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As artificial-intelligent-powered devices have become more embedded in our lives, they offer

an unprecedented ability to passively sense our daily behavior at a high resolution. These

everyday devices are already equipped with machine learning techniques to monitor our

basic health behaviors, such as physical activity and heart rate, and provide suggestions

accordingly. However, they are still far from understanding our high-level, longitudinal

behaviors, such as mental well-being. Early research about longitudinal behavior model-

ing and intervention is still facing a set of deployability challenges before being ready for

real-world deployment. For behavior modeling, these challenges include interpretability (re-

vealing human-readable insights about behavior), personalization (adapting models to every

individual), and generalizability (ensuring models work robustly on new users and contexts).

Furthermore, the results and insights of behavior models need to be connected with inter-

vention techniques to influence users’ behavior and improve their well-being. With mental

well-being as the main application, my research is targeted at these deployability challenges

by (1) collecting and releasing the first multi-year passive sensing datasets, (2) developing

new behavior modeling techniques that are interpretable, personalized, and generalizable,

and (3) designing and deploying a novel intervention technique based on behavior models’

insights to improve user well-being. Combining these efforts, I propose the vision of “com-

putational longitudinal well-being”, where interactive systems based on everyday devices

can precisely and robustly understand, model, and influence long-term human behavior for

better health and well-being.
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Chapter 1

INTRODUCTION

The topic of longitudinal health and well-being has been receiving growing interest from

various stakeholders within the industry, academia, and regulatory entities [25, 154]. Espe-

cially in the past two decades, the rapid advance of technology has not only greatly facilitated

our daily living, but also introduced more physical, mental, and social pressure, leading to

more health issues [73]. The COVID-19 pandemic has triggered even more concerns about

healthcare worldwide [138]. Take mental health as an example. In the U.S., it is estimated

that more than 20% of adults would experience at least one mental disorder in their life

time, which is equivalent to over 50 million Americans [12]. Major Depression Disorder

(MDD), also known as depression, is one of the most common mental health challenges. It

is often accompanied by low self-esteem [27], loss of interest in activities, anxiety [66], low

energy, and pain [194]. A recent survey estimated that 8.4% of all U.S. adults and 21.9%

of teenagers had at least one MDD episode over the past year [8]. Among 12.0% of young

adults, it was reported that the depressive episodes resulted in severe impairment [8].

As artificial-intelligent(AI)-powered devices are increasingly embedded in our lives, they

are becoming close companions in daily routines, offering an unprecedented ability to pas-

sively sense our behavior at a high resolution, and leading to a unique opportunity to model

and impact our behavior to support our goals. Existing everyday devices (e.g., smartphones

and wearables) have already utilized AI/ML to monitor basic health behaviors, such as

physical activity and heart rate. In the past decade, some early work has demonstrated

the capability of moving from monitoring basic behaviors (such as step count or heart rate)

to high-level, longitudinal behaviors, such as detecting physical health issues [19, 127, 213],

monitoring mental health states [156,199,212], measuring job performance [122,128], track-

ing education outcomes [200, 226], and tracing social justice [163]. Researchers have used

a variety of approaches to address their research questions. Early research starts by doing



2

statistical analysis, such as correlation analysis (e.g., [47, 156, 199]). Recently, researchers

have begun to explore building various machine learning (ML) or deep learning (DL) models

(e.g., [7,19]) Meanwhile, other than using passive sensing data to predict behaviors, another

thread of research starts to explore leveraging such data to build better just-in-time (JIT)

intervention techniques [22,129,150].

However, existing ML/DL techniques for longitudinal behavior modeling and interven-

tion are still far from achieving robust real-life deployability (as shown in Fig. 1.1). There

are several important challenges:

Interpretability. Meaningful and effective support of end-user goals requires inter-

pretability to achieve a transparent and trustful system. However, most longitudinal be-

havior research has focused on achieving higher detection or prediction accuracy using a

black box model, but not on interpretability, which is especially important for mental-

health-related behavior modeling problems for both patients (e.g., for reflection) and clini-

cians (e.g., for informativeness and accountability). This leads to the first research question

(RQ1): How to obtain insights and better understand users’ behavior besides accurate mod-

eling?

Personalization. Each individual has their own unique behavior pattern, ability, and

preference. However, most of the existing behavior models follow a one-size-fits-all ap-

proach, without addressing the individual difference during the modeling. Personalization

Figure 1.1: The main contributions of the thesis on both behavior modeling and intervention,

centered around interpretability, personalization, and generalizability.
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is important not only for more accurate models, but also for a more detailed understand-

ing of each individual. This leads to the second research question (RQ2): How to model

individuals in light of high variability?

Generalizability. Addressing the challenges of interpretability and personalization in

a single dataset is the prerequisite for building deployable and generalizable longitudinal

behavior modeling techniques. Once a model is trained on a collected dataset, it needs to

be applied to new users under new contexts, which may have different distributions from

the training data. However, there is no prior work aiming to address the challenge of cross-

dataset generalization, which is an important step toward real-life deployment. This leads

to the third question (RQ3): How to generalize a model to other populations/contexts?

Intervention. Addressing these deployability challenges can lead to better behavior

models. However, in order to deploy these models, the results of these models need to be

embedded into an intervention to better support users’ well-being goals in real-life deploy-

ment. This further leads to the fourth question (RQ4): How to leverage the insights of

behavior models to develop better intervention techniques?

With mental health as the main application, my research leverages passive sensing data

from smartphones and wearables to address these research questions. I have been involved

in multiple studies as the technical lead and study coordinator. We have collected and

open-sourced the first multi-year passive sensing datasets containing over 700 users across

four years. By collaborating with other institutions, our team can access datasets with

over one thousand person-years. The datasets also contain users’ self-reports on a wide

range of well-established surveys, covering various physical, mental, and social well-being

conditions [217].

Using the datasets, I have implemented a new behavior modeling algorithm to optimize

both modeling accuracy and interpretability (RQ1). It utilizes the co-occurrence of mul-

tiple sensors’ values and leverages Association Rule Mining (ARM) to generate interpretable

behavior rules and provide better contextual behavior features [209]. I applied the algo-

rithm to depression prediction and obtained an improvement of around 10% in accuracy

and F1 score compared to baseline methods.

To address the challenge of individual uniqueness, I have created a collaborative-filtering-
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based framework that effectively uses the study population’s large volume of behavioral fea-

ture data and limited label data to enable personalization (RQ2). The framework lever-

ages individual users’ behavioral relevance (both similarities and differences) to generate

classifications [210]. To obtain a detailed interpretation of users’ behavior, the framework

further leverages ARM to enable personalized interpretation. Our evaluation shows that

this algorithm further improves depression prediction accuracy by 3-5%.

To address the gap of cross-dataset generalizability evaluation (RQ3), I have developed

the first open-source benchmark platform GLOBEM – short for Generalization of LOngi-

tudinal BEhavior Modeling – to support researchers in using, developing, and evaluating

different longitudinal behavior modeling methods’ cross-dataset generalizability [212]. I

have also designed a new generalizable modeling algorithm, Reorder, which creates a new

task of solving a temporal reordering puzzle in addition to the main depression prediction

task, forcing the model to learn the continuity of behavior trajectories and achieve better

generalization. This algorithm outperforms all previous models by 4-10% on cross-dataset

generalization tasks.

To better bring the insights from behavior models to users, I further designed and

deployed a theory-driven intervention technique called TypeOut (RQ4). It combines self-

affirmation theory and typing-based JIT design to improve users’ well-being [218]. All of my

previous behavior models reveal a strong association between depression and smartphone

overuse. Therefore, as an initial effort, I applied the intervention technique to reduce smart-

phone overuse. Our 10-week deployment study results with 54 users indicate that TypeOut

could effectively reduce smartphone usage and frequency by over 25%.

The contributions of my thesis can be summarized from four perspectives:

1. Algorithmic Contribution: I have developed interpretable, personalized, and general-

izable machine learning algorithms to address these key deployability challenges (RQ1-3).

With mental health as the main application, the algorithms have become the new state-

of-the-art several times.

2. Design Contribution: I have designed the first intervention technique that combines

self-affirmation theory and JIT design to influence user behavior and improve their lon-



5

gitudinal mental well-being (RQ4). Based on the behavior models, I applied it to smart-

phone overuse reduction, and our in-the-wild deployment study revealed its effectiveness.

