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Abstract

Design and Implementation of Conversational User Interfaces for Health

Raina Hope Langevin

Chair of the Supervisory Committee:

Associate Professor Gary Hsieh

Human Centered Design and Engineering

Conversational user interfaces (CUIs) have the potential to support users across varied health domain

areas. Yet barriers remain to the implementation and adoption of CUIs, such as lack of trustworthiness

and consideration for cultural context. There exist a number of conversational-based interventions that

have been proven to be usable and effective in addressing health conditions. However, there are still few

conversational-based health interventions implemented and studied in real-world settings. My dissertation

research examines the design and implementation of CUIs for health interventions, where I integrate human-

centered design (HCD) and implementation science methods to understand stakeholder needs and optimize

implementation strategies. Drawing from methods and frameworks in HCD and implementation science,

I explore CUI design considerations and challenges in two health contexts: 1) social needs screening in

a large public hospital emergency department, and 2) breast cancer screening outreach for Black/African

American women.

First, I adapt human-centered design approaches to improve the design of CUIs by developing and

validating heuristics for conversational agents. I conduct this research to demonstrate that conversational

user interfaces require unique design guidelines and considerations. Second, I deploy a conversational user

interface in a real-world context to evaluate its effectiveness in supporting patient engagement. Through

such deployment, I highlight implementation challenges to integrating a social needs screening chatbot into

an emergency care setting, as well as individual, contextual, and intervention-related factors that may in-



fluence engagement in CUI interventions. Lastly, I engage in multidisciplinary design work to integrate

methods from HCD and implementation science to improve CUI design for health interventions. I describe

the development of a chatbot intervention aimed to facilitate breast cancer screening outreach. In sum-

mary, my dissertation demonstrates that adaptation of established usability heuristics for conversational user

interfaces can lead to improved usability and engagement. I also discuss how an integrated approach of

human-centered design and implementation science methods may combine the strengths of both disciplines

in the design of chatbot implementation strategies. My dissertation makes (1) methodological contribu-

tions through the development of usability heuristics, (2) artifact contributions through the development of

CUIs and through the design recommendations that arise through real-world deployments, and (3) empirical

contributions through studying how CUI design components relate to engagement.
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Chapter 1

Introduction

Conversational user interfaces (CUIs) are dialogue systems that recognize the users’ text or speech, man-

age the interaction, and convey information back to the user [Glass, 1999]. In the last decade, CUIs have

continued to grow in popularity, through the uptake of text and voice-based conversational systems such

as chatbots and Intelligent Personal Assistants (IPAs) respectively. Recently, with the advent of large lan-

guage models (LLMs), conversational interactions are becoming even more integrated into our daily lives

and workflows. CUIs have the potential to support users across varied health domain areas and improve

health behavior [Laranjo et al., 2018; Montenegro et al., 2019]. There is evidence that text messaging has

positive effects on behavior change across demographic differences [Cole-Lewis and Kershaw, 2010]. Fur-

ther, conversational agents may be effective messengers for facilitating patient engagement at an individual

level [Kocielnik et al., 2021]. CUIs may support more efficient workflows in healthcare contexts as an alter-

native to patient outreach, screening and referral. However, many challenges remain to both designing and

implementing CUIs in practice. There are numerous factors to consider during the design process, such as

usability, efficiency, engagement, trust, and design decisions regarding the CUI’s voice, style of language,

and personality [Kocielnik, 2021]. Additionally, conventional methods for assessing usability and user ex-

perience are not sufficient and accurate when applied to chatbots [Holmes et al., 2019]. Further, even though

conversational users interfaces have been proven to be an effective mode of communication, they face chal-

lenges with uptake and long term use. In intervention development, there is work required to reflect on a

number of implementation considerations [Greenhalgh et al., 2017] and to build shared vision among stake-
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holders, engage staff, enact new practices, and monitor impact. Implementation and sustainment are rarely

considered during CUI design. The majority of studies on CUIs are done in controlled environments rather

than the context of use [Kocaballi et al., 2022]. As a result, we do not have a clear picture of implementation

considerations, such as how CUIs might fit into existing workflows. It has been recognized as well that there

is a lack of consensus on measures and definitions [Rapp et al., 2021], and that we need more research on the

effects of chatbot design features (e.g., visual appearance, personality) in long-term and daily life settings

[Ter Stal et al., 2020]. We still have a limited understanding about which design aspects of conversational

user interfaces lead to effective outcomes in different contexts [Abd-Alrazaq et al., 2019]. Research on the

implementation of conversational technologies in healthcare would benefit from research approaches that

are informed by stakeholder values, culture, and preferences.

In recent years, the integration of additional fields and research approaches has been proposed as a

way to address the "research-practice gap" and more rapidly translate research into action [Unertl et al.,

2016]. One promising approach to improving the fit between health interventions and contexts is to combine

methods from human-centered design (HCD) and implementation science to better identify determinants of

intervention success, develop implementation strategies and evaluate outcomes [Dopp et al., 2020; Lyon

and Bruns, 2019; Lyon et al., 2020]. Human-centered design is an approach to problem-solving that places

people (direct and indirect stakeholders) at the center of the development process. It is often, but not always,

applied to the design of technology to improve usability by focusing on users’ needs. Implementation

science is the scientific study of methods to promote the systematic uptake of research findings into routine

practice. Implementation science may help human-computer interaction (HCI) researchers and designers to

understand how to best use specific interventions and strategies that have been proven to work in similar

settings. There has been recent attention by HCI researchers to call for systemic changes in design research

practice [Howell et al., 2021]. As noted by Howell et al., "when we focus too tightly on the feasibility

of a particular device, we miss out on accounting for how our design work matters (or does not) within a

particular context." These efforts to understand why design projects may fail, through more open reporting of

contextual factors and ongoing maintenance, may be particularly aligned with implementation science with

its focus on context and sustainment of interventions. Implementation science could provide guidance at the

start of the research planning, and in later stages by rigorously evaluating potential interface components.
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Within the implementation science field as well, there have been efforts to rethink research practices. Im-

plementation scientists have proposed integrated frameworks that apply human-centered design, to enhance

usability and improve contextual appropriateness. These integrated approaches include both linear (e.g.,

IDEAs) and non-linear frameworks (e.g., Discover, Design/Build, and Test (DDBT) framework, Acceler-

ated Creation-to-Sustainment (ACTS) model) [Mummah et al., 2016; Lyon et al., 2019; Mohr et al., 2017].

In early design stages, HCD may provide guidance on improving usability as a way to engage prospective

users to understand their needs and determinants to health outcomes. By attending to usability and user

experience, this can make traditional intervention protocols easier to learn and more accessible for stake-

holders [Lyon and Bruns, 2019]. Another important consideration is to understand how interventions are

actually developed in practice. We don’t know the effectiveness of different research approaches and frame-

works, which are recently starting to be applied in research projects [Hartson et al., 2022]. Implementation

strategies — “methods or techniques used to enhance the adoption, implementation, and sustainability of a

clinical program or practice” [Proctor et al., 2013] — are central to implementation science. As implemen-

tation science has evolved, experts have recognized that the number of implementation strategies has grown

[Powell et al., 2015], and developing or tailoring implementation strategies may benefit from integrating

approaches from other disciplines (e.g., behavioral economics and human centered design) [Haines et al.,

2021; Beidas et al., 2021; Lyon et al., 2019]. Yet, current guidance on how to effectively incorporate meth-

ods from other disciplines to develop and refine innovative implementation strategies is limited. While most

implementation strategies target service providers of the contexts in which they work, CUIs can function

as a consumer-facing implementation strategy. CUIs may be introduced as interactive strategies which are

delivered by providers and target individuals’ motivation and capability to engage with the CUI intervention,

similar to capacity-building and dissemination strategies targeted towards service providers [Leeman et al.,

2017]. CUIs may function as consumer-facing implementation strategies by directing certain strategies, such

as "developing educational materials" and "reminding," towards consumers [Powell et al., 2015]. In my dis-

sertation, I aim to extend this literature through lessons learned in practice from integrating human-centered

design and implementation science towards the improved design and development of CUIs.
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1.1 Thesis Statement

In my research, I seek (1) to build upon general usability guidelines to improve the design of conversational

user interfaces by developing and validating heuristics for conversational agents, (2) to deploy and evaluate

chatbot interventions to understand design considerations and challenges in real-world contexts, and (3) to

integrate human-centered design and implementation science methods in a rigorous approach to the design

of chatbot interventions to improve health outcomes.

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

Engagement with conversational user interfaces for health can be improved by integrating

human-centered and implementation science methods to understand stakeholder needs and op-

timize implementation strategies.

I propose that using human-centered can reveal stakeholder needs, while implementation science meth-

ods may help to prioritize intervention components for the specific health activity and context. I also reflect

on how a contextual understanding can support the appropriate design and adaptation of conversational user

interface interventions aimed at improving engagement in health contexts.

1.2 Dissertation Overview

My dissertation has spanned three key research activities across two health contexts in support of my thesis.

The demonstration of my thesis follows research phases that are typically seen in the human-centered design

process [Maguire, 2001; Harte et al., 2017; Melles et al., 2021], and the implementation science process to

guide the design of interventions [Collins et al., 2005; Broder-Fingert et al., 2019; Packel et al., 2019].

I propose that these research phases are complementary and can be integrated to support the design and

implementation of health interventions.

1. Exploration: Within the exploration phase, the goal is to draw from human-centered methods in

the "Defining and understanding" and "Designing" phases to engage stakeholders, understand their

needs, and to begin designing potential implementation strategies. Here, we use design prototypes

and qualitative methods to understand participants’ facilitators and barriers to healthcare screening.
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We synthesized knowledge in a rapid evidence review and integrated human-centered methods into the

Preparation phase of the Multiphase Optimization Strategy (MOST) to develop a conceptual model

for a chatbot intervention. We leverage the persuasive health message framework [Hall and Johnson-

Turbes, 2015; Witte et al., 1995] and trust in human-robot interactions [Siau and Wang, 2018] to gain

an understanding of how a chatbot intervention might facilitate trust and engagement.

2. Designing & Adapting: Within the designing and adapting phase, I draw from human-centered

methods in the "Adapting" phase to propose adapting usability heuristics for conversational user inter-

faces. I also iterate on the chatbot design by testing and adapting components of chatbot interventions

for improved trust and engagement. Here, I draw from the MOST framework [Collins et al., 2005;

Broder-Fingert et al., 2019] Optimization phase to identify the most effective chatbot design. I iden-

tify chatbot persona and messaging as design components that can be modified to improve stakeholder

engagement.

3. Evaluation: In the evaluation phase, the goal is to draw from human-centered methods in the "De-

ploying and evaluating" phase to conduct a deployment and interview study, and implementation

science measures and frameworks in the "Evaluation" phase to identify opportunities for continuous

adaptation of interventions. Here, I deploy chatbot systems for user studies and analyze the data

from the deployments to propose design considerations. We employ the use of implementation out-

come measures, and the Consolidated Framework for Implementation Research (CFIR) [Damschroder

et al., 2009] in the analysis of interview data. We used concurrent triangulation as a mixed methods

approach to confirm findings within our study [Creswell and Creswell, 2017].

My dissertation draws from human-centered design and implementation science methods and frame-

works to understand the needs of stakeholders within health contexts, and to optimize the design of conversa-

tional user interfaces as an implementation strategy. In Chapter 3, I adapt human-centered design guidelines

for the evaluation of conversational user interfaces to create new usability heuristics that address specific

design considerations related to conversational systems. I apply findings from the development of these

usability heuristics to improve the design of a chatbot for social needs screening and resource provision. I

then deployed the chatbot and conducted mixed-methods research to evaluate the chatbot implementation
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in a hospital emergency department (ED) (Chapter 4). In Chapter 4, we study the implementation of a

social needs screening chatbot and report validated outcome measures to demonstrate implementation suc-

cess. The use of valid measures is important for monitoring and evaluating the success of implementation

efforts and comparing the effectiveness of alternative implementation strategies. The goal of this research

was to evaluate the chatbot situated in the context of the ED and patient workflow. Drawing from the CFIR

framework, we investigated patient perceptions of the chatbot as an acceptable and appropriate modality for

screening in the ED. While finding that a chatbot can address patients’ trust concerns regarding other ED

visitors and healthcare providers, patients may need guidance from community health workers and health-

care professionals at other steps in the intervention process. For example, patients rarely communicated

their social needs responses to providers during their visit and some expressed a desire to receive follow-up

from an individual after completing the screening. Chapter 4 raised further questions on how to design CUIs

for sustained engagement. In particular, it is unknown how users will engage with chatbot screening when

there are no immediate benefits or they face competing demands outside of the ED waiting room.

In Chapter 5, we use human-centered and implementation science methods to design a chatbot for breast

cancer screening outreach for Black/African American women. In this work, we engaged community part-

ners and stakeholders in the design process through interviews and focus groups to gain insights about the

potential adoption of a chatbot with culturally relevant health education. We draw from the Multiphase

Optimization Strategy (MOST) framework, a framework for developing efficacious, efficient, scalable and

cost-effective interventions, to assess the performance of chatbot intervention components and their interac-

tions [Collins et al., 2005; Packel et al., 2019]. Multiple studies have utilized the MOST framework to de-

velop and test intervention components [Broder-Fingert et al., 2019]. MOST is a method that involves three

phases (Preparation, Optimization, and Evaluation) for systematically building and evaluating interventions

to ensure they comprise active components [Collins et al., 2005; Broder-Fingert et al., 2019]. We used the

MOST framework and engaged in an Exploratory phase to (1) center stakeholders and community partners

in a qualitative analysis to understand breast cancer screening determinants, and (2) to develop a conceptual

model for the intervention, identify core components, and determine what outcomes should be optimized,

drawing from the MOST Preparation phase. We then engaged in an Optimization phase to conduct a ran-

domized factorial experiment of specific components, and used convergent mixed-methods to analyze the
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data and suggest an optimized delivery strategy. We demonstrate how methods from human-centered design

and implementation science may complement each other, as most implementation evaluation processes in-

clude mixed qualitative and quantitative measures [Bauer et al., 2015]. Human-centered design approaches

may be helpful in the early stages to guide design with the field’s focus on novelty and iterative design.

Following this, implementation science may support human-centered design in later stages with its focus on

delivery as intended and continuous adaptation.

My dissertation contributes an empirical understanding of the current challenges of conversational user

interface design, and proposes the adaptation of human-centered design guidelines. My dissertation makes

(1) methodological contributions through the development of usability heuristics, (2) artifact contributions

through the development of CUIs and through the design recommendations that arise through real-world

deployments, and (3) empirical contributions through studying how CUI design components relate to en-

gagement. I design and evaluate chatbots in two health contexts by integrating human-centered design and

implementation science methods: 1) social needs screening in a large public hospital ED and 2) breast

cancer screening outreach to support Black/African American women in scheduling mammograms. In the

following sections, I will discuss related work on the design of conversational user interfaces. I will present

my research on the adaption of usability heuristics for conversational user interfaces. Building on my prior

work, I will describe existing and ongoing work to implement conversational user interfaces in real-world

contexts using human-centered design and implementation science approaches.
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Chapter 2

Background

My dissertation research explores the challenges and barriers to designing conversational user interfaces for

health interventions aimed at improving engagement. In this chapter, I provide an overview of conversa-

tional user interface design and the need for adaptations (Section 2.1). I then describe the challenges of

conversational user interface design for health contexts (Section 2.2), and approaches towards integrating

human-centered design and implementation science methods to improve the design of technology for health

interventions (Section 2.3).

2.1 Overview of Conversational User Interfaces

Conversational user interfaces (CUIs) are dialogue systems with a wide range of applications. At mini-

mum, a dialogue system is intended to recognize the users’ text or speech, manage the interaction, and

convey information back to the user [Glass, 1999]. Depending on the domain, a conversational agent may

be designed for entertainment, companionship, informational or task-based purposes. Conversational user

interfaces, which may be referred to as conversational agents, can have different modalities, including text,

speech and multimodal embodiment. Examples of conversational agents include well-known text-based

conversational agents, such as ALICE, and speech-based conversational agents, such as Alexa, Siri and the

Google Assistant. While there is broad guidance on the design of CUIs, recently there have been strides to-

wards consolidating and validating guidance in related areas, such as human-AI interaction [Amershi et al.,

2019], and human-like chatbot experiences [Svenningsson and Faraon, 2019].
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2.1.1 Value of Conversational User Interfaces for Health

Conversational user interfaces have the potential to support users across varied health domain areas and

improve health behavior [Laranjo et al., 2018; Montenegro et al., 2019]. Mobile technology interventions,

such as CUIs, are promising for health and screening outreach to address health disparities and address lim-

itations of prior interventions in terms of costliness and relevance [De Jesus et al., 2021; Ruco et al., 2021].

These interventions using short message service (SMS) text are accessible to individuals across a range of

sociodemographic factors [Center, 2021] and have been shown to be effective in primary care behavioral and

disease management interventions [Free et al., 2013]. Conversational user interfaces could be delivered via

SMS text and could provide an efficient, individualized approach to health outreach. There is evidence that

text messaging has positive effects on behavior change across demographic differences [Cole-Lewis and

Kershaw, 2010]. Further, CUIs may be effective messengers for facilitating patient engagement [Kociel-

nik et al., 2021]. These conversational systems can act as virtual health navigators providing information

about and connecting individuals to healthcare [Gardiner et al., 2013]. Chatbots are computer programs

that simulate conversations with users that are increasingly adopted in the healthcare field [Laranjo et al.,

2018; Montenegro et al., 2019], and have the potential to address the above screening barriers. Chatbots

may increase patient uptake as a more understandable and engaging tool compared to traditional online sur-

veys [Xiao et al., 2020; Kocielnik et al., 2019, 2021]. Individuals may be more willing to disclose personal

information [Lucas et al., 2014] and social needs information [Gottlieb et al., 2014] to a computer. They

may feel more inclined to use conversational agents for discussing sensitive health topics, such as addiction

[Auriacombe et al., 2018], depression [Philip et al., 2017], and post-traumatic stress disorder [Lucas et al.,

2017], as technology can enable more confidential methods of information and support seeking [Stowell

et al., 2018; Cornelius et al., 2012]. Chatbots have been shown to increase levels of trust in web-based

information [Rickenberg and Reeves, 2000], and may also be easy to use and scale [Bickmore et al., 2010].

Despite growing interest in conversational-based technology for health, there are few published studies

on conversational user interfaces in healthcare [Laranjo et al., 2018; Kocaballi et al., 2022; Tudor Car et al.,

2020; Milne-Ives et al., 2020]. There is little data on integrating conversational agents in primary care

outreach and none that we are aware of that specifically address healthcare disparities [Graham et al., 2020].

The literature on conversational agents in healthcare is largely aimed at treatment and monitoring of health
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conditions, such as mental health [Kamita et al., 2019; Ly et al., 2017; Fitzpatrick et al., 2017; Inkster et al.,

2018], Alzheimer’s [Griol and Callejas, 2016], heart failure [Galescu et al., 2009], asthma [Rhee et al.,

2014], and HIV [Vita et al., 2018], health service support, such as patient history taking [Denecke et al.,

2018; Ni et al., 2017] and triage and diagnosis support [Razzaki et al., 2018; Ghosh et al., 2018], and patient

education, on topics such as sexual health [Wilson et al., 2017], smoking [Wang et al., 2018], alcohol use

[Elmasri and Maeder, 2016], and breast cancer [Chaix et al., 2019]. Literature on digital health interventions

emphasizes need for careful attention to and planning for implementation to optimize integration in the

healthcare system and patient use [Parker and Harris Lemak, 2011]. Thus, we identified chatbots as a

promising implementation strategy to address health disparities in social needs screening and breast cancer

screening; however one that warrants contextual understanding and rigorous methods to design and tailor.

2.2 Challenges in Conversational User Interface Design for Health

Challenges remain to the design and implementation of conversational user interfaces, such as low efficiency,

perceptions of artificiality and high expectations of intelligence [Kocielnik et al., 2021]. While there is an

increased interest in using these technologies, designing conversational user interfaces is not easy. There are

a number of barriers to interacting with conversational user interfaces, such as unmatched expectations of the

system’s capabilities [Clark et al., 2019], differences in conversation styles [Thomas et al., 2020], increased

cognitive load for particular user groups [Wu et al., 2020] and social embarrassment [Cowan et al., 2017].

Past work has diverged on whether chatbots should exhibit human-like characteristics and a number of

desirable human-like behaviors have been proposed [Svenningsson and Faraon, 2019]. For example, while

small talk has been shown to be beneficial for establishing trust [Bickmore and Cassell, 2005], it may not be

desired based on the context of the chatbot [Svenningsson and Faraon, 2019] or users’ personal preferences

[Liao et al., 2016]. Additionally, the design of voice interfaces is challenging. Users may be faced with a

higher cognitive load as they should listen to and remember verbal information. Designers and developers

must consider numerous factors during the design process.

Designing chatbot interventions is particularly challenging as users face limited technological and insti-

tutional trust. While chatbots have been shown to increase levels of trust in web-based information [Rick-

enberg and Reeves, 2000], adoption of chatbots may depend on user and chatbot characteristics. Though
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individuals are receptive towards using health chatbots to find information, they may be hesitant to due issues

regarding chatbots’ accuracy, confidentiality and lack of ability to empathize with patients about emotional

issues [Nadarzynski et al., 2019]. Further, the chatbot’s persona may impact the credibility of its informa-

tion. Users may be aware of message source and which impacts their behavior [Snyder and LaCroix, 2001].

[Cheng et al., 2008] found that participants gave socially desirable responses when using a handheld device

to answer sexual behavior questions. Source characteristics such as credibility and trustworthiness can have

different levels of influence depending on who is delivering the health information. CUI-based health inter-

ventions may need to position their efforts in collaboration with people and institutions that users already

trust [Veinot et al., 2013]. For example, participants believed that medical providers and the government did

not care about their well-being, but felt that community-based organizations were more up front and helpful

and nurses were impartial.

While studies of conversational user interfaces in healthcare have shown moderate evidence of usability

and effectiveness [Milne-Ives et al., 2020], there is a need for further exploration on the design and imple-

mentation of conversational user interfaces. User feedback on conversational agents in healthcare remains

mixed, with some users expressing desire for interactivity and agent empathy, whereas others report a dis-

like of these qualities [Kocielnik et al., 2019, 2021; Milne-Ives et al., 2020]. More work is needed as well

to evaluate and implement chatbots in real-world settings [Kocaballi et al., 2022; Fan et al., 2021]. Prior

research on conversational agents in real-world settings has identified the need for providing actionable and

accurate information [Fan et al., 2021], and emphasized the importance of designing for and with vulnerable

populations, such as people with low health literacy, to improve chatbot understandability [Kocielnik et al.,

2019]. The evidence base for conversational user interfaces related to mental health is sparse but grow-

ing. Recent studies have assessed the effectiveness and safety of using chatbots in mental health through

randomized controlled trials (RCTs) [Abd-Alrazaq et al., 2020]. However, these studies have compared con-

versational user interfaces against treatment as usual [Burton et al., 2016; Fitzpatrick et al., 2017; Fulmer

et al., 2018]. We still have a limited understanding about which components of conversational user inter-

faces lead to effective outcomes in particular contexts. The design and implementation of conversational

user interfaces remains difficult, due to the large amount of design and contextual factors. Understanding

how conversational user interfaces for health are used in real-world contexts and why they are effective, or
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not, is essential to promote translation of digital health interventions into practice.

2.3 Harmonizing Human-Centered Design and Implementation Science

Implementation science is the scientific study of methods to promote the systematic uptake of research

findings and other evidence-based practice into routine practice [Eccles and Mittman, 2006]. The field of

implementation science strives to address the "research-practice" gap between what should be done based

on existing evidence and what is done in practice. Guidance has been proposed to enhance the develop-

ment of health interventions through numerous frameworks [Hawkins et al., 2017; Greenhalgh et al., 2017;

O’Cathain et al., 2019]. These works have encouraged combining methodologies across fields, such as

design, behavioral science, and public health, to improve knowledge regarding causal mechanisms of inter-

ventions. Recent work has developed frameworks to integrate human-centered design and implementation

science methods to improve usability as a determinant to the implementation, and the overall implementation

of health interventions [Mohr et al., 2017; Lyon et al., 2019]. Haines et al. also proposed leveraging user-

centered design (UCD) to better tailor implementation strategies to evidence-based practices (EBPs) and

contexts. The use of UCD may be well suited to harmonizing EBPs, contexts and implementation strate-

gies because its primary goals (usability and usefulness) are key determinants of perceptual (acceptability,

feasibility, appropriateness) and behavioral implementation outcomes. The core tasks of implementation

science include 1) identifying barriers and facilitators (i.e. determinants) of intervention success, 2) de-

veloping strategies to address determinants, and 3) evaluating implementation outcomes [Lyon and Bruns,

2019; Lyon et al., 2020]. Implementation tasks can be aided by specific approaches from HCD, and vice

versa human-centered design may be informed by implementation science. Human-centered design pro-

vides methods to involve end users that can help accomplish co-creation goals, such as a focus on local

knowledge, ongoing collaboration and building trust, which are theorized to enhance implementation out-

comes [Proctor et al., 2011]. This may address a limitation of implementation science methods which might

inadvertently attempt to design innovations for all potential users, and may not meet the needs of a particular

group [Lyon et al., 2020].

Implementation science methods may also complement human-centered design in rigorously evaluating

potential interface components to navigate “feature creep” [Haines et al., 2021]. Klasnja et al. described how
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“usable evidence” can address the limitations of current HCI evidence base and proposed a research process

that can be used to generate such evidence, through causal pathway mapping and testing of individual in-

tervention components [Klasnja et al., 2017]. Intervention component refers to a piece of functionality of a

technology that enacts a specific intervention idea for supporting behavior change. The causal pathway dia-

gram (CPD) is an implementation science method that can be used to support development and refinement

of implementation strategies and intervention components. CPDs help researchers to clarify causal assump-

tions and understand implementation strategies as they are intended to work [Bleijenberg et al., 2018; Lewis

et al., 2018]. In building a causal pathway diagram, researchers identify the implementation strategy, the

mechanism(s) through which the strategy is thought to lead to the intended outcome, proximal outcomes

which may provide signals of effect earlier than the intended outcome, and the distal or intended outcome.

CPDs also include moderators which may impact pathway effect and pre-conditions which are necessary

for the pathway to proceed. In developing implementation strategies, causal pathway diagrams may help

investigators map out implementation strategies, determinants (e.g., barriers or facilitators) addressed by the

strategies, and mechanisms by which strategies are hypothesized to effect change. Human-centered design

methods may benefit from the use of measures, frameworks and methods from implementation science,

such as CPDs and the Multiphase Optimization Strategy (MOST) framework, in the design and refinement

of technology-based implementation strategies. Recently, MOST has been extended in frameworks that

utilize design processes and implementation science, such as the design and evaluation of digital health in-

terventions (DEDHI) framework and DDBT/MOST approach, which integrates the Discover, Design/Build,

and Test (DDBT) framework into the Preparation phase of MOST [Kowatsch et al., 2019; O’Hara et al.,

2022]. An initial phase of human-centered design is to establish the context of use and understand users’

needs [Harte et al., 2017]. In this exploratory phase, researchers often collect and analyze qualitative data

through interviews, focus groups, or co-design sessions. The practice of establishing context of use and user

requirements in HCD may assist with specifying implementation strategies and developing models in the

implementation process [Lyon et al., 2020]. HCD methods can be used to build and inform CPDs through

gaining understanding of barriers and facilitators to the implementation strategy, and key determinants to

the intended outcome within a specific context. Theory and existing evidence are typically used to construct

CPDs [Lewis et al., 2022], and early qualitative data from human-centered design methods and identifica-
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tion of determinants can help to inform the use of theory in modeling causal pathways. The integration

of human-centered design and implementation science approaches can further help to test assumptions and

prioritize components of an implementation strategy.
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Chapter 3

Adapting human-centered design for

conversational agent evaluation

In this chapter, I discuss the adaptation of human-centered design guidelines for the evaluation of conver-

sational user interfaces (CUIs). I propose and validate a set of 11 heuristics for conversational agents that

can be generalized to text, voice and multi-modal conversational agents [Langevin et al., 2021]. Recently

there have been strides towards consolidating and validating guidance in related areas, such as human-AI

interaction [Amershi et al., 2019], and human-like chatbot experiences [Svenningsson and Faraon, 2019].

Unlike other forms of human-computer interfaces, there is little consensus as to best practice for the design

of conversational agents [Clark et al., 2018]. Our work looks to build upon recent efforts [Murad et al.,

2019][Wei and Landay, 2018], to develop a comprehensive set of heuristics for conversational agent based

interactions. One common strategy to facilitate the design of technologies has been the use of formative

evaluation techniques and cognitive walkthrough. These techniques can be used by designers and devel-

opers in early stages of design to eliminate usability problems. One such example is heuristic evaluation

[Nielsen and Molich, 1990], a widely used discount usability testing method that identifies usability issues

within a human-computer interface. In heuristic evaluation, a small set of evaluators independently examine

an interface and compare its dialogue elements to a list of recognized usability principles (“heuristics”).

