many turn-taking interactions with the bot, conversation-based interventions

were designed to address the sources of the stress with the hope of creating a longer-

lasting impact. It is possible that the conversations were not usable for participants to

fully engage in the content. This finding suggests that quick, effortless interventions

could be useful at the moment, but complex, turn-taking interventions need more

thoughtful redesign.

Recommendation #6: We recommend that JITAI systems provide a variety of

interventions to fine-tune its recommendations based on contexts but also to identify

interventions that may need redesign.

Limitations

Our analysis setup does not allow for determining the causal relationship between

the individual, contextual, and content factors with engagement, stress reduction, and
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intervention ratings. Even though the deployment study collected long-term stress

measures via the DASS-21 scale, our analysis was limited to momentary stress ratings

because micro-interventions are more appropriate for proximal outcomes over distal

outcomes [36]. Micro-randomized trials (MRTs) are a promising research direction

for JITAI systems to quantify the impact of tailored interventions on both short- and

long-term outcomes [217] with careful considerations for the appropriate sample

size [240]. Our data was also limited by a small sample population that exhibited

low-stress levels. Prior work has suggested that, when evaluating engagement (or

attrition), the severity of symptoms should also be considered [122]. Therefore,

future research should evaluate the system through MRTs with a sample population

exhibiting high severity of stress symptomswithin. Finally, workplace stress-reduction

JITAI systems and their deployment must be evaluated along with the unobservable or

difficult-to-modify external factors (e.g., workplace culture [123], power asymmetry

and surveillance [196]) that could have a non-negligible impact on the engagement

and the efficacy of these systems.

5.3 SUMMARY OF CONTRIBUTIONS TO THESIS

Reducing workplace stress is of critical importance for employees and employers alike,

but workplace stress-reduction interventions have produced mixed results due to

engagement and adherence barriers. To improve the engagement of interventions at

work, this chapter describes how we made adaptations to existing EBPIs and directly

integrated them into the context of work as just-in-time micro-interventions.

We designed and developed a workplace stress-reduction intervention system that

uses passively sensed information to deliver these interventions. Then we conducted

a four-week longitudinal study testing the delivery timing and content type of these

micro-interventions with information workers and analyzed the data from just-in-time

uses of the system to identify individual, contextual, and intervention-related factors
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that influence engagement and efficacy of the interventions.

We found that digital micro-interventions are effective at reducing momentary

workplace stress. In analyzing the usage data, we found that personality traits and

coping skills influenced momentary engagement, the choice of interventions, the user

rating, and the efficacy of interventions. We also found that sending intervention

nudges at inferred moments of high stress was associated with liking the interventions

less but increased the likelihood of stress reduction. The intervention content types

had the strongest effects with prompt-based and video-based interventions being

associated with a higher likelihood of improvement by over five times that of the

conversation-based interventions.

Our findings suggested that our micro-interventions should be integrated into

workplaces now for immediate, positive impact and that tailoring of delivery timing

based on momentary contextual information, personalizing intervention contents, and

balancing user and system control may improve user engagement and stress reduction

outcomes. The findings also highlighted several design and research opportunities for

JITAI systems. We recommend that JITAI systems provide a variety of intervention

content types and tailor the content and delivery based on non-modifiable individual

factors (e.g., gender, age) as well as potentially modifiable individual factors (e.g.,

personality “states” and coping skills). We also see opportunities for further research

in understanding the impact of personality and coping skills on JITAI system usage

and the potentially dynamic nature of such factors in the context of JITAI systems.

We recommend that the design of JITAI systems employ a multi-faceted approach that

incorporates individual, contextual, and intervention-related factors into the decision-

making process of intervention timing, intervention content, and interpretation of

the subjective ratings.

My work in the workplace stress context demonstrated that the adaptation of EBPIs into

digital micro-interventions combined with the use of passively sensed and momentary
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contextual information to deliver them at the moment can improve the engagement of

stress-reduction interventions in the workplace. Furthermore, the usage data can be

harnessed to continuously improve the engagement in and the effectiveness of JITAI

systems by tailoring and adapting its decision-making process to the individual and

their context.
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Chapter 6

DISCUSSION AND CONCLUSION

6.1 SUMMARY OF THESIS CONTRIBUTIONS

My dissertation research aimed to improve engagement in mental health and well-

being care by taking a holistic stance in the examination of the situated contexts

surrounding the engagement. I hypothesized that the barriers to engagement

are situated in personal and population-level contexts, and these challenges are

rooted in tensions among multiple needs observable through human-centered and

computational methods. Grounded on the understanding of these needs, I claimed

that we can improve engagement by rethinking and adapting existing interventions.

My dissertation demonstrated this approach in three well-being contexts: (1) the

COVID-19 pandemic, (2) co-morbid cancer and depression, and (3) workplace stress.

In the COVID-19 context, I showed how using computational methods, grounded

on holistic frameworks, could reveal changes in the multi-system of human needs

and disparities in changes on the US population scale (Chapter 3). In the co-morbid

cancer and depression context, I leveraged the parallel journeys framework to reveal

tensions between cancer and psychosocial care journeys and developed a collaborative

behavioral activation system to reimagine how technology could enhance collaborative

depression care experiences (Chapter 4). In the workplace stress context, I translated

evidence-based psychosocial interventions into digital micro-interventions that could

be directly integrated into the workplace and evaluated how momentary contextual

information through passive sensing could power the delivery of the right intervention

at the right time (Chapter 5).
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My work in these well-being contexts followed three key research activities that

are typically seen in the human-centered design process [176, 278]: (1) framing and

understanding, (2) designing and adapting, and (3) deploying and evaluating.

First, I examined situated contexts holistically to discover tensions across needs and

resources. In order to frame the holistic understanding, I developed a computational

framework – human needs framework – to characterize the shifts within the multi-

level system of human needs (Section 3.1). I leveraged the social determinants of health

to identify the most likely socioeconomic and environmental factors (e.g., median

household income) associated with differential resource tensions introduced by the

pandemic (Section 3.2). I also developed a conceptual design framework – parallel

journals framework – to characterize the challenges that arise when parallel cancer

and psychosocial care processes collide (Section 4.1). Using two independent contexts,

I demonstrated that the use of computational and human-centered methods combined

with holistic frameworks can help identify stakeholder needs and tensions among

needs that get in the way of engaging in mental health care and well-being activities.

Second, I identified modification targets to existing interventions that can be enhanced

through the use of technology to ease the tensions among needs and to improve

engagement. I developed a technology-enhanced collaborative behavioral activation

model that facilitates the delivery of core components of behavioral activation and

collaborative care for achieving high fidelity while simultaneously supporting patient-

provider collaboration, patients’ self-efficacy, and continuity of care (Section 4.2). I

applied the model in the digitization of behavioral activation and collaborative care

and in the iterative design of the SCOPE system. I also translated components of

cognitive behavioral therapy and dialectical behavioral therapy into digital stress-

reduction micro-interventions that minimize user effort and can fit easily into a busy

work schedule (Section 5.1). In addition, these interventions are delivered in the most

likely stressful moment based on computational contextual understanding. Using two
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independent contexts, I demonstrated that contextual understanding can help the

appropriate design, adaptation, and delivery of technology-facilitated interventions

to reduce barriers and improve engagement.

Lastly, I evaluated my proposed adaptations and technology enhancements to

interventions in real-world contexts. The SCOPE system was deployed to pilot

participants in two cancer clinics where I found that our system supported all four

touch points identified in our model with a potential to bring positive changes to the

existing care (Section 4.2). I also found significant social and organizational challenges

with the introduction of the system, such as the lack of motivation and justification

for using the system and the lack of knowledge around how to incorporate the system

into the existing care practices, suggesting the need to further explore additional

adjustments to the interventions as well as the implementation of the interventions.

The deployment of the workplace stress-reduction intervention system revealed that

micro-interventions are effective in momentary stress-reduction (Section 5.1). Further

analysis of the engagement data revealed that individual, contextual, and intervention

content factors have a significant impact on the rate of engagement, the intervention

choices, the user rating after intervention use, and the effectiveness of interventions

on stress reduction, highlighting the potential to continuously monitor and tailor the

system to maximize engagement and effectiveness. In these two independent contexts,

I demonstrated that technology-facilitated interventions must be evaluated in the

contexts for which they were designed. The qualitative and quantitative data collected

from the deployment of these systems can be harnessed not only to validate the

designs but also to inform future adaptations of interventions that can be facilitated

by the system (e.g., personalized system recommendations) or by the care team (e.g.,

process modifications by the BHPs).

These three research activities across three mental health and well-being contexts,

therefore, contributed to my thesis:
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Engagement in mental health and well-being care can be improved through

contextual and continuous adaptation of interventions by using human-

centered and computational methods to understand stakeholder needs at

personal and population scales.

In summary, my dissertation demonstrated that using human-centered and computa-

tional methods can reveal the tensions within the multi-level system of stakeholder

and well-being needs that get in the way of engaging in mental health and well-being

activities. In mywork, such contextual understanding, at both personal and population

scales, has led to the appropriate design and adaptation of technology-facilitated

interventions necessary to improve engagement in mental health and well-being care.

By deploying and evaluating these technology-facilitated interventions in real-world

contexts, I have identified future opportunities for adapting the interventions.

6.2 DESIGN RECOMMENDATIONS AND FUTURE DIRECTIONS

My work across three well-being contexts provided design recommendations and

future research opportunities relevant to their contexts in each of their respective

chapters (Section 3.1.7, Section 3.2.3, Section 4.1.5, Section 4.2.5, Section 5.1.3,

Section 5.2.4). To conclude the thesis, I reflect on all of my dissertation work together

and present abstract discussion points useful for the design and research of technology-

enhanced mental health and well-being interventions.

6.2.1 Consider the holistic context

My commitment to examining the holistic context stems from the unfortunate

observation that engaging in mental health and well-being activities is often

deprioritized over other activities. In many of the contexts that I studied, I observed

that the internal and external pressures from what is typically considered as “basic”
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needs (e.g., physical health, economic stability) forced people to ignore their mental

health needs. Looking at mental health needs alongside other well-being needs

highlighted the amount of force that other needs exert on the deprioritization of

mental health or on mental health distress and helped us identify where to scaffold

support.

For example, during the pandemic, I observed that the shift to basic needs was

exponential and that the impact of public policies on social-emotional well-being

cannot be ignored. Such observations surfaced because physiological, economic,

social, and psychosocial needs were examined together. In addition, by looking at

differential engagement behaviors across the SDoH – a holistic approach to viewing

health –, I identified intervention design opportunities around specific determinants

and vulnerable populations that could benefit from targeted shielding. In cancer

settings, I confirmed what we already know about the prioritization of the treatment

of the disease process (i.e., cancer) over the holistic needs of the patient as a person.