3. Open-source Contribution: We have collected and open-sourced the first multi-year

passive sensing datasets that cover over 700 users across four years. I further developed

and released the first open-source benchmark platform, which enables other researchers

to develop, evaluate, and compare different behavior modeling algorithms in a systematic

and reproducible cross-dataset setting.

4. Empirical Contribution: My algorithms can generate human-readable behavior rules

at both the population level and the individual level. Many of our empirical findings of

depression-related behavior are supported by psychology and psychiatry literature, with

some findings suggesting new research questions for behavioral science researchers.

This thesis mainly focuses on mental health as the application domain. My other research

also covers more aspects of human well-being (the gray part in Fig. 1.1 left), such as physical

health [213] and education outcomes [227], as well as other ubiquitous devices (the gray

part in Fig. 1.1 right), such as Internet of Thing (IoT) [214] and Virtual/Augment Reality

(VR/AR) head-mounted displays (HMDs) [172,215]. Combining these efforts, I have made

progress towards my vision of “computational longitudinal well-being” by creating

the next-generation intelligent system based on everyday devices to understand, model, and

influence user behaviors for better health and well-being.

The following Ch. 2 will describe the background and related work. Ch. 3 will introduce

our dataset that my research is based on. My research of interpretability, personalization,

and generalizability will be introduced from Ch. 4 to Ch. 6. Then, Ch 7 will cover the novel

JIT intervention design and deployment study. Finally, Ch. 8 concludes the thesis.
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Chapter 2

BACKGROUND

This chapter covers the background from several perspectives: (1) health and passive

sensing, (2) interpretable ML, (3) personalized ML, (4) generalizable ML, and (5) JIT

intervention techniques based on passive sensing.

2.1 Health & Passive Sensing

There is a growing realization that daily routine behaviors, such as movement trajectories,

sleep patterns, social activities, and physical activities, can be continuously, passively, and

longitudinally tracked by sensors embedded in mobile phones and wearable devices. Re-

searchers have demonstrated the feasibility of using mobile sensing to capture and model

longitudinal daily behavior in many settings [74,103,199,217], especially in health and well-

being domains [156,195,201,210,213]. To give a few examples, Wang et al. [199] identified

the correlation relationship between college students’ mental health and data collected from

smartphones. Abdullah et al. [7] used phone usage patterns (e.g., call logs and application

usage history) to predict sleep time, duration, and deprivation. Bae et al. [19] used multiple

streams such as GPS location, phone usage patterns, and Bluetooth signals from mobile

phones to detect drinking episodes of young adults.

Depression is one of the major mental health concerns worldwide. Detecting depression

at an early stage can help mitigate or prevent its negative consequences. Successes in the

last decade of using mobile sensing for depression-related research have made this topic

increasingly popular. Earlier work focused on understanding the statistical relationship be-

tween depressive symptoms and features extracted from mobile sensing data [24, 87, 156].

For instance, Katikalapudi et al. [87] found a significant positive correlation between Inter-

net usage and depression scores. Saeb et al. [156] identified a significant correlation between

depression scores and location features (location variance, location entropy, and circadian
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movement), and also phone usage features (usage duration and frequency). Ben et al. [24]

observed a significant correlation between changes in depression scores and sleep duration,

speech duration, and mobility. Recently, researchers have leveraged the results of corre-

lation analysis to build ML models for depression diagnosis and detection. For example,

Farhan et al. [54] used location features to detect biweekly depression, and their best model

achieved an F1 score of 0.82 on a dataset with 79 college students over eight months.

Wahle et al. [195] trained models on multiple data streams, including location, physical

activity, phone usage, and WiFi scans, and achieved an accuracy of 61.5% for depression

prediction on a dataset with 36 participants over ten weeks. Wang et al. [201] hand-crafted

several cross-sensor features from mobile and wearable data. Their best model achieved

81.5% recall and 69.1% precision on a dataset collected from 68 college students over two

nine-week terms. Chikersal et al. [35] developed a feature extraction, selection, and ML

pipeline to detect both depression and change of depression. Their best model achieved an

accuracy of 85.7% and 85.4% for the two tasks, respectively.

However, existing algorithms did not address the challenges of interpretability, personal-

ization, and generalizability. My research aims to tackle these challenges to achieve robust

and deployable longitudinal behavior modeling techniques.

2.2 Interpretable ML

With the increasing prevalence of advanced black-box models making more critical pre-

dictions and decisions, the interpretability and transparency of AI systems have attracted

more and more attention from various stakeholders [67,70,146,189]. For instance, the Euro-

pean Union General Data Protection Regulation (GDPR) commission established the legal

right to obtain explanations [189], and the Defense Advanced Research Projects Agency

(DARPA) also formulated the XAI program to enable effective understanding and manage-

ment of AI systems [70]. Addressing the broad vision of making AI more understandable

for humans involves multidisciplinary research efforts. HCI researchers have focused on user

trust [83,148] and understanding [110,111] of machine generated explanations. Psychology

researchers have approached XAI from a more fundamental perspective and studied how

people generate, communicate, and understand explanations [180,222]. ML researchers, on
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the other hand, have developed advanced algorithms for transparent models (e.g., decision

trees, Bayesian models [32, 108]) or used post-hoc explanation techniques (e.g., feature im-

portance, visual explanation [118, 164, 169]) to generate explanations. However, there is

very limited previous work in the longitudinal behavior modeling domain to optimize both

model accuracy and interpretability at the same time. Among various post-hoc techniques,

rule-based understanding is suitable for longitudinal behavior modeling, because human

behavior can be naturally summarized as a set of rules: if users do X, then they may do Y.

Association Rule Mining (ARM) is a data mining method that can find frequent patterns,

correlations, associations, or causal structures from datasets. It has been used in a range of

domains, from helping to discover sales correlations in transaction datasets [141] to identi-

fying disease correlations in medical datasets [13]. In Ch. 4, I will introduce my research on

leveraging ARM for an interpretable rule-based behavior modeling algorithm.

2.3 Personalized ML

Besides the problem of interpretability, another important challenge is personalization.

There are two major types of personalized machine learning algorithms: sample-specific

methods and similarity-based methods [193]. I review both classical and modern examples

of the two methods. Sample-specific methods are model-based methods that leverage train-

ing and testing samples’ features to enable personalization when inducing a model. Classic

examples include lazy decision trees (LDT) [62] and lazy Bayesian rules (LBR) [232], where

part of the training occurs when the testing sample is collected. Building separate models

on individual data [29] is another example, where the individual identifier is used to select

the model (i.e., the model trained on this individual’s data) for prediction. There have

been more recent advances in ML community [160, 219]. For instance, Schulam et al. [160]

proposed a hierarchical model with multi-resolution latent variables where they first train

population-level parameters offline and then train individual-specific parameters through

an online process. Lengerich et al. [107] proposed a personalized logistic regression model

(PLR) to include different parameters for every sample, with the parameter matrix having

a low-rank property as the constraint on the parameters’ degree of freedom. However, these

sample-specific methods usually require a large number of ground-truth labels for each in-
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dividual. In the area of passive sensing, the collection of labels is expensive, and many data

sets have only one label for each individual. In contrast, similarity-based methods use a

distance measure and combine training samples in some fashion for the prediction. Tradi-

tional methods such as K-Nearest Neighbour (KNN) [88] and locally weighted regression

(LWR) [17] are examples of this approach. There have been more recent advances in the be-

havior modeling area with this type of method. Lane et al. [104] and Abdullah [6] leveraged

personal informatics, mobility behavior, and raw sensor data to construct three similarity

matrices. They used the three matrices to initialize parameters when training three boost

models for activity recognition. Then, they leveraged majority voting of the three models

to determine the final predictions. Lopez et al. [115] used spectral clustering to group in-

dividuals into several groups based on their behavioral profiles and then applied multi-task

learning for subjective pain estimation. However, these methods still require a number of

labels to enable effective model training. Moreover, they do not explore the aspect of in-

terpretability. In Ch. 5, I will introduce a new similarity-based framework that addresses

both personalized behavior detection and personalized interpretation by the combination

of collaborative filtering and ARM.