It is an informal method that can be performed by non-experts. As a low-cost, efficient method of con-

ducting usability evaluations, heuristic evaluation is a valuable tool for designers. Our research takes the
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approach of using Nielsen’s heuristics [Nielsen and Molich, 1990] as a foundation upon which to build,

adapting these for conversational agent based interaction. With the additional types of interactions afforded

by conversational agents, one empirical question arises: How well do the existing heuristics apply to the

design of conversational agents? Can we develop a set of heuristics that are more applicable and useful for

conversational agent interface design? In this chapter, we focus on validating and adapting Jakob Nielsen’s

10 usability heuristics to conversational agents. In this study, I demonstrate that human-centered design

guidelines - such as usability heuristics - can be adapted to improve the design of new technologies. Us-

ing conversational agent heuristics, evaluators can be better equipped to identify usability problems related

to CUIs, such as context preservation, dialogue elements that create a smooth conversation, and help and

guidance during the conversation. While the conversational agent heuristics do not address specific design

questions (e.g., how should the chatbot greeting start?) or questions of how to implement CUIs in practice,

they provide guidelines on what design standards may lead to a more usable interface. This is important as

designers and developers face an overwhelming amount of design considerations and tradeoffs. The adapta-

tion of heuristics for conversational agents provided insights not only into how to design more usable CUIs,

but how to design more effective communication and create CUIs that are truthful, informative, relevant,

and clear, through following cooperative principles of communication.

We sought to expand on Nielsen’s heuristics using a four phased design process.1 We first developed

a set of heuristics for the design of conversational agent interfaces using prior research findings as well as

our own experiences in developing these interfaces. Second, we presented these heuristics to nine experts

in conversational agent design and heuristic evaluation, and incorporated their feedback. In the third phase,

we evaluated our heuristics on two interfaces, a voice assistant on the Amazon Echo and an online chatbot.

We compared our heuristics with Nielsen’s heuristics to observe their effectiveness in identifying usabil-

ity issues with conversational agents. After finding that the conversational agent heuristics performed well

on the voice interface, but not the chatbot interface, we further iterated on the heuristics. Finally, in the

fourth phase, we validated our heuristics on the chatbot interface by comparing them to Nielsen’s heuristics.

From this, we determined that the conversational agent heuristics performed more effectively than Nielsen’s

heuristics. We found that four evaluators can identify more usability issues when using heuristics for con-

1In this work, references to "we" refers to our work with collaborators including researchers and practitioners working on the
design and development of conversational user interfaces.
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versational agents compared to Nielsen’s usability heuristics. These results were consistent with past work

indicating that adapting Nielsen’s heuristics is an effective method. We found that conversational agent

heuristics are useful for highlighting issues related to dialogue content, interaction design, help and guid-

ance, and trustworthiness. For example, two of the top evaluators indicated that Nielsen’s usability heuristics

were not applicable to the chatbot interface and created their own heuristics (such as "the wording of the

chatbot dialogue" and "lack of confidentiality"). The findings from this study contribute to an empirical un-

derstanding of the current challenges and approaches to conversational agent design, and propose validated

design guidelines for improved usability, which may ultimately improve the overall implementation of the

CUI as an intervention [Mohr et al., 2017; Lyon et al., 2019].

3.1 Adapting Nielsen’s Heuristics

Heuristic evaluation commonly relies on the set of 10 heuristics established by Jakob Nielsen [Nielsen and

Molich, 1990]. Heuristics are a well-established set of guidelines that tend to result in good interface design

when they are incorporated into the design process. In the 1990s, Nielsen and Molich classified usability

problems of a telephone index system into nine heuristics [Molich and Nielsen, 1990]. The heuristics were

based on their experiences and were supported by the principles outlined in [Inc, 1987] for the Apple desktop

interface. The following heuristics were updated by Nielsen in 1994 and are still widely used today:

1. Visibility of system status

2. Match between system and the real world

3. User control and freedom

4. Consistency and standards

5. Error prevention

6. Recognition rather than recall

7. Flexibility and efficiency of use

8. Aesthetic and minimalist design
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9. Help users recognize, diagnose and recover from errors

10. Help and documentation

Since Nielsen and Molich developed the initial usability guidelines in 1990, user interfaces have con-

tinued to evolve. In particular, the development of conversational agents has grown substantially with the

advancement of natural language processing (NLP) and deployment of voice-enabled personal assistants and

chatbots. User interface design has shifted from a focus on task-oriented, graphical user interfaces (GUI)

and strides have been made towards incorporating personal engagement, and voice and speech recognition.

Researchers have recognized the need to adapt Nielsen’s broad set of heuristics to specific interfaces. For

example, there is a wide range of heuristics available for mobile and web designers [Instone, 1997] [Chisnell

et al., 2006] and past work has had success in extending Nielsen’s heuristics for smartphones [Calak, 2013],

ambient displays [Mankoff et al., 2003], and medical devices [Zhang et al., 2003].

There have been recent developments towards heuristics for specific modalities, like voice interactions

[Wei and Landay, 2018][Murad et al., 2019]. However, we are not aware of a comprehensive set of heuris-

tics. Due to the lack of validation for design heuristics in specific domains [Hermawati and Lawson, 2016], it

is important to validate proposed heuristics in line with previous work[Amershi et al., 2019]. In this chapter,

we utilize a similar design process used in prior work to develop heuristics for ambient displays [Mankoff

et al., 2003]. We conduct a four phased design process as referenced in Table 3.1.

Phase 1: Heuristic Generation
Phase 2: Expert Review
Phase 3: Validation through Heuristic Evaluation
Phase 4: Validation of Revised Heuristics

Table 3.1: The four phased design process.

3.2 Phase 1: Heuristic Generation

We first conduct a literature review to consolidate guidelines and establish an initial set of 13 heuristics for

designing conversational agents (see Table 2).
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3.2.1 Consolidating Guidelines

We conducted a literature review and gathered 56 papers related to the evaluation or design of conversational

agents. First, we searched the ACM digital library and selected 34 papers relevant to the following search

terms: “evaluation of” or “guidelines” + “conversational agents,” or “voice assistants”. We also searched

the references of the selected papers and “cited by” papers on Google Scholar and compiled a set of 22

papers. The papers spanned the years between 1977 and 2019. We then developed a list of guidelines based

on 131 design suggestions from the literature. We sorted each of the design suggestions under Nielsen’s

heuristics and created new groups for suggestions that did not relate to the heuristics. There were none that

were grouped under Consistency and standards.

3.2.2 Co-developed Set of Heuristics

We adapted Nielsen’s heuristics and created a set of 13 heuristics based on the guidelines from literature.

In a series of revisions, we iterated on the developed set of heuristics. We edited the heuristics to be less

focused on visual feedback associated with GUIs. Nielsen’s heuristics were also expanded to include Clarify

Capabilities, Context Preservation and Privacy.

Through our search we also found useful unpublished research that adapted Nielsen’s heuristics to eval-

uate a patient-centered common surgery question chatbot [Lordon, 2019]. Therefore, in the last iteration

of revisions, we merged our set of heuristics with the adapted set in [Lordon, 2019]. We did not include

elements of the set that were specific to health information seeking context. After we merged the sets, three

authors reviewed the heuristics to provide feedback.

Inspired by [Lordon, 2019] we also included Grice’s Cooperative Principles [Grice, 1975] so as to

strengthen the focus on conversation between the user and the conversational agent. Grice’s Cooperative

Principle dictates that communication is characterized by cooperative efforts between conversational partic-

ipants [Grice, 1975]. The Cooperative Principle can be understood through four maxims: quality, quantity,

relevance and manner. Cooperation between conversational partners is facilitated by the quality, or truth, of

what we say, the quantity of information that we provide, the relevance of what we contribute, and the clear

and brief manner of our communication. The Cooperative Principle has already been applied to conversation

design in dialogue systems, such as for Google Assistant [Google, n.d.].
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Phase 1 Rel. Phase 2

Visibility of system status 3.7 Visibility of system status

Clarify capabilities 4 Clarify capabilities

Match between system and the real
world

4.1 Match between system and the real
world

User control and freedom 4 User control and freedom

Consistency and standards 4.3 Consistency and standards

Error prevention 3.9 Error prevention

Recognition rather than recall 3.8 Learnability

Domain specific flexibility and efficiency
of use

3.8 Multimodal flexibility and efficiency of
use

Aesthetic, minimalist and engaging de-
sign

4.1 Aesthetic, minimalist and engaging de-
sign

Help and documentation 2.7
Context preservation 4 Context preservation

Privacy 4.1 Trustworthiness

Veracity 3.8
N/A Help users recognize, diagnose and re-

cover from errors

Table 3.2: The conversational agent heuristics developed in Phase 1, the average relevance rating for each
heuristic, and the heuristics developed in Phase 2.

We aligned the four maxims with seven of our heuristics. We matched the maxim of quantity to Recog-

nition rather than recall and Aesthetic, minimalist and engaging design, the maxim of relevance to Context

preservation, and the maxim of manner to Match between system and the real world, Consistency and stan-

dards and Recognition rather than recall. We found that maxim of quality fit under Clarify capabilities and

Privacy, yet neither fully encapsulated the characteristic of “being truthful.” As a response, we explicitly

outlined the maxim of quality by creating the heuristic Veracity.

We included [Lordon, 2019]’s adaption to Visibility of system status, which we had not adapted initially.

We removed phrases that suggested specificity to task-oriented conversational agents, as well as references

to “visual or audible” system responses in [Lordon, 2019]’s set that were targeted towards smartphone

modalities. The only heuristic that remained without adaptation was Help users recognize, diagnose and

recover from errors.
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3.3 Phase 2: Expert Review

After generating the heuristics in Phase 1, an expert evaluation was conducted to gather feedback on the

modified heuristics developed. In the expert evaluation, participants were presented with a list of heuristics

and asked to rate and comment on their relevance to the evaluation of conversational agents. This study

received Institutional Review Board (IRB) approval for Phases 2, 3 and 4.

3.3.1 Participants

We recruited participants by contacting individuals in our professional network and providing them with an

introduction letter and a link to the study. We included participants who fit the following inclusion criteria:

adults over the age of 18, and having work experience in conversational agent design and usability testing

methods. Participants were informed that they were identified to participate as they have expertise in the

areas of conversational agent design and usability testing methods.

Five researchers, two professors, one user interface designer, and one digital initiative leader participated

in our evaluation. The average self-rated level of experience with heuristic evaluation was 3.1 and experience

with conversational agent design was 4.2 on a 5 point Likert scale (5 being the highest, 1="never heard

of it" and 5="expert"). All of the participants had work experience designing or building conversational

agents. Participants had previously designed or built 9 conversational agents on average. Additionally,

participants had conducted an average of 6 heuristic evaluations. Three of the nine experts in conversational

user interface design had not conducted heuristic evaluations before, which led to a reported average of 6

evaluations conducted. When not including those experts, the average number of evaluations conducted was

9.

3.3.2 Procedure

We asked participants to review the heuristics developed in Phase 1 and assign a relevance rating on a scale

of 1 to 5 (5 being the highest) to indicate how relevant each heuristic was to the evaluation of conversational

agents. They were encouraged to provide comments on the heuristics and were given the option to suggest

additional heuristics for conversational agents as well.
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3.3.3 Results

As shown in Table 3.2, the relevance ratings for each of the heuristics were above 3.7, with the exception of

Help and Documentation with the lowest relevance rating of 2.7. One respondent said that the conversational

agent should be self-explainable, rather than having the need for documentation. Based on the experts’

feedback, we removed the heuristic Help and documentation.

Respondents also noted that while truthfulness is an important quality for gaining user trust, Veracity

may not be a necessary usability requirement. Thus, we removed Veracity and included elements of the

heuristic in Trustworthiness to reflect their comments.

Finally, we made a number of adjustments to the other heuristics. We added clarifications to Domain

specific flexibility and efficiency of use, such as the addition of "verbal shortcuts." We also made changes to

Recognition rather than recall to place less emphasis on visual information, and Match between system and

the real world to encourage smooth dialogues, rather than mirroring real conversations.

3.4 Phase 3: Validation through Heuristic Evaluation

In Phase 3, we proceeded to apply the modified heuristics to two conversational agents. We conducted two

studies to evaluate the effectiveness of our modified heuristics to Nielsen’s original heuristics. We recruited

one set of participants for an in-person study and another set to complete the study online. In each study,

we used a between-subjects design where one group was asked to evaluate the conversational agent using

Nielsen’s usability heuristics, and the second group was asked to evaluate the same conversational agent

using the modified heuristics.

We chose systems that were both in-development so that evaluators could find a number of usability

issues in the heuristic evaluation. The systems were also selected to cover both text and voice modalities.

We first evaluated a voice-based conversational agent, and then a text-based conversational agent.

3.4.1 Systems Evaluated

In the in-person study, we asked participants to evaluate a voice assistant using the Amazon Echo. This was

structured as an in person study so we could ensure all participants had access to the same physical device,
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Amazon Echo. We searched for an Alexa skill on the Amazon website that was in the Social category and

had customer ratings with less than 4 out of 5 stars. This was done to ensure that the system had a sufficient

number of usability issues for the heuristic evaluation. We observed that in the reviews of low-rated skills,

users described a number of issues with the system that accompanied the low rating. The Social category

was chosen to vary the types of systems evaluated. We searched for an interface with more free-form input,

as the chatbot provided predefined options. We selected an Alexa skill that connects to a Slack workspace

and can be used to read, send and react to messages. We set up a fictional Slack workspace that was linked

to the Amazon Echo. Participants were given a username to communicate with other users in a university

department.

In the online study, participants evaluated an in-development text-based chatbot interface. The interface

was designed to collect survey information from people in hospital emergency departments. The chatbot

asks users various questions regarding their health, housing situation, and employment, to screen users for

unmet social needs [Kocielnik et al., 2019].

3.4.2 Participants

In-person Heuristic Evaluation

There were 16 participants recruited via Slack and email from a large university. We assigned 8 participants

to each condition for the in-person heuristic evaluation sessions using the Alexa skill. The participants

included 12 graduate students, two UX researchers, one engineering intern and one undergraduate student.

The backgrounds of the participants ranged from computer science and engineering, user research, human-

centered design, and healthcare.

In the group that used Nielsen’s heuristics, the average self-rated level of experience with heuristic

evaluation was 2.9 and experience with conversational agent design was 2.3 on a 5 point Likert scale (5

being the highest, 1="never heard of it" and 5="expert"). Six of the participants had conducted heuristic

evaluations 1-5 times, one had conducted 6-10 evaluations and one more than 10 evaluations. In the group

that used conversational agent heuristics, the average self-rated level of experience with heuristic evaluation

was 2.8 and experience with conversational agent design was 2.8 on a 5 point Likert scale. Five of the

participants had done heuristic evaluation 1-5 times, and three had never conducted a heuristic evaluation
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before.

Online Heuristic Evaluation

We recruited 16 participants via Slack and email from our professional network for the online heuristic

evaluation sessions. There were 9 participants in the group that used Nielsen’s heuristics and 7 participants

in the group that used the conversational agent heuristics. The participants included 10 graduate students,

two students, two engineers, one researcher, and one UX design intern. The background of the participants

ranged from human-computer interaction, UX/UI design, psychology, computer science, service design,

archives and libraries, user research and marketing.

In the group that used Nielsen’s heuristics, the average self-rated level of experience with heuristic

evaluation was 2.4 and experience with conversational agent design was 2.4 on a 5 point Likert scale. Six

had conducted heuristic evaluation 1-5 times and three had never conducted a heuristic evaluation before. In

the group that used conversational agent heuristics, the average self-rated level of experience with heuristic

evaluation was 3.1 and experience with conversational agent design was 2.7 on a 5 point Likert scale. Five

participants had conducted heuristic evaluation 1-5 times, one had never conducted a heuristic evaluation,

and one had conducted more than 10 evaluations. While participants in Phase 3 were skilled in heuristic

evaluation on average, there was a mix of non-expert participants, who had a lower self-rated experience

with heuristic evaluations, and participants with more expertise.

3.4.3 Procedure

In both the in-person and online studies, the instructions and time provided in the in-person and online con-

texts were the same to minimize the effect the study context. All participants read the same instructions

on a Google document and the in-person participants had minimal interactions with the experimenter dur-

ing the evaluation. Participants were presented with a list of heuristics (either our modified heuristics or

Nielsen’s original heuristics), and a description of the conversational agent and usage scenario. Participants

were asked to examine the interface several times and create a list of usability issues. For each usability

issue, they were told to explain the issue, reference one or more heuristics that it was related to, and assign

a severity rating on a scale of 0 to 4 (4 being highest) to indicate how severely the issue limits the users’
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ability to use the conversational agent. They were also permitted to include additional heuristics that related

to one of the usability issues. Participants were compensated with a $25 gift card for conducting a one hour

heuristic evaluation of the conversational agent.

3.4.4 Results

The authors first conducted an informal expert review to generate a master list of all known usability issues,

following methodology in past work [Mankoff et al., 2003] [Nielsen and Molich, 1990]. With expertise in

HCI, conversational agent interaction, heuristic development and evaluation, the authors reviewed the two

interfaces and internally generated a list of usability issues. This list was then combined with all of the

issues identified by participants to create the final master list of usability issues. From this list, we removed

non-issues which conveyed a misunderstanding regarding the interface or did not refer to a specific usability

issue. In total, there were 42 issues in the master list for the Alexa skill and 53 issues for the chatbot.

To evenly balance the number of participants and experience with heuristic evaluation in each group, we

removed participants who had conducted heuristic evaluation more than six times. We then selected the top

6 evaluators in each group to compare the number of usability violations. In Table 3.3 and Figure 3.1, we

refer to the 12 participants who evaluated the Alexa skill as voice and the 12 participants who evaluated the

chatbot as chatbot. While four evaluators are recommended by the literature, we chose to display the top 6

evaluators in Phase 3 to show as much information as possible.

Phase 3
Participant set Experts CA Nielsen
voice 9 30 23
chatbot 31 23 29

Table 3.3: Number of usability issues found by the experts, and the top six evaluators in the conversational
agent (CA) and Nielsen groups in Phase 3.

In-person Heuristic Evaluation

While the groups were similar based on self-rated experience with heuristic evaluation, the Nielsen condition

had done more heuristic evaluations in practice. We balanced the experience of the participants and selected

the top 6 participants from the Nielsen group and top 6 participants from the conversational agent group
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Figure 3.1: Percentage of issues found by the top six evaluators using the conversational agent heuristics
and Nielsen’s heuristics on the two interfaces in Phase 3.

who identified the most issues from the master list of issues. We removed two participants from the Nielsen

group from this selection process who had high expertise; one had conducted 6-10 heuristic evaluations and

one had done more than 10 heuristic evaluations.

The results showed that the conversational agent heuristics were better able to identify issues than

Nielsen’s for the Alexa skill. As shown in Table 3.3, the top 6 evaluators using the conversational agent

heuristics identified 30 out of 42 issues compared to those using Nielsen’s heuristics 23 out of 42. In Fig-

ure 3.1a, we sort the participants by additional unique ideas found and find that the top four evaluators in

the group using conversational agent heuristics found 57% of known issues, compared to the group using

Nielsen’s heuristics found 52% of known issues. The use of four evaluators is recommended as an optimal

number needed to uncover the majority of issues [Nielsen, 1994]. As the number of evaluators increases,

the conversational agent heuristics continue to uncover unique issues; six evaluators ultimately find 71% of

issues using our heuristics compared to 55% when using Nielsen’s.

Online Heuristic Evaluation

To balance the number of participants, we selected the top 6 participants from the Nielsen group and the

top 6 participants from the conversational agent group who identified the most issues from the master list of

issues. We also balanced the actual experience with heuristic evaluation and removed one participant from
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the conversational agent group who was an expert in heuristic evaluation and conducted heuristic evaluation

more than 10 times.

In the online heuristic evaluation, the conversational agent heuristics were not more effective than

Nielsen’s heuristics for the chatbot interface in the online study. In Table 3.3, the top 6 participants us-

ing our heuristics identified 23 out of 53 issues, while those using Nielsen’s heuristics found 29 out of 53

issues. Nielsen’s heuristics offered more coverage of usability issues for the chatbot as shown in Figure 3.1b.

We found that the top four evaluators found only 42% of usability issues when using the conversational agent

heuristics, compared to 47% of usability issues using Nielsen’s heuristics.

While the conversational agent heuristics were more effective than Nielsen’s in identifying issues with

the Alexa skill, they were less effective in regards to the chatbot interface. To address the limitations of the

heuristics, we revised the conversational agent heuristics for further testing with the chatbot.

3.4.5 Revisions

Based on the results of the heuristic evaluation, we made a number of revisions to the conversational agent

heuristic set. We first went through violations found by Nielsen’s set or by the experts, but not by the

conversational agent heuristics. We then updated the conversational agent heuristics to better address these

violations.

In the chatbot evaluation, we noticed that Nielsen’s heuristics captured more visual design violations,

such as "text is overflowing from multiple choice options". Thus, in the conversational agent heuristics, we

reframed the introductory text and made explicit the terms (visual design, dialogue etc) in the heuristics to

prepare them to evaluate different modalities. We removed terms such as "voice interfaces" and changed

them to "interfaces" in Aesthetic, minimalist and engaging design to better generalize the heuristics to in-

terfaces with multiple modalities. We re-incorporated “Follow platform conventions” to Consistency and

Standards because one participant using Nielsen’s heuristics noted an inconsistency in the colors on the

checklist across mobile and web platforms.

The experts brought up two issues regarding the chatbot’s audio output that were not found by the

conversational agent heuristics. The experts found that the "use of voice as output is not appropriate for

asking sensitive questions" and the "use of voice as output, but not input, doesn’t match user expectations".
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In response, we added “depending on the use context” and “input and output” to Flexibility and efficiency

of use. Additionally, one participant in the Nielsen condition brought up an issue that the chatbot’s robotic

voice was off-putting. We thus added the use of “an appropriate voice” to Match between system and the real

world. The sentence “Make information appear in a natural and logical order” was included in Nielsen’s

original heuristics, but was removed when we first iterated on the heuristics as we emphasized mirroring

natural conversation at the time. We added it to our revised heuristics as "the ordering of the questions is not

organized well" was a violation identified only in the Nielsen condition.

In the evaluation of the Alexa skill, the violation “there was not help specific to the user task” was

only identified by the group using Nielsen’s heuristics who cited Help and documentation and Recognition

rather than recall. To address the overlap and similarities between Clarify Capabilities, Learnability and

Help and documentation, we consolidated sentences from each heuristic. We chose to remove the heuristic

Clarify Capabilities and retitle Learnability to Help and guidance. We also moved the sentence “The system

should not falsely claim to be human” from Clarify Capabilities to Trustworthiness as it relates to being

truthful with the users. We added “pauses, conversation fillers, and interruptions” as examples to Error

Prevention to address violations regarding speech recognition brought up by the Nielsen group and the

experts. For example, "failed to recognize channel names" was an expert usability issue that was not found

by the conversational agent heuristics.

Phase 3 Heuristics
Visibility of system status
Match between system and the real world
User control and freedom
Consistency and standards
Error prevention
Help and guidance
Flexibility and efficiency of use
Aesthetic, minimalist and engaging design
Help users recognize, diagnose and recover from errors
Context preservation
Trustworthiness

Table 3.4: The conversational agent heuristics developed in Phase 3.
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3.5 Phase 4: Validation of Revised Heuristics

In the final phase, we evaluated the chatbot from Phase 3 using the revised heuristics. We found that the

heuristics in Phase 3 performed well and were more suited for the voice interface, but there were needed

revisions to address graphical user interfaces. In the revisions, our aim was to address violations found

by Nielsen’s set, but not our heuristics, for both the chatbot as well as voice to improve the heuristics’

performance for both agents. After making improvements to the heuristics, we proceeded to evaluate the

revised heuristics on the chatbot. We conducted online heuristic evaluations on the chatbot with 8 freelance

professionals in user interface design.

3.5.1 Participants

We invited freelancers on Upwork to participate in the study. We used ‘heuristic evaluation’ as a keyword

to filter participants and sent invitations to individuals who had above 95% job success and experience

with UX/UI design. We recruited 8 participants, 4 in the Nielsen condition and 4 in the conversational

agent condition, to conduct heuristic evaluations of the chatbot interface. The participants’ location and

experience with heuristic evaluation was balanced between the two groups. The Nielsen condition included

three designers and one UI engineer. Two participants were from the United States, one from Turkey, and

one from Indonesia. The conversational agent condition also included two designers, one QA test engineer,

and one student. Two participants were from the United States, one from the Philippines and one from

Spain. Participants were compensated between $20 to $30 depending on their hourly rate.

All of the participants had conducted heuristic evaluations between 1 to 5 times. In the Nielsen group, the

participants had conducted on average 2.6 heuristic evaluations. The average self-rated level of experience

with heuristic evaluation was 2.75 and experience with conversational agent design was 2.5 on a 5 point

Likert scale (5 being the highest). In the conversational agent group, they had conducted on average 2.4

heuristic evaluation sessions. The average self-rated level of experience with heuristic evaluation was 3.75

and experience with conversational agent design was 2.75 on a 5 point Likert scale.
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Figure 3.2: Percentage of issues for the chatbot found by the top four evaluators using the conversational
agent heuristics and Nielsen’s heuristics in Phase 3 and 4.

3.5.2 Results

Two of the authors iterated on the master list of usability issues for the chatbot from Phase 3 and merged in

issues from Phase 4. We iterated on the master list an additional time as we found new issues that arose in

Phase 4. Though the master list increased in Phase 4, we chose to compare the number of usability issues

in Phase 3 and Phase 4 as they shared the same common master list. There were 63 total usability issues in

the master list, including issues identified from all participants in Phase 3 and 4, and expert issues generated

by the authors. Since Phase 4 had only 8 participants, we selected 8 participants from Phase 3 (the top 4

in the Nielsen group and top 4 in the conversational agent group) who had identified the most issues from

the master list. To balance experience, we removed one expert participant in the conversational agent group

from this selection process, who had completed more than 10 heuristic evaluations. In this analysis, we

compared the 8 participants from Phase 3 and 8 participants from Phase 4. In Table 3.5, we refer to the

balanced set of 8 participants in Phase 3 and 8 participants in Phase 4 as chatbot-bal. We refer to the set of

all participants in Phase 3 and 4, 16 participants in Phase 3 and 8 participants in Phase 4, who evaluated the

chatbot as chatbot-all. We also include the set of 12 participants from Phase 3 who evaluated the Alexa skill

as voice.

Figure 3.2 shows that evaluators using the revised conversational agent heuristics identified more usabil-

ity issues than evaluators using Nielsen’s heuristics. In the conversational agent group, a single evaluator
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found 20 issues, while a single evaluator found 13 issues in the Nielsen group. Four evaluators in the con-

versational agent group were able to find 56% of the usability issues, compared to four evaluators in the

Nielsen group who found 44% of the issues.

Additionally, the final set of conversational agent heuristics performs better than the original heuristics.

In Table 3.5, we see that the conversational agent group found 35 usability issues in total versus 22 usability

issues found by the original conversational agent group. Interestingly, even when we consider the issues

found in chatbot-all, we find that the four evaluators in the Phase 4 conversational agent group found more

issues than the 9 evaluators in the Phase 3 Nielsen group and 7 evaluators in the Phase 3 conversational

agent group (35 issues compared to 34 and 33 issues respectively).

We propose that the proportion of unique issues found by the conversational agent group is higher

than those found by the Nielsen group. To test this hypothesis, we used a statistical test to compare the

proportion of unique issues found by each evaluator. We consider a unique issue to be an issue found only

by one heuristic set, Nielsen or conversational agent, and not found by both sets. We found that evaluators

using the conversational agent heuristics found significantly more unique issues (M= 0.42, SD = 0.17), than

evaluators using Nielsen’s heuristics (M= 0.19, SD = 0.09), t(6) = 2.47, 95% CI = [-0.461,-0.002], p<0.05.

Evaluators using Nielsen’s heuristics found on average 19% unique issues.

Phase 3 Phase 4
Participant set Experts CA Nielsen CA Nielsen
voice 9 30 23 – –
chatbot-all 31 33 34 35 28
chatbot-bal 31 22 24 35 28

Table 3.5: Number of usability issues found by the experts, conversational agent (CA) and Nielsen groups
in Phase 3 and 4.