When we brought the psychosocial care journey alongside the cancer care journey,

we exposed how patients fall through the cracks at the intersection of the two care

journeys and identified cancer-related stressors and treatments as the main source

of frequent adjustments to depression care. Therefore, rather than looking at mental

health engagement as a problem to solve in isolation, I recommend that mental health

be examined alongside other well-being needs.

6.2.2 Design adaptations for multiple temporal granularities

In my work, I studied multiple levels of temporal granularity, from looking at changes

in search behaviors across the pandemic, looking at depression care engagement

between sessions, to looking at micro-interventions delivered in the moment. Time

is an important dimension of analysis for long- and short-term effects of events or

interventions. For example, I observed that an earlier shelter-in-place mandate was
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associated with fewer mental health site visits at first, but a longer shelter-in-place

mandate, most likely due to the earlier mandate, was associated with more expressions

of negative mental health issues. The target success outcome for the RCT involving

SCOPE looks at longitudinal changes in PHQ-9 and GAD-7 scores within patients.

On the other hand, time is an important design material for adapting existing

interventions. Typically, evidence-based psychosocial interventions have treatment

durations that last many weeks or months with repeated sessions with the BHPs.

When designing for patient-provider collaborative behavioral activation interventions,

we also aimed to achieve continuity in care. However, our formative study revealed

that unexpected circumstances and stressors in cancer settings frequently derail

treatment plans and such disruptions are difficult to avoid. In fact, high dropout rates

or low adherence to depression treatment are not unique to cancer care settings [303].

Because we understood that patients with cancer may not be seeing BHPs as regularly

as needed, we ensured to prioritize digitizing the core components of behavioral

activation that patients can use when they are not in sessions. Such adaptation

not only fills in the gap during missed appointments or delayed follow-ups but also

provides opportunities to engage at a finer temporal granularity (i.e., days instead of

weeks).

Furthermore, we can consider situations where there is no follow-up appointment

such that the interventions can only be done in a single session. Single-session

interventions [359, 358] have gained popularity in recent years to maximize efficacy

while intentionally eliminating the need for continuity in treatment. Similarly,

our stress-reduction micro-interventions were intentionally designed as one-shot

treatments to reduce stress in the moment in the shortest duration possible. Within

the context of just-in-time adaptive intervention systems, these micro-interventions

are meant to be explored without any sequential order, unlike traditional interventions.

Therefore, I recommend time (i.e., duration, frequency, continuity, sequence) as a
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design dimension to explore in the adaptation and digital translation of evidence-based

psychosocial interventions.

6.2.3 Navigate between personalization and standardization

In addition to looking at different temporal granularities, my work also examined

contexts at small individual scales, at multistakeholder organizational scales, as well

as at large population scales. Large-scale observational analyses are suitable for

identifying macro-behavioral patterns that can highlight where to target interventions

and monitor the effectiveness of interventions. However, to design population-

specific interventions, small-scale focused studies aimed at contextualizing individuals’

experiences are necessary [39]. On the other hand, small-scale observational analyses

provide the necessary expressivity to describe how multi-level systems of needs

interact as well as to present the multi-stakeholder perspectives on the challenges of

conflicting needs. At individual levels, interventions can be personalized to fit the

needs of one individual without affecting others in the group. However, to measure

the clinical efficacy of interventions (i.e., in RCTs), population-level analysis and

standardization are often necessary.

Navigating from individual to population scales, therefore, creates an interesting

challenge for intervention design. Again, traditional evidence-based psychosocial

interventions strive for standardization and linear programming, with fidelity to

care as one of the success metrics for implementation. Evaluation metrics are also

standardized through clinically validated measures such as PHQ-9 and GAD-7, all

of which are used in our RCT. Such standardization is highly useful and efficient

for a program or population-level evaluations. However, many of the classifications

and evaluation metrics have been criticized for being culturally insensitive [340] and

being biased [310]. On the other hand, standardization seems absolutely necessary

to provide some type of quality assurance to the explosion of digital mental health
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technologies we face today. Although my dissertation encourages contextual and

continuous adaptation of interventions to meet people where they are, further research

is recommended to consider how we should rethink and adapt the evaluation process

along the dimensions of individual to population scales.

6.2.4 Understand the role of technology through deployment in real-world

contexts

In my examination of the interplay between digital and offline exclusion for digital

disparities, of the integration of SCOPE in the collaborative care of patients with cancer

and depression, and of the passively sensed data providing just-in-time stress relief, I

observed how technology has a profound impact on people’s lives and how people’s

lives have a profound impact on how they use the technology. Such observations were

made possible because the technologies were deployed and used in real-world contexts.

Especially in the cancer context, I saw how the introduction of technology can disrupt

interpersonal dynamics and clinical workflows. At the same time, it has the potential

to enhance patient-provider collaboration through asynchronous communication and

data sharing. During the pandemic, behavioral data from search engines revealed how

technology could be utilized to meet offline demands, but we are also reminded of how

exclusion from digital tools could exacerbate offline disparities. One of our motivations

for just-in-time micro-interventions is to minimize potential conflicts that may arise

for taking personal time at work [123, 184], but over-indexing on technical solutions

will not help with promoting psychologically safe work cultures. My dissertation

work led to my humble realization that technology must be examined in the context

of the dynamic interactions among individual and environmental factors [63].

Often, these technology solutions are decided and deployed by the organizational

leaders with the financial resources to provide them as benefits. As a follow-up

work beyond my dissertation, I explore both the positive and negative implications
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of deploying workplace well-being technologies in the organizational context. For

example, the presence of sensing technologies that drive contextual understanding

and just-in-time decision-making could be misused or perceived as surveillance

mechanisms that could amplify mistrust in the organization. Organizational-level

sensed measurements themselves may not align with individual well-being goals

and definitions, and such misalignment may have cascading negative consequences

that impact team dynamics and organizational culture. In addition to exploring how

to mitigate the potential harms of workplace well-being technologies, I examine

how to design these solutions as tools of employee empowerment, for example, to

leverage personal insights in negotiating organizational-level changes that better

support employee well-being.

My dissertation work follows the human-centered design process, which does

not necessarily dictate nor disallow looking at the design of technology-enhanced

interventions from the sociotechnical perspective. Upon reflecting on my work, I posit

that a holistic andmultistakeholder perspective onmental health andwell-being, rather

than a disease-centric view, encouraged the discovery of interpersonal, organizational,

and societal challenges in relation to the proposed technology solutions. Because

such challenges influence the adoption, engagement, and efficacy of technology-

enhanced interventions, I recommend that intervention designs be grounded in

the sociotechnical context through deployment and using methods that draw out

multistakeholder tensions and socioecological perspectives.
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Appendix A

MEASURING HUMAN NEEDS THROUGH SEARCH DATA

A.1 ANALYZING NATIONAL REPRESENTATION

To understand how much of the US population is represented by the collected data,

we obtained demographics data from the Census Reporter API [418] for ZIP codes

represented in our dataset. Census Reporter API provides demographics data for 32,989

US ZIP codes, and not all of the ZIP codes in our dataset have available demographics

information through this service. Between our dataset and the demographics data, we

have 96.4% overlap of ZIP codes, representing 97.5% of total queries in our dataset.

Table A.1 summarizes the median of the select 11 demographic variables for ZIP codes

in our dataset in comparison to all available ZIP codes in Census Reporter. Given 96.4%

overlap, we find that the ZIP codes in our dataset closely mirrors the US population.

Although query volumes are not uniformly distributed across these ZIP codes, the

vast majority of US ZIP codes is included in our dataset.

A.2 ANALYZING SELECTION BIAS

We sought to understand potential biases in socioeconomic circumstances that would

influence the usage of Bing search engine. We leveraged deidentified client id as a

proxy for a unique user to estimate the ‘client rate’, or how much of the population in

a ZIP code is using the Bing search engine. We examined the correlation between the

client rate and various demographic factors at the ZIP code level (e.g., income, race,

age, gender, education, housing, internet access). Although unsurprisingly the factors
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Our Dataset Census

Population 3,072 2,775
Median Income $54,231 $54,048
Median Age 41.8 41.9
% Race White 0.87 0.88
% Male 0.5 0.5
% HS Grad or Higher 0.9 0.9
Gini Index 0.42 0.42
% Below Poverty Lvl. 0.12 0.12
% Housing Owned 0.76 0.76
% Has Internet 0.77 0.76

Table A.1: Distribution of demographic variables (median) for US ZIP codes in our dataset compared to all
of the available US ZIP codes in the census data.

Demographic Variable Corr Coeff

% Housing Owned -0.058***
% Female -0.029***
% Race White -0.024***
Median Income 0.021***
% Has Internet 0.019***
% HS Grad or Higher 0.018***
Median Age -0.010
% Below Poverty Level -0.007

*p < 0.05, **p < 0.01, ***p < 0.001

Table A.2: Pearson correlation between Bing client rate and demographic variables for each ZIP code.

describe some of the variance, none were correlated more strongly than r=-0.058 (%

Housing Owned). Table A.2 summarizes Pearson correlation statistics. These results

suggest that our dataset is not strongly biased towards any single demographic.

A.3 RELIABILITY OF SEARCH INTERACTION TRENDS

Although our analysis relies solely on Bing search data, many Americans use other

search engines such as Google. Therefore, we compared search trends for Bing with

data available via the Google Trends API1 for the same time period and a subset

1https://trends.google.com/

https://trends.google.com/


321

Need Keyword Corr Coeff

SA recipe 0.960***
SA netflix 0.935***
SA “online games with friends” 0.896***
Cog “online learning” 0.973***
L&B “online dating” 0.448***
Safe unemployment 0.977***
Safe “hand sanitizer” 0.966***
Safe tax 0.913***
Safe gun 0.764***
Phys “grocery delivery” 0.980***
Phys coronavirus 0.964***
Phys “food stamp” 0.963***
Phys health 0.888***

*p < 0.05, **p < 0.01, ***p < 0.001

Table A.3: Pearson correlation between Bing search trend and Google search trend for each keyword.
Quotation marks indicate that the entire string is matched.

of keywords. We chose to use select keywords from each need category, rather

than applying our needs aggregation pipeline (described in Sec. 3.1.2), because the

Google Trends public API does not support regular expressions or access to the click

interactions. We chose 9 keywords that were representative of their respective need

subcategory (i.e., ‘online learning’ captures online education queries), had a significantly

larger query volume compared to other keywords in the need categories (i.e., ‘hand

sanitizer’ had more query volume than ‘mask’), or may have a seasonal effect (i.e.,

query volume for ‘tax’ could depend on the tax season). We conducted a correlation

analysis on a moving average of a full week to account for timezone differences

between the two data sources. Visual inspection of both Google and Bing trends

confirm that search patterns across these two search engines are remarkably similar

(Fig. A.1), and Pearson correlation coefficients are very high with a median of 0.96

(min=0.45, max=0.98, all p<0.001). Table A.3 summarizes Pearson correlation outputs.