2.4 Generalizable ML

Building a model that can generalize across multiple domains or datasets has been a chal-

lenging problem in the ML community. Such a task corresponds to an ideal real-life deploy-

ment setup: directly applying a trained model to new users, without the need to access any

data from the new users. In the past few years, ML researchers have proposed a wide range

of algorithms for domain generalization. Most of them belong to one of the following three

categories [197, 233]: 1) Data manipulation, which enhances the data by augmentation or

generation techniques to assist the model training (e.g., [44,228]); 2) Representation learn-

ing, which aims to learn desirable feature representations that can generalize across domains

(e.g., [15, 55, 63]); 3) Learning strategy, which focuses on exploiting the training procedure

to promote a model’s generalizability (e.g., [109, 188, 220]). Almost any applied ML area

would encounter the cross-dataset domain generalization challenge for real-life deployment,

such as object recognition [20,30,86,184], NLP [134,230], affective computing [37,84], secu-
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rity [81, 229], and intelligent interaction [211, 214, 216]. Researchers have developed cross-

dataset benchmark platforms such as DomainBed [69], DeepDG [197], and WILDS [98]

to facilitate related studies in the ML community. Recently, researchers have started to

merge multiple passive sensing datasets for behavior model training [10]. Mishra et al. [130]

evaluated three models’ generalizability in the physiological stress detection domain using

four datasets collected from different wearable devices in a passive manner. However, their

models aimed at short-term detection (over a few seconds), so the ground truth labels were

frequent and rich. Moreover, the datasets they employed were all collected in a lab setting.

There is no prior work on cross-dataset generalizability evaluation in the longitudinal be-

havior modeling field with data collected in the wild. In Ch. 6, I will introduce how I address

this issue by developing a systematic evaluation platform, together with a new algorithm

achieving better generalizability.

2.5 Just-in-Time Intervention

Building interpretable, personalized, and generalizable behavior models is important. But it

is the first step toward next-generation intelligent systems. Based on these models, a system

should also bring intelligent intervention to users to change their behavior and improve their

well-being. In recent years, the advances of passive sensing have led to the rapid growth of

just-in-time intervention (JITI) and just-in-time adaptive intervention (JITAI) in the HCI

and ubiquitous computing community, using AI/ML techniques to facilitate the design of

intervention techniques [9, 22, 129, 142, 144, 150]. In various kinds of JITI (e.g., persuasion,

education, incentivisation [125]), the Fogg Behavior Model points out that a successful

triggering process is necessary for them to be effective [58]. However, in most existing

technology, users are often the passive receivers of intervention (e.g., [89,94,99,120,150]). An

intervention system usually delivers just-in-time persuasive, educative, or incentive content

to users that are based on some theories (e.g., dual process [60], goal setting [114]). But

there is a lack of mechanism to encourage users to effectively engage with the intervention,

which can cause the failure of the triggering process and result in the decline of compliance

and adoption rate, and diminish or even wipe out the effectiveness of the intervention [139,

158, 221]. In Ch. 7, I will introduce a new theory-driven intervention design to achieve the
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balance between engagement and effectiveness. Based on the interpretable insights from

depression prediction models, I applied the design to smartphone overuse reduction as a

starting point, since it is closely related to depression.
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Chapter 3

DATASET

After years of data collection studies and collaboration, my teams have access to datasets

with over one thousand student-years of behavior and self-report data from multiple insti-

tutions, including University of Washington, Carnegie Mellon University, and Dartmouth

College. In this chapter, I will introduce one of the major datasets from University of

Washington that I have been deeply involved in. The datasets from other institutions have

a similar structure.

3.1 Study Procedure

Our team recruited undergraduates via emails, flyers, and social posts from 2018 to 2021 [163].

After the first year, previous-year students were invited to join again. The study was con-

ducted during Spring quarters (10 weeks) each year, so the impact of seasonal effects was

controlled. Participants received up to $245 in compensation based on their compliance

level each year. The study went through an IRB review and approval. Fig. 3.1 presents the

overview of the data collection process and Tab. 3.1 summarizes the stufy information

The four datasets (DS1 to DS4) have 155, 218, 137, and 195 participants (705 person-

years overall, and 497 unique people). We intentionally oversampled minoritized groups to

make our datasets more representative. Our datasets have a high representation of females

(58.9%), immigrants (24.2%), first-generations (38.2%), and people with disability (9.1%),

and have a wide coverage of races, with Asian (53.9%) and White (31.9%) being dominant

(Hispanic/Latino 7.4%, Black/African American 3.3%).

3.2 Survey Data

We collected survey data at multiple stages of the study. We delivered extensive surveys

before the start and at the end of the study (pre/post surveys) and weekly Ecological
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Figure 3.1: Overview of Longitudinal Passive Sensing Data Collection Studies. Each year’s

study lasted a 10-week academic quarter.

Table 3.1: Basic Study Information and Participant Demographics of Four Datasets.

Year1 - DS1 Year2 - DS2 Year3 - DS3 Year4 - DS4

Participants

• Total: 155

• Gender: F 107, M 48

• Generation: Im 34, 1stG 53,

2ndG 11, 3rdG 57

• Disability: 5

• Race: A 82, B 5, H 9, N 4,

PI 3, W 50, A&PI 2

- Total: 218

• Gender: F 111, M 107

• Generation: Im 54, 1stG 75,

2ndG 18, 3rdG 63, NA 8

• Disability: 21

• Race: A 102, B 6, H 10, N 2,

PI 1, W 70, A&B 1, A&W 16,

H&W 2, B&W 2, A&H&W 1,

B&H&W 1, H&N&W 1, NA 3

• Overlap: 23 in Year1

- Total: 137

• Gender: F 75, M 61, NB 1

• Generation: Im 35, 1stG 52,

2ndG 8, 3rdG 40, NA 2

• Disability: 22

• Race: A 74, B 3, H 8, PI 3, W 40,

A&W 6, B&H&W 1, NA 2

• Overlap: 19 in Year1&2,

4/47 in Year1/2

- Total: 195

• Gender: F 122, M 67, NB 6

• Generation: Im 48, 1stG 89,

2ndG 13, 3rdG 42, NA 3

• Disability: 16

• Race: A 104, B 4, H 18, N 1, PI 2,

W 48, A&W 13, H&W 2, NA 3

• Overlap: 19 in Year1&2&3,

4 in Year1&2, 4 in Year1&3,

47 in Year2&3, 2/19/20 in Year1/2/3

Survey
• Pre/post: UCLA, SocialFit, 2-Way SSS, PSS, ERQ, BRS, CHIPS, STAI, CES-D, BDI2, MAAS, BFI10,

Brief-COPE, GQ, FSPWB, EDS, CEDH, B-YAACQ

• Weekly EMA: PHQ-4, PSS-4, PANAS

Depression
• Weekly: Depression & Affect (45.5%)

• End-term: BDI-II (35.4%)

• Weekly: PHQ-4 (52.1%)

• End-term: BDI-II (42.9%)

• Weekly: PHQ-4 (46.9%)

• End-term: BDI-II (40.7%)

• Weekly: PHQ-4 (45.0%)

• End-term: BDI-II (40.2%)

Sensor
• Smartphone: Location, Phone Usage, Call, Bluetooth

• Wearable: Physical Activity, Sleep

*Participants with less than 2 weekly EMAs or less than a 25% of their sensor data (i.e., missing rate > 75%) were excluded from the
dataset. In the depression row, the percent indicates the portion of participants having at least mild depressive symptoms based on
the corresponding questionnaires. Gender acronym - F: Female, M: Male, NB: Non-binary. Generation acronym - Im: Immigrant
(born in another country), 1stG: First generation (parents immigrated to the US), 2ndG: Second generation (grandparents immigrated
to the US), 3rdG: Third generation (great grandparents or further back immigrated to the US), NA: Prefer not to respond. Racial
acronym - A: Asian, B: Black or African American, H: Hispanic or Latino, N: American Indian/Alaska Native, PI: Pacific Islander, W:
White, NA: Did not report. & is used when participants reported more than one races.

Momentary Assessment (EMA) surveys during the study to collect in-the-moment self-

report data. All surveys consisted of well-established and validated questionnaires to ensure
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Figure 3.2: The Distribution of Label Scores for End-of-Term (BDI-II) and Weekly Depres-

sion Scales (PHQ-4).

data quality.

Our pre/post surveys included questionnaires to cover various aspects of life, including:

• Personality. BFI-10, The Big-Five Inventory-10 [151].