We analyzed the severity of issues generated by Nielsen’s heuristics versus the conversational agent

heuristics. As experienced professionals in conversational agent design, four of the co-authors assigned

severity ratings to the master list of issues for the chatbot. Table 3.6 illustrates the average severity rating

of the issues, referred to as severity, and the number of severe issues (issues with a severity rating greater

than 2), referred to as num. The overlapped group of issues found by both heuristic sets had an average

severity rating of 2.5 and 2.4, in Phase 3 and 4 respectively. We found that in both phases the average

severity rating of issues found only by the conversational agent heuristics is lower than issues found only
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by Nielsen’s heuristics. In Phase 4, the average severity rating of issues found only using the conversational

agent heuristics was 1.8 compared to 2.1 for issues found only using Nielsen’s heuristics. While severity is

lower for the conversational agent heuristics, in Phase 4 the number of severe issues found is greater than

Nielsen’s heuristics. It should be noted that the severity of the overlapped issues is higher in both phases,

and we suggest that the lower severity of the Phase 4 conversational agent heuristics is due to finding more

low severity issues.

Phase 3 Phase 4
Heuristic set severity num severity num
CA 1.7 3 1.8 6
Nielsen 2.3 8 2.1 3
CA and Nielsen 2.5 11 2.4 18

Table 3.6: Average severity rating of chatbot issues identified only by the conversational agent (CA) group,
Nielsen group, or both groups, in Phase 3 and 4.

We then grouped the usability issues to better understand the types of issues that the heuristic sets cover.

The conversational agent heuristics reveal issues in the following areas.

Content

The revised heuristics address 4 out of 8 issues related to the content of the dialogue, while Nielsen’s set only

identified 3 of the issues in Phase 4. The conversational agent heuristics may better identify issues related to

the comprehensibility of the chatbot dialgoue, such as issues with wording of questions and explanations of

acronyms. There were two issues identified by the experts: "dialogue is written at an advanced reading level"

and "too many chatbot messages in a row". We suggest that designers of conversational agents consider the

reading level of their users.

Answer interaction

The revised heuristics address 8 out of 10 issues related to interactions with questions and responses. The

conversational agent heuristics may encourage the designers to consider intuitive and free-form ways to

respond to the conversational agent. Issues included users being limited to answer options that might not

describe their circumstances, lack of answer validation and confusion about the "explain" feature of the
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chatbot. One issue, "unclear how to submit text input", was only identified by a participant in the Nielsen

group, but they did not assign it one of Nielsen’s heuristics. They instead labeled it as having "no heuristic".

Guidance

The revised conversational agent heuristics identify all of the 6 usability issues sorted under help and guid-

ance. We speculate that due to the development of the heuristic Help and guidance, evaluators using the

conversational agent heuristics may be able to generate more issues in this area.

Humanness

The revised heuristics identified 2 out of 3 issues such as dialogue that did not appear to be genuine or

engaging. One issue, "no clarification that the chatbot was not human", was identified by the original

conversational agent heuristics, but not by the revised heuristics. This is likely because it was more explicitly

covered in Clarify Capabilities. However, we think evaluators could have uncovered this issue using the

Trustworthiness heuristic in the revised heuristics.

Data Privacy

The heuristic Trustworthiness was used to identify issues related to data privacy. The revised heuristics

identified 2 out of 3 issues, including one issue that data was downloaded at the end of the conversation

without notifying the user.

Dialogue Flow

Participants using the revised heuristics identified 5 out of 9 issues related to dialogue. The conversational

agent heuristics identified many issues with the logic of the dialogue and limited control of the chatbot’s

topics and speed. These issues included the ordering of questions in the dialogue, the user’s ability to skip

questions, and incorrect utterances or follow-up questions. While the conversational agent heuristics did

not identify all of the dialogue flow issues, the issues found by Nielsen’s heuristics were similarly related to

conversation logic and control of the dialogue.
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Visual Design

The revised heuristics identified 5 of the 9 issues related to visual design, whereas Nielsen’s identified 1

issue. While the conversational agent heuristics did not address all the visual design issues, these issues are

generally varied and may depend on the subjective opinion of the evaluator.

Context Preservation

The original conversational agent heuristics were used to identify one issue grouped under Context Preser-

vation, namely the lack of inter-session preservation. While the issue was not identified by any other par-

ticipant in Phase 3 and 4, it is not a severe usability problem. Other evaluators did not record problems

related to context preservation. One participant (P3) noted in their evaluation that context preservation was

implemented in the interface. The chatbot interface is designed for a single interaction, and it is not intended

to remember past information for multiple sessions.

The following highlight areas in which the conversational agent heuristics face limitations. There were

a few issues that were largely identified by Nielsen’s heuristics or by the experts.

Settings

The revised heuristics identified only 2 of the 6 issues related to the conversational agent settings. The

heuristic Help and guidance emphasizes that guidance should be provided during the conversation. This

may lead evaluators to focus less on other forms of help that exist in the interface, like the settings menu.

Potential revisions could be made to address providing user guidance and feedback outside the dialogue in

conversational agents with GUIs.

Audio

Both Nielsen’s and the revised heuristics addressed 1 of the 5 issues regarding the chatbot’s audio output.

The conversational agent heuristics identified an important issue that "audio from previous messages over-

laps with the current audio". The remaining issues were identified for the most part by experts, and refer-

enced the appropriateness of using voice. We believe that Flexibility and efficiency of use should cover these

issues raised by experts, but the heuristic may benefit from example scenarios of appropriate input/output.
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Nielsen’s Heuristics Phase 4 Heuristics

Visibility of system status
The system should always keep users informed about
what is going on, through appropriate feedback within
reasonable time.

Visibility of system status
The system should always keep users informed about
what is going on, through appropriate feedback within
reasonable time, without overwhelming the user.

Match between system and the real world
The system should speak the users’ language, with words,
phrases and concepts familiar to the user, rather than
system-oriented terms. Follow real world conventions,
making information appear in a natural and logical order.

Match between system and the real world
The system should understand and speak the users’ lan-
guage—with words, phrases and concepts familiar to
the user and an appropriate voice—rather than system-
oriented terms or confusing terminology. Make informa-
tion appear in a natural and logical order. Include dia-
logue elements that create a smooth conversation through
openings, mid-conversation guidance, and graceful exits.

User control and freedom
Users often choose system functions by mistake and will
need a clearly marked "emergency exit" to leave the un-
wanted state without having to go through an extended
dialogue. Support undo and redo.

User control and freedom
Users often choose system functions by mistake and will
need an option to effortlessly leave the unwanted state
without having to go through an extended dialogue. Sup-
port undo and redo.

Consistency and standards
Users should not have to wonder whether different words,
situations, or actions mean the same thing. Follow plat-
form conventions.

Consistency and standards
Users should not have to wonder whether different words,
options, or actions mean the same thing. Follow platform
conventions for the design of visual and interaction el-
ements. Users should also be able to receive consistent
responses even if they communicate the same function in
multiple ways (and modalities). Within the interaction,
the system should have a consistent voice, style of lan-
guage, and personality.

Error prevention
Even better than good error messages is a careful de-
sign which prevents a problem from occurring in the first
place. Either eliminate error-prone conditions or check
for them and present users with a confirmation option be-
fore they commit to the action.

Error prevention
Even better than good error messages is a careful de-
sign of the conversation and interface to reduce the like-
lihood of a problem from occurring in the first place.
Be prepared for pauses, conversation fillers, and inter-
ruptions, as well as dialogue failures, deadends or side-
tracks. Proactively prevent or eliminate potential error-
prone conditions, and check and confirm with users be-
fore they commit an action.

Table 3.7: Nielsen’s heuristics compared to the final conversational agent heuristics.
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Nielsen’s Heuristics Phase 4 Heuristics

Recognition rather than recall
Minimize the user’s memory load by making objects, ac-
tions, and options visible. The user should not have to
remember information from one part of the dialogue to
another. Instructions for use of the system should be vis-
ible or easily retrievable whenever appropriate.

Help and guidance
The system should guide the user throughout the dialogue
by clarifying system capabilities. Help features should
be easy to retrieve and search, focused on the user’s task,
list concrete steps to be carried out, and not be too large.
Make actions and options visible when appropriate.

Flexibility and efficiency of use
Accelerators – unseen by the novice user – may often
speed up the interaction for the expert user such that the
system can cater to both inexperienced and experienced
users. Allow users to tailor frequent actions.

Flexibility and efficiency of use
Support flexible interactions depending on the use con-
text by providing users with the appropriate (or preferred)
input and output modality and hardware. Additionally,
provide accelerators, such as command abbreviations,
that are unseen by novices but speed up the interactions
for experts, to ensure that the system is efficient.

Aesthetic and minimalist design
Dialogues should not contain information which is irrel-
evant or rarely needed. Every extra unit of information in
a dialogue competes with the relevant units of informa-
tion and diminishes their relative visibility.

Aesthetic, minimalist and engaging design
Dialogues should not contain information which is irrele-
vant or rarely needed. Provide interactional elements that
are necessary to engage the user and fit within the goal of
the system. Interfaces should support short interactions
and expand on the conversation if the user chooses.

Help users recognize, diagnose and recover from er-
rors
Error messages should be expressed in plain language (no
codes), precisely indicate the problem, and constructively
suggest a solution.

Help users recognize, diagnose and recover from er-
rors
Error messages should be expressed in plain language (no
codes), precisely indicate the problem, and constructively
suggest a solution.

Help and documentation
Even though it is better if the system can be used without
documentation, it may be necessary to provide help and
documentation. Any such information should be easy to
search, focused on the user’s task, list concrete steps to
be carried out, and not be too large.

Context preservation
Maintain context preservation regarding the conversation
topic intra-session, and if possible inter-session. Allow
the user to reference past messages for further interac-
tions to support implicit user expectations of conversa-
tions.

Trustworthiness
The system should convey trustworthiness by ensuring
privacy of user data, and by being transparent and truthful
with the user. The system should not falsely claim to be
human.

Table 3.8: Nielsen’s heuristics compared to the final conversational agent heuristics (cont.)
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3.6 Discussion

We found that the conversational agent heuristics are useful for identifying more usability issues than

Nielsen’s. While usability heuristics traditionally focus on providing a clear and efficient experience, the

design of conversational agent interfaces may need to go beyond usability. Providing a good user experience

may require an evaluation of the conversation as well as user interactions. This is an important consideration

for the integration of HCD and Implementation Science methods. Implementation scientists have proposed

measuring usability as a proxy for the successful adoption of an implementation strategy [Haines et al.,

2021]. Yet traditional measures of usability may not be enough to judge whether an intervention is effective

for particular interfaces and contexts. Usability testing of new heuristics for conversational user interfaces

may be one promising direction. In this study, participants uncovered new heuristics to consider particular

user concerns about lack of confidentiality in sharing their data and wording of the dialogue that can help

to consider the reading level of users. Prior work has suggested that Nielsen’s heuristics are general and

do not address relevant areas of specific domains [Mankoff et al., 2003][Wei and Landay, 2018][Murad

et al., 2019]. In our study, two of the participants indicated that Nielsen’s heuristics were not applicable

to the chatbot interface. Each of these participants were among the top 4 evaluators in Phase 3 and 4 who

identified the most usability issues. In Phase 3, there was one participant in the Nielsen group who created

their own heuristics, titled “System Error”, “Wording” and “Unexpected”, for 4 of the 12 usability issues

that they found. The participant brought up issues that they believed Nielsen’s heuristics did not address, in-

cluding: "overlapping audio", "the wording of the chatbot dialogue" and "lack of confidentiality". In Phase

4, one of the participants in the Nielsen group wrote in “no heuristic” for 3 of their 6 usability issues. In

their comments, P4 said "I chose not to write [heuristics] because of confusion to categorize it." The issues

labeled with "no heuristic" included: "the chatbot’s utterances and questions were not applicable to their

situation", and "it was not clear how to submit text input". The use of the conversational agent heuristics

may have been helpful in identifying these issues. Out of the issues, we believe that there is a mapping

of "lack of confidentiality" to Trustworthiness and "non-applicable utterances" to Context preservation and

Error Prevention.

In line with Grice’s maxims of relevance and quality, we introduce the heuristics Context preservation

and Trustworthiness to better apply Nielsen’s heuristics to conversational agents. By explicitly calling out
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new design principles, evaluators consider new usability issues that may not be prioritized using Nielsen’s

heuristics. It is important for designers to support user expectations of context preservation [Jain et al.,

2018]. Participants often noted that the chatbot seemed confused when it asked unnecessary follow-up

questions. Though conversational agents may have varying levels of context handling, storing the user’s

recent state would help to maintain relevance in the conversation. Additionally, the conversational agent

should be truthful in its interactions to encourage trustworthiness [Przegalinska et al., 2019]. The conversa-

tional agent should not mislead users about its identity, nor withhold important information about how user

data will be used. In the final set of heuristics, we found that the conversational agent heuristics remained

aligned with Grice’s Cooperative Principles. The maxim of quantity aligns with many of the heuristics,

Help and guidance, Aesthetic, minimalist and engaging design and Visibility of system status. The conver-

sational agent heuristics recognize that while the user may require information on how to interact with the

conversational agent, they should not be overwhelmed with too much information. Flexibility and efficiency

of use acknowledges that the use of conversational agents may be highly context dependent. Designers and

developers may consider how the conversational agent will be used and what input and output modalities,

and hardware, are appropriate for those scenarios. For example, conversational agents that are used in a

public context may need to provide flexibility for users to submit text input if they are not comfortable using

voice.

In the final set of heuristics, we found that the conversational agent heuristics remained aligned with

Grice’s Cooperative Principles [Grice, 1975]. The maxim of quantity aligns with many of the heuristics,

Help and guidance, Aesthetic, minimalist and engaging design and Visibility of system status. The conver-

sational agent heuristics recognize that while the user may require information on how to interact with the

conversational agent, they should not be overwhelmed with too much information. In particular, it may be

difficult to recognize the system status and remember instructions when using a voice interface. Thus, Help

and documentation has been removed from the heuristic set and it has been adapted, along with Recognition

rather than recall, into Help and guidance. Users may need feedback and guidance throughout the con-

versation to better understand the status of the system, how they can search for help and what options are

available to them.

We also find that the maxim of manner is supported by Match between system and the real world,
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Consistency and standards and Help and guidance. The conversational agent should use language that is

clear and understandable. We find that the existing text of Nielsen’s heuristics fits this maxim, for example

"the system should understand and speak the users’ language" in Match between system and the real world

and "users should not have to wonder whether different words, options of actions mean the same thing" in

Consistency and standards. The conversational agent heuristics further add upon Nielsen’s text to encourage

smooth conversations and consistent responses.

We did not make changes to Help users recognize, diagnose and recover from errors as identifying and

recovering from errors remains important in the design of conversational agents. We made small changes

to Visibility of system status and User control and freedom to adapt them to conversational interactions.

For example, in User control and freedom, users may need an option to "effortlessly leave the unwanted

state", rather than a "clearly marked ’emergency exit’", since users may express their desire to leave the

interaction in different ways, and it may be difficult to mark an "emergency exit" in a voice interface.

In Error prevention, we expanded on the heuristic to suggest preparing for errors in conversations, as it

may not be possible to eliminate all errors in dialogue based systems. Finally, Flexibility and efficiency of

use acknowledges that the use of conversational agents may be highly context dependent. Designers and

developers may consider how the conversational agent will be used and what input and output modalities,

and hardware, are appropriate for those scenarios. For example, conversational agents that are used in a

public context may need to provide flexibility for users to submit text input if they are not comfortable using

voice.

Heuristic evaluation has been proposed as one usability testing method for identifying the design limi-

tations of an intervention [Haines et al., 2021]. Based on these findings, heuristic evaluation is an effective

approach in the design and evaluation of CUIs. We found that the usability issues identified by the con-

versational agent heuristics were on average lower than those found by Nielsen, as the conversational agent

heuristics found more issues, and that these issues were lower in severity rating. In other words, both heuris-

tic sets found issues similar in severity, but the conversational agent heuristics additionally resulted in more

less-severe issues. The lower severity rating of these issues may be due to a number of visual design issues

that were identified and assigned low priority. While it is important to identify severe usability issues, hav-

ing a more complete list of usability issues, even less severe ones, can provide a better picture of a user’s
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experience interacting with the system. In addition, identifying an issue doesn’t mean that designers have to

prioritize fixing it. The same issue might be considered more or less severe depending on the target audience

and context of use. Being aware of the minor issues can help designers not to exacerbate them (or introduce

new similar ones) when formulating solutions to fix the prioritized issues. It is also important to consider the

conversational agent that was tested in this study. The purpose of the chatbot was to collect health-related

information, rather than engage the participants in purely social conversation. For example the usability is-

sue "conversation is not engaging", identified by the conversational agent heuristics, was given a low rating,

but for another type of interface this issue may be more severe and lead to short term use. These new heuris-

tics and usability issues may be missed or not prioritized by design practitioners with expertise in heuristic

evaluation.

We note the limitations to this work including the small number of participants and their level of ex-

perience with heuristic evaluation. Since participants were recruited from a large university with design

programs, and from professionals on Upwork with design experience, they may have had more exposure to

heuristic evaluation and UX/UI methods. Therefore, these participants may not be a representative sample

of all non-experts. In the heuristic evaluation, blocked random assignment could have been used prospec-

tively to create balance in experience levels between the groups. However, participant groups were balanced

retrospectively due to the continuous recruitment of participants over three months. Additionally, while the

two systems were selected to evaluate both text-based and voice-based conversational agents, there is a wide

variety of conversational agent systems available that could have been used to demonstrate the effective-

ness of the heuristics. We recommend that future studies evaluate how the guidelines can be applied across

subject domains, usage contexts and devices.

When planning the study, COVID-19 did not influence our initial study design as Phase 3 was conducted

prior to COVID-19. We designed the study to minimize participation barriers, for example the chatbot

evaluation was conducted online to enable broad recruitment and the Alexa skill evaluation was in person as

it required an Amazon Echo device. That said, COVID-19 did partially factor into our decision to focus on

the chatbot interface in Phase 4. While it made sense for us to focus on the chatbot given our results from

Phase 3, we also opted not to replicate the voice interface because of challenges with the in-person study.
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3.7 Summary of Contributions to Thesis

In this chapter, we adapted usability guidelines for conversational agents to support the design and develop-

ment of conversational user interfaces. Our work demonstrated that new usability heuristics can be leveraged

to address unique issues to conversational systems, and improve the overall usability of conversational user

interfaces.

My work contributes a set of validated heuristics that researchers and practitioners may use in their

formative evaluation of conversational agents. By demonstrating their effectiveness in real world system

evaluations, we propose that our heuristics can be applied to text and voice-based conversational agents. We

found that four evaluators identify more usability issues when using our heuristics. These results are con-

sistent with past work indicating that adapting Nielsen’s heuristics is an effective method. We propose that

the conversational agent heuristics are useful for highlighting issues related to dialogue content, interaction

design, help and guidance, human characteristics, and data privacy. More broadly, our work contributes to

existing research on heuristic evaluation and further highlights how this technique may be adapted for new

and future interfaces.

My work in the heuristic evaluation of conversational agents demonstrated that human-centered meth-

ods - discount usability testing methods - can be applied with new heuristics to improve usability and en-

gagement with new technologies. To improve engagement with conversational interfaces, I developed and

validated usability heuristics and revealed design issues relevant to conversational user interfaces.
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Chapter 4

Predictors of chatbot implementation

fidelity

In this chapter, I focus on the implementation of a chatbot for social needs screening in an emergency de-

partment. There is growing interest in screening for social needs to understand and address the link between

health inequities and social determinants of health (SDoH)[Marmot, 2005; Gottlieb et al., 2017; Adler et al.,

2016; Marmot et al., 2008; Sulo et al., 2017], the conditions in which people are born, grow, live, work

and age. Social needs are the needs of an individual as a result of their social determinants of health, such

as housing instability, food insecurity or unemployment [Auerbach and Castrucci, 2019]. Hospital emer-

gency departments (EDs) may be one appropriate place for social needs screening as EDs serve vulnerable

populations with a high prevalence of social needs [Malecha et al., 2018; Gordon, 1999]. However, SDoH

screening in the ED is not routine, and even when needs are identified, referral to community services and

follow up may be beyond the current capacities of many EDs.

Patients benefit from assistance to complete screening and contact community resources [Hsu et al.,

2020]. Yet implementing face-to-face social needs screening and referral in the ED is challenging due to

anticipated patient discomfort, and clinician burden [Tong et al., 2018; Persaud, 2018]. Self-administered

screening could overcome these challenges. Potential approaches include patient-facing surveys distributed

via paper [Bleacher et al., 2019; Zulman et al., 2020; Power-Hays et al., 2020], automated phone calls and

text messaging [Chang et al., 2022], tablets [Berger-Jenkins et al., 2019; Katz-Wise et al., 2017; Gottlieb
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et al., 2014], and personal health records [Tai-Seale et al., 2019]. While patient- and provider-facing SDoH

screening tools exist, such as direct entry by patients or providers into electronic health records (EHRs)

[Gold et al., 2018], they face limited uptake. There are well-known disparities in patient adoption of online

portals and use of personal health records [Ancker et al., 2011; Singh et al., 2022]. One reason for non-

use of patient portals includes privacy and information security concerns, which indicates the importance

of building patient trust in communication systems [Anthony et al., 2018]. Thus, getting patient input is

important to address patients’ health and social needs [Wu et al., 2019; Capp et al., 2017; Kaufman et al.,

2014; Lin et al., 2017; Wilcox et al., 2018] and to design more accessible and trustworthy approaches to

better engage patients. We have little knowledge about patients’ sharing practices around social needs-

related data during real-world clinic visits. In the context of social needs screening, conversational user

interfaces (CUIs) may serve as an alternative face-to-face screening and referral, to address barriers such

as anticipated patient discomfort and insufficient time, support and resources among clinicians [Tong et al.,

2018; Persaud, 2018].

We have not established if patients find chatbots feasible and acceptable for social needs screening, nor

whether the ED is an appropriate site for social needs screening chatbots. This is important to understand

as it could lead to a screening process that is more likely to result in patients receiving care for social needs.

Drawing from usability insights in Chapter 3, we applied the conversational agent heuristics to the chat-

bot for social needs screening. We addressed the usability problems that arose in the heuristic evaluation

sessions, and applied the heuristics to ensure consistency in the interface functionality (Consistency and

standards) and keep users informed about what is going on without too much information (Visibility of

system status), for example. However, based on prior literature, more implementation studies of CUIs in

real-world environments are needed to understand and improve the adoption of CUI-based health interven-

tions [Kocaballi et al., 2022]. There is a lack of knowledge regarding implementation considerations for

conversational user interfaces, such as how this technology might fit into practice settings, staff needs, and

ongoing maintenance required. The assessment of CUI-based health interventions may also benefit from the

use of standardized measures. In this work, I employed the use of implementation outcome measures and

the Consolidated Framework for Implementation Research (CFIR) in the analysis of interview data. I used

concurrent triangulation as a mixed methods approach to confirm findings within our study and propose
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future considerations for the chatbot intervention. I investigated three implementation outcome measures

[Weiner et al., 2017] to evaluate the success of a chatbot implementation for social needs screening at a

large hospital ED. The use of these measures and the CFIR framework informed the development of our

interview guide. This allowed us to structure conversations with ED patients around the implementation

measures and processes to understand individual, contextual, and intervention-related factors surrounding

the chatbot intervention. Our aim was to address the following research questions: (1) How do patients rate

the acceptability, feasibility, and appropriateness of a chatbot implementation in the ED for social needs

screening? (2) What are patient perceptions of using a chatbot for social needs screening? We build on

prior work to evaluate a chatbot implementation situated within the ED workflow, and investigate patient

perceptions of the screening and resource provision in the ED context.1

4.1 Methods

4.1.1 Study design

In this study, we deployed a chatbot for social needs screening in a real-world context to understand patients’

perspectives on the acceptability, feasibility, and appropriateness of using the tool in the ED. We used

concurrent triangulation as a mixed methods approach to confirm and corroborate findings within our study

[Creswell and Creswell, 2017]. First, we collected ratings of implementation measures via surveys with

participants who completed screening using the chatbot. Second, we conducted follow-up interviews with a

subset of participants to further understand patient perspectives.

4.1.2 Setting and recruitment

The study took place in the ED at Harborview Medical Center, a large, public, tertiary care teaching hospital,

in the Pacific Northwest region of the United States from November 9, 2020 to February 28, 2021. Patients

were approached by a research assistant after completing ED registration and triage. They were considered

eligible if they were at least 18 years old, English or Spanish-speaking, and did not have an acute medical

or psychiatric condition. We used the Emergency Severity Index (ESI) as the qualification for identifying

1In this work, references to "we" refers to our work with collaborators including researchers in human-centered design and
biomedical health informatics, emergency medicine physicians, and staff coordinators.
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patients who would be able to participate in the study [Tanabe et al., 2004]. Patients were considered eligible

if they had an ESI of 3-5 (i.e., not requiring immediate medical attention based on triage algorithm). Study

procedures were approved by the University of Washington Institutional Review Board (IRB) and received

a waiver of written consent. In the chatbot screening, participants read a short introduction to the study and

were asked if they consent to participating by clicking “Okay, let’s start” to proceed.

4.1.3 Collection of social needs and implementation measures

The chatbot for social needs screening provides relevant community resources to ED patients (Figs. 4.1

and 4.2). Participants interacted with the chatbot on an iPad and could use optional disposable headphones.

The screening was available in English and Spanish. Participants used the chatbot to answer 16 questions

about their social needs that were adapted from the Accountable Health Communities Health-Related Social

Needs (AHC HRSN) Screening Tool [for Medicare and Services, 2019], the Benefits Eligibility Screening

Tool (BEST) [Center], and the Los Angeles County Health Agency (LACHA) screening guide [Johnson

et al., 2019] (see Appendix - Chapter 4: Screening Questionnaire).

At the end of the screening, the chatbot asked participants to rate three implementation outcome mea-

sures to assess the acceptability, feasibility, and appropriateness of the chatbot on a Likert scale from 1

“completely disagree” to 5 “completely agree.” Using these measures, “acceptability” assesses the percep-

tion that a given innovation is agreeable or satisfactory, “appropriateness” assesses the perceived compati-

bility of the innovation for a given issue and practice setting, and “feasibility” assesses the extent to which

the innovation can be successfully used or carried out [Weiner et al., 2017].

Participants were also asked 6 demographic questions about their age, gender, race/ethnicity, education,

relationship status, and insurance status. Finally, participants were asked if they would be willing to take part

in a follow-up interview. Participants were eligible for a follow-up interview if they had a working phone

number. Upon completion of the screening, the participant was handed a printed copy of their responses and

a list of matching community resources (Fig. 4.2), and encouraged to share their responses with their ED

care team. Participants could optionally send their responses and resource list to themselves via email and

text.
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4.1.4 Chatbot design

HarborBot is a web application that is accessible on mobile phones and desktops. The chatbot interacts

with users through chat and voice (output only) in a scripted dialogue. The front end web application is

hosted on Google Cloud, developed using HTML, CSS and Javascript, and uses Python to communicate

with multiple API services. Figure 4.1 shows the graphical user interface for HarborBot. We used BotUI

(https://botui.org/), a Javascript framework, to build the chatbot user interface, and REDCap database [Har-

ris, 2012] to store user responses. BotUI supports different types of interaction elements for the user to

respond, including yes/no, multiple choice, select all, and free-text responses. During screening, users have

the option to skip questions they do not want to answer. They may also edit previous responses by using the

pen/edit icon.

After screening completion, social needs are highlighted in red and relevant resources are brought to

the top of the page. Figure 4.2 shows the graphical user interface for HarborBot’s summary and resource

page. We compiled a list of local community resource organizations based upon resources distributed by

social workers at the Harborview Medical Center ED. These resources were drawn from the Emerald City

Resource Guide [Change, 2021] and Washington 211 [211, 2022], online databases that help connect people

to community resources in Seattle and Washington state. The resource list included the organization name,

website link, phone number, location, availability of language services, and whether the resource is free of

cost.

Responses that indicate a social need are highlighted with a red icon for providers to easily view, and

the corresponding resources are brought to the top of the resource list. We followed the BEST, LACHA,

and AHC HRSN Screening Tool’s scoring instructions on what responses constitute a social need for each

domain, which then determined if the corresponding resource is highlighted on the page. In the output, all

the resources were included to ensure that participants had access, regardless of whether or not they chose

to disclose their social needs. After the resource list is displayed, participants can optionally send their

responses and resource list via email and text which uses the Twilio API.
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Figure 4.1: Screenshots of user interaction with HarborBot for social needs screening.