These results imply that our findings are not simply an artifact of using one search

engine over another.



322

Figure A.1: Comparison of Bing and Google trends data on select keywords. The query counts are
normalized where 1.0 denotes the maximum query count in each keyword trend. Bing trends (blue) closely
follow Google trends (orange) with a median correlation of r = 0.96.

A.4 HUMAN NEEDS CATEGORIES AND DETECTION

We draw inspiration from Maslow’s hierarchy of fundamental human needs [264, 265]

to tag each search interaction. Of the eight top-level human needs from Maslow’s

expanded hierarchy of needs, we omit Esteem, Aesthetics, and Transcendence because

they are difficult to operationalize from observational data alone. We categorize search

behaviors into one or more of five broad categories of needs. Safety and Physiological

are considered as ‘basic’ needs. Love and Belonging, Cognitive, and Self Actualization

are often considered to be ‘psychological’ needs, and Cognitive and Self Actualization

are considered as ‘growth’ needs.
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We obtain further granularity of the 5 human need categories by decomposing each

need category into many sub-need categories. This extra level of granularity has

advantages in teasing apart the specific aspects of the need (e.g., shelter vs. finances in

Safety needs) and in debugging and refining the detection logic. Table A.4 enumerates

79 sub-needs and their examples.

For each need subcategory, we had multiple regular expressions applied to either

the query string, the clicked URL, or both. This is noted in Table A.4 under the

‘Logic’ column. ‘Keyword and domain (KD)’ logic indicates that there is one regular

expression for matching query strings and another regular expression for matching

clicked URLs. Both must be matched for the search interaction to be categorized as

that need. ‘Queries (Q)’ logic indicates that there is one regular expression for query

strings alone regardless of the clicked URLs. ‘Domains (D)’ logic indicates that there is

one regular expression for clicked URLs regardless of the query strings. A full table of

regular expressions used in the data collection is provided in a separate supplementary

file and can be cross-referenced through the ‘Need Id’ column2.

There were several steps in arriving at these subcategories and regular expressions.

We first identified a set of e-commerce websites (1) from market research blog posts

and reports that were publicly available online and (2) from enumerating top 100 URL

hosts from a sample of search interactions that were tagged as purchase or commerce

related using built-in classifiers in Bing. We combined these two data sources to

manually curate a list of 61 e-commerce domains.

Next, we collected another sample of query strings that led to subsequent clicks to

these e-commerce domains as well as page snippets that were displayed on the search

result page. Using the Latent Dirichlet Allocation module in gensim, a popular topic

modeling tool in python, we trained an unsupervised topic model on the query strings

and the associated page snippets for 100, 500, and 1000 topics on 100,000 unigrams.

2https://github.com/jinasuh/pandemic_needs

https://github.com/jinasuh/pandemic_needs
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We manually inspected the keywords in the topics to curate 22 topics of over 800

keywords. We also extracted frequent bigrams from the same dataset to expand our

keywords if existing unigrams were too ambiguous. These topics represented purchase

categories because they were collected from search interactions with subsequent clicks

to e-commerce websites.

Our next step was to categorize these topics into five main need categories. We used

a hybrid card sorting method [8] with 5 participants who merged, split, edited, or

created these topics into need subcategories. Then these need subcategories were

then placed into the 5 main need categories.

Using the outputs from the card sorting activity as a basis, we further brainstormed

subcategories beyond purchase categories. Several researchers independently

brainstormed and categorized subcategories which were combined and resolved

collaboratively through consensus meetings. We referred to the definitions presented

in the theories of human needs to resolve any remaining disagreements [264].

Once the need categories and subcategories were identified, we leveraged keywords

and domains from manually curated topics and card sort outputs. We also obtained a

list of topical domains from publicly available blog posts and articles summarizing

recommended websites (e.g., search for best parenting website) or manually curated

a list of domains (e.g., search for unemployment benefit page for each state). Again,

we independently brainstormed and curated lists of keywords, keyword patterns,

and domains for each subcategory and collaboratively iterated on the lists through

consensus meetings. These keywords, keyword patterns, and domain URLs were

combined into many regular expressions that we used to tag each search interaction.

We validated our detection logic by collecting human labels fromAmazon’sMechanical

Turk, and our evaluation set achieved a precision of 97.2%, as described in detail in

Section 3.1.2. A screenshot of an example task seen by a crowd worker is shown in

Fig. A.2, and the full set of detailed task instructions can be found in Appendix A.5.
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Figure A.2: Example labeling task for Amazon’s Mechanical Turk crowd worker. A query string and/or a
clicked domain URL is displayed with multi-select options for five need categories. Each option includes a
brief description and a set of example topics for the category.
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A.5 HUMAN NEED DETECTION INSTRUCTIONS FOR MTURK WORKERS

A search query can be an expression of an underlying human need.

For example, if I am running a fever and want to purchase a fever reducer online

(physiological need), my query might be "tylenol" with a subsequent click to

amazon.com in the search results to purchase the item. If I am pursuing baking as a

hobby (self actualization need), my query might be "how to bake a perfect sourdough",

and the subsequent clicks do not matter much to understand the intent for that query.

Or if I am visiting coursera.org, it might indicate that I want to learn a new topic

(cognitive need).

In this task, please read the search query and the subsequent website visit (if available)

to determine which of the following human needs category it belongs to. Search

queries should seek information, express interest, intend to purchase or obtain goods

that could satisfy these needs.

Self Actualization Need Self actualization needs are about realizing personal

potential, seeking personal growth, and self-fulfillment. Some of the topics to consider

are:

• Recreation or hobbies such as reading, technology, craft, music, art, pets,

photography, media, sports, toys, cooking, home improvement, outdoor

• Parenting and child rearing

• Marriage or wedding

• Talent acquisition

• Life or personal goals

• Charity, donations, volunteering

Example 1:
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Search Query: how to photograph birds in flight

Example 2:

Search Query: wedding invitation design

Visited Url: theknot.com

Cognitive Need Cognitive needs are about pursuing knowledge and intelligence

through learning and discovering. Some of the topics to consider are:

• Education or learning materials

• Online or virtual classroom

• Educational degrees or programs

• Cognition, memory, focus or attention

Example 1:

Search Query: lesson plans for 4th grade math

Example 2:

Search Query: python data science

Visited Url: coursera.org

Love and Belonging Need Love and belong needs are social and emotional and

include emotionally-based relationships such as friendship, family, dating, sexual

intimacy. Some of the topics to consider are:

• Expression of or resources for mental health or emotional issues such as anxiety,

depression, loneliness, isolation, suicide, nervousness, rejection, fear or sadness

• Social media, social network and relevant technologies

• Social activities online or offline

• Search for relationships, significant others, dating

• Negative relationships such as divorce or breakup
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Example 1:

Search Query: online therapist for anxiety

Visited Url: talkspace.com

Example 2:

Search Query: long distance relationships

Safety Need Safety needs stem from our desire to seek order and stability in the

world. These needs provide protection from elements through shelter and security of

body, jobs, food, resources, family, or health. Some of the topics to consider are:

• Protection from harm through equipments such as firearms or security systems

• Personal protective equipment such as masks or sanitizers

• Lack of protection such as domestic violence

• Financial related such as tax, loans, banking, or bankrupsy

• Jobs and unemployment

• Shelter related such as housing, rental, evictions

• Assistance for jobs or finances

Example 1:

Search Query: n-95 masks

Visited Url: amazon.com

Example 2:

Search Query: unemployment benefits

Physiological Need Physiological needs are the basic animal needs such as air,

food, drink, shelter, warmth, sex, and other body needs. Some of the topics to consider

are:
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• Health related such as prescription, measurement, symptoms, conditions, or first

aid

• Hygienic products such as toilet paper

• Basic staples such as food, beverages, apparel, household products

• Services that provice basic staples like grocery delivery or online grocers

• Sleep and insomnia

• Assistance for food

• Transportation and mobility

Example 1:

Search Query: Symptoms of flu

Example 2:

Search Query: whole foods

Visited Url: wholefoodsmarket.com
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A.6 SIGNIFICANT CHANGES IN HUMAN NEEDS

Phys  Toilet paper purchase

Safe  Stimulus related queries

Safe  Unemployment related queries

Safe  State unemployment site visits

Safe  COVID-19 protection purchase

Phys  Health meas. equipment queries

Phys  Health condition related queries

Phys  Food assistance related queries

Phys  Grocery related queries

Phys  Food delivery queries

L&B  Online social activities queries

Phys  Food delivery site visits

SA  Wedding related purchase

SA  Wedding site visits

Cog  Edu. degree related queries

Safe  Housing related queries

Safe  Job search related queries

Safe  Job search site visits

Phys  Apparel purchase

SA  Outdoor related queries

SA  Life goal related queries

Safe  Domestic violence queries

Safe  Rental related queries

L&B  Divorce related queries
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Figure A.3: Daily relative changes in needs for top 12 need subcategories with the largest increase (left)
and top 12 need subcategories with the largest decrease (right). Vertical bars denote the first reported US
COVID case (Jan 20) and the US national emergency declaration (Mar 13).
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Appendix B

QUANTIFYING DIGITAL DISPARITIES THROUGH SEARCH
DATA

As described in our Methods, we compute 95% confidence intervals through bootstrap-

ping with 500 iterations. These confidence intervals are computed when estimating

the effect size (i.e., the difference between matched groups). Therefore, they are shown

as error bars in figures wherever we conduct a comparison across groups – such as all

of the even numbered Supplementary Figures B.14 to B.26.

B.1 SDOH FACTORS USED IN ANALYSIS

Healthcare access 
and quality

Education access 
and quality

Social and 
community context

Economic stability
Neighborhood and 
built environment

% with health 
insurance

% with BA or 
higher

% Hispanic
% Black or 

African 
American

Median 
household 

income
% unemployed % with internet

Population 
density

Health 
condition 

related queries

Clicks to online 
learning sites

Unemployment 
related queries

Clicks to state 
unemployment 

sites

Financial 
assistance 

related queries

Food delivery 
related queries

Food 
assistance 

related queries

Figure B.1: Our choice of census variables (red) and search categories (yellow) are inspired by the Social
Determinants of Health framework (green).
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Table B.1: Means and medians of eight SDoH factors across 25,801 ZIP codes in our dataset. Population
density is computed from the total U.S. population [418] divided by the total U.S. land area [416].