• Physical health. CHIPS, Cohen-Hoberman Inventory of Physical Symptoms [39],

• Mental well-being. BDI-II, Beck Depression Inventory-II [23]; ERQ, Emotion Regula-

tion Questionnaire [68]; UCLA, Short-form UCLA Loneliness Scale [155]; BRS, Brief

Reslilience Scale [170]; RRQ, Rumination-Reflection Questionnaire [185]; Brief-COPE,

Brief Coping Orientation to Problems Experienced Inventory [33]; FSPWB, Flourishing

Scale Psychological Well-Being Scale [46].

• Social well-being. Sense of Social and Academic Fit Scale [196]; GQ, Gratitude Ques-

tionnaire [123]; EDS, Everyday Discrimination Scale [4, 204]; MED, Major Experiences

of Discrimination [4]; CEDH, Chronic Work Discrimination and Harassment [26,204].

Our EMA surveys focused on capturing participants’ recent sense of their mental health,

including PHQ-4, Patient Health Questionnaire 4 [2, 101]; PSS-4, Perceived Stress Scale

4 [1, 40]; and PANAS, Positive and Negative Affect Schedule [3, 202].

Since I have focused on depression prediction as the example task, BDI-II (post) and

PHQ-4 (EMA) were employed as the ground truth. Both are screening tools for further
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inquiry of clinical depression diagnosis. From Ch. 4 to Ch. 6, I will mainly focus on a

binary classification problem to distinguish whether participants’ scores indicated at least

mild depressive symptoms through the scales (i.e., PHQ-4 > 2, BDI-II > 13)1. The average

number of depression labels is 11.6±2.6 per person. Fig. 3.2 summarizes the distribution of

survey scores across four datasets. The percentage of reports with at least mild depression

is 39.8±2.7% for BDI-II and 47.4±2.8% for PHQ-4.

3.3 Sensor Data

We developed a mobile app using the AWARE Framework [57] that continuously collects

location, phone usage (screen status), Bluetooth scans, and call logs. The app is compatible

with both the iOS and Android platforms. Participants installed the app on smartphones

and left it running in the background. In addition, we provided Fitbits to each participant to

collect their physical activities and sleep behaviors. The mobile app and wearable passively

collected sensor data 24×7 during the study. The average number of days per person per

year is 77.5±8.9 among the four datasets.

3.3.1 Feature Extraction

We utilized RAPIDS [192], an open-source platform that provides a Reproducible Analysis

Pipeline for Data Streams. It supported feature extraction from data collected via multiple

mobile and wearable devices with various time windows.

Data Type: Location. We incorporated all features in RAPIDS-Location, which

included location variance, location entropy, travel distance, etc. In addition, we also added

more features (duration of staying) for specific points of interest, including places for living,

study, exercise, and relaxation.

Data Type: Phone Usage. We included all features in RAPIDS-Screen that covered

the statistics of unlocking episodes (count, sum, mean, std, max, min). We further contex-

tualized these features at different locations (home and study places) to capture fine-grained

1DS1 did not have PHQ-4, we trained a simple rule-based model using two sub-questions of PANAS to

estimate PHQ-4 score.

https://www.rapids.science/1.6/features/phone-locations/
https://www.rapids.science/1.6/features/phone-screen/
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phone usage behaviors.

Data Type: Bluetooth. We used all features from RAPIDS-Bluetooth, including the

number of scans of participants’ own devices and others’ devices, as well as the unique count

of these devices.

Data Type: Call. We employed features from RAPIDS-Call that covered the statistics

of incoming/outgoing calls’ duration (count, sum, mean, std, max, min, entropy), and the

count of missed calls.

Data Type: Physical Activity. We utilized physical activity features from RAPIDS-

Fitbit-Steps. They included both high-level features (number of steps, duration of being

active) and low-level features about the statistics of active or sedentary episodes (mean, std,

max, min).

Data Type: Sleep. We leveraged sleep-related features from RAPIDS-Fitbit-Sleep,

including high-level summary features (total duration of being asleep or in bed), and low-

level features about the statistics (count, mean, max, min) of episodes of being asleep,

restless, and awake during the sleep.

Feature Time Range. Research has found that people tend to have distinctive be-

havior patterns during different times of the day [36], or accumulate their behavior routines

through a period of days [29]. Thus we incorporated different time ranges during feature

extraction, including four epochs of a day (split at 6 am, 12 pm, 6 pm, and 12 am), the

whole day, and the past one/two weeks. It is worth noting that all features are calculated

every day for each user, forming a long daily feature vector.

3.3.2 Feature Post-processing

After feature extraction, we further conducted a few post-processing steps to provide a

comprehensive feature set: 1) Feature normalization: We added all features’ normalized

version based on each individual’s distribution: subtracting the median and scaling with the

5-95 quantile range on each individual; 2) Feature discretization: A few modeling algorithms

may benefit from using categorical levels instead of raw feature values (e.g., [209]). Thus,

we also added all features’ 3-level discretized versions (split by the one/two/three third

https://www.rapids.science/1.6/features/phone-bluetooth/
https://www.rapids.science/1.6/features/phone-calls/
https://www.rapids.science/1.6/features/fitbit-steps-intraday/
https://www.rapids.science/1.6/features/fitbit-steps-intraday/
https://www.rapids.science/1.6/features/fitbit-sleep-intraday/


17

percentile within each individual’s data).

Missing data is inevitable due to various reasons, such as a low battery, data transfer

loss, and sensor permission withdrawal. For example, the average missing rate for location

features is 14.5±4.0%. Other than special notice, we omitted missing values during analysis

and used a median-based imputation when necessary.

For datasets collected from other institutions, we also followed a similar feature extrac-

tion and processing procedure.

Using these datasets, I then introduce the algorithms developed to address behavior

modeling challenges.
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Chapter 4

INTERPRETABLE BEHAVIOR MODELING

With the extensive multi-year dataset, I start with answering the first research question

(RQ1): How to obtain insights and better understand users’ behavior besides accurate

modeling?. Most of the previous depression prediction work either focused on a single sensor

channel such as location (e.g., [29,54,156]), or combined multiple sensor channels but treated

each sensor channel as a separate feature, which misses the opportunity to capture co-

occurrence relationships between sensors (e.g., [177,195]). Such co-occurrence relationships

might boost the performance of machine learning model, and more importantly, they can

provide better interpretable insights for understanding people’s behavior from wearable and

mobile sensors.

In this chapter, I developed a new approach to capturing these co-occurrence relation-

ships across sensor channels. Such co-occurrence relationships can provide us with a deeper

interpretation of users’ behaviors and how they are related to depression. I then proposed

a new feature extraction and model training pipeline to produce more powerful models. I

will first introduce the methods in Ch. 4.1. Evaluation results are summarized in Ch. 4.2.

Finally, the key findings are highlighted in Ch. 4.3.

4.1 Methods

The key idea of the approach is to: identify behavior rules that capture important

differences between classes of users. Fig. 4.1 visualizes the overall framework for the

method.

4.1.1 Brief Introduction of ARM

Before I introduce my new algorithm, here is a brief recap of ARM: ARM is a data mining

method that can find frequent patterns, correlations, associations, or potential causal struc-
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Figure 4.1: The Framework of Modeling with Interpretability. After feature extraction, I

first separate two groups of users with/without depressive symptoms. Then I mine out fre-

quent behavior rules from each group and identify effective rules that capture behavior dif-

ferences between the two groups. These effective rules are then used to extract contextually-

filtered features, which can lead to powerful depression prediction models. Note that the

model is trained/tested on a different user group to avoid overfitting.

tures from datasets. ARM outputs frequent co-occurrence patterns expressed as association

rules [11]. Each association rule is in the form of [X → Y ], where X and Y are co-occurring

sets of context features, and the association rule indicates that the context features in Y are

likely to occur whenever the features in X are observed. For rule [X → Y ], two parameters

are defined [11]:

• Support: Support represents the fraction of times the context set {X,Y } occurs in the

dataset, i.e., the joint probability sup = P (X,Y ).
• Confidence: Confidence represents the proportion of times Y co-occurs whenever X

occurs, i.e., the conditional probability conf = P (Y ∣X).
A support and confidence threshold, namely supmin and confmin, is used to set the minimum

support and confidence allowable for each discovered rule.
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Figure 4.2: The Concept of Contextually Filtered Features. Once a rule is obtained [Con-

texts → Feature], the contexts are used to filter a subset of time windows to calculate a

cleaner aggregation of the target features.