4.1.5 Follow-up interview

We interviewed participants about their experience using the chatbot. Participants were contacted via email

or text message accompanied by a phone call two to four days after their ED visit. The follow up interview

was either conducted at the time of contact or scheduled for a later date. The interviews were conducted

by phone and were audio recorded, except for one participant who did not consent to be recorded. These

interviews were semi-structured and asked participants about their perceptions of whether the chatbot was

an acceptable, feasible, and appropriate way of screening (see Appendix - Chapter 4: Interview Guide). We
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Figure 4.2: Screenshots of chatbot screening output with user responses and list of tailored community
resources.

also asked participants how they used the resource list, how they currently search for and access community

resources, and in what ways a chatbot could facilitate this process. The Health Literacy Single Item Literacy

Screener (SILS) is a single item question that was administered to identify adults with limited reading ability

[Morris et al., 2006]. Participants were offered a USD30 gift card after the interview.

4.1.6 Data analysis

We used descriptive statistics to analyze the participant demographic information (Table 4.1) and imple-

mentation ratings (Table 4.3). Analyses were performed using Microsoft Excel (version 16.43) and RStu-

dio (version 2022.12.0+353). We followed an inductive-deductive thematic approach [Hsieh and Shannon,
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2005] in the analysis of the interview data. Three team members performed inductive coding on an initial set

of three interviews. Four team members then clustered the codes to develop a codebook. We incorporated

concepts from the Consolidated Framework for Implementation Research (CFIR) framework [Damschroder

et al., 2009] to draw from established concepts in implementation theory. Once all four team members

reached agreement on the codes, we applied the codebook to the remaining interviews.

Transcript coding was divided among the four team members, and during each iteration of coding, team

members coded one to two different transcripts. In research meetings, questions or concerns related to

particular excerpts were discussed. Each team member reviewed the transcripts, and disagreements were

discussed to achieve consensus. We returned to the initial interviews to recode them with the finalized code-

book. We continued discussions across all the interviews to identify themes and patterns in the interviews

to explain the ratings and provide additional insights.

4.2 Results

4.2.1 Participant characteristics

A total of 832 patients were approached and 410 patients (49%) agreed to participate in the study. Of

those who agreed, 353 patients completed the screening and 3 patients under the age of 18 were removed.

There were 350 participants who consented and completed the screening. The participants who completed

screening (“screened participants”) ranged in age from 18 to 90 years old (mean 40.7, SD=14.7) and were

diverse in age, race/ethnicity, education, and insurance status, and nearly half were single or never married

(Table 4.1). Among the participants, 329 participants completed the screening in English and 21 participants

in Spanish. The screening took 10.92 minutes on average (SD=7.50).

Of the 350 participants, 22 agreed to follow up interviews. We conducted follow-up phone interviews

and qualitative analysis concurrently until reaching thematic saturation [Hennink et al., 2017]. Interview

participants (P1-P22) ranged in age from 18 to 68 years old (mean 40.6, SD=14.4). They were largely rep-

resentative of the demographics in the screened participant sample, with a larger representation of White/-

Caucasian participants and smaller representation of those who received some college or less. Three in-

terview participants (13.6%) reported that they ‘sometimes’ need help to read written health material. The
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interviews lasted on average 42 minutes.

4.2.2 RQ1: Patient ratings of the chatbot implementation: acceptability, feasibility, and

appropriateness

Our findings demonstrate the value of the chatbot which was rated by participants as an acceptable, feasible,

and appropriate means of social needs screening, with average ratings of 3.93 (SD=0.99), 4.20 (SD=0.86),

and 4.10 (SD=0.86) respectively (Table 4.3). Figure 4.3 shows the Likert scale rating distribution for accept-

ability, feasibility, and appropriateness of the chatbot. The majority of participants agreed that they liked

using the chatbot and it was easy to use and appropriate, with some discrepancy among the acceptability rat-

ings (Fig. 4.3). Figures A.1 to A.3 and Tables A.3 to A.5 show the Likert rating response distribution by age,

ethnicity, and education. There were some differences in perceptions of acceptability between age groups,

ethnicities, and education levels. The percentage of the participants who agreed or completely agreed that

the chatbot is acceptable was 88.9% among younger participants aged 18-25, compared to 65.0% among

participants more than 66 years old. Additionally, 79.7% of Black, African American or African partici-

pants agreed or completely agreed that the chatbot is acceptable, compared to 53.9% and 61.5% of Asian

participants and Other participants (who identified as Native American, Pacific Islander, or Middle Eastern).

Participants who completed less than high school, some college or were a high school graduate, 78.1%,

79.5% and 77.3% respectively, agreed or completely agreed that the chatbot is acceptable to a greater extent

than participants in graduate school or who completed some high school, 66.7% and 66.7%.

Figure 4.3: Diverging stacked bar chart of Likert scale ratings for acceptability, feasibility, and appropriate-
ness, accompanied by mean and standard deviation for each measure. The percentage of positive responses
(agree and completely agree) is stacked on the right and the percentage of negative responses (disagree and
completely disagree) is stacked on the left, with neutral (neither agree nor disagree) in the center.
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Table 4.1: Study participant demographics

Screened
participants
(n=350), n %

Interview
participants
(n=22), n %

Age (y) 18-25 29 (8.3) 2 (9.1)
26-35 83 (23.7) 6 (27.3)
36-45 57 (16.3) 4 (18.2)
46-55 36 (10.3) 3 (13.6)
56-65 23 (6.6) 2 (9.1)
>66 20 (5.7) 1 (4.5)
Prefer not to answer 102 (29.1) 4 (18.2)

Gender Male 187 (53.4) 11 (50.0)
Female 135 (38.6) 11 (50.0)
Additional gender category 16 (4.6) 0 (0.0)
Prefer not to answer 12 (3.4) 0 (0.0)

Racial/Ethnic
Background

White 134 (38.3) 11 (50.0)
Black, African American or African 78 (22.3) 4 (18.2)
Latin American, Central American, Mex-
ican or Mexican American, Hispanic or
Chicano

53 (15.1) 2 (9.1)

More than one race 38 (10.9) 2 (9.1)
Asian: Indian, Chinese, Filipino, Japanese,
Korean, Vietnamese, Other

15 (4.3) 2 (9.1)

Other 14 (4.0) 0 (0.0)
Prefer not to answer 18 (5.1) 1 (4.5)

Education Some college 83 (23.7) 5 (22.7)
High school graduate 72 (20.6) 4 (18.2)
Bachelor’s degree 38 (10.9) 6 (27.3)
Less than high school 36 (10.3) 2 (9.1)
Some high school 31 (8.9) 2 (9.1)
Graduate school 31 (8.9) 1 (4.5)
Associate degree 28 (8.0) 2 (9.1)
Prefer not to answer 31 (8.9) 0 (0.0)

Relationship Status Single/never married 158 (45.1) 11 (50.0)
Married 62 (17.7) 1 (4.5)
Divorced 47 (13.4) 7 (31.8)
Committed relationship/partnered 30 (8.6) 3 (13.6)
Separated 15 (4.3) 0 (0.0)
Widowed 8 (2.3) 0 (0.0)
Prefer not to answer 30 (8.6) 0 (0.0)

Health Insurance Medicaid 90 (25.7) 5 (22.7)
No health insurance 56 (16.0) 2 (9.1)
Employer provided 53 (15.1) 3 (13.6)
Medicare 53 (15.1) 5 (22.7)
Don’t know 28 (8.0) 4 (18.2)
Other 24 (7.0) 2 (9.1)
Charity Care 8 (2.3) 0 (0.0)
Private health insurance 8 (2.3) 0 (0.0)
COBRA 1 (0.3) 1 (4.6)
Prefer not to answer 29 (8.3) 0 (0.0)
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Table 4.2: Study participant demographics (cont.)

Screened participants
(n=350), n %

Interview participants
(n=22), n %

Health Literacy
Single Item Literacy
Screener (SILS)

1 - Never - 10 (45.5)
2 - Rarely - 9 (40.9)
3 - Sometimes - 3 (13.6)
4 - Often - 0 (0.0)
5 - Always - 0 (0.0)

Table 4.3: Ratings of implementation measures

Constructs Implementation outcome measures Sample
size of re-
spondents,
n (%)

Median
rating
(IQR)

Average rat-
ing (SD)

Interview
participants
Average rat-
ing (SD)

Acceptability I like the use of this chatbot to an-
swer these questions

297 (84.9) 4 (1) 3.93 (0.98) 3.95 (1.02)

Feasibility Using this chatbot to answer these
questions seems easy to use

301 (86.0) 4 (1) 4.20 (0.86) 4.29 (0.64)

Appropriateness Using this chatbot to answer these
questions seems suitable

302 (86.3) 4 (1) 4.10 (0.86) 4.38 (0.59)

Abbreviations: IQR, interquartile range: SD, standard deviation.

4.2.3 RQ2: Patients’ perceptions of using the chatbot for social needs screening

Analysis of the interviews identified 6 qualitative themes that describe ways in which participants perceived

the chatbot as acceptable, feasible, and appropriate, and potential barriers to use.

Acceptability

Participants were satisfied that the chatbot provided a responsive interaction which acknowledged patients’

answers and replied with personalized resources. Additionally, they liked how the chatbot afforded privacy

during information disclosure, but raised questions about the security of their data. Participants appreciated

the chatbot screening as an important first step in fostering a sense of care at the ED, while noting that it is

important to follow-up with patients to ensure they access resources.

Chatbot provides responsive, engaging interaction Overall, participants found that the chatbot was re-

sponsive and engaged them during screening. Participants liked that the chatbot maintained the responsive-

ness of a human interaction and guided them through each question.
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If you put yes or no, depending on what you put, you have another answer on the chatbot. If

[the screening] was just a couple of questions on paper, then you wouldn’t receive that reply.

(P17)

Participants also liked that the chatbot provided personalized recommendations for community resources,

avoiding information overload through extraneous recommendations. They appreciated that the conversa-

tion was brief, rather than repetitive, unlike past surveys that asked many similar questions about the same

type of social need. P13 was looking for food assistance and found that the resources were tailored to their

social needs.

It seems more personal because it literally narrows down and takes out what you said yes to,

what you said no to. Then it only gives you information on what you need help with, instead of

giving you a load of information on certain things that [are not relevant to you]...say, if you’re

not an alcoholic, it’s not giving you a number to AA...If you need a food bank, it’s giving you a

number to food banks, it’s giving you a number to donation places. (P13)

Chatbot helped preserve privacy during information disclosure, but prompted questions about data

sharing and security Participants who did not want to be overheard in the ED valued the chatbot. They

liked that they could input their responses instead of speaking out loud.

I’d rather answer my questions and everything with the chatbot. That way [other patients are]

not hearing what’s going on with me as far as money. In fact, a lot of the things that I don’t like

is I have to repeat, like give them my address, my phone number, in front of these strangers who

you don’t know...I don’t want to give out that kind of information out loud...since we were online

and the chatbot actually submitted the information that I sent out, that was actually probably

one of the things that I felt safest with at that time. (P6)

There was a sense that the ED was not a secure place to discuss personal information and the chatbot

afforded privacy from answering questions in an open space. P6 was not only worried about being overheard,

but worried about other ED visitors who might take and view their responses if they were on paper.
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There’s a couple times where I was in the ED by myself. I’ve been medicated with morphine or

something, and I have been out there and waiting for a cab, and this person would sit next to

me to try to grab whatever was in my bag. (P6)

Privacy during information disclosure was very important to participants to avoid direct judgment or

stolen information. Participants desired that their information be stored securely in the EHR after the chatbot

interaction, and assumed that their information would not be shared with unauthorized individuals. However,

some participants were cautious of what information to share with the chatbot as they felt it may lead to

stolen information. P10 was hesitant about sharing personal information via the chatbot and explained that

they try to be careful no matter what application they use.

I have to try to be careful what app I’m using or whatever. . . because there are predators out

there that will steal your identity. (P10)

Together, these examples illustrate that participants found privacy-preserving aspects of the chatbot to

be acceptable, including no requirement to speak responses out loud, and assurances that responses would

not be shared inappropriately. However, data security was a concern that reduced acceptability.

Feasibility

Participants found that the chatbot was a feasible method of social needs screening in the ED. They found

the chatbot easy to use, understand and quick to complete.

Chatbot is easy to use and understand Participants found the chatbot easy to use which facilitated the

successful completion of screening. In support of their high ratings of feasibility, participants said they

could easily understand and answer the questions.

The instructions were pretty self-explanatory. You could understand the instructions, like when

it was dragging you to the next page and what to do and all that. So that was pretty cool

that they broke everything down for you as you went along...I didn’t have to ask [the research

assistant] anything the whole time I did it. (P5)
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P13 agreed the chatbot was easy to use and compared the experience to playing a computer game.

Further, P5 liked using the tablet and selecting multiple choice options rather than typing because their hand

was broken. P10 described themselves as less familiar with technology, but still found the chatbot as easy to

use: “I don’t dislike it, but I’m just used to doing regular straight paper, not a tablet. I’m not there yet. . . I’m

not knowledgeable like some other people.” (P10)

Chatbot screening is quick to complete When asked about how easy the chatbot was to use, participants

found the chatbot feasible because it could be used quickly and easily. The screening did not take a lot of

time to complete: “It was faster...more convenient maybe than talking to the representative directly” (P3).

The chatbot was direct and easy to understand, whereas people may not be as direct: “You just answer Yes

or No, it’s not that difficult” (P2). P16 thought it was an efficient and effective way to get responses since

they had free time in the ED waiting room and they would not be motivated to complete a survey sent via

email.

I think you have some free time. . . [compared to] a survey that comes through email, I know

I get them all the time and almost never filled them out. So the way in which the survey is

administered [via chatbot], I think it’s a good way to get more responses. (P16)

Overall, participants reported that they did not mind filling out questions to pass the time and the chatbot

only took a short time to complete.

Appropriateness

Participants perceived the chatbot as an appropriate technology for the setting. Participants were comfortable

sharing their social needs with the chatbot to avoid attention from other ED visitors and social judgment

present in face-to-face screening.

P1 found that the ED was busy and the chatbot was compatible with this context.

I think in the setting of the hospital that it was easier to use the chatbot than it would be to find

a quiet place to sit down where you could have a discussion with a person. (P1)
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Most participants did not feel comfortable calling attention to themselves in the ED, and using the

chatbot on the tablet seemed like a casual, normal activity that everyone was participating in. Participants

cited fear of social judgment as a reason that they preferred using the chatbot: “You might open up to a

chatbot and not a person. . . [there is] a lot of shame involved in some issues” (P4). P4 was searching for

stabilized housing options and had spent the last 15 years learning about homelessness. Interacting with a

chatbot has the potential to minimize social judgment that would occur if talking with a healthcare worker

“because you don’t have to deal with its [the chatbot’s] attitude” (P6).

Participants also had different levels of comfort with what information to share with healthcare providers.

They may be uncomfortable or embarrassed to talk with a healthcare provider about social needs, especially

a provider they do not know. While P17 discussed how healthcare providers can be helpful to provide infor-

mation about social needs and redirect them to resources, they were not comfortable with bringing up their

social needs to their provider.

I don’t feel comfortable talking about my financial situation with my doctor...They can be helpful

if they provide you the information there, or they redirect you. . . Usually there’s no conversation

to bring it up. . . Well, they’re just telling you what to do to make it better, or they’re going to

prescribe you something. So sometimes that conversation doesn’t go along with the housing.

(P17)

P21 even hesitated to disclose information, such as their ability to pay for utilities, via the chatbot as

they felt it may change the care they receive from ED providers. Others discussed receiving lower quality

care at the ED based on their social needs in the past and did not want that to reoccur.

I don’t want to tell them that I’m homeless because I feel like I’m being treated differently as

opposed if I just tell them, oh, okay, well I live over here. . . The whole issue, I think just came

down to, they found out I was homeless. I was sleeping outside. The doctor expressed that they

didn’t want to do the surgery because I didn’t have a sterile place to heal. I said, well, that’s

what you guys are here for. You have respite beds that you provide for people that need a place

to heal. And so the answer that I got was, well, we can’t reserve respite beds. (P5)
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Screening is the first step in fostering a sense of care

The chatbot was perceived as a valuable first step in learning about social resources. P11 was homeless

on and off for over 20 years and explained that screening for social needs was important because “a lot of

people don’t know where to look. . . [and] don’t have access to the internet, so I think the way it [chatbot]

was brought to me [on a tablet] in the hospital was an awesome thing.” Even for those who know where

to look, using the chatbot was seen as another way of accessing information, particularly since the current

resources they are aware of may not be meeting their needs.

I just feel like the more access and the more ways of making people get the resources the better.

I don’t feel like there should just be one way of getting resources out to people. . . Considering a

lot of the day services will give you booklets with resources. But the problem with that was the

resources wouldn’t be updated, so a lot of it was outdated. A lot of places you would call were

closed down. They wasn’t operating no more. So the booklet was useless at the end of the day.

(P5)

All participants said they would use the chatbot in the future and most were open to tools that helped

them discover resources.

However, effective follow-up on patients’ social needs is necessary for patients to feel cared for in the

ED context. Participants mentioned that the screening should feel personal and serve a purpose beyond

collecting information. P19 felt the chatbot didn’t provide personal benefits: “It was just a way of filling out

the survey...It didn’t benefit anything really.” P19 wanted to have a person in the loop to ensure that they are

going to receive help.

It’s good to have an actual human being there...telling me that they want to get you help or

they can get you assistance, and then they stay there and you answer the questions that they’re

asking you. It feels like a more believable situation...it would be nice to maybe have someone

contact you the day after you get out or a couple of days after you get out and go over what you

filled out instead of just an automated voice. (P19)

Further, patients may want to elaborate on specific answers to ensure that they get help.
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It was easy to answer because it had preloaded answers. . . but, [you] can’t elaborate too much

with a chatbot. . . It asked, ‘Are you or somebody in your household experiencing hardship?’

Then, I said yes. Then, it asks how, and I said income, but I wasn’t able to type in more than

income. . . I wanted to say it was his income, not mine. That’s the issue right now because we’re

sitting here waiting for unemployment. (P6)

For example, one participant tried to hand off the printed output to their provider, but kept being redi-

rected to the next staff person until they were able to share their printed screening results with a social

worker.

Participants rarely brought the printed responses and resource list to start a conversation with their

provider. Some participants were recurring patients who felt that ED providers are very busy and did not

want to bother them by bringing up their social needs. Although few participants expressed concerns about

sharing social needs through a chatbot in the ED, the above mentioned concerns and preferences around

sharing social needs might hinder some patients’ sharing and early engagement with providers. To increase

appropriateness of a chatbot for social needs screening in an ED context, patients require secure and reliable

pathways for following up on resources.

4.3 Discussion

Our findings indicate that the chatbot implementation at the ED was perceived by patients as a feasible,

acceptable, and appropriate form of outreach that could increase uptake. The ED has an explicit mission

statement to care for vulnerable populations, and participants recognized the ED as a place where many in-

dividuals with social needs go for assistance and could participate in the screening. Those who may be more

in need of resources, such as those who have not completed an advanced degree, may be more receptive to

the chatbot screening, for example patients who completed less than high school may find the chatbot more

acceptable than patients who completed graduate school. The qualitative responses supported the survey

responses when triangulating on the data. This is significant as it suggests that chatbots could facilitate a

screening process that ultimately connects patients to care for social needs, supporting the mission of EDs

as part of the social safety net and improving health and well-being for members of the most vulnerable
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patient populations. Providers could use social needs information to better personalize treatment plans and

direct patients to resources available in the hospital and community.

However, not all participants were positive about chatbots and strategies to improve uptake in this group

will be important future work. Among the interview participants, 6 out of 22 participants rated the chatbot

acceptability as 3 or less on a 5-point Likert scale. This allowed us to gain insight into limitations from

participants who were hesitant about using the chatbot. Those who did not want to use the chatbot described

themselves as being less familiar with new technology and applications. The presence of a trained profes-

sional in the hospital ED can help to support the screening process, in particular for older patients who may

find a chatbot screening less acceptable than younger patients. Some participants felt uncomfortable sharing

social needs with providers in the ED after completing the screening. This was due to patients’ perceived

prioritization of medical needs over social needs at the ED, and the potential negative impact on their emer-

gency care. Although prior work indicated that young patients want help with social needs from providers

[Chang et al., 2022], most interview participants did not discuss their screening results with ED providers.

For those who have data security concerns or do not want to discuss social needs with their providers, fu-

ture chatbot design should inform patients how their data will be accessed for clinical purposes. If desired,

they should be allowed to opt out of data sharing. For patients who want to elaborate on their answers,

they should be provided flexibility within the chatbot interaction to express themselves and emphasize what

resource they need the most assistance with.

Many of the 22 interview participants were facing social needs; 13 participants could not pay for basic

needs or had significant bills, and 6 participants were facing housing instability. Some participants wanted

reliable and actionable support in accessing resources, thus one future direction is to link chatbots with

existing healthcare systems to facilitate referrals. It is important to establish pathways to alert providers to

acute social needs, get patients in touch with community-based organizations for resource referral, and help

providers follow-up on patients afterwards. The design of a chatbot for social needs screening may benefit

from standardization since conversational user interfaces in healthcare can lead to unintended consequences,

such as miscommunication due to information overload [Ash et al., 2004]. In the next steps, we plan to

craft recommendations for system-wide implementation of the screening and referral process developed.

Further, departmental and health system stakeholders plan to integrate social needs screening with existing
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technologies, such as EHRs. There is ongoing research to prepopulate social needs by extracting social

needs related information from clinical notes to address challenges of patient data collection [Lybarger

et al., 2021].

The chatbot screening has the potential to reduce ED provider and social worker burden through EHR

integration to summarize patients’ acute social needs and automatic referral to the relevant department.

Providers may not discuss social needs with patients because there is not an established pathway to address

them. The chatbot screening can therefore help to identify and address social needs that may go unaddressed

during patient visits. Without knowledge of patients’ social needs, such as their inability to afford prescribed

medication, the effectiveness of healthcare can be diminished. Given that patients may be concerned about

social needs disclosure, health systems should facilitate social needs screening to protect patient privacy and

improve treatment. One strength of the work was the insights we learned from talking with participants

facing social needs, as the hope is that they would be the intended audience. The study results may have

varied if it were conducted in a primary care setting as participants without health insurance coverage may

be less likely to present in primary care.

There are several limitations in this study. First, our findings are largely based on participants’ screening

responses and interviews with a convenience sample. While we aimed to recruit participants representative

of the ED patient population, self-selection bias may be present in participants who opted to participate in

the study. For instance, participants who had particularly negative experiences in the ED may be less prone

to participate or adopt chatbots. Second, the presence of the research team during recruitment and novelty

effect of the chatbot could also have influenced their use and feedback on the chatbot. Finally, our study

was conducted in a large public hospital in one geographic region of the United States, which may limit the

generalizability of our findings. Despite these limitations, our study has a number of strengths, including its

reach and mixed methods approach that provide important groundwork to guide future studies.

4.4 Summary of Contributions to Thesis

In this chapter, we aimed to understand the successes and challenges of social needs screening via chatbots

to inform the design, development, and deployment of screening interventions. Our work demonstrated that

conversational user interfaces can be leveraged to support patient needs due to its perception as a preferred,
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appropriate screening modality.

We found that patients generally welcomed the chatbot use for disclosing social needs and learning about

resources, but had concerns about data privacy and support in following up on resources. We also found

that the ED context was conducive to social needs screening, while also facing limitations. By screening in

the ED, the intervention has the potential to reach many individuals facing social needs. In some interview

conversations, participants mentioned their reasons for visiting the ED, including non-medical issues, such

as medical bill assistance and medication refill. Further, some participants left the ED waiting room before

being admitted, due to long wait times. Thus, screening in the ED waiting room prior to admission may have

a wider reach and be completed by more individuals than are actually admitted. While the chatbot-specific

intervention and ED context supports patient engagement with social needs screening, individual and con-

textual factors limit this engagement. The emergency department may not facilitate disclosure of social

needs due to perceived prioritization of medical needs, perceived negative impact on medical care, and con-

cerns about taking time from providers. Health interventions that have been proven to improve health out-

comes are typically longitudinal, tailored interventions that connect patients with community health workers

(CHWs) for case management [Butler et al., 2020]. Though more institutional support is needed to follow-

up with patients, chatbots may serve as comfortable first touchpoint in the patient’s journey through the ED

to disclose social needs.

My work in the social needs screening context shows that human-centered methods - design and in-

terview study - and implementation science measures and methods - deployment study - can reveal imple-

mentation considerations that arise when new technology systems, such as chatbots, are introduced to the

emergency care context. Towards demonstrating that chatbots are an acceptable, feasible and appropriate

form of screening, I leveraged implementation outcome measures and an interview study to reveal indi-

vidual, contextual, and intervention-related factors related to the implementation. We use a mixed methods

approach to document ways in which context drives implementation, and provide insights for future research

on CUIs for social needs screening. When context is taken into account in research, study findings are more

applicable to different populations, settings, and time periods [Brownson et al., 2022]. In implementation

research, a major reason for using mixed methods is to 1) measure intervention and/or implementation out-

comes with quantitative methods, and 2) understand process with qualitative methods [Palinkas et al., 2011].
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Qualitative methods are especially suited to understanding the complexity and variation within real world

settings [Patton, 2014]. To improve engagement in social needs screening, I deployed the system in a real

clinical setting and revealed opportunities for adaptation in the implementation process.
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Chapter 5

Integrating human-centered design and

implementation science for chatbot design

In this chapter, I discuss the integration of human-centered design and implementation science methods to-

wards establishing an evidence base for conversational user interface (CUI) design in breast cancer screening

outreach for minority women. I draw from methods across the two disciplines to understand which design

aspects of CUIs may lead to improved outcomes in breast cancer screening. Breast cancer is the most

common cancer among Black/African American women living in the United States (127 cases per 100,000

women), and is the second leading cause of death among Black women [DeSantis et al., 2019; Giaquinto

et al., 2022; CDC, 2022]. Breast cancer screening can lead to earlier diagnosis and improved outcomes;

however, racial disparities in screening mammography exist due to health inequities, such as less access

to timely and high-quality prevention, early detection, and treatment services, and later stage at diagnosis

[Newman and Kaljee, 2017; Daly and Olopade, 2015]. Despite health system recognition and outreach,

disparities in breast cancer mortality among minority women continue to persist [Hardy and Du, 2021; Eley

et al., 1994]. Prior research has demonstrated that Black women experience multiple barriers to breast

cancer screening including reduced access to care, mistrust, fear of diagnosis, prior negative health care

experiences, and lack of information regarding breast cancer risk [Passmore et al., 2017; Ko et al., 2020;

Jones et al., 2014; Katapodi et al., 2010; Thompson et al., 2004; Orji et al., 2020; Adegboyega et al., 2019;

Young et al., 2011; Molina et al., 2015]. Black women who have not been screened have limited knowledge
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about mammography screening [Adegboyega et al., 2019]. Further, among women who have been screened,

they have reported being inadequately informed or prepared for what to expect during the procedure. More

awareness and patient education about breast cancer is needed to achieve equity in screening [Ferreira et al.,

2021; Adegboyega et al., 2019; Huq et al., 2022]. Outreach and awareness is important as women are of-

ten caretakers and a source of social support for others, but they may have difficulty expressing their own

need for support [Kim et al., 2018]. Fear and medical mistrust are also barriers to regular mammography

screening [Adegboyega et al., 2019]. Middle-aged African American women who do not trust physicians

are significantly less likely to get breast cancer screenings [Guo et al., 2019]. Trustworthiness is an impor-

tant consideration for health interventions [Veinot et al., 2013] and prior research has drawn from various

theories of trust to design for user interfaces [Veinot et al., 2013; Cassell and Bickmore, 2000; Benbasat and

Wang, 2005]. One approach is to position research efforts in collaboration with people and institutions that

users already trust, such as community-based organizations [Veinot et al., 2013]. In addition to addressing

the above barriers to breast cancer screening disparities, many have advocated for earlier and more frequent

breast cancer screening to equitably care for the health needs of Black women [Oppong et al., 2021; Ahmed

et al., 2017; Smith-Bindman et al., 2006]. Initiating biennial screening in Black women at age 40 can reduce

breast cancer mortality disparities [Chapman et al., 2021].

Tailored interventions have had some success in improving breast cancer screening rates. Past work

has explored tailoring communication with users based on personality traits [Zhou et al., 2019; Bickmore

and Cassell, 2001], and literacy level [Ancker et al., 2016] to improve patient uptake and comprehension.

Cultural tailoring may have a positive impact on health outcomes [O’Leary et al., 2020], and prior HCI

research has established the importance of making aspects of an interface culturally relevant, such as text,

images, colors, and modes of interaction [Kim et al., 2020; Mendu et al., 2018; Harrington et al., 2022].