SDoH Factor ZIP Code Mean ZIP Code Median U.S. Mean ACS Table

Median Household Income $60,819.849 $55,224 $65,712 B19013
% Unemployed 3.4% 3.0% 2.9% B23025
% Black or African American Alone 8.3% 1.6% 12.8% B02001
% Hispanic or Latino 10.1% 4.0% 18.4% B03003
% with Bachelor or Higher Degree 25.9% 21.1% 33.1% B15002
Population Density (per sq mile) 1573.966 108.421 92.830∗ B01003
% with Health Insurance Coverage 91.1% 92.7% 98.4% B27001
% with Internet Access 80.5% 81.8% 85.8% B28003

Table B.2: Split boundaries used to generate high-risk (treated) and low-risk (control) comparison groups
based on ZIP code medians and U.S. national means of eight SDoH factors. Values that informed the choice
of the split boundaries are bolded. For population density, we follow previous practices of urban-rural
classification [327].

SDoH Factor ZIP Code Median U.S. Mean Boundary Treated Control

Median Household Income $55,224 $65,712 $55,224 ≤ $55,224 > $55,224
% Unemployed 3.0% 2.9% 3.0% ≤ 3.0% > 3.0%
% Black or African American Alone 1.6% 12.8% 12% ≥ 12% < 12%
% Hispanic or Latino 4.0% 18.4% 18% ≥ 18% < 18%
% with Bachelor or Higher Degree 21.1% 33.1% 21.1% ≤ 21.1% > 21.1%
Population Density (per sq mile) 108.421 92.830 500 ≥ 500 < 500
% with Health Insurance Coverage 92.7% 98.4% 92.7% ≤ 92.7% > 92.7%
% with Internet Access 81.8% 85.8% 81.8% ≤ 81.8% > 81.8%

Table B.3: Pearson correlation coefficients between SDoH factors across 25,801 ZIP codes in our dataset.
These correlations reflect socioeconomic segregration and are controlled for through a matching-based
approach (Methods). (∗ = attained Bachelor’s degree or higher)

SDoH factor % Unemp. % Black % Hispanic % BA∗ Pop. Density % Insurance % Internet

M. H. Income -0.25 -0.23 -0.07 0.74 0.10 0.41 0.66
% Unemp. 0.32 0.15 -0.18 0.09 -0.23 -0.20
% Black 0.03 -0.09 0.15 -0.19 -0.23

% Hispanic -0.07 0.21 -0.35 -0.04
% BA∗ 0.23 0.36 0.62

Pop. Density 0.00 0.10
% Insurance 0.41
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B.2 SEARCH CATEGORIES

Table B.4: Seven search categories examined and their example search strings and regular expressions.
These categories were largely informed by our prior work [402]. In that prior work, we publicly shared the
full list of our regular expressions in a github repository (https://github.com/jinasuh/pandemic_needs)

Search categories Example search string Example regular expression
Health condition related queries arthritis; diabetes \b(stroke|diabetes|covid|salmonella|

autism|asthma|cancer)\b
Unemployment related queries im unemployed; jobless benefits \b((i m|im|i am) (unemployed|laid

off|furloughed))\b
Clicks to state unemployment sites click on www.michigan.gov/uia

from search results
[\/.](www\.michigan\.gov\/uia|
www\.in\.gov\/dwd\/2362\.htm)

Financial assistance related queries relief fund; financial assistance \b((relief|stimulus)
(funds?|package|checks?))\b

Clicks to online learning sites click on coursera.org from search
results

[\/.](quizlet\.com|mooc-
list\.com|coursera\.org|khanacademy\.org)

Food delivery related queries grocery delivery; deliver meal \b((food|grocery|meal) delivery)\b

Food assistance related queries food stamps; snap program b(food assistance|snap program|food
stamps|food bank|food pantry)\b

B.3 UNEMPLOYMENT CLAIMS

Figure B.2: (a) Percent change in the unemployment related queries in Bing (shaded) and the reported
unemployment claims from the US Department of Labor (line, https://oui.doleta.gov/unemploy/claims.asp)
compared to pre-pandemic baseline. (b) Percent change in the clicks to unemployment sites in Bing (shaded)
and the reported unemployment claims from the US Department of Labor (line, https://oui.doleta.gov/
unemploy/claims.asp) compared to pre-pandemic baseline.
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(b) Claims vs clicks to unemployment sites

https://github.com/jinasuh/pandemic_needs
https://oui.doleta.gov/unemploy/claims.asp
https://oui.doleta.gov/unemploy/claims.asp
https://oui.doleta.gov/unemploy/claims.asp


337

B.4 MATCHING QUALITY

Table B.5: Summary of pre-matching balance assessment and sample sizes across SDoH factors. |SMD| >
0.25 indicates that the two ZIP code groups created along the split boundary are different and, thus, not
comparable.

SDoH Factor Split Boundary Treated Count Control Count Max SMD Mean SMD

Median Household Income $55,224 12637 12637 1.018 0.459
% Unemployed 3.0% 12637 12637 0.385 0.269
% Black or Afr. Am. Alone 12% 4945 20329 0.467 0.300
% Hispanic or Latino 18% 4028 21246 0.591 0.218
% with Bachelor or Higher 21.1% 12637 12637 0.975 0.416
Population Density (per mi2) 500 8037 17237 0.689 0.392
% with Health Ins. Cov. 92.7% 12666 12608 0.629 0.396
% with Internet Access 81.8% 12637 12637 0.974 0.429

Table B.6: Summary of post-matching balance assessment and sample sizes across SDoH factors for treated
and control groups.

SDoH Factor Max SMD Mean SMD Tr. Matched Tr. Unmat. Ct. Matched Ct. Unmat.

Median Household Income 0.236 0.105 12555 21 3854 8720
% Unemployed 0.088 0.026 12544 31 5917 6658
% Black or Afr. Am. Alone 0.144 0.072 4932 0 1603 18615
% Hispanic or Latino 0.131 0.082 4018 0 2247 18885
% with Bachelor or Higher 0.113 0.069 12572 3 3981 8594
Population Density (per mi2) 0.181 0.114 8022 6 2836 14286
% with Health Ins. Cov. 0.067 0.030 8508 0 4339 12303
% with Internet Access 0.176 0.075 12575 0 3623 8952
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Table B.7: Balance assessment between unmatched high (Treated) and low (Control) ‘% Black or African
American Alone’ groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 0.590 0.100 0.490 1.606
Median Household Income 49810.138 63497.945 -13687.808 -0.680
Unemployed 0.045 0.031 0.015 0.628
Hispanic or Latino 0.125 0.095 0.030 0.201
With Bachelor or Higher Degree Attained 0.232 0.265 -0.034 -0.244
Population Density (per sq mile) 2975.905 1172.126 1803.778 0.245
With Health Insurance Coverage 0.883 0.918 -0.034 -0.575
With Internet Access 0.766 0.816 -0.050 -0.414
Black or African American Alone 0.337 0.021 0.316 1.517

Table B.8: Balance assessment between matched high (Treated) and low (Control) ‘% Black or African
American Alone’ groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 0.887 0.791 0.096 0.043
Median Household Income 49835.515 52509.535 -2674.020 -0.133
Unemployed 0.045 0.043 0.002 0.097
Hispanic or Latino 0.125 0.126 -0.001 -0.004
With Bachelor or Higher Degree Attained 0.232 0.240 -0.008 -0.059
Population Density (per sq mile) 2981.898 2250.314 731.584 0.099
With Health Insurance Coverage 0.884 0.881 0.003 0.044
With Internet Access 0.766 0.775 -0.009 -0.072
Black or African American Alone 0.337 0.041 0.297 1.425

Table B.9: Balance assessment between unmatched high (Treated) and low (Control) ‘% Hispanic or Latino’
groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 0.368 0.120 0.249 1.023
Median Household Income 57217.731 61502.769 -4285.038 -0.209
Unemployed 0.041 0.032 0.009 0.398
Black or African American Alone 0.099 0.080 0.019 0.145
With Bachelor or Higher Degree Attained 0.234 0.264 -0.030 -0.224
Population Density (per sq mile) 4021.757 1051.698 2970.060 0.333
With Health Insurance Coverage 0.864 0.920 -0.056 -0.751
With Internet Access 0.806 0.806 -0.000 -0.001
Hispanic or Latino 0.399 0.044 0.355 1.736
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Table B.10: Balance assessment between matched high (Treated) and low (Control) ‘% Hispanic or Latino’
groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance -0.639 -0.699 0.060 0.042
Median Household Income 57234.061 58095.893 -861.832 -0.042
Unemployed 0.041 0.038 0.002 0.105
Black or African American Alone 0.099 0.085 0.014 0.111
With Bachelor or Higher Degree Attained 0.234 0.239 -0.006 -0.042
Population Density (per sq mile) 4029.507 2986.171 1043.336 0.117
With Health Insurance Coverage 0.864 0.865 -0.001 -0.018
With Internet Access 0.806 0.817 -0.010 -0.096
Hispanic or Latino 0.399 0.086 0.313 1.530

Table B.11: Balance assessment between unmatched high (Control) and low (Treated) ‘Median Household
Income’ groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 0.725 0.275 0.450 1.855
Unemployed 0.039 0.028 0.011 0.412
Black or African American Alone 0.117 0.049 0.068 0.343
Hispanic or Latino 0.110 0.091 0.019 0.102
With Bachelor or Higher Degree Attained 0.177 0.341 -0.164 -1.751
Population Density (per sq mile) 1266.027 1784.065 -518.038 -0.107
With Health Insurance Coverage 0.887 0.934 -0.047 -0.692
With Internet Access 0.744 0.868 -0.125 -1.257
Median Household Income 43356.749 78282.949 -34926.200 -4.189

Table B.12: Balance assessment between matched high (Control) and low (Treated) ‘Median Household
Income’ groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 1.567 1.449 0.119 0.060
Unemployed 0.039 0.036 0.003 0.113
Black or African American Alone 0.117 0.092 0.025 0.126
Hispanic or Latino 0.111 0.091 0.020 0.107
With Bachelor or Higher Degree Attained 0.177 0.180 -0.003 -0.029
Population Density (per sq mile) 1272.878 747.235 525.643 0.108
With Health Insurance Coverage 0.888 0.889 -0.001 -0.021
With Internet Access 0.745 0.746 -0.001 -0.011
Median Household Income 43401.084 62615.121 -19214.037 -2.306
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Table B.13: Balance assessment between unmatched high (Control) and low (Treated) ‘% with Bachelor or
Higher Degree Attained’ groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 0.714 0.286 0.429 1.869
Median Household Income 47879.339 73760.359 -25881.020 -2.046
Unemployed 0.037 0.029 0.008 0.308
Black or African American Alone 0.095 0.072 0.023 0.125
Hispanic or Latino 0.109 0.093 0.016 0.086
Population Density (per sq mile) 788.145 2261.947 -1473.803 -0.441
With Health Insurance Coverage 0.890 0.931 -0.041 -0.571
With Internet Access 0.745 0.867 -0.121 -1.222
With Bachelor or Higher Degree Attained 0.141 0.376 -0.235 -5.334