In our case, ARM is particularly suitable since human behavior can be naturally summa-

rized as a set of rules. Using our datasets, I have extracted unimodal features as described

in Ch. 3. I use ARM to generate rules using behavior features on a per-class basis (e.g., once

for the depression user group, and once for the non-depression user group). I then use a

novel metric to select the top rules that can capture the behavior differences between classes.

Based on the top rules, I design a new automated approach to obtain contextually-filtered

features (see Fig. 4.2).

The specific procedure of the new algorithm works as follows.

4.1.2 Step 1: Rule Mining in Two Classes Separately

I first split the dataset into two groups according to the classification label, namely grp1

and grp2. (e.g., depression group vs. non-depression group). I perform ARM on them

separately to generate a large rule set in each group. ARM naturally fits the problem since

I obtain multiple features from various sensors at the same time. In a rule [X → Y ], both

X and Y would contain behavioral features. An example rule could be: [X: {Staying at

home, Low activity level} → Y : {Being asleep}] during the night. Next, I devise a novel

approach to select the best rules from the two rule sets.
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4.1.3 Step 2: Rule Selection Using a Novel Metric

My method emphasizes the characteristics of and differences between the two classification

groups. The groups can be different by (1) sharing similar contexts but with different

behavior in those contexts (see Sec. 4.1.3.1), or (2) having contexts that are common in one

class and uncommon in the other class (see Sec. 4.1.3.2). To capture the difference, I use

two complementary perspectives: one looks at rules that are the same between two groups

but with different sup and conf values, while the other looks at rules that are unique to only

one group.

4.1.3.1 Common Rules in Two Groups

I present a set of metrics for characterizing a rule’s usefulness for identifying an individual’s

group membership.

Contextual Specificity Rules that are too general are unlikely to discriminate between

the two groups. Thus, I filter rules that are not very specific. For example, a rule that

captures a behavior pattern such as changing locations every weekday morning (from home

to work) is less specific than a rule that contains more features, e.g., changing location with

a low level of physical activity but a high number of co-locations with other people (the

number of Bluetooth encounters). I formalize this in terms of the number of features in X

for a rule [X → Y ].

CtxSpec = ∣X∣
Confidence Difference The confidence of a rule, i.e., the conditional probability, indi-

cates how probable Y is to occur given the context feature set X. For the same X, the

difference in confidence directly reflects the different probabilities of Y between the two

groups. For example, when in working spaces such as offices or libraries (same X), people

with depressive symptoms may have more difficulties with concentration [16], thus spending

more time interacting with their phones [201]; this could appear in the analysis as higher

confidence for the behavior rule Ri [X: {Stay at working spaces} → Y : {Phone interaction

time}] for people with depressive symptoms.
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The bigger the difference in confidence, the greater the discrepancy in the expression of

the rule between the two groups. I formalize this as

ConfDiff = ∣∆conf∣
Condition Discrepancy The probability of the context set X, i.e., P (X), closely in-

terrelates with the confidence of the rule. The interesting rules are those that have dif-

ferent context probabilities across groups. Continuing the previous example, people with

depressive symptoms may spend less time in working or social spaces [16], leading to a

different P (X) for those with and without depressive symptoms for rule Ri. Note that

P (X) = P (X,Y )
P (Y ∣X) = sup

conf . Thus I formalize this as

CondDisc = ∣∆P (X)∣ = ∣∆P (X,Y )
P (Y ∣X) ∣ = ∣∆ sup

conf ∣
Direction Difference Only the rules with CondDisc and ConfDiff in the same direction

show a clear distinction. In other words, they are the rules that have both higher P (X)
and higher P (Y ∣X) in one group than the other. I formalize this as

DirDiff =
⎧⎪⎪⎪⎨⎪⎪⎪⎩ 1 if sign(∆conf ⋅∆ sup

conf) is positive

0 otherwise

Based on these characteristics, I combine the four characteristics into a metric M using

Equation 4.1. The intuition comes from a weighted addition of the logarithm value of the

three characteristics. The logarithmic function is monotonically increasing; thus it will not

change the relative order when ranking the rules based on the metric.

M = DirDiff ⋅ CtxSpecw1 ⋅ ConfDiffw2 ⋅ CondDiscw3 (4.1)

DirDiff simply causes features to be dropped if a rule has reverse directions on the

ConfDiff and CondDisc between two groups. The three weight values are used to adjust

the relative importance of the remaining three characteristics. I rely on M to rank the rules

that are common in both groups and select the top-n rules. I remove redundant rules by

the definition: Rule1 covers Rule2 ⟺ X2 ⊆ X1 and Y2 ⊆ Y1. Alg. 1 (top) presents the

procedure.



23

Data: grp1, grp2, mining thresholds supmin and confmin

1 R1 = ARM(grp1, supmin, confmin);

2 R2 = ARM(grp2, supmin, confmin);

// Select Common Rules, see Section 4.1.3.1
3 Rcommon = (R1 ∩R2);
4 for each rule r in Rcommon do
5 CtxSpec = ∣X∣;
6 ConfDiff = ∣∆conf∣;
7 CondDisc = ∣∆ sup

conf ∣ ;

8 DirDiff = sign(∆conf ⋅∆ sup
conf ) > 0;

9 Mcommon[r] = DirDiff ⋅ CtxSpecw1 ⋅ ConfDiffw2 ⋅ CondDiscw3

10 end
11 sort(Mcommon) ; // Sort by score

12 Tcommon = Mcommon[0]...Mcommon[n − 1] ; // Select top n rules

13 Tcommon = Tcommon \ {r ∈ Tcommon ∣ ∃ r
∗ ∈ Tcommon, r

∗ ≠ r,Xr ⊆ Xr∗Yr ⊆ Yr∗} ; // Remove redundancy

// Select Unique Rules, see Section 4.1.3.2
14 Runique = (R1 ∪R2) \ (R1 ∩R2);
15 supdis = 99

th percentile(∣∆sup∣ in Rcommon);
16 confdis = 99

th percentile(∣∆conf∣ in Rcommon);
17 Runique = Runique \ {r ∈ Runique ∣ rsup < supmin + supdis} ; // Remove rules close to threshold

18 Runique = Runique \ {r ∈ Runique ∣ rconf < confmin + confdis};
19 for each rule r in Runique do
20 CtxSpec = ∣X∣;
21 ConfDiff = conf ;

22 CondDisc = sup
conf ;

23 Munique[r] = CtxSpecw1 ⋅ ConfDiffw2 ⋅ CondDiscw3

24 end
25 sort(Munique);

26 Tunique = Munique[0]...Munique[n − 1];
27 Tunique = Tunique \ {r ∈ Tunique ∣ ∃ r

∗ ∈ Tunique, r
∗ ≠ r,Xr ⊆ Xr∗Yr ⊆ Yr∗};

// Merge The Rules
28 Ttop = Tcommon ∪ Tunique;

Algorithm 1: ARM for Best Rules Selection.
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4.1.3.2 Unique Rules in One Group

In addition to common rules that are mined from both groups, the two groups can also

have unique rules discovered in one group but not the other. These rules reflect the dif-

ferences in behavior patterns and contexts between the two groups. Selecting the best

unique rules in each group can also help identify the distinctions between the two groups.

ConfDiff,CondDesc and DirDiff are undefined when a rule is present in only one group. I

solve this by setting sup
conf and conf to zero when a rule is not present, thus simplifying the

calculation of ConfDiff and CondDesc as shown in Equation 4.2. DirDiff is not used since

it always equals 1. I then employ the same metric M as Equation 4.1 and select the top-n

rules.

ConfDiff = conf

CondDisc = sup
conf

(4.2)

However, note that the approach above could treat a rule as unique to one group if the

threshold values filtered the rule out in the other group. For instance, take a rule r that

occurs in both groups with sup1 = 0.101 and sup2 = 0.099, which are very close. The rule

would not appear in grp2 when the threshold supmin = 0.100 is applied, while it would

appear in grp1.

Thus I need to filter out these rules whose sup and conf are close to the threshold. I set

the minimal distance to be 99th percentiles of the ∣∆sup∣ and ∣∆conf∣, as shown in lines

15-18 of Alg. 1. Similar to the common rules, I rank the resulting unique rules using metric

M , and remove any redundant rules.

Overall, I obtain Tcommon from Sec. 4.1.3.1 and Tunique from Sec. 4.1.3.2. The final set

of top rules is calculated on line 28 as Ttop = Tcommon ∪ Tunique. Next, I describe a new

approach to extract contextually filtered features from the top rule set.