A meta-analysis of 14 randomized control trials evaluating breast cancer screening interventions for Black

women demonstrated an overall modest improvement in screening rates [Copeland et al., 2018]. Although

no patient or study characteristics significantly moderated screening efficacy, the most effective interventions

were those that provided tailored information. Speaking to participants’ religion and racial pride were

among the suggestions for culturally relevant tailoring strategies. Prior research has discussed a number of

facilitators to breast cancer screening, including access to health insurance and healthcare providers, older
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age, higher education level, ideal patient-provider communication, personal diagnosis of cancer, having

relatives and friends with diagnosis of cancer, [Agrawal et al., 2021; Davis, 2021; Guo et al., 2019]. One

study suggested that interventions might focus on broadening health insurance coverage and working to

improve patient-provider communication [Agrawal et al., 2021]. Prior research has evaluated breast cancer

screening interventions that employed community health workers or health educators to facilitate patient

navigation [Blumenthal and Alema-Mensah, 1997; West et al., 2004; Russell et al., 2010; Marshall et al.,

2016; Zhu et al., 2002]. There has also been exploration of interventions using telephone and mail reminders

and mailed informational materials such as letters, DVDs, and magazines [Goel et al., 2008; Hendren et al.,

2014; Jibaja-Weiss et al., 2003; Gathirua-Mwangi et al., 2016; Kreuter et al., 2005]. One study found

greater improvement in breast cancer screening rates using interactive computer technology compared to

video or pamphlet education [Champion et al., 2006]. In this study, it was suggested that the interactive

computer program was more effective because it required more concentration from participants. Yet, there

is not an established evidence based surrounding the effect of more interactive interventions on breast cancer

screening rates. Current evidence on breast cancer screening interventions is limited to a small number of

trials and the optimal design of a tailored intervention is still unknown.

In this chapter, we discuss the design of a chatbot prototype for breast cancer screening outreach to

support Black/African American women in scheduling mammograms.1 In late 2020, we brought together a

team of researchers and health system leaders at UW Medicine and the Cierra Sisters to address inequities

in breast cancer screening through the design of a chatbot that could facilitate outreach. The Cierra Sisters

is a local organization whose mission is to increase knowledge about breast cancer in the African-American

and underserved communities. Breast cancer screening rates in the health system at the time were 61.5%

among Black women compared to 73.3% among white women (internal health system data). To facilitate

outreach, text messaging or the use of chatbots may be a useful and interactive modality that can reach a

large number of users to improve awareness and health equity in screening [Kim et al., 2022]. Although

evidence-based toolkits that encourage screening for Black/African American women exist [Komen, 2022],

they have yet to be applied with a more interactive, dialogue-based modality, such as CUIs, and studied as

implementation strategies. We have a limited understanding about which design aspects of conversational

1In this work, references to "we" refers to our work with collaborators including two human-centered design researchers, a
primary care physician and early-stage investigator, a community-based organization leader, and a design team.
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user interfaces lead to effective outcomes in breast cancer screening, and generally in health contexts. By

integrating human-centered design and implementation science methods, we may receive more nuanced

feedback about the chatbot design and which components to test, towards establishing an evidence base for

CUI design in this health context.

Guided by the Multiphase Optimization Strategy (MOST) framework, we integrate human-centered de-

sign and implementation science methods to design the chatbot. MOST is a method that involves three

phases (Preparation, Optimization, and Evaluation) for systematically building and evaluating interventions

to ensure they comprise active components [Collins et al., 2005; Broder-Fingert et al., 2019]. Drawing from

the MOST Preparation phase and applying human-centered design methods, we engaged in an Exploratory

phase to (1) center stakeholders and community partners in a qualitative analysis to understand breast cancer

screening determinants, and (2) to develop a conceptual model for the intervention, identify core compo-

nents, and determine what outcomes should be optimized. Our team included a human-centered design

researchers, a primary care physician and early-stage investigator, and a community-based organization

leader. The team received project mentorship from the Optimizing Implementation in Cancer Control (OP-

TICC) team that includes experts in implementation science. We also included health system stakeholders in

design meetings and research activities, such as health care equity leadership, primary care and population

health leadership, and primary care health navigators. In this exploratory phase, we engaged prospective

users in human-centered design to understand key barriers and facilitators to breast cancer screening and

evaluate low and medium fidelity design prototypes in interviews and focus groups. We also applied the

conversational agent heuristics to the chatbot design in Chapter 5. One heuristic that guided the design

was Trustworthiness, which advises that the system should convey trustworthiness by being transparent and

truthful with the user (in other words the CUI should not falsely claim to be human). After designing an

initial chatbot prototype and developing a causal pathway diagram, we engaged in the MOST Optimization

phase. We conducted a randomized factorial experiment of specific components and reviewed results of the

experiment. In the optimization phase, we prioritized chatbot characteristics based on user input to optimize

trust and engagement. We then conducted a factorial design experiment to understand which chatbot design

elements impact trust, engagement, and future intention to use. Throughout this process, we iterated on the

chatbot design with a interdisciplinary design team. We held regular design team meetings and iterated on
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the chatbot design with stakeholders and community members. In this work, our research questions were:

1) What are determinants (e.g. barriers and facilitators) to breast cancer screening among Black women? 2)

What are the perceptions of a chatbot for breast cancer screening outreach? These two research questions

informed the next question in the optimization phase: 3) What is the effect of chatbot persona and mes-

saging on trust and engagement? In our work, we integrate human-centered and implementation science

methods towards an improved understanding of key determinants to breast cancer screening and guidance

in the design of a chatbot intervention as an implementation strategy to improve trust and engagement.

5.1 Exploratory Phase

Key determinants (i.e., barriers and facilitators) are often identified through evidence review, and qualitative

data can also be valuable in informing key determinants. The use of human-centered design methods can

augment identification of key determinants and other components in Causal Pathway Diagrams (CPDs) via

mockups and/or early prototypes to elicit feedback on initial design and use. The chatbot implementation

strategy was prioritized as an intervention among interdisciplinary team members because of its innovation

and the low resource burden in primary care with better potential for sustainability. The study protocol

was reviewed and determined exempt by the University of Washington Institutional Review Board. The

use of qualitative methods, such as interviews, is particularly useful because determinants can be elicited

in the context of the implementation strategy – which may help to optimize determinant-strategy matching.

We identified and prioritized key determinants through rapid evidence review of breast cancer screening

determinants among Black women and human centered design (HCD) methods. HCD methods included

semi-structured interviews including a chatbot mockup, and focus groups with end-users who were shown

an early prototype of the chatbot which was iterated based on qualitative data analysis of the interviews.

Interviews and focus groups were facilitated by our community engagement expert to create space for par-

ticipants to provide honest and thorough feedback.
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5.1.1 Methods

Rapid Evidence Review

The objective was to identify determinants to breast cancer screening among Black women emergent from

recent literature. Rapid evidence review was conducted following established methods described in the Na-

tional Collaborating Centre for Methods and Tools Rapid Review Guidebook [Dobbins, 2017]. We defined

a research question – “among Black women in the United States, what are determinants (i.e., facilitators

and barriers) to breast cancer screening?”, searched for research evidence, critically appraised information

sources, and synthesized evidence.

Our search strategy prioritized evidence in the past 3 years and included search terms in or related to

the research question: (Mammogram, Mammography, Cancer Screening, Breast Cancer Screening), (Breast

Cancer), (Women), (Black, African American, African American, Minority), (Race, Ethnicity), (Dispari-

ties, Determinants), (Facilitators, Barriers). Searches were conducted in PubMed, Health Evidence, Public

Health +, and the National Institute of Health and Care Excellence. We considered studies done in the

United States as the experience and impacts of individual and systemic racism differ across countries. We

focused on results among Black/African American individuals given the research question and aim to iden-

tify specific determinants within this group, however we did include studies with multiple racial groups

represented. We focused on studies that included individuals aged 40-74 years to match the population el-

igible for average-risk breast cancer screening. Publications in the 3 years prior to evidence review were

prioritized acknowledging determinants may change over time (e.g., with technology advancements such as

online scheduling or with allowing for mammogram scheduling without PCP referral) and in keeping with

methods in the National Collaborating Centre for Methods and Tools Rapid Review Guidebook [Dobbins,

2017]. Critical appraisal was guided by the 6S Pyramid framework developed and made available by the

National Collaborating Centre for Methods and Tools [NCCMT, 2023]. Data was categorized by source

(i.e., search engine), study type (e.g., single study, meta-analysis), population, and results.

Interviews

The objective of the interviews was to elicit determinants to breast cancer screening among Black women

living in western Washington as well as feedback about an initial mockup of the chatbot. The interview
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guide was developed by our research team with additional input from members of the Breast Health Equity

committee – a health system committee including operational leaders, physicians, and researchers dedicated

to addressing disparities in care related to breast cancer screening, diagnosis, and treatment (see Appendix -

Chapter 5: Interview Guide). Questions focused on determinants to breast cancer screening and past expe-

riences with breast cancer screening. Additionally, two members of the research team created a mockup of

the chatbot tool including several mockups of a chatbot for breast cancer screening outreach. We used con-

venience sampling through fliers posted in primary care clinics and email to the research team’s established

community networks to identify and recruit individuals who identified as Black women between the ages of

40 and 74 years and lived in either King or Pierce counties in Washington state.

We recruited 21 individuals which we estimated would be sufficient to reach thematic saturation [Hen-

nink et al., 2017]. All interviews (n=21) were conducted by two members of the research team; the commu-

nity engagement lead on the team conducted the vast majority of interviews (n=18). Interviews were con-

ducted via Zoom videoconferencing technology, audio recorded and transcribed. In addition to questions

regarding determinants to and experience of breast cancer screening, participants were shown screenshots of

the initial mockup for the chatbot tool and asked specific questions for feedback (Fig. 5.1). Four members of

the research team read and coded the transcripts to generate and refine themes through several iterations until

consensus was reached. Each interview was analyzed and coded once by individuals on the research team

using a directed content analysis approach with both deductive and inductive analysis [Hsieh and Shannon,

2005]; codes were then discussed as a team. Deductive codes were created using prior research organizing

breast cancer screening barriers as personal, structural, and clinical [Young et al., 2011]. Inductive codes

emerged from a close reading of an initial subset of the transcripts and were added to the codebook. Qualita-

tive data analysis resulted in themes around the chatbot design, and barriers and facilitators of breast cancer

screening. We facilitated an ideation workshop with the research team and Breast Health Equity committee

to brainstorm how this research might address the themes brought up in the interviews. We used a 2x2

prioritization matrix as a tool to identify the most impactful and feasible ideas that arose. This analysis was

used to develop an early chatbot prototype.
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Figure 5.1: Initial mockup of the chatbot tool.

Focus Groups

The objectives were to elicit feedback on an early static prototype of the chatbot tool informed by the

interviews. The research team developed an early static prototype of the chatbot tool iterating on the initial

mockup using themes and feedback that emerged from qualitative data analysis of the individual interviews

(Fig. 5.2). In addition to the prototype screens, short videos were included with questions and answers

to questions such as – “Why should I get screened?”, “What can I expect from a mammogram?”, “What

happens if the mammogram is abnormal?”. The interview guide for the focus groups was developed by our

research team with additional input from members of the Breast Health Equity committee (see Appendix -

Chapter 5: Focus Group Guide). The guide included questions about perceptions of, engagement with, and

usability of the chatbot based on the prototype screens and videos.

The same convenience sampling methods were used for the focus groups as were used for the individual

interviews. We conducted 3 focus groups with a total of 9 participants. Focus groups were led by the

community engagement lead and joined by multiple members of the research team. Participants were shown

three example interactions with the chatbot prototype, 1) patient-initiated scheduling of a mammogram, 2)

system-initiated patient education, and 3) system-initiated re-scheduling, and asked specific questions for

feedback. The same procedures were followed as for the individual interviews. We used template analysis
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Figure 5.2: Early prototype of the chatbot tool.

with pre-defined domains derived from focus group questions and interview themes to analyze focus group

content. Template analysis is a rapid qualitative analysis approach which can be used with focus group data

[Fox et al., 2016]. Template domains were agreed upon by investigators and one investigator then reviewed

focus groups and conducted content analysis using templates. The completed templates were summarized

in a matrix for data visualization and reviewed by all investigators; any disagreements were addressed and

resolved.

5.1.2 Results

Identifying key determinants

In the rapid evidence review, 41 relevant studies were identified out of 114 search results. A narrative synthe-

sis was written summarizing determinants identified in the literature. Determinants identified were cataloged

and prioritized based on relevance to the implementation strategy. For example, one study found perceptions

of lower quality of care if mammograms were done in a mobile clinic setting; we did not include this as a

priority determinant because this would not be particularly modifiable in the chatbot design [Adegboyega

et al., 2019]. Priority determinants included barriers such as medical mistrust and facilitators such as having

personal or family history of breast cancer and recommendations from primary care providers. One priority

barrier that emerged from the rapid evidence review was lack of knowledge about breast cancer screening.
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Prior work recommended patient education to explain and help individuals learn about the process of getting

a mammogram [Ferreira et al., 2021; Adegboyega et al., 2019; Huq et al., 2022]. This informed our design

of the initial mockup and early chatbot prototype as a patient education and scheduling tool.

In the qualitative analysis of interviews and focus groups, we similarly elicited themes regarding deter-

minants. Most of the determinants that emerged from interviews and focus groups were also identified in

the evidence review (Table 5.1). Overlapping barriers included lack of resources (e.g., cost, insurance, trans-

portation), anxiety about what to expect, fear about negative outcomes associated with the procedure (e.g.,

pain), medical mistrust, prior negative experiences with the health system (e.g., experiences of racism), lack

of information about breast cancer screening, inadequate preparation (while focus groups framed adequate

preparation as a facilitator), lack of discussion with family and friends, and lack of clear recommendation

from primary care provider. Facilitators that appeared in the rapid evidence review, interviews and/or focus

groups included advocacy from a primary care provider, health-related social support, and family or personal

history of breast cancer. Some determinants that arose from the interview and focus group data were not

present in the rapid evidence review, but were prioritized given relevance to the implementation strategy. For

example, participants identified the time spent to make an appointment and the time until the appointment

as moderators to scheduling a mammogram. In terms of initial reactions to the chatbot mock-up, 18 out of

20 participants asked thought that the chatbot would be useful for scheduling (one participant was not asked

this question).

In the template analysis of focus groups, we analyzed participant feedback to understand facilitators and

barriers to the chatbot implementation strategy (Table 5.2).

Participants expressed that the chatbot provided useful information about breast cancer screening through

text content and videos. They appreciated information about the cost of screening and how to access screen-

ing. In response to the chatbot messages about rescheduling an appointment, some participants thought the

question asking "What prevented you from making your appointment?" sounded judgmental, while some

appreciated the chatbot was trying to help reschedule without asking too many questions.

"I like that...without getting too nosy about why...we’re going to try to take care of this issue

that you have, and it went straight to trying to figure out to take care of the issue. Which is

missing verbally on a regular call versus an application. So I really like that to figure out okay,
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Table 5.1: Determinants to Breast Cancer Screening from Rapid Evidence Review and Analysis of Quali-
tative Data

Breast Cancer Screening Determinant∗ Qualitative themes Representative Quotes

• Lack of resources (cost, insur-
ance, transportation)

• Conflicts with work and/or other
competing priorities

• Lack of primary care provider

• Anxiety about what to expect

• Fear about pain, exposure to radi-
ation or other negative outcomes
associated with procedure

• Medical mistrust

• Prior negative experience includ-
ing experiences of racism

• Lack of knowledge about breast
cancer screening

• Inadequate preparation/ infor-
mation given prior to procedure

• Lack of discussion with friends
and family

Participants discussed barriers in-
cluding lack of resources, such as
finances, transportation, work con-
flicts, anxiety about what to expect
during the mammogram, and prior
painful and/or negative experience.

“I was in West Seattle. . . .a low-
income area. And . . . there need
to be more resources . . . that help
out women of color... and explain
what mammograms consist of. Talk
about the cost of it. Talk about
resources that individuals can tap
into. . . to be able to get a mammo-
gram.” - 56 year old woman (par-
ticipant 122053)

• Tailored information about breast
cancer

• Family or personal history of
breast cancer (or other cancers)
as facilitator to screening

Participants emphasized the impor-
tance of outreach to get information
about breast cancer screening to the
community. It was mentioned that
a barrier to screening is not being
aware that it was something they
should do.

“How do you know if you’re carry-
ing something around, you’re sick
and you’re not knowing what it is,
and when you get to the hospital,
they diagnosed . . . you. But there’s
things that you could have done
prior, if you was told. Some peo-
ple don’t know how to reach out.”
- 56 year old woman (participant
122053)

• Recommendations from PCP

• Advocacy (or lack of) from PCP

• Time spent to make an appointment

• Time until appointment

• Health-related social support

Participants discussed lack of
or equivocal recommendations
by physicians for breast cancer
screening, even if they initiated
discussion. They also discussed
reminders, the time it takes to make
an appointment and time until
appointment as determinants to
scheduling screening.

“I don’t think I have been screened
this year because of the COVID-
19. I’ve probably seen an email,
which is kind of not really person-
able. . . because I think in the past
I would’ve got a call. . . so it didn’t
make it as urgent or important at
the top of the list.” – 52 year old
woman (participant 122054)

∗Plain text determinants emerged from interviews and/or focus group only, italicized determinants arose from rapid evi-
dence review only, bolded determinants were present in both evidence review and interviews and/or focus groups.
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Table 5.2: Focus Group Themes

Domain Theme(s) Representative quotes
Motivation to screen Need to overcome compet-

ing priorities

Should provide more
information about impor-
tance of screening in the first
encounter so that women are
motivated to stay proactive
in their healthcare

“I’m trying to feed my baby. I’m trying to get my kids clothes."
– (Participant, FG 2)

"When people are looking, and older women, we don’t
have a lot of time to be on the internet a lot of times. And so, we
get kind of... we got too many other things to do, so we want the
information right now." – (Participant, FG 3)

Reactions to media Positive reactions to videos

Familiarity – liked see-
ing people who looked like
them in image of a woman
getting a mammogram

“It’s like, "Oh, that looks like me. Oh, that looks like somebody
I can relate to." – (Participant, FG 1)

“It’s going to be important that whoever is involved in
this not only looks the same skin color and ethnicity but
age-wise, too, so that makes them more relatable, like someone
who has actually had a mammogram themselves or who is
old enough that needs one, I think would be important too.” –
(Participant, FG 2)

Reactions to content Appreciated discussion of
cost

Some thought that question
asking what prevented you
from making your appoint-
ment sounded judgmental,
while some appreciated it
was trying to help resched-
ule without asking too many
questions

"No, I couldn’t tell you what prevented me from attending the
appointment. I just don’t like it. You can ask me how can I help
reschedule your appointment, or can I help you reschedule your
appointment." – (Participant, FG 2)

Perception of chatbot Some skepticism in multi-
ple groups regarding chatbot
persona

“My first impression would be does she really know what she’s
talking about? Because just from the picture, I don’t know.
Yeah, that’s what I think.” – (Participant, FG3)

“We don’t just want her to just be a random name on the
paper. She needs to represent what she’s trying to teach us.” –
(Participant, FG2)

Comfortability Majority of participants
thought they would feel
comfortable using chatbot
although some skepticism
about using artificial intelli-
gence

“Got a problem with that whole Big Brother thing.” – (Partici-
pant, FG3)
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Table 5.3: Focus Group Themes (cont.)

Domain Theme(s) Representative quotes
Trust Expressed privacy concerns

about chatbot

Concerns about chatbot
expertise

"I’ve just got a problem with ’Based on our records...’ What
you doing, following me?...You don’t have no privacy...I just
would rather for you to say, ’Hi, I notice you are due for a
mammogram.’" – (Participant, FG2)

"Sometimes when those machines are talking, they only
have so much information. And so, I may have questions that
Sesi may not be able to answer." – (Participant, FG3)

Usefulness Saw chatbot as particularly
useful for younger women/
first time screening

“I’d just like to see more of our daughters and our daughter’s
friends, just to come together as a group and just have the knowl-
edge, just so we get to tap in on that. You know, we know that
they may not know, and their friends may not know. So just kind
of, give more of an outlook on everything for them as well.” –
(Participant, FG1)

Relatability Concern about cultural in-
clusiveness – felt that it
wasn’t personalized outside
of community partner in-
volvement

“And it just didn’t speak to me as being a Black woman. That’s
what I’m going to say. But, you know, let’s just be honest. Who
made the app?” – (Participant, FG2)

Desired content More information about
self-exams

More BC data about
Black women specifically

More information about
how to prepare for mammo-
gram

“I would like to have all of it, even the statistics because for
me, I would want to go and encourage someone else to get a
mammogram. And sometimes, not a lot of statistics, but just
knowing among African Americans, that statistics, because a
lot of us don’t get mammograms because we’ve heard about the
negative things instead of the positive things. So, yeah, I would
want to know all of it.” – (Participant, FG3)

“I used to believe that certain diseases were only for white
people.” – (Participant, FG2)

“We got to come to the future, and feel comfortable in
talking about our health, our breasts, all types of cancer. So
some kind of way in there, explain the reason why women of
color are disproportionate in this fight for cancer. Knowledge,
communication, openness.” – (Participant, FG1)

Desired features/
functions

Appointment reminders

Include ways to make
BCS social, e.g., “mammo-
gram parties”

"You could text it or email it to them. I like my little appointment
reminders, because I be forgetting stuff. I don’t always put stuff
on my schedule, on my phone" – (Participant, FG2)

"There is a need to open up, to increase our bonding as a
sisterhood, to feel comfortable to talk about it so [the risk]
won’t be disproportionate." – (Participant, FG1)

Usability Should be efficient – able
to schedule quicker than a
phone call

Did not want to down-
load an app to use

“And I can go right here and get it all done and be finished in
15, 20 minutes as opposed to being on the phone a half hour... I
would definitely use it” – (Participant, FG3)
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what’s the next step? How can we help you? What can we do? Now it’s waiting for a call from

someone if that’s the case so that we can get what’s needed. Because I missed that when I first

was trying to get a mammogram." - Participant, Focus Group 3

Overall, participants appreciated the purpose of the chatbot, but thought that in many ways it fell short.

I mean because that’s what the app is for. . . To kind of make us feel... to draw us in and make

us feel taken care of and informed. Educated. - Participant, Focus Group 2

Participants expressed mistrust in the chatbot persona, questioning the chatbot’s reliability and describ-

ing privacy concerns and intent. They emphasized the importance of cultural inclusivity and familiarity but

did not feel like the chatbot prototype achieved these goals.

I do agree with the fact that it needs to be more culturally inclusive and appropriate for us.

I didn’t feel like it was personalized outside of [B.R.H.’s] involvement, there was nothing that

really spoke to our people. - Participant, Focus Group 2

Participants discussed how to improve the chatbot persona and messaging to improve trust and cultural

inclusivity. For example, participants suggested providing women with different choices in regards to where

to get a mammogram, and not pressuring them to go to a University of Washington facility (e.g., by not

associating the chatbot persona with the University of Washington). They also discussed that the chatbot

should explain why women of color are disproportionate in the fight against cancer, and acknowledge that

women are not always comfortable in talking about their personal health.

The chatbot presented to the focus groups was named “Sesi,” which arose from design team meetings

with stakeholders. Sesi means “sister” in Sotho, a Bantu language spoken mostly in Southern Africa. Par-

ticipants expressed frustration about conflating African and Black experience.

Sometimes, because we’re Black, other communities patronize on us being Black... they just

patronize us as if we know what it is to be in Africa and we don’t. We’ve never been to Africa.

We still have the same issues, yes, but we’ve never been there so we can’t relate to certain things

or cultures that have because we don’t have that. We’ve never, that was not brought along with

us here. - Participant, Focus Group 3
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Participants wanted an introduction to Sesi and explanation of the name, for example through the use of

an acronym, or preferred the chatbot to have a regular name of a person, such as Ebony. They questioned

the value-add of the chatbot presumed to be an app that would require effort to download onto a phone but

might only be used once a year. Though participants did think that they would use the chatbot if it could be

used to schedule a mammogram more efficiently than by phone.

Mistrust was a main theme present in the rapid evidence review and the qualitative data analyses from

the interviews and focus groups. Participants discussed trust and privacy concerns both in the context of

interactions with the health care system and the chatbot technology. At the same time, participants noted

aspects of the chatbot that increased trust and engagement. For example, they felt reassured to see women

who looked like themselves in the chatbot interaction, such as an image of a Black female mammography

technician. Given these findings, we decided to focus on optimizing trust in the design of the initial chatbot

engagement.

Selecting and Applying Conceptual Frameworks

From our rapid evidence review, qualitative interviews, and focus groups, we identified key determinants –

both in the context of breast cancer screening and the chatbot implementation strategy – and hypothesized

mechanisms. These insights guided the CPD development and prioritization of trust as a determinant to

chatbot use and subsequent breast cancer screening. Using the selected key determinants, we then worked

to identify conceptual frameworks based on relevance to and connection of our implementation strategy and

proposed mechanism. We used the conceptual frameworks to inform mechanisms through which we hypoth-

esize the implementation strategy to work and moderators which could increase or decrease the mechanism’s

effect. The CPD which was informed by data from the previous human-centered methods (e.g., interviews,

focus groups) which guided our next steps in development of the chatbot prototype – 1) a factorial design

experiment measuring trust and engagement with different chatbot personas.

We applied multiple theoretical frameworks regarding trust as a determinant to the evidence-based inter-

vention (breast cancer screening) and the implementation strategy (chatbot) in the development of the CPD.

The persuasive health message framework for developing culturally specific messages describes source,

channel, and message as distinct components in health messaging and has been used in prior breast cancer
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Figure 5.3: Causal Pathway Diagram.

screening campaigns [Hall and Johnson-Turbes, 2015; Witte et al., 1995]. We defined our implementation

strategy components using these conventions – source (i.e., chatbot persona – communication style and

identity), channel (i.e., form of message delivery, e.g., SMS text), and message (i.e., content of messages).

To conceptualize how source (e.g., chatbot persona) may engender trust, we applied a conceptual framework

in marketing that identifies expertise, homophily and trustworthiness as characteristics of source credibility

[Ismagilova et al., 2020]. Finally, we used a conceptual framework regarding trust in artificial intelligence

which includes personality and ability as human characteristics that are important factors that lead to trust

in human-robot interactions [Siau and Wang, 2018]. We used the CPD to model how we might address mis-

trust using initial engagement with the chatbot as a mechanism and trust as a proximal outcome. Using the

conceptual frameworks described above, we proposed the moderators to be 1) chatbot expertise, 2) chatbot

designed for familiarity (i.e., homophily), and 3) chatbot personality or communication style.

5.2 Optimization Phase

The objective of this phase was to understand how chatbot messages and persona influence trust and en-

gagement. We conducted a randomized factorial experiment to assess the individual components of chatbot

persona for breast cancer screening and identify which components have the greatest effect on trust and

engagement for Black women. Our identification of key determinants to breast cancer screening from inter-

views and focus groups were important for identifying trust as an outcome that may lead to screening. These
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methods were critical in not only prioritizing trust in the design of the chatbot, but also informing how we

might better achieve trust in our design. The Optimization phase uses a multifactorial design to conduct a

randomized factorial experiment of specific components identified during the Preparation phase. We then

review the results of the factorial experiment to prioritize and discuss adaptations to the chatbot intervention

components.

5.2.1 Objectives

Guided by the principles of MOST, we conducted a between-subjects randomized factorial experiment to

evaluate design factors hypothesized to promote engagement with a chatbot intervention for breast cancer

screening. This study is comprised of an experiment with a 2 (persona: medical provider vs. breast cancer

survivor) x 2 (message framing: direct vs. indirect) x 1 (control arm) factorial design. Based on results from

human-centered design methods in our existing work, we identified two components of our implementation

strategy – chatbot source and messaging – to include in a factorial design experiment to optimize for trust and

engagement. We scoped our focus to trust and engagement during the initial exchanges with the chatbot,

as studies and our qualitative analysis found that short chatbot interactions [Elsholz et al., 2019] and the

chatbot’s initial messages and perceptions may significantly impact users’ subsequent engagement.

5.2.2 Methods

Factorial Experiment Design

We prioritize and test the chatbot persona as one aspect of the health messaging source. Based on the

causal pathway diagram, and congruent with our qualitative analysis and prior literature, both homophily

and expertise are important components of engagement and trust in virtual agents [Baylor et al., 2003;

Gardiner et al., 2013; Mendu et al., 2018]. In Kim et al., participants suggested a healthcare professional or

mother figure as chatbot personas that could engender trust and comfort [Kim et al., 2022]. In our factorial

design, we test these characteristics by designing personas with homophily and different types of expertise.