Table B.14: Balance assessment between matched high (Control) and low (Treated) ‘% with Bachelor or
Higher Degree Attained’ groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 1.336 1.242 0.094 0.058
Median Household Income 47895.952 48454.763 -558.811 -0.044
Unemployed 0.037 0.036 0.002 0.073
Black or African American Alone 0.095 0.084 0.011 0.060
Hispanic or Latino 0.109 0.097 0.013 0.066
Population Density (per sq mile) 793.735 751.143 42.592 0.013
With Health Insurance Coverage 0.891 0.897 -0.007 -0.097
With Internet Access 0.746 0.751 -0.005 -0.050
With Bachelor or Higher Degree Attained 0.142 0.269 -0.128 -2.903

Table B.15: Balance assessment between unmatched high (Treated) and low (Control) ‘Population Density
(per sq mile)’ groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 0.645 0.166 0.479 1.701
Median Household Income 71129.001 56013.058 15115.943 0.462
Unemployed 0.038 0.031 0.006 0.322
Black or African American Alone 0.144 0.055 0.089 0.450
Hispanic or Latino 0.169 0.069 0.100 0.522
With Bachelor or Higher Degree Attained 0.364 0.210 0.154 0.805
With Health Insurance Coverage 0.915 0.909 0.006 0.097
With Internet Access 0.860 0.781 0.079 0.877
Population Density (per sq mile) 4599.740 91.425 4508.315 0.510
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Table B.16: Balance assessment between matched high (Treated) and low (Control) ‘Population Density
(per sq mile)’ groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 0.882 0.763 0.118 0.067
Median Household Income 71169.714 72899.376 -1729.662 -0.053
Unemployed 0.038 0.035 0.002 0.132
Black or African American Alone 0.144 0.124 0.020 0.099
Hispanic or Latino 0.169 0.154 0.015 0.079
With Bachelor or Higher Degree Attained 0.363 0.371 -0.007 -0.038
With Health Insurance Coverage 0.915 0.925 -0.010 -0.156
With Internet Access 0.860 0.873 -0.013 -0.147
Population Density (per sq mile) 4598.958 227.548 4371.410 0.494

Table B.17: Balance assessment between unmatched high (Treated) and low (Control) ‘% Unemployed’
groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 0.581 0.419 0.162 0.781
Median Household Income 55178.441 66461.257 -11282.816 -0.503
Black or African American Alone 0.125 0.042 0.083 0.421
Hispanic or Latino 0.132 0.070 0.062 0.328
With Bachelor or Higher Degree Attained 0.230 0.288 -0.058 -0.416
Population Density (per sq mile) 2062.020 988.072 1073.948 0.173
With Health Insurance Coverage 0.898 0.924 -0.026 -0.404
With Internet Access 0.791 0.821 -0.029 -0.272
Unemployed 0.049 0.018 0.030 1.401

Table B.18: Balance assessment between matched high (Treated) and low (Control) ‘% Unemployed’ groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 0.460 0.423 0.037 0.032
Median Household Income 55192.003 55360.831 -168.828 -0.008
Black or African American Alone 0.124 0.122 0.002 0.010
Hispanic or Latino 0.131 0.125 0.006 0.030
With Bachelor or Higher Degree Attained 0.230 0.225 0.004 0.030
Population Density (per sq mile) 1902.049 1476.827 425.222 0.069
With Health Insurance Coverage 0.898 0.898 -0.001 -0.010
With Internet Access 0.791 0.791 0.001 0.006
Unemployed 0.048 0.021 0.028 1.303
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Table B.19: Balance assessment between unmatched high (Control) and low (Treated) ‘% with Health
Insurance Coverage’ groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 0.528 0.242 0.286 1.140
Median Household Income 48183.387 67291.556 -19108.168 -1.336
Unemployed 0.040 0.030 0.010 0.374
Black or African American Alone 0.133 0.058 0.075 0.378
Hispanic or Latino 0.167 0.067 0.101 0.458
With Bachelor or Higher Degree Attained 0.187 0.296 -0.109 -1.076
Population Density (per sq mile) 1529.525 1522.752 6.774 0.001
With Internet Access 0.752 0.834 -0.082 -0.737
With Health Insurance Coverage 0.841 0.947 -0.106 -1.770

Table B.20: Balance assessment betweenmatched high (Control) and low (Treated) ‘% with Health Insurance
Coverage’ groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 0.255 0.199 0.055 0.038
Median Household Income 48177.005 48170.216 6.789 0.000
Unemployed 0.040 0.039 0.001 0.025
Black or African American Alone 0.133 0.126 0.007 0.035
Hispanic or Latino 0.168 0.158 0.009 0.043
With Bachelor or Higher Degree Attained 0.187 0.187 0.000 0.005
Population Density (per sq mile) 1537.624 1250.643 286.982 0.060
With Internet Access 0.752 0.753 -0.001 -0.008
With Health Insurance Coverage 0.841 0.932 -0.092 -1.530

Table B.21: Balance assessment between unmatched high (Control) and low (Treated) ‘% with Internet
Access’ groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 0.749 0.251 0.497 2.260
Median Household Income 46716.098 74923.599 -28207.501 -2.274
Unemployed 0.037 0.030 0.007 0.256
Black or African American Alone 0.107 0.060 0.047 0.244
Hispanic or Latino 0.102 0.099 0.003 0.019
With Bachelor or Higher Degree Attained 0.168 0.350 -0.182 -2.326
Population Density (per sq mile) 1003.589 2046.502 -1042.913 -0.225
With Health Insurance Coverage 0.889 0.932 -0.043 -0.603
With Internet Access 0.723 0.889 -0.166 -1.980
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Table B.22: Balance assessment between matched high (Control) and low (Treated) ‘% with Internet Access’
groups

SDoH Factor Means Treated Means Control Mean Diff. Std. Mean Diff.

distance 1.436 1.234 0.202 0.136
Median Household Income 46721.584 48710.356 -1988.773 -0.160
Unemployed 0.037 0.035 0.001 0.056
Black or African American Alone 0.107 0.096 0.011 0.059
Hispanic or Latino 0.103 0.093 0.009 0.050
With Bachelor or Higher Degree Attained 0.168 0.173 -0.005 -0.066
Population Density (per sq mile) 1009.178 898.001 111.178 0.024
With Health Insurance Coverage 0.889 0.893 -0.003 -0.049
With Internet Access 0.724 0.854 -0.130 -1.559
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B.5 SEARCH TRENDS

Figure B.3: Normalized query volumes across five categories in years 2019 and 2020 across Bing and
Google.
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Figure B.4: Frequency of search keywords “covid”, “coronavirus”, “mers”, “gonorrhea”, and “zika” in 2019,
scaled to the maximum frequency within the data presented in the figure.
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Figure B.5: (a) Average query frequencies per ZIP code across seven search categories, and (b) average
proportion of total queries per ZIP code across seven search categories. Query frequencies and proportions
are scaled to the maximum of 1 within each figure. Red lines indicate ZIP codes with % of the population
with Black or African American alone ≥ 12%, and gray lines indicate ZIP codes with % of the population
with Black or African American alone < 12%.
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Figure B.6: (a) Average query frequencies per ZIP code across seven search categories, and (b) average
proportion of total queries per ZIP code across seven search categories. Query frequencies and proportions
are scaled to the maximum of 1 within each figure. Red lines indicate ZIP codes with % of the population
with Hispanic origin≥ 18%, and gray lines indicate ZIP codes with % of the population with Hispanic origin
< 18%.
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Figure B.7: (a) Average query frequencies per ZIP code across seven search categories, and (b) average
proportion of total queries per ZIP code across seven search categories. Query frequencies and proportions
are scaled to the maximum of 1 within each figure. Red lines indicate ZIP codes with median household
income ≤ $55,224, and gray lines indicate ZIP codes with median household income > $55,224.

0

1
Clicks to online learning sites

0

1
Food delivery related queries

0

1
Food assistance related queries

0

1
Health condition related queries

0

1
Financial assist. related queries

0

1
Clicks to state unemployment sites

2019-01-01 2020-01-01 2021-01-01
0

1
Unemployment related queries

(a) Average query frequencies per ZIP code

0

1
Clicks to online learning sites

0

1
Food delivery related queries

0

1
Food assistance related queries

0

1
Health condition related queries

0

1
Financial assist. related queries

0

1
Clicks to state unemployment sites

2019-01-01 2020-01-01 2021-01-01
0

1
Unemployment related queries

(b) Average query proportions per ZIP code



349

Figure B.8: (a) Average query frequencies per ZIP code across seven search categories, and (b) average
proportion of total queries per ZIP code across seven search categories. Query frequencies and proportions
are scaled to the maximum of 1 within each figure. Red lines indicate ZIP codes with % of the population
with Bachelor’s degree or higher degrees ≤ 21%, and gray lines indicate ZIP codes with Bachelor’s degree
or higher degrees > 21%.
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Figure B.9: (a) Average query frequencies per ZIP code across seven search categories, and (b) average
proportion of total queries per ZIP code across seven search categories. Query frequencies and proportions
are scaled to the maximum of 1 within each figure. Red lines indicate ZIP codes with population density ≥
500 people per square mile, and gray lines indicate ZIP codes with internet access < 500 people per square
mile.
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Figure B.10: (a) Average query frequencies per ZIP code across seven search categories, and (b) average
proportion of total queries per ZIP code across seven search categories. Query frequencies and proportions
are scaled to the maximum of 1 within each figure. Red lines indicate ZIP codes with % of the population
unemployed ≥ 3%, and gray lines indicate ZIP codes with % of the population unemployed < 3%.
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Figure B.11: (a) Average query frequencies per ZIP code across seven search categories, and (b) average
proportion of total queries per ZIP code across seven search categories. Query frequencies and proportions
are scaled to the maximum of 1 within each figure. Red lines indicate ZIP codes with % of the population
with health insurance coverage ≤ 93%, and gray lines indicate ZIP codes with health insurance coverage >
93%.
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Figure B.12: (a) Average query frequencies per ZIP code across seven search categories, and (b) average
proportion of total queries per ZIP code across seven search categories. Query frequencies and proportions
are scaled to the maximum of 1 within each figure. Red lines indicate ZIP codes with % of the population
with internet access ≤ 82%, and gray lines indicate ZIP codes with internet access > 82%.
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B.6 RELATIVE DIFFERENCES ACROSS GROUPS

Figure B.13: Percent change in ‘Health condition related queries’ between two matched groups across
eight SDoH factors.
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(a) Percent change in 'Health condition related queries' 
 between two matched groups across 'Education level'