4.1.4 Step 3: Contextually Filtered Feature Creation

Once a top rule set Ttop has been selected using the algorithms, they can be used to generate

contextually filtered features. These features in turn can be fed into a machine learning
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Data: person set P , top rule set Ttop

1 for each person p ∈ P do
2 Let Ep be all epochs involving person p;

3 Let Ep.f be all features in Ep, start empty;

4 for each rule r ∈ Ttop do
5 Er = all epochs e ∈ Ep where X is fulfilled;

6 for each unimodal feature y ∈ Y do
7 rmean(y) = mean(y,Er) ;

8 rstd(y) = std(y,Er);
9 Ep.f = Ep.f ∪ {rmean(y), rstd(y)};

10 end

11 end

12 end

Algorithm 2: Contextually Filtered Features Extraction from Top Rules.

model to train a classifier.

For each rule [X → Y ], I use X as the “selector” (or filter) to select the days over which

to aggregate (the days that fulfill the context feature sets, i.e., the elements of [X]). For

each element of [Y ], I calculate the mean and standard deviation using data from all of the

filtered days. Fig. 4.2 visualizes an example of this process. Consider as an example, the

rule [X: {Being at sport spaces, High activity level } → Y : {Long phone call duration}].
I select all time periods (i.e., epochs), Ep for person p that fulfill the context {Being at

sports spaces, High activity level }. Then, I calculate the average and standard deviation of

the features in Y only for the selected epochs. Thus in this example, the new contextually

filtered features for the person p are the mean and standard deviation of Duration of out-

going call, for all epochs in which the person spent a long time in sports spaces and had a

high level of physical activity.

Alg. 2 presents the feature extraction procedure. Note that one rule can have multiple

features in set Y ; thus the number of features generated can be greater than the number

of rules. There can also be duplicate features y in Y for different rules. However, as the

context (X) of these rules are different, the contextually filtered feature calculated from the

same y in different rules is expected to have different mean and standard deviation values.
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The final feature set for each person can be used for training classifiers to identify group

membership of a person (e.g., depression vs. non-depression group).

4.2 Evaluation

I apply this approach to depression prediction among undergraduate students. I first in-

troduce the implementation of rule mining, rule selection, and contextually filtered feature

extraction in Ch. 4.2.1. I then highlight the results in Ch. 4.2.2.

4.2.1 Implementation

4.2.1.1 Data Set Preparation

To avoid overfitting, I took one year of dataset (as described in Ch. 3) and randomly divided

the dataset on a per-person basis into two subsets. I created a RuleGenerateSet of 35% of

the people for extracting rules, and a TrainTestSet of the rest of the people to train and

test the machine learning models. I applied the rule mining and selecting algorithm on the

RuleGenerateSet and calculated the contextually filtered features on the TrainTestSet.

4.2.1.2 Feature Selection

I employed mutual information [149] to perform feature selection. I started with the whole

feature set, repeated the calculation, and iteratively selected the intersection of the top 50

features until the number of features converged [100]. I went through the process on four

epochs for weekdays (night 12am-6am, morning 6am-12pm, afternoon 12pm-6pm, evening

6pm-12am) and the same four epochs for weekends, resulting in 8 epochs in total. This

process ended up with 23 top features on average among the 8 epochs (Min = 18, Max =

29, 181 in total). These 181 features were denoted as the unimodal feature set, which I used

to train baseline classifiers since this approach is similar to the common practices used in

previous literature related to depression prediction [195]. I considered the top features in

each epoch group to identify the daily-epoch features to be used for rule mining. Specifically,

a daily-epoch feature would be selected as long as either the mean or standard deviation of

the feature is in the top feature set. I obtained an average of 20 (Min=15, Max=29) top
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daily-epoch features in each epoch.

4.2.1.3 Rule Mining and Selecting

ARM is typically applied on symbolic or categorical data; thus I used the discretized top

daily-epoch features, and fed them into my pipeline. Following Alg. 1, I employed the tools

provided by [59] to mine rules 16 separate times: Once in each of the 8 epochs for each

class of users. supmin and confmin are set in each group separately (0.07-0.19) to control

the number of generated rules, leading to approximately 16,000 rules (Min = 4,500, Max =

26,000) among the groups. I used grid search for Equation 4.1, ranging from 0.0 to 2.0 with

0.5 as the interval, to set the best weights (w1, w2, w3) which were (1.0, 1.5, 0.5). I used the

F1 score in the RuleGenerateSet as the metric for selection, resulting in an average of 13

rules (Min = 6, Max = 19 rules) per epoch, 105 in total.

4.2.1.4 Contextually-Filtered Feature Extraction

After I obtained the rules, I turned to the TrainTestSet and used Alg. 2 to extract an average

of 17 contextually filtered features (Min = 8, Max = 23) per epoch, 137 in total. Note that

one rule X → Y can have multiple features y in Y ; thus the number of contextually filtered

features generated can be greater than the number of rules. I aggregated each y in Y , for

each individual, using mean and standard deviation, over daily-epochs that matched X.

This step added 274 (137×2) additional features to the unimodal features.

4.2.1.5 Model Training

I tested two feature sets: 1) Contextually Filtered Features: only the features extracted

based on rules (vector length 274); 2) Hybrid Features: both the contextually filtered fea-

tures and the unimodal features (vector length 455, 274+181). I employed AdaBoost [61]

with decision-tree-based component classifiers during the training. Leave-one-user-out cross-

validation was employed to avoid over-fitting, since previous work has consistently found

that this method is approximately unbiased and has small variance [182,231].

I compared the models with four baselines: 1) Majority: the classifier simply predicts the
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major label in the dataset (i.e., no depressive symptoms); 2) Best Single Feature: prediction

is made based on the value of the single feature that best distinguishes the classes; 3) Class

Association Rules: labels are embedded into the input during association rule mining and

the generated rules are used for classification [113,223]; 4) Unimodal Features: the model is

trained on the unimodal features before rule mining (vector length 181, a common practice

in previous work [195]).

4.2.2 Results

I first show that the top rules can capture the behavior differences between the student group

with depressive symptoms and the student group without depressive symptoms. Then, I

demonstrate that the best classifier trained on the contextually filtered features can achieve

an average of 9.7% performance increase over the baseline model trained on unimodal fea-

tures.

4.2.2.1 Capturing Behavior Patterns with Rules

Fig. 4.3 visualizes heatmaps that represent how many students’ behavior was captured by

each rule throughout the study period. From both heatmaps of weekdays and weekends,

abnormal color patterns are observed during the middle of the study. The academic calen-

dar of the university showed that this period was when midterm examinations took place,

followed by a spring break. Students tended to have a stressful period to prepare for exam-

inations, and then have a brief relaxing period. As a result, during the midterm and break

period, some rules became less frequent than the other times (represented by dark areas in

the middle-top of the heatmap). This is positive evidence that contextually filtered features

capture routine behavior, unlike their unimodal counterparts.

I further investigated the rules that capture different behavior patterns between students

with depressive symptoms and students without depressive symptoms. I used a paired t-test

on every rule to identify the rules that were significantly different between the two groups.

Tab. 4.1 show two examples. Weekday night rule No.5 indicates that students are likely

to have good sleep quality when they are on campus and have low co-location (i.e., the
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(a) Weekday Rules (Left: Non-depression Group, Right: Depression Group)

(b) Weekend Rules (Left: Non-depression Group, Right: Depression Group)

Figure 4.3: Heatmaps of prevalence of the top rules among students with and without

depressive symptoms, for weekends and weekdays. X axis is day of semester, Y axis shows

rules aligned from morning to night epochs. Color indicates the proportion of students in a

class that fulfill a particular rule. The brighter the color, the larger proportion of students

having the pattern. The abnormal vertical color patterns in the middle of both figures

correspond to the mid-term examines and the break period, indicating that the rules can

capture people’s routine behavior. Rule names on the left indicate some example rules that

are significantly different between the two classes of participants.
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Table 4.1: Examples of rules that capture behavior difference between students with and

without depressive symptoms. We tested a rule’s ability to differentiate between classes

using a paired t-test; significance level is indicated in the Rule column. We selected rules

for this table that show the strongest significant difference. Type is the method by which

the rule was found. Prop in Non-dep and Prop in Dep are the proportion of students in

a class that fulfill the rule, averaged over days in the study. Note that M varies between

different epochs (people can have different behavior pattern during the day) as well as their

types (i.e., common or unique).