The first is a breast cancer survivor – a persona who would have homophily with end-users and expertise

through personal experience. The second is a primary care doctor – a persona with expertise as a health care

worker as well as homophily with end-users.
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We also test different communication styles for the chatbot messaging. Prior work has indicated that

natural conversational approaches can be more engaging by using social dialogue. The use of relational

behaviors (such as empathy and social dialogue) in a conversational system was shown to increase the

desire for continued use [Bickmore et al., 2005]. However, source characteristics of health messages, such

as credibility and trustworthiness, may have different levels of influence depending on who is delivering

the health information. Black Americans with chronic conditions reported preferring direct communication

style in chatbots to appear more factual and less biased [Kim et al., 2022]. In our factorial design, we test

direct and indirect chatbot messages drawing from bald-on-record and politeness strategies [Brown et al.,

1987]. In the first condition, directness includes commands, direct addresses (“you”, ‘your”), and maximum

restrictions of freedom (“now”). In the second condition, indirectness is characterized by subjunctive modal

verb forms (“would like to”), cooperative addresses (“we”, “us”), and indirect questions about the learning

subject (“would you like..?”). To evaluate whether participants perceive the difference in communication

style, we will include semantic differential scales measuring level of directness and indirectness [Lim, 2021;

Hu et al., 2022]. Based on prior literature, our hypotheses were as follows:

H1. The representation of the chatbot persona as a Black/African American woman will increase trust

and engagement (compared to baseline).

H2. The representation of the chatbot persona as a Black/African American woman will increase

intention to use the chatbot in the future (compared to baseline).

H3. The primary care doctor chatbot persona will increase trust and engagement (compared to the

breast cancer survivor persona and baseline).

H4. The primary care doctor chatbot persona will increase intention to use the chatbot in the future

(compared to the breast cancer survivor persona and baseline).

H5. The direct communication style will increase trust and engagement (compared to indirect com-

munication style and baseline).

H6. The direct communication style will increase intention to use the chatbot in the future (compared

to indirect communication style and baseline).

100



Figure 5.4: Prototype of the chatbot tool showing the breast cancer survivor persona with (1) direct and (2)
indirect messaging, and (3) the control condition with no persona or messaging style.

We included two key messages (‘Know your risk’ and ‘Get screened’) advised by the Susan G. Komen

Breast Cancer Education Toolkit [Komen, 2022] and adapted the chatbot messages in design meetings with

team members (Fig. 5.4). The chatbot message delivery is systematically varied across two components,

each of which is represented by a separate factor in the 2x2x1 factorial study design with a control arm.

Specifically, each participant was randomly assigned to one of five separate experimental conditions. Con-

ditions include: (1) chatbot with a primary care doctor persona and direct communication style; (2) chatbot

with a breast cancer survivor persona and direct communication style; (3) chatbot with a primary care doctor

persona and indirect communication style; and (4) chatbot with a breast cancer survivor persona and indirect

communication style. All participants viewed one condition, and then completed a survey regarding their

perceptions about the initial outreach messages from the chatbot and provided demographic information

(e.g., age and location). This study was approved by the University of Washington Institutional Review

Board.

Outcome Measures

The outcome measures for this experiment were trust, engagement, and intention to use the chatbot for

mammography screening. The human-computer trust scale assesses user trust, which is based on similar

constructs of trust (benevolence, competence, reciprocity, perceived risk) used in existing trust scales [Jian
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et al., 2000]. It is an empirically validated assessment of user trust [Gulati et al., 2019], and uses a 5-

point Likert scale from ‘Strongly disagree’ to ‘Strongly agree’. We selected 7 of the 12 items from the

human-computer trust scale to create a composite Trust score. The composite Engagement score consists

of 4 semantic differential scales assessing traits (important, interesting, relevant, warm) on a 7-point scale

[Hollebeek et al., 2014; Aragonés et al., 2015]. We also created a single measure (Intention to Use) to assess

participants’ likelihood to engage with the chatbot to schedule a mammogram in the future, which is scored

on a 5-point Likert scale from ‘Very unlikely’ to ‘Very likely’.

Secondary outcome measures were also included to assess directness and indirectness, expertise, and

homophily. To determine how the direct vs. indirect messaging was perceived, we used 7 semantic dif-

ferential scales assessing traits (direct, friendly, caring, straightforward, demanding, respectful, polite) on a

7-point scale. We included 4 items (Expertise and Homophily) to measure the perceived expertise and sim-

ilarity of the chatbot on a 5-point Likert scale from ‘Strongly disagree’ to ‘Strongly agree’. Homophily is

drawn from a 16-item scale, which consists of four homophily dimensions (attitude, background, value, and

appearance) [McCroskey et al., 1975]. We selected 2 items related to the "attitude" dimension. Expertise

is drawn from a 4-item scale that measures expertise, experience, knowledge, and qualification [Ohanian,

1990]. For Expertise, we selected 2 items related to expertise and knowledge.

Conventional Content Analysis

A conventional content analysis approach was used to analyze the open-ended survey responses [Hsieh

and Shannon, 2005]. The conventional content analysis approach starts with reading all data repeatedly to

achieve immersion, and then reading data to derive codes by highlighting text that appears to capture key

thoughts or concepts. In the next steps of the process, labels for codes emerge that are reflective of more than

one key thought. These codes often come directly from the text and are sorted into categories to develop

a codebook scheme. These emergent categories are used to organize and group codes into meaningful

clusters. Two members of the research team created an initial codebook using an inductive approach. To

create the initial codebook, the two individuals independently coded the open-ended survey responses from a

subset of participants related to participants’ perceptions of the chatbot. Regular meetings were held among

coders to confirm the definition and meaning of new categories and codes. Categories and codes provided
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a distinct understanding of the phenomenon, or served to further contextualize and enrich understanding

of barriers and facilitators to the chatbot’s acceptability. Once the final codebook was created, the survey

responses were re-analyzed with the revised codebook. Coders met regularly to ensure consistent application

of codes and reconcile differences through discussion or by revisiting transcripts for additional context. Four

members of the research team were included in discussions to resolve coding differences in order to finalize

the application of codes across transcripts. All coding and analysis were conducted using Microsoft Excel

version 16.43.

5.2.3 Results

Participant characteristics

We recruited 550 participants who identified as Black or African American women between the ages of

40-74 years old and were residing in the United States. We deployed the survey on Alchemer and recruited

participants on Prolific, an online participant pooling platform. Prolific was used given the platform’s ability

for selecting the participant population. However, due to the limited number of individuals within the

inclusion criteria on Prolific, we also recruited participants from Alchemer Survey Audiences. This platform

can be used to recruit pre-screened individuals in the United States based on age, gender, ethnicity and

other factors. The survey was deployed over the span of four months (August 22 to December 27, 2022).

Some participants were not included in the analysis due to completing the survey in less than half the

normal median time (n=28), missing demographic information or not being within the age criteria (n=6),

or straightlining survey responses (n=20). Overall, 496 participants were included in the analysis, 327

participants and 169 participants from Prolific and Alchemer, respectively. Participants were compensated

$2.50 on Prolific for completing the survey to ensure $15.00/hour compensation, and $3.50 on Alchemer

which was determined by the platform based on the survey length.

In the factorial design experiment, participants were on average 52.4 years old (SD=9.1), with the ma-

jority residing in the South (62.1% of participants). The participants recruited on Prolific leaned younger

than participants recruited on Alchemer, with an average of 50.6 years old (SD=8.1) compared to 56.0 years

old (SD=9.8). The survey took participants 10.7 minutes on average to complete (median=6.9).
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Table 5.4: Linear regression analysis modeling intention to use the chatbot interface for mammogram
scheduling.

Intention to Use
Coef. SE p

(Intercept) 3.50 0.11 <2e-16***
Condition (Peer-Direct) -0.14 0.16 0.396
Condition (Peer-Indirect) 0.07 0.16 0.643
Condition (Doctor-Direct) 0.09 0.16 0.557
Condition (Doctor-Indirect) 0.34 0.16 0.037*
Significance: * p<0.05, ** p<0.01, *** p<0.001

Quantitative Findings

The aim of this factorial experiment was to test the effectiveness of chatbot design factors in increasing

trust and engagement among Black/African American women. In our data analysis, we used a convergent

mixed-methods approach [Fetters et al., 2013; Hong et al., 2017], where both quantitative and qualitative

data are collected and then interpreted together. We used this approach to interpret and provide more insight

to quantitative findings from the factorial experiment. First, we conducted a linear regression analysis to

understand the effectiveness of the chatbot persona and messaging on the primary outcome variables. The

primary outcome measures were intention to use the chatbot for mammogram scheduling (Intention to Use),

engagement with the chatbot (Engagement), and trust of the chatbot (Trust).

Tables 5.4, 5.5 and 5.12 reflect the study findings related to Intention to Use under our hypotheses H2,

H4, and H6. In this study, we hypothesized that the representation of the chatbot persona as a Black/African

American woman would increase Intention to Use, compared to the control group (H2). To test H2, in Table

5.4, we evaluate the relationship between the factorial conditions and Intention to Use, compared to the

control group. As seen in Table 5.4, the Doctor-Indirect condition is significantly associated with Intention

to Use, with participants in this group having a 0.34 increase in their intention to use the chatbot compared to

the control condition (β=0.34, p<0.05). H2 was partly supported, as one of the conditions (Doctor-Indirect)

positively impacted Intention to Use, compared to the control group.

To examine the main and interaction effects of chatbot persona and messaging, we evaluate a full linear

regression model, accounting for additional variables, in Tables 5.5 and 5.12. The weights given by the

coefficients of a linear regression model measure the effects of the design factors (e.g., persona and mes-
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Table 5.5: Linear regression analysis modeling intention to use the chatbot interface for mammogram
scheduling.

Intention to Use
Coef. SE p

(Intercept) -0.43 0.45 0.344
Persona (Doctor) 0.19 0.09 0.042*
Messaging (Indirect) 0.25 0.09 0.007**
Age -0.01 0.01 0.046*
Comfort with Chatbots 0.45 0.06 2.4e-13***
Comfort with Breast Cancer 0.10 0.05 0.067
Engagement 0.14 0.05 0.007**
Trust 0.34 0.13 0.009**
Homophily 0.06 0.07 0.421
Expertise 0.03 0.08 0.745
Significance: * p<0.05, ** p<0.01, *** p<0.001

saging). In H4, we hypothesized that the Doctor persona will increase Intention to Use, compared to the

control group and Peer persona, and this hypothesis was supported. In Table 5.5, we found that both the

Doctor persona and Indirect messaging are independently and simultaneously correlated with Intention to

Use. In this model, the Doctor persona significantly predicted Intention to Use (β=0.19, p<0.05) and Indirect

messaging significantly predicted Intention to Use as well (β=0.25, p<0.01). As seen in Table 5.12, we did

not observe any interaction effects for the chatbot persona and messaging, thus the interaction variable was

removed in Table 5.5. Additionally, we noted that the Doctor persona (in the Doctor-Indirect condition) was

associated with intention to use compared to the control group (as seen in Table 5.4). However, in H6, it was

hypothesized that Direct messaging would increase Intention to Use, compared to the control group and In-

direct messaging. This hypothesis was not supported and disconfirmed. Our findings indicated that Indirect

messaging was correlated with Intention to Use, when compared to the control group in the Doctor-Indirect

condition in Table 5.4 and compared to Direct messaging in Table 5.5. Overall, these findings indicate that

a culturally tailored persona, doctor persona, and indirect messaging may lead to a higher intention to use

the chatbot for scheduling in the future.

During the analysis, we also observed that comfort interacting with chatbots (Comfort with Chatbots),

engagement with the chatbot (Engagement), and trust of the chatbot (Trust) were significantly associated

with Intention to Use (Table 5.5). For example, for each 1 point increase in Comfort with Chatbots, the
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average Intention to Use increases by 0.45 (p<0.001). This observation aligned with our causal pathway

modeling where we proposed that trust and engagement will lead to continued engagement with the chatbot.

However, we did not find evidence that the chatbot persona and messaging independently impact trust and

engagement. Tables 5.6, 5.7, 5.13, 5.8, 5.9 and 5.14 reflect the study findings related to Trust and Engage-

ment under our hypotheses H1, H3, and H5. In this study, we hypothesized that the representation of the

chatbot persona as a Black/African American woman would increase trust and engagement, compared to the

control group (H1). As seen in Table 5.6, the Peer-Indirect condition is significantly associated with Trust

(β=0.12, p<0.05), compared to the control group. Thus, we found that H1 was partly supported, as one of

the conditions (Peer-Indirect) positively impacted Trust, compared to the control group. There was no sig-

nificant association between Engagement and the factorial conditions, when compared to the control group

(Table 5.8). In H3, we hypothesized that the Doctor persona will increase trust and engagement, compared

to the Peer persona and control group. Additionally, in H5, we hypothesized that the Direct messaging will

increase trust and engagement, compared to the Indirect messaging and control group. However, in Tables

5.7 and 5.13 accounting for additional variables, we did not find the main and interaction effects of chatbot

persona and messaging to be significantly associated with Trust. We also did not observe any significant

independent impact of chatbot persona and messaging on Engagement when examining the main and in-

teraction effects in Tables 5.9 and 5.14. The limited support for hypotheses H1, H3, and H5 indicates that

a culturally tailored persona, type of persona, and type of messaging do not impact trust and engagement

with the chatbot. Though, one finding did indicate that the culturally tailored Peer-Indirect persona was

significantly associated with Trust, but not with Intention to Use. A potential explanation is that while the

representation of the chatbot persona as a Black/African American woman (in the Peer-Indirect condition)

was perceived as trustworthy, there are additional variables outside of trust which influence intention to use

the chatbot.

In addition to the main hypotheses, we noted significant findings for the secondary outcome variables,

including Homophily and Expertise, and observed that all of the conditions were significantly correlated

with homophily, compared to the control group (see Table 5.10). All of the conditions, except for Peer-

Direct, were significantly associated with Expertise (see Table 5.11). The lack of significant main effects for

chatbot persona and messaging on Trust and Engagement is worth highlighting. It is possible that chatbot
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Table 5.6: Linear regression analysis modeling Trust.

Trust
Coef. SE p

(Intercept) 3.41 0.04 <2e-16***
Condition (Peer-Direct) 0.05 0.06 0.420
Condition (Peer-Indirect) 0.12 0.06 0.046*
Condition (Doctor-Direct) 0.06 0.06 0.306
Condition (Doctor-Indirect) 0.10 0.06 0.130
Significance: * p<0.05, ** p<0.01, *** p<0.001

Table 5.7: Linear regression analysis modeling Trust.

Trust
Coef. SE p

(Intercept) 1.92 0.15 <2e-16***
Persona (Doctor) -0.02 0.04 0.578
Messaging (Indirect) 0.05 0.04 0.213
Age 0.01 0.00 0.032*
Comfort with Chatbots 0.01 0.02 0.556
Comfort with Breast Cancer 0.05 0.02 0.039*
Homophily 0.15 0.03 7.9e-9***
Expertise 0.18 0.03 6.0e-9***
Significance: * p<0.05, ** p<0.01, *** p<0.001

persona and messaging do not have a strong impact on trust and engagement in the first impression, and

interaction with the chatbot is necessary to develop trust and engagement. These findings are consistent with

previous research that has shown that interaction with AI systems, such as virtual agents, is an important

antecedent to the development of trust [Glikson and Woolley, 2020]. Trust in this study was operationalized

as constructs of trust: benevolence, competence, reciprocity, and perceived risk. One limitation to this

work is that participants only viewed the initial chatbot messages and did not have the opportunity for

further interaction. Participants may have needed more time and a more interactive modality to evaluate the

chatbot’s capabilities, reciprocity and perceived risks.

Qualitative Findings

Building on the quantitative findings, our qualitative analysis suggested that design implications for the

chatbot may be to prioritize (1) a more authentic chatbot persona, and (2) the use of indirect messaging
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Table 5.8: Linear regression analysis modeling Engagement.

Engagement
Coef. SE p

(Intercept) 5.77 0.11 <2e-16***
Condition (Peer-Direct) 0.08 0.16 0.617
Condition (Peer-Indirect) 0.13 0.15 0.379
Condition (Doctor-Direct) 0.30 0.15 0.055
Condition (Doctor-Indirect) 0.24 0.16 0.120
Significance: * p<0.05, ** p<0.01, *** p<0.001

Table 5.9: Linear regression analysis modeling Engagement.

Engagement
Coef. SE p

(Intercept) 1.10 0.45 0.014*
Persona (Doctor) 0.15 0.09 0.098
Messaging (Indirect) -0.03 0.09 0.728
Age 0.00 0.01 0.958
Comfort with Chatbots 0.25 0.06 1.7e-5***
Comfort with Breast Cancer 0.13 0.05 0.017*
Trust 0.61 0.13 1.7e-6***
Homophily 0.34 0.07 4.4e-7***
Expertise 0.05 0.08 0.534
Significance: * p<0.05, ** p<0.01, *** p<0.001

Table 5.10: Linear regression analysis modeling Homophily.

Homophily
Coef. SE p

(Intercept) 2.68 0.09 <2e-16***
Condition (Peer-Direct) 0.42 0.13 8.9e-4***
Condition (Peer-Indirect) 0.45 0.12 2.2e-4***
Condition (Doctor-Direct) 0.36 0.12 0.004**
Condition (Doctor-Indirect) 0.39 0.13 0.002**
Significance: * p<0.05, ** p<0.01, *** p<0.001
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Table 5.11: Linear regression analysis modeling Expertise.

Expertise
Coef. SE p

(Intercept) 3.30 0.07 <2e-16***
Condition (Peer-Direct) 0.26 0.11 0.019*
Condition (Peer-Indirect) 0.07 0.11 0.520
Condition (Doctor-Direct) 0.23 0.11 0.031*
Condition (Doctor-Indirect) 0.28 0.11 0.010**
Significance: * p<0.05, ** p<0.01, *** p<0.001

Table 5.12: Linear regression analysis modeling intention to use the chatbot interface for mammogram
scheduling, with interaction effect.

Intention to Use
Coef. SE p

(Intercept) -0.43 0.45 0.348
Persona (Doctor) 0.19 0.13 0.155
Messaging (Indirect) 0.25 0.13 0.057
Persona (Doctor)*Messaging (Indirect) 0.00 0.19 0.996
Age -0.01 0.01 0.046*
Comfort with Chatbots 0.45 0.06 2.6e-13***
Comfort with Breast Cancer 0.10 0.05 0.068
Engagement 0.14 0.05 0.007**
Trust 0.34 0.13 0.009**
Homophily 0.06 0.07 0.421
Expertise 0.03 0.08 0.746
Significance: * p<0.05, ** p<0.01, *** p<0.001

Table 5.13: Linear regression analysis modeling Trust, with interaction effect.

Trust
Coef. SE p

(Intercept) 1.89 0.16 <2e-16***
Persona (Doctor) 0.02 0.05 0.689
Messaging (Indirect) 0.09 0.05 0.097
Persona (Doctor)*Messaging (Indirect) -0.08 0.08 0.269
Age 0.01 0.00 0.031*
Comfort with Chatbots 0.01 0.02 0.540
Comfort with Breast Cancer 0.04 0.02 0.042*
Homophily 0.15 0.03 1.1e-8***
Expertise 0.18 0.03 4.1e-9***
Significance: * p<0.05, ** p<0.01, *** p<0.001
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Table 5.14: Linear regression analysis modeling Engagement, with interaction effect.

Engagement
Coef. SE p

(Intercept) 1.07 0.45 0.017*
Persona (Doctor) 0.22 0.13 0.100
Messaging (Indirect) 0.03 0.13 0.815
Persona (Doctor)*Messaging (Indirect) -0.13 0.19 0.497
Age 0.00 0.01 0.948
Comfort with Chatbots 0.25 0.06 1.6e-5***
Comfort with Breast Cancer 0.13 0.05 0.018*
Trust 0.61 0.13 2.1e-6***
Homophily 0.34 0.07 4.9e-7***
Expertise 0.05 0.08 0.496
Significance: * p<0.05, ** p<0.01, *** p<0.001

and healthcare professional persona. In the regression analysis, we observed that the Peer-Indirect and

Doctor-Indirect conditions were correlated with trust and intention to use, respectively. Therefore, some of

the conditions with the chatbot persona represented as a Black/African American woman influenced trust

and intention to use. We also observed that the Doctor persona and Indirect messaging factors were not

associated with trust and engagement, but were significantly associated with intention to use the chatbot.

In our qualitative analysis, we found that participant may be more likely to use the chatbot for scheduling

due to the perception of the Indirect messaging and Doctor persona as caring, professional and realistic.

While the regression analysis did not provide explanatory evidence regarding (1) why the culturally tailored

persona may lead to trust or intention to use, or (2) why the Doctor persona and Indirect messaging lead to

intention to use, the content analysis of survey responses provided insights into participants’ perceptions of

the chatbot persona and messaging.

Perceptions of Culturally Tailored Chatbot Persona We found that participants desired a chatbot per-

sona that represented a Black/African American woman. Participants in the Peer-Direct (13%), Peer-Indirect

(8%), Doctor-Direct (6%), and Doctor-Indirect (6%) conditions liked the "Homophily" of the chatbot, com-

pared to the Control (0%). We found that participants appreciated seeing themselves represented in the

chatbot persona, compared to those in the control group. In the Peer-Direct group, participants mentioned

that they liked the chatbot because "she represents me being a African American woman" and "it was
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presented nice, the avatar was black with a cultural name, so it was very relatable." In the Peer-Indirect

group, one participant added "I liked the way that the chatbot was presented because they made her African

American. Finally someone with melanin features." Some participants explained that they would be more

comfortable talking with the chatbot because it was African-American. While, in the control group, one par-

ticipant desired a chatbot persona, saying "I think that the chatbot should have an African American avatar

instead of just words. I think that it would be more engaging." Overall, participants discussed liking that the

chatbot was a female of color with a cultural name, and the statistics about breast cancer in Black women.

Participants also felt seen when the chatbot acknowledged that it can be hard to practice self-care.

I also liked that it acknowledged that Black women tend to think they don’t have time to do many

things for themselves due to our many responsibilities when it said that making time could be

hard, but we needed to try to make time for ourselves. - Participant, Doctor-Indirect

Participants added that they wanted the chatbot to not only discuss statistics, but also the environmental,

socioeconomic, and systemic issues that contribute to high breast cancer mortality rates.

I like that they used an African American avatar for the chatbot. That makes the message seem

more customized to me. I disliked that there wasn’t an option to just discuss breast cancer itself.

That would be the number one question a woman would have to understand why it occurs so

often in African American women. - Participant, Doctor-Direct

Our findings indicate that an important design implication is to incorporate a more authentic chatbot

persona, that is culturally tailored without reinforcing stereotypes. Many participants discussed how the

chatbot name was stereotypical, and over-emphasized its cultural identity. One participant discussed how

the chatbot name made them feel uneasy and affected the level of trust they had in the experience.

I think the chatbot being a Black woman is ok. I was uncomfortable with the name "Dr. Ebony",

though. I feel as if she would have been just as effective if she were named "Dr. Melissa" or

"Dr. Joan". - Participant, Doctor-Direct

Personas should be designed with care and feedback from many potential users, as chatbots with char-

acteristics including gender, age, and ethnicity identities may risk reinforcing stereotypes [Marino, 2014].
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Some participants disliked that the chatbot was solely directed towards Black women, when breast cancer

affects all women. Participants said the chatbot doesn’t represent all Black women and made them feel

uneasy as if they are being targeted.

I appreciate the fact that the chatbot is designed to look as closely to Black people as possible,

yet it felt a little stereotypical. All women of color don’t have natural hair with big, hooped

earrings. I hope that the creator of the bot would take the appearance of ALL women of color

into consideration. - Participant, Doctor-Indirect

While a personal identity for chatbots may establish common ground with participants who like seeing

themselves represented in the chatbot persona, the persona reinforced stereotypes through the use of the

name and image used. While some participants liked the chatbot image, one participant said the use of a

real photo of a Black female healthcare provider, rather than the animated chatbot image, would make the

chatbot more personable and professional.

Indirect vs. Direct Messaging Participants who viewed the Indirect messaging described the chatbot as

being warm, caring, and friendly. In the content analysis, 15 out of 94 participants (16%) in the Doctor-

Indirect condition and 10 out of 104 participants in the Peer-Indirect (10%) condition perceived the chatbot

to be "Warm, Caring, Friendly", compared to the Doctor-Direct (8%), Peer-Direct (6%), and Control (2%).

In the Doctor-Indirect group, participants said they liked the way the chatbot was presented and described

the chatbot as "very relatable, non-judgmental and friendly." Additionally, in the Peer-Indirect group, one

participant described the chatbot as "not demanding, but gives you something to think about" and "gives

a warm welcoming experience." Participants liked that the tone felt conversational and that the chatbot

delivered information without being didactic.

The avatar is cute and quite representative. The statements are uncomplicated and presented in

an inoffensive and "down to earth" way. It presents as a casual conversation, friendly, simply

reminding women of the importance of taking care of themselves. - Participant, Doctor-Indirect

However, one participant in the Doctor-Indirect group recommended that the chatbot could keep the

social dialogue, but does not need to ask the question "how are you today?" since it does not seem interested:
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"I know it’s rather common, but I don’t like being asked how I’m doing when the ’person’ doesn’t actually

want to know. I prefer nothing or a ’I hope you’re doing well today’ type of greeting." In the control group,

participants commented that the chatbot messaging felt impersonal and disliked how the chatbot lacked in

conversational skills.

I did not like that the chatbot seemed so cold. Not warm at all. It could have started out with

"Hi" or "Hello". Something that sounds a little more caring. - Participant, Control

Additionally, participants who viewed the Direct messaging noted that the chatbot "seemed cold, too

direct" and "could have had a friendlier introduction." Overall, these participants described the chatbot as

boring, robotic, and cold. As prior work has indicated, when a system is represented by a human-like agent

lack of empathy could lead to negative user experience and worsen the user’s attitude towards the system

[Nguyen and Masthoff, 2009]. Chatbot messaging that is indirect and includes social dialogue may be pre-

ferred by participants because it appears friendly and caring. This may be an important design consideration

particularly for chatbots that discuss personal health matters (e.g. breast cancer) with individuals.

Doctor vs. Breast Cancer Survivor Peer Persona Participants who viewed the Doctor persona described

the chatbot as being professional in its presentation of breast cancer information. 5 out of 94 participants

(5%) in the Doctor-Indirect condition and 5 out of 97 participants (5%) in the Doctor-Direct condition per-

ceived the chatbot to be "Professional", compared to the Peer-Indirect (3%), Peer-Direct (0%), and Control

(1%). In the Doctor-Direct group, participants perceived the chatbot to be "very professional and had valu-

able information." While one participant in the Peer-Indirect group said they felt like the Peer persona was

a friend, another participant expressed that the persona could be better represented as a healthcare profes-

sional. One participant noted that they found the educational information to be helpful, but if the focus is

on scheduling an appointment, the information could be moved to a sidebar and the persona would be more

effective as a healthcare administrator:

I like the idea of the chatbot, but...the chatbot should focus on helping the person set up an

appointment and attempt to make that conversation sound/feel as natural as possible. The

option of more facts or information can be offered at the bottom or via linked words in the
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conversation...if the main focus is booking an appointment, make the chatbot sound like an

admin or a front desk personnel. Overall, I love the idea!! - Participant, Peer-Indirect

The use of a healthcare professional for the chatbot persona might help to make the conversation feel

more natural, as if they are really setting up an appointment. We found that the Doctor persona was signifi-

cantly associated with Intention to Use, and this may be due to participants perceiving the persona as more

professional and appropriate for the scheduling task. The Doctor persona was also perceived to be more

realistic in its language. Participants found it unrealistic for a chatbot to say “A mammogram saved my life”

in the Peer persona, compared to “A mammogram can save your life” in the Doctor persona.

I do not like that the chatbot says having a mammogram saved her life. She is just a chatbot.

Instead it should ’my name is Ebony and I had breast cancer, but I am using a chatbot to explain

why I think you should listen to this message.’ - Participant, Peer-Indirect

Participants suggested the chatbot language shouldn’t try to imitate a real person, saying a screening

saved its life made the chatbot feel a little untrustworthy. Overall, the Doctor persona may be viewed as

more professional and realistic because it aligns with the chatbot scheduling task, without trying to closely

imitate a real person in its self-introduction.

5.3 Discussion

In this chapter, we elicited feedback from Black/African American women who qualify for breast cancer

screening regarding breast cancer screening determinants and experiences as well as feedback on an initial

mock-up of a chatbot. We conducted 21 qualitative interviews with Black women living in King or Pierce

counties in Washington to understand their perceptions about chatbot outreach for breast cancer information

and mammogram scheduling. Qualitative data analysis resulted in themes that were used to develop an early

chatbot prototype. This prototype was discussed in three focus groups with 9 Black women. Participants

thought that the mock-up of the chatbot tool would be useful for Black women breast cancer screening

outreach, but they discussed the importance of designing the chatbot to promote trust and engagement. We

identified engagement and trust as two main optimization objectives through the interviews, focus groups,

survey and a rapid evidence review. We also identified chatbot messages and persona as primary component
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areas to tailor. We tested these components in a factorial design experiment and found that a primary care

doctor persona and indirect messaging led to higher intention to use the chatbot for mammogram scheduling.