Attained BA  21%
Attained BA > 21%

2020-01 2020-03 2020-05 2020-07 2020-09 2020-11

0

200

400

600

800

1000

C
ha

ng
e 

si
nc

e 
be

fo
re

 p
an

de
m

ic
 (%

)

U
S

 N
at

io
na

l E
m

er
ge

nc
y

P
re

-P
an

de
m

ic
 B

as
el

in
e

(b) Percent change in 'Health condition related queries' 
 between two matched groups across '% Insurance coverage'

Insurance cov.  93%
Insurance cov. > 93%
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(c) Percent change in 'Health condition related queries' 
 between two matched groups across '% Internet access'

Internet access  82%
Internet access > 82%
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(d) Percent change in 'Health condition related queries' 
 between two matched groups across '% Hispanic populations'

Hisp. pop.  18%
Hisp. pop. < 18%
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(e) Percent change in 'Health condition related queries' 
 between two matched groups across 'Income'

Income  $55,224
Income > $55,224
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(f) Percent change in 'Health condition related queries' 
 between two matched groups across 'Population density'

Pop. density  500
Pop. density < 500

2020-01 2020-03 2020-05 2020-07 2020-09 2020-11

0

200

400

600

800

1000

C
ha

ng
e 

si
nc

e 
be

fo
re

 p
an

de
m

ic
 (%

)

U
S

 N
at

io
na

l E
m

er
ge

nc
y

P
re

-P
an

de
m

ic
 B

as
el

in
e

(g) Percent change in 'Health condition related queries' 
 between two matched groups across '% Black population'

Black pop.  12%
Black pop. < 12%
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(h) Percent change in 'Health condition related queries' 
 between two matched groups across '% Unemployed'

Unemployed  3%
Unemployed < 3%
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Figure B.14: Differences in percentage points for changes in ‘Health condition related queries’ between
two matched groups across eight SDoH factors.
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(a) Diff. in percentage points for changes in 'Health condition related queries' 
 between two matched groups across 'Education level'. 
 High risk (Attained BA  21%) - Low risk (Attained BA > 21%)
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(b) Diff. in percentage points for changes in 'Health condition related queries' 
 between two matched groups across '% Insurance coverage'. 
 High risk (Insurance cov.  93%) - Low risk (Insurance cov. > 93%)

2020-01 2020-03 2020-05 2020-07 2020-09 2020-11
100

75

50

25

0

25

50

75

D
iff

er
en

ce
 in

 p
er

ce
nt

ag
e 

po
in

ts

U
S

 N
at

io
na

l E
m

er
ge

nc
y

P
re

-P
an

de
m

ic
 B

as
el

in
e

(c) Diff. in percentage points for changes in 'Health condition related queries' 
 between two matched groups across '% Internet access'. 
 High risk (Internet access  82%) - Low risk (Internet access > 82%)
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(d) Diff. in percentage points for changes in 'Health condition related queries' 
 between two matched groups across '% Hispanic populations'. 
 High risk (Hisp. pop.  18%) - Low risk (Hisp. pop. < 18%)
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(e) Diff. in percentage points for changes in 'Health condition related queries' 
 between two matched groups across 'Income'. 
 High risk (Income  $55,224) - Low risk (Income > $55,224)
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(f) Diff. in percentage points for changes in 'Health condition related queries' 
 between two matched groups across 'Population density'. 
 High risk (Pop. density  500) - Low risk (Pop. density < 500)
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(g) Diff. in percentage points for changes in 'Health condition related queries' 
 between two matched groups across '% Black population'. 
 High risk (Black pop.  12%) - Low risk (Black pop. < 12%)
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(h) Diff. in percentage points for changes in 'Health condition related queries' 
 between two matched groups across '% Unemployed'. 
 High risk (Unemployed  3%) - Low risk (Unemployed < 3%)
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Figure B.15: Percent change in ‘Unemployment related queries’ between two matched groups across eight
SDoH factors.
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(a) Percent change in 'Unemployment related queries' 
 between two matched groups across 'Education level'

Attained BA  21%
Attained BA > 21%
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(b) Percent change in 'Unemployment related queries' 
 between two matched groups across '% Insurance coverage'

Insurance cov.  93%
Insurance cov. > 93%
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(c) Percent change in 'Unemployment related queries' 
 between two matched groups across '% Internet access'

Internet access  82%
Internet access > 82%
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(d) Percent change in 'Unemployment related queries' 
 between two matched groups across '% Hispanic populations'

Hisp. pop.  18%
Hisp. pop. < 18%

2020-01 2020-03 2020-05 2020-07 2020-09 2020-11

0

500

1000

1500

2000

2500

3000

C
ha

ng
e 

si
nc

e 
be

fo
re

 p
an

de
m

ic
 (%

)

U
S

 N
at

io
na

l E
m

er
ge

nc
y

P
re

-P
an

de
m

ic
 B

as
el

in
e

(e) Percent change in 'Unemployment related queries' 
 between two matched groups across 'Income'

Income  $55,224
Income > $55,224
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(f) Percent change in 'Unemployment related queries' 
 between two matched groups across 'Population density'

Pop. density  500
Pop. density < 500
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(g) Percent change in 'Unemployment related queries' 
 between two matched groups across '% Black population'

Black pop.  12%
Black pop. < 12%
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(h) Percent change in 'Unemployment related queries' 
 between two matched groups across '% Unemployed'

Unemployed  3%
Unemployed < 3%
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Figure B.16: Differences in percentage points for changes in ‘Unemployment related queries’ between two
matched groups across eight SDoH factors.
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(a) Diff. in percentage points for changes in 'Unemployment related queries' 
 between two matched groups across 'Education level'. 
 High risk (Attained BA  21%) - Low risk (Attained BA > 21%)
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(b) Diff. in percentage points for changes in 'Unemployment related queries' 
 between two matched groups across '% Insurance coverage'. 
 High risk (Insurance cov.  93%) - Low risk (Insurance cov. > 93%)
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(c) Diff. in percentage points for changes in 'Unemployment related queries' 
 between two matched groups across '% Internet access'. 
 High risk (Internet access  82%) - Low risk (Internet access > 82%)
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(d) Diff. in percentage points for changes in 'Unemployment related queries' 
 between two matched groups across '% Hispanic populations'. 
 High risk (Hisp. pop.  18%) - Low risk (Hisp. pop. < 18%)
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(e) Diff. in percentage points for changes in 'Unemployment related queries' 
 between two matched groups across 'Income'. 
 High risk (Income  $55,224) - Low risk (Income > $55,224)
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(f) Diff. in percentage points for changes in 'Unemployment related queries' 
 between two matched groups across 'Population density'. 
 High risk (Pop. density  500) - Low risk (Pop. density < 500)
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(g) Diff. in percentage points for changes in 'Unemployment related queries' 
 between two matched groups across '% Black population'. 
 High risk (Black pop.  12%) - Low risk (Black pop. < 12%)
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(h) Diff. in percentage points for changes in 'Unemployment related queries' 
 between two matched groups across '% Unemployed'. 
 High risk (Unemployed  3%) - Low risk (Unemployed < 3%)
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Figure B.17: Percent change in ‘Clicks to state unemployment sites’ between two matched groups across
eight SDoH factors.
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(a) Percent change in 'Clicks to state unemployment sites' 
 between two matched groups across 'Education level'

Attained BA  21%
Attained BA > 21%
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(b) Percent change in 'Clicks to state unemployment sites' 
 between two matched groups across '% Insurance coverage'

Insurance cov.  93%
Insurance cov. > 93%
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(c) Percent change in 'Clicks to state unemployment sites' 
 between two matched groups across '% Internet access'

Internet access  82%
Internet access > 82%
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(d) Percent change in 'Clicks to state unemployment sites' 
 between two matched groups across '% Hispanic populations'

Hisp. pop.  18%
Hisp. pop. < 18%
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(e) Percent change in 'Clicks to state unemployment sites' 
 between two matched groups across 'Income'

Income  $55,224
Income > $55,224
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(f) Percent change in 'Clicks to state unemployment sites' 
 between two matched groups across 'Population density'

Pop. density  500
Pop. density < 500
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(g) Percent change in 'Clicks to state unemployment sites' 
 between two matched groups across '% Black population'

Black pop.  12%
Black pop. < 12%
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(h) Percent change in 'Clicks to state unemployment sites' 
 between two matched groups across '% Unemployed'

Unemployed  3%
Unemployed < 3%
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Figure B.18: Differences in percentage points for changes in ‘Clicks to state unemployment sites’ between
two matched groups across eight SDoH factors.
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(a) Diff. in percentage points for changes in 'Clicks to state unemployment sites' 
 between two matched groups across 'Education level'. 
 High risk (Attained BA  21%) - Low risk (Attained BA > 21%)
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(b) Diff. in percentage points for changes in 'Clicks to state unemployment sites' 
 between two matched groups across '% Insurance coverage'. 
 High risk (Insurance cov.  93%) - Low risk (Insurance cov. > 93%)
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(c) Diff. in percentage points for changes in 'Clicks to state unemployment sites' 
 between two matched groups across '% Internet access'. 
 High risk (Internet access  82%) - Low risk (Internet access > 82%)
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(d) Diff. in percentage points for changes in 'Clicks to state unemployment sites' 
 between two matched groups across '% Hispanic populations'. 
 High risk (Hisp. pop.  18%) - Low risk (Hisp. pop. < 18%)
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(e) Diff. in percentage points for changes in 'Clicks to state unemployment sites' 
 between two matched groups across 'Income'. 
 High risk (Income  $55,224) - Low risk (Income > $55,224)
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(f) Diff. in percentage points for changes in 'Clicks to state unemployment sites' 
 between two matched groups across 'Population density'. 
 High risk (Pop. density  500) - Low risk (Pop. density < 500)
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(g) Diff. in percentage points for changes in 'Clicks to state unemployment sites' 
 between two matched groups across '% Black population'. 
 High risk (Black pop.  12%) - Low risk (Black pop. < 12%)
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(h) Diff. in percentage points for changes in 'Clicks to state unemployment sites' 
 between two matched groups across '% Unemployed'. 
 High risk (Unemployed  3%) - Low risk (Unemployed < 3%)
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Figure B.19: Percent change in ‘Financial assistance related queries’ between two matched groups across
eight SDoH factors.
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(a) Percent change in 'Financial assistance related queries' 
 between two matched groups across 'Education level'

Attained BA  21%
Attained BA > 21%
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(b) Percent change in 'Financial assistance related queries' 
 between two matched groups across '% Insurance coverage'

Insurance cov.  93%
Insurance cov. > 93%
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(c) Percent change in 'Financial assistance related queries' 
 between two matched groups across '% Internet access'

Internet access  82%
Internet access > 82%
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(d) Percent change in 'Financial assistance related queries' 
 between two matched groups across '% Hispanic populations'