Rule X Y Type
Prop in

Non-dep

Prop in

Dep

Ctx

Spec

Conf

Diff

Cond

Disc
M

Wkdy

Night

No.5∗∗∗

- [CampusMap] Percentage of

time off-campus (low)

- [Bluetooth] Number of

unique device of others (low)

[Sleep] Sleep

efficiency (high)
Common 11.4% 8.5% 2 0.137 0.094 0.031

Wkend

Night

No.19∗

- [Screen] Mean length of

screen being unlock (high)

[Sleep] Mean length of

being asleep (low)

Unique

(Dep)
7.8% 10.3% 1 0.387 0.374 0.147

∗ indicates p < 0.05, ∗∗ indicates p < 0.01, ∗∗∗ indicates p < 0.001

number of Bluetooth encounters) during weekday nights. This rule is in both groups, but

appears significantly more in the non-depression group (t75 = 3.99, p < 0.001). Moreover,

Weekend night rule No. 19 is only present in the depression group. This suggests the

potential effect of phone usage on sleep quality for depressive students.

These results indicate that the rules extracted by my method have good interpretability

and can help better understand students’ life experiences related to depressive symptoms.

The observations can be supported by relevant findings in psychology and clinical psychiatry

that sleep disturbance and lack of focus are common symptoms of depression [16,181,186].
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Table 4.2: Comparison of baseline machine learning classifiers and contextually filtered

features. The models above the dashed line are baselines. Models based on unimodal

features, contextually filtered features, and hybrid features, are trained using AdaBoost [61]

with decision-tree-based component classifiers, with leave-one-out cross-validation. The

number of estimator and the maximum depth of the decision-tree are hyper-parameters

that can be tuned. We use grid search to select the best parameters for each model. Our

best model with hybrid features has the number of estimator as 10 and the maximum depth

as 3. A t-test on the test results between the hybrid features and unimodal raw features

show that the new method significantly outperforms the standard method (p < 0.01).

Model Accuracy Precision Recall F1 Score

Majority 0.579 0.579 1.000 0.734

Best Single Feature 0.704 0.725 0.755 0.740

Class Association Rules [223] 0.608 0.629 0.850 0.723

Unimodal Features with AdaBoost [61] 0.716 0.725 0.771 0.747

Contextually Filtered Features with AdaBoost [61] 0.807 0.765 0.886 0.821

Hybrid Features with AdaBoost [61] 0.818 0.843 0.843 0.843

4.2.2.2 Achieving Better Modeling Performance

Other than achieving interpretation of daily behavior, my method is able to achieve better

depression prediction performance. Tab. 4.2 summarizes the model results with four metrics:

accuracy, precision, recall, and F1 score. The model trained on the hybrid features has the

best performance, followed by the model trained on contextually filtered features. My best

model has an accuracy of 0.818 and an F1 score of 0.843. It outperforms the baseline

model using the unimodal features, by an average of 9.7% absolute increase, indicating the

effectiveness of the method. These baselines provide strong evidence that my model is either

better than previous work [29,54,195], or comparable to the state-of-the-art [156,201].

We further examined the effect of each characteristic, using an ablation study on the

three weights. We set one of the weights to zero in each trial and redo the rule selection,
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Table 4.3: Results of the ablation study. One of the three weight values is set to zero in

each trial, which can lead to different rule sets, and new models are trained based on these

rules. The other weights (w1, w2, w3) are set to (1.0, 1.5, 0.5).
Classification Ablated Metric Accuracy Precision Recall F1 Score

Depression Detection with

Contextually Filtered Features

ConfDiff - w2 = 0 0.761 0.804 0.788 0.796

CtxSpec - w1 = 0 0.761 0.863 0.759 0.807

CondDisc - w3 = 0 0.784 0.808 0.824 0.816

No Metric Ablated 0.807 0.765 0.886 0.821

feature extraction, and modeling training. Tab. 4.3 summarizes the results. Removing

CtxSpec (w1 = 0) and ConfDiff (w2 = 0) lead to similar results, with both models having a

drop in accuracy of 4.5%. The model without CtxSpec has a slightly higher F1 score than

without ConfDiff. Removing CondDisc (w3 = 0) has the least impact on the results, with

two percentage-points drop in accuracy. These results are consistent with the relative order

of weight values. Confidence Difference is the most essential part in the metric M , and the

Condition Discrepancy is the least important part.

4.3 Summary

In this chapter, I presented a new method based on association rule mining for generating

contextually filtered features in an automated way, which performed better than standard

feature selection approaches for depression prediction. I showed that the best rules selected

by my method were highly interpretable and captured students’ routine behaviors, and

behavior pattern differences between students with and without depressive symptoms. I

demonstrated that my best model outperformed a standard model by an average of 9.7%

across various metrics.
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Chapter 5

PERSONALIZED BEHAVIOR MODELING

Most of the existing algorithms and models, including the one I introduced in Ch. 4,

follow a one-size-fits-all (i.e., population modeling) approach that looks for common behav-

iors amongst all users. Such a method disregards the fact that individuals can behave very

differently, resulting in reduced model performance. Moreover, the interpretation results in

Ch. 4 is only population-level behavior understanding. This leads to our second research

question (RQ2): How to model individuals in light of high variability?.

In this chapter, I present a new method to address the problems of personalization. With

depression prediction as the main application, the method uses a collaborative-filtering-

based concept and leverage a unique subset of users with relevant behavior trajectories for

personalized prediction and interpretation. The details of the method are introduced in

Ch. 5.1. I then summarize the evaluation results in Ch. 5.2. Finally, I highlight the key

conclusion in Ch. 5.3.

5.1 Methods

The key idea of the approach is to: leveraging users whose behavior is relevant to

the target user to achieve personalized prediction and interpretation. Fig. 5.1

visualizes the overall framework.

5.1.1 Personalized Classification

I first introduce the concept of user behavioral profile and its relationship with collaborative

filtering (Sec. 5.1.1.1). Then, I leverage the correlation matrix from user behavioral profiles

to impute missing data (Sec. 5.1.1.2). I then propose a measurement of the behavior rele-

vance (square of the correlation) using the imputed behavioral profiles (Sec. 5.1.1.3) and use

the metric to select features with good performance in the training set (Sec. 5.1.1.4). When
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Figure 5.1: The Framework of Personalized Modeling. For each target individual, I calculate

their behavior relevance scores against everyone in the training user pool and select a subset

of users with high scores. These users’ labels are first used to predict the target user’s

label. And their behavior data are further leveraged to generate personalized interpretation

following the pipeline in Ch. 4.

a new testing user is added to the analysis, I employ the selected features to generate inter-

mediate classification outputs. Finally, I use majority voting to compile the intermediate

results into the final classification output (Sec. 5.1.1.5).

5.1.1.1 Collaborative Filtering and Behavior Relevance Metric

My method is inspired by the idea of memory-based collaborative filtering [88]. Borrowing

the idea of user-level collaborative filtering, I propose the concept of a user-behavior profile

to depict a group of users’ behaviors. Each user-behavior profile, represented by a matrix

(see Fig. 5.2), focuses on one particular feature. The user-behavior profile can be viewed as

a user-item matrix from traditional collaborative filtering. The method looks at each feature

independently. Therefore, I also include users’ target labels (i.e., ground truth labels) in

each behavior profile (the bold frame marked with L in Fig. 5.2), which can be regarded as

a column of “special items” in the profile matrix. A new user’s “special item”, marked by

X, is the element that needs to be predicted (missing values are marked as ?).
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Figure 5.2: The similarity between our method and collaborative filtering. The left part

shows a user-item matrix that is commonly used in recommendation systems, where the

“?” marks indicate preference scores to be predicted. In contrast, the right part shows

the common data format in mobile sensing. The matrix is the behavior profile of one

particular feature (each user has a time series data from T1 to TM ), plus a column of labels

(Column L). where “?” marks indicate the missing value and “X” mark indicate the target

label to be predicted, e.g., whether the new user is depressed or not.

5.1.1.2 Data Imputation

After constructing the user behavior profile for each feature, I impute the missing data in

the behavior profiles. Following Ch. 4, I employed the normalized version of each user’s

features. Then, I use the weighted average of other users’ normalized data as the imputed

value, where the weights are the correlation of the longitudinal feature value between this

user and other users. The intuition is to leverage the data from people with similar behavior

(for the feature that the data represents) to impute the missing value. Alg. 3 lists the detailed

steps for data imputation.