Interdisciplinary teams should take care to consider how chatbot characteristics may perpetuate stereo-

types, especially taking into consideration the source behind the chatbot. As one participant discussed, while

the chatbot name and image may not be problematic by themselves, such as with the proposal to create the

"Ebony Alert" system for missing Black children and young women [Franklin, 2023], placed together and

coming from a team of researchers to encourage breast cancer screening may appear patronizing, rather

than uplifting. The design of health technology interventions should actively involve community partners

and stakeholders throughout the design process. The factorial experiment demonstrates the effectiveness of

indirect messaging and a medical professional chatbot persona as strategies to increase engagement with a

chatbot intervention, resulting in greater overall intention to use the chatbot for mammogram scheduling.

However, feedback from stakeholders was critical as the qualitative findings from the open-ended survey

responses highlighted why these experimental factors may have led to higher intention to use, and how they

may need to change. They also revealed design considerations in regards to culturally tailoring the chatbot

persona. The use of personas (or having some personality) may be helpful for engaging some users, but

care should be taken when designing with homophily in mind, especially when designing with marginalized

communities. There was a tension between participants feeling tailored to versus targeted by the chatbot

design. To address this tension, one consideration for design teams is to continuously engage community

partners and stakeholders. Through this engagement, to can be helpful to ask follow-up questions to partic-

ipants and stakeholders about their feedback. Participants may not share feedback about negative aspects

of the chatbot design, or whether they felt targeted, if they are not asked these questions. Therefore, de-

sign and research teams should create space for these questions in their interview protocols, and involve

community partners as facilitators in the activities to create a comfortable environment to share feedback.

Iterating and sharing feedback with partners and stakeholders is needed to assess the culturally tailored de-

sign to ensure that it is assets-based, rather than deficit-based, and embraces community values. Through

conversations with stakeholders, we found it was important to emphasize self-care and share culturally rele-

vant information about breast cancer screening risks to create an inclusive breast cancer screening outreach

tool. Thus, one design recommendation for culturally tailoring is to emphasize relevant information that
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stakeholders view as important to share with the community. Culturally relevant information should share

specific information, such as statistics about breast cancer, but should avoid over-emphasizing and targeting

particular groups (e.g., by referring to ’minority women’ compared to Black/African American women).

Since spreading awareness was one main goal of the chatbot outreach tool, focusing on communicating this

message may be more important, rather than overly tailoring the chatbot persona, particularly when it is

based on a fictional character.

The lack of significant main effects for the persona and messaging factors in the linear regression model-

ing trust and engagement is worth noting. Originally, in our causal pathway diagram, we had included trust

as a determinant which leads to the use of a chatbot to schedule a mammogram. Based on the quantitative

analysis, it could be the case that trust is not the only factor that leads to intention to use, which may require

changes to the CPD. It is possible that trust may not be a determinant because participants did not have

enough time for interaction with the chatbot. Additionally, individuals may be willing to use systems they

do not trust, if they believe it will lead to positive health outcomes (e.g., getting screened for breast cancer).

Though, if trust is one of multiple determinants to intention to use, there may be other factors that influ-

ence future chatbot use, such as perceived fit between the persona and task and perception of human-like

characteristics. We may need to consider which measures are important to communities when designing

CUI-based health interventions. While lack of trustworthiness may not prevent individuals from using the

chatbot tool, if the chatbot is perceived as not empathetic or culturally insensitive, this may inhibit long-term

use and effectiveness.

Our work in the breast cancer screening outreach context demonstrated that human-centered and im-

plementation science methods - interviews, focus groups, rapid evidence review, causal pathway diagram

and factorial design experiment - can work together to identify and understand key determinants to breast

cancer screening, and design implementation strategies using conversational user interfaces. To improve

engagement in breast cancer screening outreach, we designed the chatbot with a multidisciplinary team and

identified key determinants and implementation strategies for the chatbot intervention.
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5.4 Summary of Contributions to Thesis

Our work highlights the value of integrating human-centered design and implementation science methods in

the development of innovative implementation strategies. We make empirical contributions through study-

ing how conversational user interface design components (e.g., persona and messaging) relate to engage-

ment. By using HCD methods, we were able to understand determinants to breast cancer screening among

Black women, and gained important insights about the chatbot as an implementation strategy. Based on

the exploratory phase analysis, we identified determinants that could be addressed by a chatbot messaging

intervention, e.g. lack of knowledge about breast cancer screening and time spent to make an appointment.

While we designed the chatbot with an interdisciplinary team to share culturally relevant information about

breast cancer and facilitate scheduling, we found that the early prototype lacked cultural inclusivity and

trustworthiness. These insights were integral to the causal pathway diagram development and prioritization

of trust as a determinant to chatbot use and subsequent breast cancer screening. The use of chatbot persona

and scenarios allowed the team to translate participant feedback into design features, which might not have

been possible through group discussion without these materials. Using HCD methods allowed us to bring

community partners into early stages of the design process, resulting in concrete feedback that could be

incorporated into the next phases. We shared prototypes with stakeholders and participants to iterate on the

chatbot design and learn specific feedback on the chatbot components to test in the optimization phase.

In this chapter, we illustrated how human-centered design and implementation science methods were

used to 1) identify and prioritize key determinants, 2) select and apply conceptual frameworks, and 3)

understand (and design for) strategy mechanisms. We conducted research using human-centered design and

implementation science methods to inform and build a CPD to design an implementation strategy. The CPD,

which was constructed by data from HCD methods, directly informed our next steps in development of the

chatbot prototype – 1) a factorial design experiment measuring trust and engagement and 2) in-progress

co-design sessions to iterate on the chatbot messaging. This work adds to existing literature on methods

to tailor implementation strategies [Powell et al., 2017; Lewis et al., 2018, 2021; Haines et al., 2021] by

proposing an exploratory phase to identify and prioritize determinants, and an optimization phase to guide

strategy mechanisms. We propose that an integrated approach of HCD and implementation science methods

may help to develop chatbot implementation strategies.
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Chapter 6

Discussion and Conclusion

In this chapter, I summarize my thesis contributions, and present discussion points related to the design and

research of conversational user interfaces for health interventions.

6.1 Summary of Thesis Contributions

My dissertation research aimed to improve engagement in conversational user interface technologies for

health and well-being by integrating human-centered design and implementation science to understand

stakeholder needs and optimize intervention components. By drawing from methods in these two disci-

plines, I discussed how we can improve engagement and better understand how to adapt conversational user

interfaces in health interventions.

My dissertation demonstrated this contribution in three research activities: (1) design and evaluation of

conversational user interfaces, (2) design and deployment study of chatbot for social needs screening, and

(3) design of chatbot for breast cancer screening outreach. I showed that designing new usability heuristics

for conversational agents can better support the identification of more usability problems in conversational

user interfaces. I proposed 11 heuristics that can be generalized to text, voice and multi-modal conver-

sational agents (Chapter 3). To understand the successes and challenges of implementing conversational

user interfaces in health contexts, I applied human-centered design and implementation science methods. I

deployed a chatbot and evaluated patients’ perceptions of feasibility, acceptability and appropriateness of

using a chatbot for social needs screening in the ED. Towards demonstrating that chatbots are an acceptable,
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feasible and appropriate form of screening, I leveraged implementation outcome measures and an interview

study to reveal individual, contextual, and intervention-related factors that impacted the intervention fidelity.

This work drew from the CFIR framework to understand the qualitative data in addition to the outcome mea-

sures. The chatbot technology was perceived as responsive, easy to use, efficient, comfortable and enhanced

privacy during information disclosure. The qualitative and quantitative data collected from the deployment

of this system can be harnessed to validate the design and inform future adaptations of chatbot interventions

for social needs screening (Chapter 4). In the context of breast cancer screening outreach, I used human-

centered design and implementation science methods to design a chatbot to address health disparities. In

the exploratory phase, I evaluated and synthesized stakeholder barriers and facilitators to adoption of the

intervention through semi-structured interviews, focus groups, and rapid evidence review. Based on the de-

velopment of a causal pathway diagram, I then optimized the intervention components through a randomized

factorial experiment to understand how a chatbot implementation strategy may lead to future engagement

(Chapter 5).

In my work, I developed usability heuristics for conversational user interfaces to characterize and address

the challenges that arise in the design of conversational systems. Using two independent health contexts, I

demonstrated that the use of human-centered design and implementation science methods can help identify

stakeholder needs and challenges that may hinder engagement in health screening and outreach. I identified

modifications to chatbot interventions that can be enhanced through the use of implementation science

methods to select implementation strategies and improve engagement.

The aforementioned research activities related to conversational user interface design and implementa-

tion across two health contexts, therefore, contributed to my thesis:

Engagement with conversational user interfaces for health can be improved by integrating

human-centered and implementation science methods to understand stakeholder needs and op-

timize implementation strategies.

In summary, my dissertation demonstrated that human-centered design and implementation science

methods can be used to reveal stakeholder needs, while also prioritizing intervention components for the

specific health activity and context. In my work, an understanding of both the conversational user interface

intervention and context has led to the appropriate design and adaptation of conversational user interface
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interventions necessary to improve engagement in health contexts.

6.2 Design Recommendations and Future Directions

My work across two health contexts provided design recommendations and future research directions in each

of their respective chapters. To conclude the thesis, I reflect on my dissertation work and present discussion

points that may be useful for the design and research of conversational user interface health interventions.

6.2.1 Design for innovation, and aim for implementation fidelity

Through my work, I have found that human-centered design and implementation science can work together

to provide complementary methods that involve stakeholders (e.g., patient, provider, clinic, organization,

community) as full partners in the research process from study design through analysis. Human-centered

design can be particularly useful in the early stages of research due to its focus on ideating innovative so-

lutions in partnership with stakeholders. In designing effective interventions, it is important to focus on

the technology solution and its usability. Heuristic evaluation is a common technique for evaluating user

interfaces, but it may need to be adapted for different technologies to identify more usability issues specific

to those technologies. The 10 original Nielsen’s heuristics for graphical user interfaces (GUIs) may not

be appropriate for all kinds of interfaces. For conversational interfaces, we found that some of the origi-

nal heuristics may be less meaningful (e.g., what does it mean to have searchable help documentation for

conversational interfaces?), and new heuristics may be needed to account for the conversational interac-

tions. In Chapter 3, I propose the inclusion of new heuristics for conversational interfaces to address issues

of context preservation, trustworthiness, visibility of system status, help and guidance, and error handling.

Conversational agent heuristics may support users’ implicit expectations and ensure the conversational sys-

tem does not mislead users about its identity, nor withhold important information about how user data will

be used (e.g., Context Preservation and Trustworthiness). These new heuristics can be evaluated for fully

functioning chatbots or even low-fidelity prototypes.

In the design process of CUIs it is recommended to begin with defining the purpose of the CUI and

prototyping the initial interaction. In Chapter 3, I observed that the first interaction may impact users’

expectations about the CUI’s capabilities and what they can achieve through the interaction. Starting with

121



the design of the CUI’s introduction, personality, and overall functionality can inform the next steps of

designing the dialogue flow. Through this work, I found as well that usability is an important consideration

for the design of CUIS, and that new heuristics can highlight usability problems. Yet, I also found that

usability is not the only consideration, and that issues related to trustworthiness are also important, even if

they are rated as less severe usability issues. Further, attention to contextual adaptation is also necessary

for intervention uptake of CUIs. Implementation science approaches may help to guide the design and

development of CUIs, particularly in the later stages when an implementation strategy is selected and design

components are prioritized. For example, while the conversational agent heuristics were used to inform the

design of the social needs screening chatbot, we observed implementation challenges in Chapter 4 related to

individual preferences and comfort using the chatbot in the ED context. Future research in human-centered

design may consider and benefit from the use of implementation science methods to guide the design of

evidence-based interventions and support longitudinal deployments.

6.2.2 Consider contextual fit of the intervention

When designing conversational user interfaces for health interventions, it is important to consider contextual

fit and appropriateness. One challenge to implementation is that patients’ trust can vary between contexts.

In the context of social needs screening, chatbot interventions can be improved by establishing trust through

screening in additional contexts outside the emergency department. In emergency departments, providers

have reported discomfort asking SDoH screening questions they believed to be stigmatizing, and patients

questioned the purpose of the screening questions [Wallace et al., 2020]. Universal screening in primary

care may also be conducive to social needs screening as prior research has shown little provider and patient

discomfort with SDoH screening in primary care settings [LaForge et al., 2018; de la Vega et al., 2019]

and that open discussions of social needs improved patients’ relationships with their healthcare team [Drake

et al., 2021]. However, it is important to evaluate the patient population to determine how to reach patients

facing social needs before implementing screening interventions. Self-administered screening for social

needs in primary care settings is generally associated with high levels of acceptability by patients [Gottlieb

et al., 2014; Hassan et al., 2013], but healthcare stakeholders have expressed concern about the presence of

few patients with social needs in primary care clinics which serve insured members who may be of higher
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socioeconomic status [Sundar, 2018]. I believe that the ED waiting area is an ideal location for social needs

screening because idle time is spent there, many patients with social needs are present, and the patients

with lower ESI who would be more receptive to participating make up the waiting room population. Further

research is needed to understand how to improve patient trust in screening technologies in ED environments.

For example, future work may consider what social needs information patients are willing or not willing to

share with ED providers, and how patient trust varies between contexts.

A second challenge in implementing health interventions is bringing stakeholders into communication

with each other in the design process. For example, while I sought to understand patient perceptions of

chatbot use for social needs screening, the chatbot intervention may not address different concerns be-

tween doctors and patients. Healthcare providers may prefer to better understand patients’ social needs

through face-to-face conversation and tracking their hospital visits, which may conflict with the needs of

some patients who do not want to disclose social needs information. Additionally, the implementation

should consider the role of healthcare providers. The perspectives of healthcare professionals, such as ED

providers and social workers, are critical to inform the design and future real world implementation of CUIs

in healthcare. Our findings suggested that healthcare providers may benefit from training to build rapport

with patients and learn about actionable steps they can take in response to patient disclosure/non-disclosure

of social needs. There is a need to build buy-in among providers and prepare them through training, as

they take on many roles and face a large number of pilots/interventions, particularly at large public hospitals

such as Harborview Medical Center. While our collaborators interviewed ED providers and social workers

about the chatbot intervention, this dissertation does not include their work on the perspectives of healthcare

professionals which would be integral to an understanding of the chatbot as an implementation strategy.

Ultimately, attention to contextual fit and diverse stakeholders can lead to more effective implementation of

CUI-based health interventions.

6.2.3 Design for community-led health interventions

In addition to considering the contextual fit of interventions, my work examined the impact of technology

on people’s lives through deployment in real-world contexts. By grounding technology design in people’s

everyday experiences, the design may be better tailored to individual contexts compared to design inter-
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ventions that are based on universal behavior change theories [Michie et al., 2018]. During my research, I

found that individuals may lose trust and disengage from technology when it fails to address their needs. For

example, users may have health-related questions that may be out of scope of the system’s knowledge, as

dialogue content for health CUIs is often scripted. Yet, there may be discrepancies and uncertainty in clini-

cal guidelines [Woolf et al., 1999], and guidelines from the medical community may not account for health

disparities [Aggarwal et al., 2022]. There is a lack of guidance on how to approach these uncertainties in

conversational interactions (e.g., when the user asks a question that is outside of or conflicts with the agent’s

knowledge base). While I aimed to build trust in conversational user interfaces through new heuristics and

clear communication of the health intervention’s intentions, it’s essential to consider community definitions

of implementation success to positively impact trust and engagement. For instance, integrating patient data

collection with clinical notes information in existing technologies like EHRs may be a goal for health sys-

tem stakeholders to screen as many patients as possible. But patients may not want to participate in data

collection, and view implementation success as support in accessing relevant resources. In my observations,

some ED patients did not see the personal benefit of screening and were wary of data collection. In Chapter

5, while participants valued the potential of the chatbot to assist minority women with scheduling mammo-

grams, they also discussed the risk of reinforcing stereotypes and privacy concerns. Overall, I found it can

be challenging to motivate patients to use chatbots for social needs screening and breast cancer screening

scheduling. In both contexts, participants wanted to be convinced of the value of using the system and see

evidence that the data collected was used to support their needs and community. Furthermore, it is important

to understand the intervention’s impact on healthcare providers’ daily workflows and how the time required

to promote a health intervention may lead to disengagement or burnout. In recent work, Shelton et al. state

that “implementation research promoting health equity requires foundational and ongoing self-reflection,

accountability, and attention to racial equity” [Shelton et al., 2021]. They describe the need for researchers

to partner with stakeholders to identify existing community-defined evidence when examining promising

practices and interventions for addressing the health effects of structural racism. Human-centered design

methods that center stakeholders in the design process may be suited to aid implementation science research

in embracing community-defined evidence. In future research at the intersection of human-centered design

and implementation science, designers and researchers should reflect upon questions such as: What counts

124



as evidence? How do we select and prioritize interventions? Who is involved in the development and selec-

tion of the intervention? Further research is recommended to increase focus on community-defined evidence

and recognize local knowledge in defining effectiveness outcomes [Brownson et al., 2022].

6.2.4 Reflection on the integration of human-centered design and implementation science

To conclude, I reflect on my experiences as a human-centered designer learning and drawing from imple-

mentation science methods. In Chapter 5, we applied human-centered design processes in the interview and

focus group data collection and analysis. We used qualitative research methods to understand stakeholders’

needs and actively involve them as participants in the research and chatbot design. Through the interview

and focus group guides, we aimed to understand participants’ perspectives by asking about their barriers

and facilitators to screening, and follow up on how and if a chatbot could help to address screening barriers.

The interview and focus group guides incorporated prototypes to generate conversations about the chatbot

pain points, effectiveness, and trustworthiness. These conversations with participants led to redesign ideas

regarding the chatbot persona and language. Participants brainstormed alternative names for the chatbot, as

well as how the language could be rephrased. This provided concrete feedback that we discussed with our

design team and built into the next chatbot prototype. As one example, a focus group participant suggested

the chatbot should not ask "How can I help you today?" which appeared patronizing. Instead the chatbot

should directly show the available options and how it can help users. This type of concrete feedback in-

formed the chatbot design for the factorial design experiment. In Chapter 5, we used human-centered design

processes to not only actively involve participants, but involve our design team, including stakeholders from

the community and health system. At the conclusion of the interview data collection and analysis, we held

an ideation workshop with the research team and Breast Health Equity committee. During this workshop,

we used a 2x2 prioritization matrix as a tool to identify the most impactful and feasible ideas for a screening

outreach tool. We asked design team members to vote on the most important barriers to address, which

arose during the interviews. Design team members then collaborated and arranged the important barriers

ranging from ’low impact’ to ’high impact’ and ’easy’ to ’hard’. This ideation process helped us to actively

involve multiple stakeholders in deciding the project’s design direction, based on participant feedback, to

identify a high impact and feasible idea. The design team was also involved in providing feedback and
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designing the chatbot persona and messaging for the focus groups. Their involvement and insight helped us

to narrow down what barriers we could address and the most impactful way to address those barriers, from

a wide array of potential ideas. For example, connecting patients online with providers who are advocates

for breast cancer was deemed as impactful, but challenging to implement. Drawing from human-centered

design approaches in this early stage allowed us to spend time ideating and understanding participants’ ex-

periences and perspectives on a chatbot tool. We were able to discuss the design tradeoffs of different tools

within our team, and start prototyping the chatbot before moving into development and testing. The insights

from these human-centered design approaches may have been missed if we had only used the rapid evidence

review before formalizing the chatbot design components to optimize.

As a human-centered designer, I found it helpful to draw from human-centered approaches in the re-

search and ideation phases, and to incorporate implementation science perspectives as well. In Chapter 5,

I used implementation science approaches in the rapid evidence review and factorial design experiment. In

Chapter 4, I also incorporated implementation outcome measures in a real-world deployment and the CFIR

implementation science framework to guide patient interviews. These methods were useful in helping to

move towards an established evidence base for CUI design in these health contexts. Prior work has indi-

cated that there is a lack of evidence for health interventions in HCI [Klasnja et al., 2017]. In Chapter 4,

we used validated implementation outcome measures with the goal of contributing to an evidence base for

CUIs in health interventions. We also used the CFIR framework to guide conversations with patients to bet-

ter understand how to improve the contextual fit of the chatbot for social needs screening. In Chapter 5, the

use of the factorial design experiment was integral to providing guidance on CUI design for breast cancer

screening outreach. While the interviews, focus groups, and design team collaboration provided insights

into the chatbot design, we still had a number of design questions and were unsure about how to present the

chatbot persona and design culturally appropriate language. The factorial experiment allowed us to involve

a large number of participants to identify the most effective persona and messaging. There are a few recent

frameworks that align with our approach and have extended the research phases from MOST [Kowatsch

et al., 2019; O’Hara et al., 2022]. Our work in Chapter 5 is similar to these frameworks which utilize design

practices in the Preparation phase of the MOST framework, though one difference in our work is the con-

tinuation of design and iteration beyond the Optimization phase. While we identified effective components
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for the chatbot implementation strategy, we observed based on participant feedback that adjustments to the

persona and messaging were necessary to improve trust.

In my research, I observed a number of limitations to our approach in integrating human-centered design

and implementation science. One limitation may have been the use of multiple implementation outcome

measures in Chapter 4. The measures of acceptability, feasibility, and appropriateness are correlated [Weiner

et al., 2017], thus a single measure could have been sufficient to reduce the survey length. However, I found

that defining these measures and using them as guides for the interviews was helpful in structuring my

conversations with patients. Participants agreed that the chatbot was necessary for social needs screening and

appropriate in the ED context since many patients present with social needs. By focusing on acceptability

in the interviews, we found that participants had varying preferences on whether they liked the chatbot and

were able to discuss how to improve acceptability with participants. In Chapter 5, I also found the use of

multiple methods in the exploration phase may not have been an effective approach. As we decided on which

determinants to breast cancer screening to prioritize in the chatbot outreach, we engaged in a rapid evidence

review, interviews, and focus groups. Both the interviews and focus groups provided important feedback

on the chatbot design, and the rapid evidence review allowed us to quickly review literature to understand

existing barriers and facilitators, and how to choose an implementation strategy. However, the exploration

phase could have been consolidated and completed in a shorter period of time. For example, while the

rapid evidence review elicited a wide range of determinants and breast cancer screening interventions, it

may not have been a critical method as some research evidence did not translate to our specific context. The

interviews and focus groups were useful in understanding determinants related to the chatbot intervention

(e.g., trust and engagement) among women in Washington state who would potentially use the chatbot.

Before conducting a rapid evidence review, it is advised that researchers ask themselves, “Is there any

intervention-related aspect for which getting more information from the literature would be helpful?” In this

case, then it might make sense to search for that information in prior research.

One point of guidance for conducting an integrated approach is to foster collaborations between imple-

mentation scientists and human-centered designers. Before delving into different models and frameworks, it

may be helpful to consult with implementation scientists and potentially form partnerships, to gain insights

into which models may be applicable for the research project. In our work, we received project mentorship
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from the Optimizing Implementation in Cancer Control (OPTICC) team that included experts in implemen-

tation science. We presented our work to the OPTICC team who provided guidance on conducting research

approaches, such as the rapid evidence review, and feedback on our research direction. For example, they

guided us on which determinants to prioritize from our rapid evidence review. Given the number of imple-

mentation frameworks, guidance on the types of frameworks and specific methods to use is critical for HCI

researchers. It is important to assess which methodologies are applicable and useful for the intervention and

setting.

Through collaboration, HCI researchers may learn about methods to select and optimize components,

such as through causal pathway models and factorial design experiments. Experimental design can assist

HCI researchers to make decisions about which components to include and how to combine them in a com-

plex intervention. In addition to confirmatory studies, experimental design may aid researchers in adapting

and optimizing the design of interfaces for health interventions. The integration of methods could lead to

a synthesized evidence base for HCI researchers to build upon. As Klasnja et al. observe, experimental

design can provide a rigorous way to evaluate the efficacy of individual components, while using the types

of studies that HCI researchers are accustomed to running [Klasnja et al., 2017]. When there is a lack of

evidence or insight, a large scale study (e.g., factorial design) can help to make design decisions. If the tech-

nology design impacts multiple levels of stakeholders, involves complex workflows, or focuses on behavior

change, implementation science methods may be more relevant. In this case, an implementation phase may

be needed to implement the technology on a large-scale and monitor reach, impact and side effects. Depend-

ing on the context, strict adherence to implementation science processes may not be necessary. The redesign

of user interfaces with a focus on improved usability, rather than uptake and sustainment of use, may pri-

marily draw from human-centered design methods. Though, at the least, this consultation may provide HCI

researchers with an implementation science perspective going into the intervention design.

In summary, this dissertation discusses an integrated approach to human-centered design and implemen-

tation science to improve the design of conversational user interfaces in health interventions. I explore the

design and implementation of conversational user interfaces in two health contexts: social needs screening

in the ED, and breast cancer screening outreach for Black/African American women. In Chapter 3, I develop

new heuristics for conversational agents and apply these usability heuristics to design a chatbot for social

128



needs screening and resource provision, which is evaluated in a real-world context in Chapter 4. The re-

sults show that while patients perceive the chatbot as an acceptable modality, they may need guidance from

healthcare professionals and expressed a desire for provider follow-up after completing the screening. In

Chapter 5, I use human-centered design and implementation science methods to design a chatbot for breast

cancer screening outreach, with a focus on understanding barriers and facilitators to the chatbot use and

breast cancer screening, and optimizing intervention components through a factorial experiment. This work

highlights the importance of contextual adaptation throughout the design process and the complementary na-

ture of human-centered design and implementation science methods. In this dissertation, I demonstrate how

human-centered design and implementation science methods may be integrated to draw from the strengths

of both disciplines in the design of chatbot implementation strategies for health.
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Chapter A

Appendix

A.1 Chapter 3: Heuristic Evaluation

A.1.1 Phase 3: In-person Heuristic Evaluation Instructions

Part I: Please read and familiarize yourself with the list of conversational agent-specific heuristics provided

by the study administrator. This set of heuristics has been developed to describe common properties of

usable conversational agents. You can refer back to this list as you examine the conversational agent.

Part II: You will be asked to evaluate an Alexa skill using the Amazon Echo. Please read the following

description of the conversational agent that you will evaluate: "Slack With Voice is an unofficial skill that

connects your Slack workspace with Amazon Echo. The Alexa skill can be used to send, read and react to

messages on your Slack workspace." We have set up a fictional Slack workspace that has been linked to the

Amazon Echo. The workspace is titled "Department of Human Centered Design & Engineering" and you

will be using the username "Anna" to communicate with other people and classmates in the department.

Part III: We ask that you examine the conversational agent interface at least twice. In the first pass,

spend 10-15 minutes to examine the interface to understand the flow of the interaction and the scope of

the conversational agent. In the second pass, move through and analyze the interface against the defined

principles (“heuristics”). When you identify an issue or area for improvement, record it in the table below

with reference to one or more of the heuristics.
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A.1.2 Phase 3: Online Heuristic Evaluation Instructions

Part I: Please follow the link below and familiarize yourself with the set of heuristics. This set of heuristics

has been developed to describe common properties of usable conversational agents. Please refer back to this

list as you examine the conversational agent.

Part II: Please read the following description of the conversational agent that you will evaluate: "Harbor

Bot is a text-based conversational agent that is designed to collect survey information in hospital emergency

departments. Harbor Bot asks users various questions regarding their health, housing situation, and employ-

ment, to screen users for unmet social needs." Follow this link to access the conversational agent that you

will be evaluating.

Part III: We ask that you examine the conversational agent interface at least twice. In the first pass,

examine the interface to understand the flow of the interaction and the scope of the conversational agent. In

the second pass, move through and analyze the interface against the defined principles (“heuristics”). When

you identify an issue or area for improvement, record it in the table below with reference to one or more of

the heuristics.

A.1.3 Phase 4: Online Heuristic Evaluation Instructions

Part I: Please follow the link below and familiarize yourself with the set of heuristics that you will use for the

heuristic evaluation. This set of heuristics has been developed to describe general principles for the visual

and interaction design of conversational user interfaces. These are 11 general principles for the visual and

interaction design of conversational user interfaces (including graphical user interfaces, voice user interfaces,

and multimodal interfaces). They are called "heuristics" because they are more in the nature of rules of

thumb than specific usability guidelines. Please refer back to this list as you examine the conversational

agent.