Hisp. pop.  18%
Hisp. pop. < 18%
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(e) Percent change in 'Financial assistance related queries' 
 between two matched groups across 'Income'

Income  $55,224
Income > $55,224
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(f) Percent change in 'Financial assistance related queries' 
 between two matched groups across 'Population density'

Pop. density  500
Pop. density < 500
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(g) Percent change in 'Financial assistance related queries' 
 between two matched groups across '% Black population'

Black pop.  12%
Black pop. < 12%
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(h) Percent change in 'Financial assistance related queries' 
 between two matched groups across '% Unemployed'

Unemployed  3%
Unemployed < 3%
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Figure B.20: Differences in percentage points for changes in ‘Financial assistance related queries’ between
two matched groups across eight SDoH factors.
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(a) Diff. in percentage points for changes in 'Financial assist. related queries' 
 between two matched groups across 'Education level'. 
 High risk (Attained BA  21%) - Low risk (Attained BA > 21%)
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(b) Diff. in percentage points for changes in 'Financial assist. related queries' 
 between two matched groups across '% Insurance coverage'. 
 High risk (Insurance cov.  93%) - Low risk (Insurance cov. > 93%)
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(c) Diff. in percentage points for changes in 'Financial assist. related queries' 
 between two matched groups across '% Internet access'. 
 High risk (Internet access  82%) - Low risk (Internet access > 82%)
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(d) Diff. in percentage points for changes in 'Financial assist. related queries' 
 between two matched groups across '% Hispanic populations'. 
 High risk (Hisp. pop.  18%) - Low risk (Hisp. pop. < 18%)
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(e) Diff. in percentage points for changes in 'Financial assist. related queries' 
 between two matched groups across 'Income'. 
 High risk (Income  $55,224) - Low risk (Income > $55,224)
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(f) Diff. in percentage points for changes in 'Financial assist. related queries' 
 between two matched groups across 'Population density'. 
 High risk (Pop. density  500) - Low risk (Pop. density < 500)
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(g) Diff. in percentage points for changes in 'Financial assist. related queries' 
 between two matched groups across '% Black population'. 
 High risk (Black pop.  12%) - Low risk (Black pop. < 12%)
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(h) Diff. in percentage points for changes in 'Financial assist. related queries' 
 between two matched groups across '% Unemployed'. 
 High risk (Unemployed  3%) - Low risk (Unemployed < 3%)
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Figure B.21: Percent change in ‘Click to online learning sites’ between two matched groups across eight
SDoH factors.
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(a) Percent change in 'Clicks to online learning sites' 
 between two matched groups across 'Education level'

Attained BA  21%
Attained BA > 21%
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(b) Percent change in 'Clicks to online learning sites' 
 between two matched groups across '% Insurance coverage'

Insurance cov.  93%
Insurance cov. > 93%
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(c) Percent change in 'Clicks to online learning sites' 
 between two matched groups across '% Internet access'

Internet access  82%
Internet access > 82%
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(d) Percent change in 'Clicks to online learning sites' 
 between two matched groups across '% Hispanic populations'

Hisp. pop.  18%
Hisp. pop. < 18%
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(e) Percent change in 'Clicks to online learning sites' 
 between two matched groups across 'Income'

Income  $55,224
Income > $55,224
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(f) Percent change in 'Clicks to online learning sites' 
 between two matched groups across 'Population density'

Pop. density  500
Pop. density < 500
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(g) Percent change in 'Clicks to online learning sites' 
 between two matched groups across '% Black population'

Black pop.  12%
Black pop. < 12%
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(h) Percent change in 'Clicks to online learning sites' 
 between two matched groups across '% Unemployed'

Unemployed  3%
Unemployed < 3%
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Figure B.22: Differences in percentage points for changes in ‘Click to online learning sites’ between two
matched groups across eight SDoH factors.
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(a) Diff. in percentage points for changes in 'Clicks to online learning sites' 
 between two matched groups across 'Education level'. 
 High risk (Attained BA  21.1%) - Low risk (Attained BA > 21%)
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(b) Diff. in percentage points for changes in 'Clicks to online learning sites' 
 between two matched groups across '% Insurance coverage'. 
 High risk (Insurance cov.  92.7%) - Low risk (Insurance cov. > 92.7%)
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(c) Diff. in percentage points for changes in 'Clicks to online learning sites' 
 between two matched groups across '% Internet access'. 
 High risk (Internet access  81.8%) - Low risk (Internet access > 81.8%)
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(d) Diff. in percentage points for changes in 'Clicks to online learning sites' 
 between two matched groups across '% Hispanic populations'. 
 High risk (Hisp. pop.  18%) - Low risk (Hisp. pop. < 18%)
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(e) Diff. in percentage points for changes in 'Clicks to online learning sites' 
 between two matched groups across 'Income'. 
 High risk (Income  $55,224) - Low risk (Income > $55,224)
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(f) Diff. in percentage points for changes in 'Clicks to online learning sites' 
 between two matched groups across 'Population density'. 
 High risk (Pop. density  500) - Low risk (Pop. density < 500)
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(g) Diff. in percentage points for changes in 'Clicks to online learning sites' 
 between two matched groups across '% Black population'. 
 High risk (Black pop.  12%) - Low risk (Black pop. < 12%)
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(h) Diff. in percentage points for changes in 'Clicks to online learning sites' 
 between two matched groups across '% Unemployed'. 
 High risk (Unemployed  3%) - Low risk (Unemployed < 3%)
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Figure B.23: Percent change in ‘Food delivery related queries’ between two matched groups across eight
SDoH factors.
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(a) Percent change in 'Food delivery related queries' 
 between two matched groups across 'Education level'

Attained BA  21%
Attained BA > 21%
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(b) Percent change in 'Food delivery related queries' 
 between two matched groups across '% Insurance coverage'

Insurance cov.  93%
Insurance cov. > 93%
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(c) Percent change in 'Food delivery related queries' 
 between two matched groups across '% Internet access'

Internet access  82%
Internet access > 82%
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(d) Percent change in 'Food delivery related queries' 
 between two matched groups across '% Hispanic populations'

Hisp. pop.  18%
Hisp. pop. < 18%
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(e) Percent change in 'Food delivery related queries' 
 between two matched groups across 'Income'

Income  $55,224
Income > $55,224
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(f) Percent change in 'Food delivery related queries' 
 between two matched groups across 'Population density'

Pop. density  500
Pop. density < 500

2020-01 2020-03 2020-05 2020-07 2020-09 2020-11

0

100

200

300

400

500

C
ha

ng
e 

si
nc

e 
be

fo
re

 p
an

de
m

ic
 (%

)

U
S

 N
at

io
na

l E
m

er
ge

nc
y

P
re

-P
an

de
m

ic
 B

as
el

in
e

(g) Percent change in 'Food delivery related queries' 
 between two matched groups across '% Black population'

Black pop.  12%
Black pop. < 12%
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(h) Percent change in 'Food delivery related queries' 
 between two matched groups across '% Unemployed'

Unemployed  3%
Unemployed < 3%
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Figure B.24: Differences in percentage points for changes in ‘Food delivery related queries’ between two
matched groups across eight census variables.
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(a) Diff. in percentage points for changes in 'Food delivery related queries' 
 between two matched groups across 'Education level'. 
 High risk (Attained BA  21.1%) - Low risk (Attained BA > 21%)
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(b) Diff. in percentage points for changes in 'Food delivery related queries' 
 between two matched groups across '% Insurance coverage'. 
 High risk (Insurance cov.  92.7%) - Low risk (Insurance cov. > 92.7%)
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(c) Diff. in percentage points for changes in 'Food delivery related queries' 
 between two matched groups across '% Internet access'. 
 High risk (Internet access  81.8%) - Low risk (Internet access > 81.8%)
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(d) Diff. in percentage points for changes in 'Food delivery related queries' 
 between two matched groups across '% Hispanic populations'. 
 High risk (Hisp. pop.  18%) - Low risk (Hisp. pop. < 18%)
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(e) Diff. in percentage points for changes in 'Food delivery related queries' 
 between two matched groups across 'Income'. 
 High risk (Income  $55,224) - Low risk (Income > $55,224)
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(f) Diff. in percentage points for changes in 'Food delivery related queries' 
 between two matched groups across 'Population density'. 
 High risk (Pop. density  500) - Low risk (Pop. density < 500)
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(g) Diff. in percentage points for changes in 'Food delivery related queries' 
 between two matched groups across '% Black population'. 
 High risk (Black pop.  12%) - Low risk (Black pop. < 12%)
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(h) Diff. in percentage points for changes in 'Food delivery related queries' 
 between two matched groups across '% Unemployed'. 
 High risk (Unemployed  3%) - Low risk (Unemployed < 3%)
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Figure B.25: Percent change in ‘Food assistance related queries’ between two matched groups across eight
SDoH factors.
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(a) Percent change in 'Food assistance related queries' 
 between two matched groups across 'Education level'

Attained BA  21%
Attained BA > 21%
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(b) Percent change in 'Food assistance related queries' 
 between two matched groups across '% Insurance coverage'

Insurance cov.  93%
Insurance cov. > 93%
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(c) Percent change in 'Food assistance related queries' 
 between two matched groups across '% Internet access'

Internet access  82%
Internet access > 82%
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(d) Percent change in 'Food assistance related queries' 
 between two matched groups across '% Hispanic populations'

Hisp. pop.  18%
Hisp. pop. < 18%
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(e) Percent change in 'Food assistance related queries' 
 between two matched groups across 'Income'

Income  $55,224
Income > $55,224
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(f) Percent change in 'Food assistance related queries' 
 between two matched groups across 'Population density'

Pop. density  500
Pop. density < 500
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(g) Percent change in 'Food assistance related queries' 
 between two matched groups across '% Black population'

Black pop.  12%
Black pop. < 12%
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(h) Percent change in 'Food assistance related queries' 
 between two matched groups across '% Unemployed'

Unemployed  3%
Unemployed < 3%
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Figure B.26: Differences in percentage points for changes in ‘Food assistance related queries’ between two
matched groups across eight SDoH factors.