Part II: Please read the following description of the conversational agent that you will evaluate: "Harbor

Bot is a text-based conversational agent that is designed to collect survey information in hospital emergency

departments. Harbor Bot asks users various questions regarding their health, housing situation, and employ-

ment, to screen users for unmet social needs." Follow this link to access the conversational agent that you

will be evaluating.
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Part III: We ask that you examine the conversational user interface at least twice. In the first pass,

examine the interface to understand the flow of the interaction and the scope of the conversational agent. In

the second pass, move through and analyze the interface against the defined principles ("heuristics"). When

you identify an issue, record it in the table below with reference to one or more of the heuristics.

A.2 Chapter 4: Screening Questionnaire

Social Needs Questions

1. Could I ask you, do you have the resources to pay for the very basics like food, housing, medical care,

and heating?

2. Further, do you have any significant outstanding bills or debts?

3. Are you currently receiving Social Security benefits?

4. Do you expect to be out of work for at least 12 months?

5. Do you want help finding or keeping work or a job?

6. Continuing, do you want help with school or training?

7. Think about the place you live. Do you have any problems with the following? Choose all that apply.

8. What is your living situation today?

9. In the past 12 months, has the electric, gas, oil or water company threatened to shut off services in

your home?

10. Within the past 12 months, were you worried whether your food would run out before you got money

to buy more?

11. Within the past 12 months, the food you bought just didn’t last and you didn’t have money to get

more?

12. Next, could you tell me whether in the past 12 months, has lack of reliable transportation kept you

from medical appointments, meetings, work or from getting things needed for daily living?
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Phase 1 Rel. Phase 2

Visibility of system status
The system should always keep users informed
about what is going on, through appropriate feed-
back within reasonable time. The system should
allow the user to request information or identify
what is occurring.

3.7 Visibility of system status
The system should always keep users informed
about what is going on, through appropriate feed-
back within reasonable time, without overwhelm-
ing the user. The user should be allowed to request
information about the system status.

Clarify capabilities
Ensure users get a sense of system capabilities by
using clarifications throughout the conversational
agent use. The system should also clearly indicate
that it is not a human.

4 Clarify capabilities
Ensure users get a sense of system capabilities
through appropriate design and clarifications (ei-
ther implicitly or explicitly) through the conver-
sational agent interaction. The system should not
falsely claim to be a human.

Match between system and the real world
The system should understand and speak the
users’ language—with words, phrases and con-
cepts familiar to the user—rather than system-
oriented terms or confusing terminology. Mirror
real life conversations and include dialogue ele-
ments that create a smooth conversation through
openings, mid-conversation guidance, and grace-
ful exits. In domains that are focused on func-
tional support, rather than emotional support, limit
social-based characteristics.

4.1 Match between system and the real world
The system should understand and speak the
users’ language—with words, phrases and con-
cepts familiar to the user—rather than system-
oriented terms or confusing terminology. Include
dialogue elements that create a smooth conver-
sation through openings, mid-conversation guid-
ance, and graceful exits.

User control and freedom
Users often choose system functions by mistake
and will need an option to effortlessly leave the
unwanted state without having to go through an
extended dialogue. Support undo and redo, and
allow users to control the repair of errors.

4 User control and freedom
Some system functions may be chosen by mistake
and will need an option to effortlessly leave the
unwanted state without having to go through an
extended dialogue. Support undo and redo.

Consistency and standards
Users should not have to wonder whether differ-
ent words, situations, or actions mean the same
thing across contexts of use. Within the interac-
tion, the system should have a consistent voice,
style of language, and personality. Users should
be able to receive consistent responses even if they
communicate the same function in multiple ways.

4.3 Consistency and standards
Users should not have to wonder whether different
words, situations, or actions mean the same thing.
Users should also be able to receive consistent re-
sponses even if they communicate the same func-
tion in multiple ways (and modalities). Within the
interaction, the system should have a consistent
voice, style of language, and personality.

Error prevention
Even better than good error messages is a care-
ful design of the conversation and interface to re-
duce the likelihood of a problem from occurring
in the first place. Be prepared for dialogue fail-
ures, deadends or sidetracks. Either proactively
prevent or eliminate potential error-prone condi-
tions, or check and confirm with users before they
commit an action.

3.9 Error prevention
Even better than good error messages is a care-
ful design of the conversation and interface to re-
duce the likelihood of a problem from occurring
in the first place. Be prepared for dialogue fail-
ures, deadends or sidetracks. Proactively prevent
or eliminate potential error-prone conditions, and
check and confirm with users before they commit
an action.

Table A.1: The 12 conversational agent heuristics compared to the earlier modified heuristics, and the
average relevance rating for each heuristic.
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Phase 1 Rel. Phase 2

Recognition rather than recall
Minimize the user’s memory load by making ob-
jects, actions, and options clear to users. The sys-
tem should minimize the information remembered
from one part of the dialogue to another. Instruc-
tions for use of the system should be visible or
easily retrievable whenever appropriate.

3.8 Learnability
Minimize the user’s cognitive load by guiding and
prompting the users (either implicitly or explic-
itly) throughout the dialogue. Instructions for use
of the system should be visible or easily retriev-
able whenever appropriate.

Domain specific flexibility and efficiency of use
Provide domain specific enhanced functionalities
and accelerators to ensure that the system is use-
ful and efficient compared to existing alternatives.
Allow users the ability to interact with the system
using the appropriate or their preferred modality
and hardware.

3.8 Multimodal flexibility and efficiency of use
Support flexible interactions by allowing users to
interact with the system using appropriate and/or
preferred modality and hardware. Additionally,
provide accelerators, such as verbal shortcuts that
are unseen by novices but speed up the interac-
tions for experts, to ensure that the system is effi-
cient.

Aesthetic, minimalist and engaging design
Dialogues should not contain information which
is irrelevant or rarely needed. Only provide inter-
actional elements that are necessary to engage the
user and fit within the goal of the system. Voice in-
terfaces should support short interactions and ex-
pand on the conversation if the user chooses.

4.1 Aesthetic, minimalist and engaging design
Dialogues should not contain information which is
irrelevant or rarely needed. Provide interactional
elements that are necessary to engage the user and
fit within the goal of the system. Voice interfaces
should support short interactions and expand on
the conversation if the user chooses.

N/A Help users recognize, diagnose and recover
from errors
Error messages should be expressed in plain lan-
guage (no codes), precisely indicate the problem,
and constructively suggest a solution.

Help and documentation
The system should provide help and documenta-
tion regarding the system’s capabilities and script.
Any such information should be easy to search,
focused on the user’s task, list concrete steps to be
carried out, and not be too large.

2.7

Context preservation
The system should maintain context preservation
regarding the conversation topic, intra- and inter-
session. Allow the user to reference past messages
for further interactions to support implicit user ex-
pectations of conversations.

4 Context preservation
Maintain context preservation regarding the con-
versation topic intra-session, and if possible inter-
session. Allow the user to reference past messages
for further interactions to support implicit user ex-
pectations of conversations.

Privacy
The system should convey trustworthiness and re-
liability by providing the user with information
about the privacy of their data.

4.1 Trustworthiness
The system should convey trustworthiness by en-
suring privacy of user data, and by being transpar-
ent and truthful with the user.

Veracity
Be honest with the user by providing accurate in-
formation within the dialogue.

3.8

Table A.2: The 12 conversational agent heuristics compared to the earlier modified heuristics, and the
average relevance rating for each heuristic (cont.)

163



13. Are you or anyone in your household having issues with any of the following?

14. Could you tell me in the past year, how often have you used alcohol?

15. In the past year, how often have you used prescription drugs for non-medical reasons?

16. In the past year, how often have you used illegal drugs?

Demographic Questions

1. What is your racial and ethnic background? Check all that apply.

2. What is your gender identity? Check all that apply.

3. What is your age? Please press Return or Enter when you have finished typing.

4. What type of health insurance do you have?

5. What is the highest degree or level of school you have completed?

6. What is your current marital or relationship status?

Implementation Outcome Measures

To what extend do you agree with the following statements:

1. I like the use of this chatbot to answer these questions.

2. Using this chatbot to answer these questions seems suitable.

3. Using this chatbot to answer these questions seems easy to use.

A.3 Chapter 4: Interview Guide

I’d like to ask you some questions about your recent visit to the ED where you used a chatbot to answer

questions about social and material needs. In your responses, you indicated that you would be willing to

be contacted and interviewed about your experience. We will provide you with $30 compensation for your
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time. In this interview, I will ask about your experience and how well the chatbot worked for you. Do you

confirm your consent to be interviewed? For the purpose of this research, may I record this conversation?

Description of Workflow Experience

• I’d like to ask you about your experience in the ED waiting room before being seen by a medical

provider.

• What was the primary reason for your ED visit?

• Do you remember sitting in the waiting room? What was that experience like?

• Do you remember being approached about using the chatbot?

I’m now going to ask you some questions that are specific to the screening we did in ED and your

experience related to that.

Implementation Outcomes: Acceptability

• Do you believe it was acceptable to be asked about social and material needs (such as food and

housing) during your emergency department visit?

• Did you have any reservations or concerns about being asked about your social and material needs

(such as food and housing) during your emergency department visit?

• Would you be willing to answer questions about social and material needs (such as food and housing)

during future ED visits? In other clinical settings?

Thinking about the chatbot tool we used to ask about social and material needs (such as food and

housing), please answer the following questions:

• From 1 to 5, 1 being completely disagree and 5 being completely agree: I like using the chatbot to

answer questions about social and material needs).

• Thinking about your experience answering questions related to your social and material needs (such

as food and housing), did you think the chatbot was an acceptable way of answering these questions?
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– What did you like about using the chatbot to answer these questions?

– What did you dislike about using the chatbot to answer these questions?

• About how long did it take for you to answer the questions on the chatbot? Was this amount of time

acceptable to you?

Implementation Outcomes: Feasibility / Usability

• From 1 to 5, 1 being completely disagree and 5 being completely agree: Using the chatbot to answer

questions about social and material seems suitable.

• Was the chatbot easy to use? Did you have any difficulties using the chatbot?

• Were there any questions that were difficult to understand? Were there any questions that were difficult

to answer? Were the answer options appropriate?

• Would you be willing to answer questions about social and material needs using the chatbot during

future ED visits? In other clinical settings?

Implementation Outcomes: Appropriateness

• From 1 to 5, 1 being completely disagree and 5 being completely agree: Using the chatbot to answer

questions about social and material seems easy to use.

• Why (or why not) was it appropriate to use the chatbot to answer these questions?

• Do you have any concerns about answering any of the questions on the chatbot?

• Was it appropriate to use the chatbot in the ED waiting room? If not, why?

General Feedback

• Is there anything you would change about the chatbot?

166



Resource Usage

• At the end of the chatbot screening, you were given a handout with a list of resources. Did you discuss

your responses to the social and material needs screener with your doctor, nurse or anyone else in the

ED? What did you talk about?

– If you shared this information with your doctor, were you comfortable doing so? If not, why

not?

– Have you shared information like this with a doctor before?

– Would you be interested in having your responses to the social and material needs screener

shared with social service providers in the community?

• Did you try to contact any of the social service providers?

– If yes, were you able to speak with anyone? (if not) Why not?

– Did you visit them in person? (if not) Why not?

– If no, can you tell us why you chose not to reach out to these providers?

• Were there any resources on the list you were not aware of before you received the handout?

• Have you contacted social service providers before?

– Did you have any problems finding or connecting to them in the past?

– Were they helpful?

Administer Survey: Health Literacy

I want to ask you a quick question about your general understanding of health-related materials.

• How often do you need to have someone help you when you read instructions, pamphlets, or other

written material from your doctor or pharmacy? (SILS): 1-Never, 2-Rarely, 3-Sometimes, 4-Often,

and 5-Always
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Wrap Up

• Is there anything else you would like to share with us?

• Is this phone number okay for sending you a gift card?
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Table A.3: Response distributions of acceptability ratings by age, ethnicity, and education

Acceptability Completely
disagree (%)

Disagree (%) Neither agree
nor disagree
(%)

Agree (%) Completely
agree (%)

Average rat-
ing on 1-5
Likert scale
(SD)

All participants 13 (4.4) 8 (2.7) 53 (17.9) 136 (45.8) 87 (29.3) 3.93 (0.98)
Age (y) 18-25 0 (0.0) 0 (0.0) 3 (11.1) 16 (59.3) 8 (29.6) 4.19 (0.61)

26-35 4 (5.2) 2 (2.6) 16 (20.8) 35 (45.5) 20 (26.0) 3.84 (1.01)
36-45 1 (1.9) 4 (7.7) 8 (15.4) 24 (46.2) 15 (28.9) 3.92 (0.96)
46-55 3 (9.7) 0 (0.0) 4 (12.9) 11 (35.5) 13 (41.9) 4.0 (1.19)
56-65 1 (5.0) 2 (10.0) 2 (10.0) 11 (55.0) 4 (20.0) 3.75 (1.04)
>66 1 (5.0) 0 (0.0) 6 (30.0) 7 (35.0) 6 (30.0) 3.85 (1.01)
Prefer not to answer 3 (4.3) 0 (0.0) 14 (20.0) 32 (45.7) 21 (30.0) 3.97 (0.94)

Racial/Ethnic
Background

White 3 (2.5) 1 (0.8) 24 (20.2) 57 (47.9) 34 (28.6) 3.99 (0.86)
Black, African American or African 5 (7.8) 1 (1.6) 7 (10.9) 29 (45.3) 22 (34.4) 3.97 (1.10)
Latin American, Central American, Mex-
ican or Mexican American, Hispanic or
Chicano

3 (5.9) 2 (3.9) 7 (13.7) 25 (49.0) 14 (27.5) 3.88 (1.04)

More than one race 0 (0.0) 1 (3.3) 6 (20.0) 14 (46.7) 9 (30.0) 4.03 (0.80)
Asian: Indian, Chinese, Filipino, Japanese,
Korean, Vietnamese, Other

1 (7.7) 2 (15.4) 3 (23.1) 2 (15.4) 5 (38.5) 3.62 (1.33)

Other 1 (7.7) 1 (7.7) 3 (23.1) 6 (46.2) 2 (15.4) 3.54 (1.08)
Prefer not to answer 0 (0.0) 0 (0.0) 3 (42.9) 3 (42.9) 1 (14.3) 3.71 (0.70)

Education Some college 2 (2.7) 0 (0.0) 13 (17.8) 38 (52.1) 20 (27.4) 4.01 (0.84)
High school graduate 3 (4.6) 2 (3.0) 10 (15.2) 32 (48.5) 19 (28.8) 3.94 (0.98)
Bachelor’s degree 1 (2.6) 0 (0.0) 11 (29.0) 17 (44.7) 9 (23.7) 3.87 (0.86)
Less than high school 3 (9.4) 0 (0.0) 4 (12.5) 11 (34.4) 14 (43.8) 4.03 (1.19)
Some high school 4 (14.8) 3 (11.1) 2 (7.4) 10 (37.0) 8 (29.6) 3.56 (1.40)
Graduate school 0 (0.0) 2 (7.4) 7 (25.9) 11 (40.7) 7 (25.9) 3.85 (0.89)
Associate degree 0 (0.0) 1 (3.6) 6 (21.4) 12 (42.9) 9 (32.1) 4.04 (0.82)
Prefer not to answer 0 (0.0) 0 (0.0) 0 (0.0) 5 (83.3) 1 (16.7) 4.17 (0.37)
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Table A.4: Response distributions of feasibility ratings by age, ethnicity, and education

Feasibility Completely
disagree (%)

Disagree (%) Neither agree
nor disagree
(%)

Agree (%) Completely
agree (%)

Average rat-
ing on 1-5
Likert scale
(SD)

All participants 10 (3.3) 4 (1.3) 16 (5.3) 158 (52.5) 113 (37.5) 4.20 (0.86)
Age (y) 18-25 0 (0.0) 0 (0.0) 1 (3.7) 14 (51.9) 12 (44.4) 4.41 (0.56)

26-35 1 (1.3) 0 (0.0) 3 (3.8) 45 (57.0) 30 (38.0) 4.30 (0.66)
36-45 2 (3.8) 1 (1.9) 2 (3.8) 26 (49.1) 22 (41.5) 4.23 (0.90)
46-55 0 (0.0) 0 (0.0) 2 (6.3) 15 (46.9) 15 (46.9) 4.41 (0.61)
56-65 1 (5.6) 1 (5.6) 1 (5.6) 10 (55.6) 5 (27.8) 3.94 (1.03)
>66 1 (5.0) 1 (5.0) 1 (5.0) 10 (50.0) 7 (35.0) 4.05 (1.02)
Prefer not to answer 5 (6.9) 1 (1.4) 6 (8.3) 38 (52.8) 22 (30.6) 3.99 (1.03)

Racial/Ethnic
Background

White 2 (1.7) 2 (1.7) 8 (6.7) 64 (53.3) 44 (36.7) 4.22 (0.78)
Black, African American or African 5 (7.7) 0 (0.0) 3 (4.6) 29 (44.6) 28 (43.1) 4.15 (1.07)
Latin American, Central American, Mex-
ican or Mexican American, Hispanic or
Chicano

2 (4.0) 1 (2.0) 1 (2.0) 28 (56.0) 18 (36.0) 4.18 (0.89)

More than one race 0 (0.0) 1 (3.2) 2 (6.5) 15 (48.4) 13 (41.9) 4.29 (0.73)
Asian: Indian, Chinese, Filipino, Japanese,
Korean, Vietnamese, Other

0 (0.0) 0 (0.0) 0 (0.0) 8 (61.5) 5 (38.5) 4.38 (0.49)

Other 1 (7.7) 0 (0.0) 2 (15.4) 7 (53.9) 3 (23.1) 3.85 (1.03)
Prefer not to answer 0 (0.0) 0 (0.0) 0 (0.0) 7 (77.8) 2 (22.2) 4.22 (0.42)

Education Some college 1 (1.3) 0 (0.0) 3 (4.0) 42 (56.0) 29 (38.7) 4.31 (0.67)
High school graduate 4 (6.0) 0 (0.0) 4 (6.0) 34 (50.8) 25 (37.3) 4.13 (0.98)
Bachelor’s degree 0 (0.0) 2 (5.3) 2 (5.3) 19 (50.0) 15 (39.5) 4.24 (0.78)
Less than high school 0 (0.0) 0 (0.0) 3 (9.4) 13 (40.6) 16 (50.0) 4.41 (0.65)
Some high school 1 (3.6) 2 (7.1) 0 (0.0) 16 (57.1) 9 (32.1) 4.07 (0.96)
Graduate school 2 (7.1) 0 (0.0) 2 (7.1) 15 (53.6) 9 (32.1) 4.04 (1.02)
Associate degree 0 (0.0) 0 (0.0) 2 (7.4) 15 (55.6) 10 (37.0) 4.30 (0.60)
Prefer not to answer 2 (33.3) 0 (0.0) 0 (0.0) 4 (66.7) 0 (0.0) 3.0 (1.41)
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Table A.5: Response distributions of appropriateness ratings by age, ethnicity, and education

Appropriateness Completely
disagree (%)

Disagree (%) Neither agree
nor disagree
(%)

Agree (%) Completely
agree (%)

Average rat-
ing on 1-5
Likert scale
(SD)

All participants 6 (2.0) 9 (3.0) 35 (11.6) 150 (49.7) 102 (33.8) 4.10 (0.86)
Age (y) 18-25 0 (0.0) 0 (0.0) 4 (14.8) 15 (55.6) 8 (29.6) 4.15 (0.65)

26-35 1 (1.3) 1 (1.3) 8 (10.3) 45 (57.7) 23 (29.5) 4.13 (0.74)
36-45 2 (3.6) 2 (3.6) 4 (7.3) 26 (47.3) 21 (38.2) 4.13 (0.95)
46-55 0 (0.0) 2 (6.5) 2 (6.5) 14 (45.2) 13 (41.9) 4.23 (0.83)
56-65 0 (0.0) 2 (10.5) 0 (0.0) 12 (63.2) 5 (26.3) 4.05 (0.83)
>66 0 (0.0) 1 (5.0) 5 (25.0) 5 (25.0) 9 (45.0) 4.10 (0.94)
Prefer not to answer 3 (4.2) 1 (1.4) 12 (16.7) 33 (45.8) 23 (31.9) 4.0 (0.96)

Racial/Ethnic
Background

White 1 (0.9) 2 (1.7) 15 (12.7) 56 (47.5) 44 (37.3) 4.19 (0.78)
Black, African American or African 3 (4.6) 4 (6.2) 4 (6.2) 31 (47.7) 23 (35.4) 4.03 (1.04)
Latin American, Central American, Mex-
ican or Mexican American, Hispanic or
Chicano

1 (1.9) 2 (3.9) 5 (9.6) 29 (55.8) 15 (28.9) 4.06 (0.84)

More than one race 0 (0.0) 1 (3.1) 3 (9.4) 15 (46.9) 13 (40.6) 4.25 (0.75)
Asian: Indian, Chinese, Filipino, Japanese,
Korean, Vietnamese, Other

0 (0.0) 0 (0.0) 3 (23.1) 5 (38.5) 5 (38.5) 4.15 (0.77)

Other 1 (7.1) 0 (0.0) 4 (28.6) 8 (57.1) 1 (7.1) 3.57 (0.90)
Prefer not to answer 0 (0.0) 0 (0.0) 1 (12.5) 6 (75.0) 1 (12.5) 4.0 (0.50)

Education Some college 2 (2.7) 2 (2.7) 5 (6.7) 38 (50.7) 28 (37.3) 4.17 (0.87)
High school graduate 2 (3.0) 1 (1.5) 5 (7.6) 39 (59.1) 19 (28.8) 4.09 (0.83)
Bachelor’s degree 0 (0.0) 1 (2.6) 8 (21.1) 19 (50.0) 10 (26.3) 4.0 (0.76)
Less than high school 0 (0.0) 1 (3.0) 5 (15.2) 10 (30.3) 17 (51.5) 4.30 (0.83)
Some high school 1 (3.5) 2 (6.9) 1 (3.5) 17 (58.6) 8 (27.6) 4.0 (0.95)
Graduate school 1 (3.6) 0 (0.0) 6 (21.4) 11 (39.3) 10 (35.7) 4.04 (0.94)
Associate degree 0 (0.0) 1 (3.7) 4 (14.8) 12 (44.4) 10 (37.0) 4.15 (0.80)
Prefer not to answer 0 (0.0) 1 (16.7) 1 (16.7) 4 (66.7) 0 (0.0) 3.50 (0.76)
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A.4 Chapter 5: Interview Guide

• What do you know about breast cancer screening (mammograms)?

• Do you have a primary care provider?

– If yes, has your PCP talked to you about breast cancer screening? Has anyone else from your

primary care clinic talked to you about breast cancer screening? How was that experience?

• Who else have you discussed breast cancer screening with (other than health care professionals)?

• Have you had breast cancer screening (mammogram)?

– If yes:

* Why did you have breast cancer screening?

* Where did you have breast cancer screening? (clinic, hospital, mobile van?)

* Did anything make it easier or harder to get breast cancer screening?

– If no:

* Why haven’t you had breast cancer screening?

* Have you ever been recommended to have breast cancer screening?

* If you were to get breast cancer screening, where would you get it and when (what time,

day of week)?

• Have you had challenges with:

– Scheduling appointments

– Locating screening sites

– Knowing whether and when you should get a mammogram

– Other challenges?

• Has the COVID-19 pandemic prevented you from getting screening or affected how you think about

screening?
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• What else would you like to share that we haven’t covered yet?

Our design team is working on an app to connect patients to more information about breast cancer

screening. I’d like to show you a few screens to get your feedback.

1. Intro screen - chatbot where users can ask some questions about screening.

• What kinds of questions would you like to ask the chatbot?

2. Scheduling screen - one of the key functions would be to help patients find screening locations.

• Would a feature like this be useful (it might tie in with 4b above). What other features would

you like? How would these features work? (What questions are missing?)

3. Barriers screen - another key function would be to use the chatbot to address some common concerns

patients may have.

• What do you like about this app?

• What do you not like about this app?

• Would you use this app to ask these questions? When would you use this?

• What would you change about this app, if anything?

A.5 Chapter 5: Focus Group Guide

In these screens, the patient receives a message from Sesi that they are due for a mammogram. The patient

asks for more information and Sesi guides them through questions about what to expect, etc. These screens

include question answer videos.

Motivation to Use

• Does this encourage you to schedule a mammogram?

• Does the conversation feel engaging? If not, what additions would make you interested in continuing

to participate with the app?
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• Is the sentence about self-exams confusing? Does it help you understand the difference between

self-exams and mammograms?

• Does seeing the image of the mammogram machine make you more or less comfortable with pro-

ceeding?

Perception of Chatbot Persona

• Would you feel comfortable to talk with Sesi about issues related to breast cancer screening?

• How much do you trust Sesi?

• Do you think you will use some of the information provided by Sesi?

• How relatable was Sesi? What was your first impression of Sesi?

In these screens, the patient is opening the app and is using it to schedule a mammogram appointment.

Desired Features

• Would you prefer to have an option in the app to request a female mammography technician?

• Are there other types of information that you would like from this chatbot?

• What else would you like to use this chatbot for?

Usability

• Based on the interactions that were shown, do you think that the system is easy to use?

• Do you foresee any difficulties while interacting with Sesi?

• Was there anything that Sesi said that was confusing?

In these screens, a patient previously scheduled an appointment, but they could not make their ap-

pointment. Sesi sends them a message to ask why they couldn’t make an appointment and helps them to

reschedule.
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Motivation to Reschedule

• Would this encourage you to reschedule your appointment?

A.6 Chapter 5: Factorial Design Questionnaire

Thank you for your interest in this study. We are a team of researchers working to build a tool to support

Black/African American women in receiving breast cancer screening.

Specifically, we are designing a chatbot which is a virtual guide that is an alternative to talking with a

person. An example of a chatbot is the iPhone Siri or Amazon Alexa. The chatbot will be designed to share

information about breast cancer screening and help with scheduling appointments.

The purpose of this study is to evaluate the first few messages for the chatbot. In this study, you will

read and answer questions about the first few messages from the chatbot.

Please continue if you are a Black/African American woman and between the ages of 40-75 years old.

Please watch the video below and carefully read the first few messages sent by the chatbot. Once you

have finished reading, please select ’Next’.

Please answer the following questions about the chatbot.

Intention to Use

1. What is the likelihood that you would use this chatbot to schedule a mammogram in the future?:

1-Very unlikely, 2-Unlikely, 3-Neutral, 4-Likely, and 5-Very likely

Engagement

Please rate the chatbot on the following trait:

1. Unimportant–important

2. Boring–interesting

3. Irrelevant–relevant

4. Cold-warm
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Trust

To what extent do you agree with the following statements:

1. I believe that the chatbot will act in my best interest.

2. I believe that the chatbot is interested in understanding my needs and preferences.

3. I think that the chatbot is competent and effective in breast cancer screening education and scheduling.

4. I think that the chatbot performs its role in breast cancer screening education and scheduling very

well.

5. I can trust the information presented to me by the chatbot.

6. I feel I must be cautious when using the chatbot.

7. It is risky to interact with the chatbot.

Directness Scales

Please rate the chatbot on the following trait:

1. Indirect-Direct

2. Unfriendly-Friendly

3. Unsympathetic-Caring

4. Ambiguous-Straightforward

5. Undemanding-Demanding

6. Disrespectful-Respectful

7. Impolite-Polite
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Homophily

To what extent do you agree with the following statements:

1. The chatbot behaves like me.

2. The chatbot is similar to me.

Expertise

1. The chatbot is an expert.

2. The chatbot is knowledgeable.

Self-brand connection

1. The chatbot reflects who I am as a Black/African American woman.

2. I can identify with the chatbot as a Black/African American woman.

3. I feel a personal connection to the chatbot as a Black/African American woman.

Comfort with App Use Conversations about Breast Cancer

1. In general, how comfortable are you using chatbots to communicate?: 1-Very uncomfortable, 2-

Uncomfortable, 3-Neutral, 4-Comfortable, 5-Very comfortable

2. In general, how comfortable are you talking about breast cancer with others?: 1-Very uncomfortable,

2-Uncomfortable, 3-Neutral, 4-Comfortable, 5-Very comfortable

Perception of the Persona (open-ended response)

1. How did you like or dislike the way the chatbot was presented?

Demographics

1. What is your age?
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2. What is your zipcode?

3. If you are paying attention, please enter the number ’3’.
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Figure A.1: Diverging stacked bar charts of Likert’s scale ratings for acceptability, feasibility, and appro-
priateness with response distributions by age. The mean and standard deviation for each group are shown
on the right.
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Figure A.2: Diverging stacked bar charts of Likert’s scale ratings for acceptability, feasibility, and appropri-
ateness with response distributions by ethnicity. The mean and standard deviation for each group are shown
on the right.
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Figure A.3: Diverging stacked bar charts of Likert’s scale ratings for acceptability, feasibility, and appro-
priateness with response distributions by education. The mean and standard deviation for each group are
shown on the right.
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