2020-01 2020-03 2020-05 2020-07 2020-09 2020-11

100

0

100

200

300

400

D
iff

er
en

ce
 in

 p
er

ce
nt

ag
e 

po
in

ts

U
S

 N
at

io
na

l E
m

er
ge

nc
y

P
re

-P
an

de
m

ic
 B

as
el

in
e

(a) Diff. in percentage points for changes in 'Food assistance related queries' 
 between two matched groups across 'Education level'. 
 High risk (Attained BA  21.1%) - Low risk (Attained BA > 21%)
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(b) Diff. in percentage points for changes in 'Food assistance related queries' 
 between two matched groups across '% Insurance coverage'. 
 High risk (Insurance cov.  92.7%) - Low risk (Insurance cov. > 92.7%)

2020-01 2020-03 2020-05 2020-07 2020-09 2020-11

200

100

0

100

200

300

400

D
iff

er
en

ce
 in

 p
er

ce
nt

ag
e 

po
in

ts

U
S

 N
at

io
na

l E
m

er
ge

nc
y

P
re

-P
an

de
m

ic
 B

as
el

in
e

(c) Diff. in percentage points for changes in 'Food assistance related queries' 
 between two matched groups across '% Internet access'. 
 High risk (Internet access  81.8%) - Low risk (Internet access > 81.8%)
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(d) Diff. in percentage points for changes in 'Food assistance related queries' 
 between two matched groups across '% Hispanic populations'. 
 High risk (Hisp. pop.  18%) - Low risk (Hisp. pop. < 18%)
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(e) Diff. in percentage points for changes in 'Food assistance related queries' 
 between two matched groups across 'Income'. 
 High risk (Income  $55,224) - Low risk (Income > $55,224)
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(f) Diff. in percentage points for changes in 'Food assistance related queries' 
 between two matched groups across 'Population density'. 
 High risk (Pop. density  500) - Low risk (Pop. density < 500)
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(g) Diff. in percentage points for changes in 'Food assistance related queries' 
 between two matched groups across '% Black population'. 
 High risk (Black pop.  12%) - Low risk (Black pop. < 12%)
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(h) Diff. in percentage points for changes in 'Food assistance related queries' 
 between two matched groups across '% Unemployed'. 
 High risk (Unemployed  3%) - Low risk (Unemployed < 3%)
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Appendix C

QUESTIONNAIRES FOR STRESS REDUCTION INTERVENTION
STUDY

C.1 ECOLOGICAL MOMENTARY ASSESSMENTS (EMAS)

EMA questions were presented to participants five times throughout the day. The

timing of these questions was determined by each participant’s self-reported start

and end of the day. The first EMA was scheduled at the start of the workday, and the

remaining EMAs were slotted to each of the remaining 4 intervals at the half hour or

hour marks (e.g., 2:00 or 2:30), ensuring that there is no more than one EMA per hour

and that the last EMA is done at least 30 minutes before the end of the workday. For

example, if a participant started their workday at 9 AM and concluded their workday

at 5 PM, we presented EMAs at 9 AM, 11 AM, 12:30 PM, 2:30 PM, and 4 PM.

Below are the questions that were presented in these EMAs:

1. How would you rate your level of stress during the last 30 minutes? Not at all –

Slightly stressed – Moderately stressed – Very stressed – Extremely stressed

2. Considering the last 30 minutes, how would you rate the demands on you? very

low – low – moderate – high – very high

3. Considering the last 30 minutes, how would you rate the resources you had

available? very low – low – moderate – high – very high

4. Considering the last 30 minutes, how would you rate the level of energy you

experienced? very low – low – moderate – high – very high

5. Considering the last 30 minutes, howwould you rate the level of pleasantness you
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experienced? very unpleasant – unpleasant – neutral – pleasant – very pleasant

6. Considering the last 30 minutes, did you have any eating episodes? No – Yes

7. Considering the last 30 minutes, how many social interactions did you have? 0 –

1-2 – 3-4 – >4

C.2 POST-STUDY QUESTIONNAIRE

All study participants were asked to answer post-study questions. There were

questions common to both conditions as well as questions specific to each condition.

Some condition-specific questions were mirrored across the conditions to ensure that

each question was trying to get at the same concept but about the system design

presented in each condition.

Below are the questions that were presented in these post-study questionnaires for

each condition, including common questions. Post-study questionnaire also included

DASS-21 in addition to the questions below.

C.2.1 Pre-scheduled condition

During the study, you were instructed to schedule interventions for the upcoming

week in your calendar by browsing the intervention catalog. Remember, the term

“interventions” refers to the brief stress-reducing activities Huey the bot delivered to

you – activities like deep breathing or calling a friend for support.

We fully acknowledge that there were performance and functional bugs with the

bot and the sensing software. Putting the obvious bugs aside, we would like you to

think about the potential for this intervention technology as you answer the following

questions.

Please rate your agreement with the following statements. Strongly disagree –

Somewhat disagree – Neither agree nor disagree – Somewhat agree – Strongly agree
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1. The intervention bot meets my requirements for engaging in interventions.

2. Using the intervention bot is a frustrating experience.

3. The intervention bot is easy to use.

4. The intervention bot is helpful for reducing my workplace stress.

5. I found myself engaging in more interventions with the intervention bot

(compared to before the study).

6. I found that the intervention bot made it easier to engage in interventions

(compared to before the study).

7. I am satisfied with the intervention bot.

8. I would continue to use the intervention bot.

Please answer the following open-ended questions as best as you can to help us

improve the user experience.

Remember, please don’t include any personally identifying information in your

responses below, such as specific names or locations.

1. What are some factors that you took into account when scheduling your

interventions (e.g., time of day, day of week, specific intervention activity, etc.)?

2. What did you like about scheduling interventions in advance?

3. What did you dislike about scheduling interventions in advance?

4. If you performed interventions on demand, how did performing on-demand

interventions compare to scheduling them in advance?

5. How would you compare proactively scheduling times to do interventions (as

you have done in the study) to a system nudging you to do interventions when it

detects you need them to reduce and manage stress or improve your wellbeing?

Which would you prefer and why?

6. How did you find the timing of the interventions that you scheduled in advance?

Did you find that you were able to know in advance when a good time for doing

interventions would be?
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7. Do you have any suggestions for improving the experience of scheduling

interventions in advance?

C.2.2 Just-in-time condition

During the study, you were instructed to perform interventions when the bot nudged

you to do them. Remember, the term “interventions” refers to the brief stress-reducing

activities Huey the bot delivered to you – activities like deep breathing or calling a

friend for support.

We fully acknowledge that there were performance and functional bugs with the

bot and the sensing software. Putting the obvious bugs aside, we would like you to

think about the potential for this intervention technology as you answer the following

questions.

Please rate your agreement with the following statements. Strongly disagree –

Somewhat disagree – Neither agree nor disagree – Somewhat agree – Strongly agree

1. The intervention bot meets my requirements for engaging in interventions.

2. Using the intervention bot is a frustrating experience.

3. The intervention bot is easy to use.

4. The intervention bot is helpful for reducing my workplace stress.

5. I found myself engaging in more interventions with the intervention bot

(compared to before the study).

6. I found that the intervention bot made it easier to engage in interventions

(compared to before the study).

7. I am satisfied with the intervention bot.

8. I would continue to use the intervention bot.

Please answer the following open-ended questions as best as you can to help us

improve the user experience.



373

Remember, please don’t include any personally identifying information in your

responses below, such as specific names or locations.

1. What did you like about being nudged to do interventions?

2. What did you dislike about being nudged to do interventions?

3. If you performed interventions on demand, how did performing on-demand

interventions compare to being nudged to do interventions?

4. How would you compare being nudged to do interventions (as you have in this

study) to proactively scheduling times to do interventions on your calendar?

Which would you prefer and why?

5. How did you find the timing of these nudges to do interventions? Did you find

that the nudges were sent at appropriate times?

6. Do you have any suggestions for improving the experience of being nudged to

do interventions?

C.2.3 Common

Please answer the following open-ended questions as best as you can to help us

improve the user experience.

Remember, please don’t include any personally identifying information in your

responses below, such as specific names or locations.

1. What kind of interventions were the most helpful in immediately reducing your

stress levels?

2. What kind of interventions had a lasting positive impact on your stress levels

(e.g., reduced stress for the rest of the day or even the day after)?

3. What kind of interventions did you like the most?

4. What kind of interventions were the least helpful in immediately reducing your

stress levels?
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5. What kind of interventions had a lasting negative impact on your stress levels,

e.g. increased stress for the rest of the day or even the day after?

6. What kind of interventions did you like the least?

7. Based on your experience of performing the interventions during the study,

what factors most likely influence your decision to do the interventions? Some

examples include timing, simplicity, types of interventions, etc. Please elaborate

as best as you can.

8. How did you find the interventions being facilitated by a Teams bot?

9. Do you have any feedback for improving the intervention design? Any feedback

(content, quality, modality, etc.) are welcome.

10. By participating in this study, what changed for you? Did you actually spend

more time taking care of yourself? Did you develop any new routines?

11. How did you feel about the check-ins required by the study? Check-ins were

questions asking for your current stress level 4-5 times throughout the workday

and twice per day on the weekends.

12. Do you have any feedback for improving the bot design? Any feedback

(functionality, persona, modality, etc.) is welcome.

13. Do you have any feedback for the sensing software?

14. Please share any feedback or comments about your overall experience with the

systems presented in the study, including ideas about the future of technology

that could assist in planning and engaging in interventions and personalizing

interventions that work for you.

15. Please share any feedback or comments about your overall study participation

experience.

Listed below are a number of difficult or stressful things that sometimes happen to

people.

• Natural disaster (for example, flood, hurricane, tornado, earthquake)
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• Fire or explosion

• Transportation accident (for example, car accident, boat accident, train wreck,

plane crash)

• Serious accident at work, home, or during recreational activity

• Exposure to toxic substance (for example, dangerous chemicals, radiation)

• Physical assault (for example, being attacked, hit, slapped, kicked, beaten up)

• Assault with a weapon (for example, being shot, stabbed, threatened with a knife,

gun, bomb)

• Sexual assault (rape, attempted rape, made to perform any type of sexual act

through force or threat of harm)

• Other unwanted or uncomfortable sexual experience

• Combat or exposure to a war-zone (in the military or as a civilian)

• Captivity (for example, being kidnapped, abducted, held hostage, prisoner of

war)

• Life-threatening illness or injury

• Severe human suffering

• Sudden violent death (for example, homicide, suicide)

• Sudden accidental death

• Serious injury, harm, or death you caused to someone else

• Any other very stressful event or experience

Please indicate how many times ANY of the above events you have experienced in

the past three months. Never – 1-3 times – 4-6 times – 7+ times – Prefer not to answer

How strongly do you agree or disagree with the following statements? Strongly

disagree – Somewhat disagree – Neither agree nor disagree – Somewhat agree – Strongly

agree

1. I tend to bounce back quickly after hard times.

2. I have a hard time making it through stressful events.
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3. It does not take me long to recover from a stressful event.

4. It is hard for me to snap back when something bad happens.

5. I usually come through difficult times with little trouble.

6. I tend to take a long time to get over setbacks in my life.

Based on your engagement with this study, we assume you’d like to reduce your

stress at work. Which stage are you currently in regarding changing your behavior to

reduce stress at work Precontemplation: Not ready to engage (zero prior engagement)

– Contemplation: Getting ready to engage (engaged but zero action) – Taking action:

Engaging but everything is still new – Maintenance: Changed behavior 6+ months ago
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