5.1.1.3 Behavior Relevance Metric

From the imputed data, I propose a behavior relevance metric. Prior work focuses on people

with similar behaviors (e.g., [6, 104]). However, when predicting the final outcome (e.g.,

having depressive symptoms or not), the scope can be expanded. People whose behaviors

are strongly related to a target user can be divided into two types. People who behave
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similarly (with a strong positive correlation) are the ones whose behavior patterns change

in a similar way as the target user, e.g., they all have more phone calls during the weekend.

Moreover, there are also people who behave differently (with a strong negative correlation).

Here, behavior patterns change in a way opposite to the target user, e.g., the target user

mostly stays at home and moves less on weekday evenings, while these people often hang

out for socializing at that time. Both types of people are relevant to a target user. Their

similarities and differences may be indicators for classification (e.g., social behaviors are

related to depressive symptoms); thus both should have representation. Therefore, I further

define the behavior relevance metric as the square of the Pearson correlation coefficient.

Data:
1 E: the epoch set; D: the days in the dataset; U : users in the training set;

2 F : the overall feature set. Fe: the feature set of a particular epoch e (⊆ E), Fe ⊆ F ;

3 RE,F : the list of raw behavior profiles. Each matrix Re,f (∣U∣ × ∣D∣) is the behavior profile of feature f

(⊆ Fe) in epoch e (⊆ E). Re,f ’s rows and columns can be indexed by a number or a list. For example,

Re,f [u, d] locates the feature value of user u on day d. Re,f [u,D] locates the feature array of user u in

days D. The same can be applied to other matrices in algorithms;

4 PE,F = Copy(RE,F ) ; // The placeholder of the imputed behavior profiles

5 for f in F do
6 e = GetEpoch(f,E);
7 CorU = PairwiseCor(Re,f , Re,f ) ; // Calculate the user-pairwise correlation matrix (|U|x|U|)

with the missing value ignored

8 for u in U do
9 Dm = FindDayMissing(Re,f [u,D]) ; // Get the days where u has missing data

10 for d in Dm do
11 Unm = FindUsersNotMissing(Re,f [U, d]) ; // Find users who have data on d

12 weightu = CorU [u,Unm] ; // Use correlation scores as weights

13 Pe,f [u, d] = WeightedAvg(Re,f [Unm, d], weightu) ; // Impute the missing data

14 end

15 end

16 end
17 Return(PE,F ) ; // Return the imputed behavior profiles

Algorithm 3: Data Imputation.
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Data:
1 E, F , Fe, D, U same as Algorithm 3;

2 L: the label list in the training set. ∣L∣ = ∣U∣. The list can be indexed by a user u to get the label L[u], or

by a list of users U to get the label list L[U]. The same can be applied to other lists/arrays;

3 PE,F : the list of imputed behavior profiles. Each matrix Pe,f (∣U∣ × ∣D∣) is the imputed behavior profile of

feature f (⊆ Fe) in epoch e (∈ E);

4 RankingScoreF = EmptyArrayWithSize(F );ThresholdF = EmptyArrayWithSize(F ) ;

5 for uvd in U do
6 Utr = U \ {uvd} ; // Evaluate across each training user to ensure stability

7 accs = EmptyArrayWithSize(F );
8 for f in F do
9 e = GetEpoch(f,E);

10 CorUtr
= PairwiseCor(Pe,f [Utr], Pe,f [Utr]) ; // Calculate user-user correlation matrix

11 RelUtr
= CorUtr

⊙CorUtr
; // Correlation square as the relevance matrix

12 weights = RelUtr
− diag(RelUtr

) ; // Relavance metrics against others

13 labelscores = WeightedAvg(L[Utr], weights) ; // Label scores calculated from others

14 th1 = Avg(labelscores[{u;u ∈ Utr, L[u] = T }]); th2 = Avg(labelscores[{u;u ∈ Utr, L[u] = F }]);
15 th = Avg(th1, th2) ; // Splitting threshold

16 UpdateAvg(ThresholdF [f], th);
17 accs[f] = AccuracyByThreshold(labelscores, th,L[Utr]);
18 end
19 Filter(accs, th = 0.5) ; // Remove features that perform poorly on the training set

20 for f in F do
21 if Rank(f, accs) ∈ TopRank(accs) ; // Assign ranking scores

22 then RankingScoreF [f]+ = Rank(f, accs) ; else RankingScoreF [f]+ = 0 ;

23 end

24 end
25 SF = SelectTopFeatures(RankingScoreF );
26 TH = ThresholdF [SF ];
27 Return(SF, TH) ; // Return the selected features and their corresponding thresholds

Algorithm 4: Feature Selection

5.1.1.4 Feature Selection

I group raw sensor data into 10 epochs (morning, afternoon, evening, night, and the whole

day ×weekday and weekends) that capture behavior at different times. This further increases

the number of behavior features by order of magnitude. Therefore, selecting the most helpful
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features for distinguishing target labels is needed.

Using the behavior relevance metric, I conduct a feature selection process on the training

set. For each feature, an inner leave-one-user-out loop is used to find the most important

and stable features. Specifically, I take one user within the training set as the “validating

user” each time (the rest are “training users”), and compute label scores for all training

users, by calculating the weighted-average of the label value (False is -1 and True is 1), with

the relevance scores (against other training users) as weights. Then, I calculate the average

of these scores among users with False labels and another average among users with True

labels. I use the mean of the two average scores as the splitting threshold. To see how well

this feature works, its threshold is compared against each training user’s label score to get

a tentative label. Having the labels and the ground truth, the average accuracy for this

feature from training users can be obtained. I filter out features whose validation accuracy

is below 0.5 and assign a ranking score for the top ten percentile among the remaining

features according to the accuracy value (score n for n
th best feature) and zero for other

features. I repeat this across each “validating user” and get a series of ranking scores for

each feature. I then sum the score and pick half features with the lowest scores (i.e., top five

percentile features) as the best features. Alg. 4 lists the detailed steps for feature selection.

5.1.1.5 Majority Voting

When a testing user is added to the analysis (with already collected data), I first calculate

their relevance scores (against the users in the training set) for only the selected features.

Then, for each selected feature, I filter out the training users whose relevance score is

among the bottom-quartile (i.e., bottom 25 percentile, a conservative threshold [85]) as their

behavior is not relevant to the new user and can introduce noise. This leads to a unique,

personalized training set for each new user. For each selected feature, I calculate a weighted-

average label score for the new user, and obtain an intermediate classification output using

the splitting threshold calculated from users in the training set. In other words, for each

selected feature, using data from the remaining users for that feature, a classification result

just for that feature is produced. Finally, I use a majority voting approach to aggregate
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Data:
1 E, D, U , L same as Algorithm 3;

2 SF : the selected feature set from Algorithm 4; SFe: the selected feature set of a particular epoch e (⊆ E);

3 TH: the threshold lists corresponding to the selected features from Algorithm 4;

4 P
U
E,SF : the list of behavior profiles of training users U . Each matrix P

U
e,f (∣U∣ × ∣D∣) is the behavior profile

of feature f (⊆ SFe) in epoch e (∈ E);

5 ut: a testing user; Put
E,SF : the list of behavior profiles of the testing user t. Each matrix P

t
e,f (1 × ∣D∣) is

the behavior profile of feature f (⊆ SFe) in epoch e (∈ E).

6 Results = EmptyArrayWithSize(SF );
7 for f in SF do
8 e = GetEpoch(f,E);
9 Corut

= PairwiseCor(Put
e,f , P

U
e,f ) ; // Calculate the correlation matrix (1x|U|) between the

testing users and users in the training set

10 Relut
= Corut

⊙Corut
; // Correlation square as the relevance scores

11 Ut = FilterUsers(Relut
) ; // Remove users whose similary is among bottom-quartile

12 weightt = Relut
[ut, Ut];

13 score = WeightedAvg(L[Ut], weightt);
14 if score > TH[f] then Results[f] = TRUE else Results[f] = FALSE

15 end
16 FinalResult = MajorityV oting(Results) ; // Majority voting across epochs

17 Return(FinalResult);
Algorithm 5: Memory-based Classification

these features’ intermediate outputs, as shown in Alg. 5.

5.1.2 Personalized Interpretation

Beyond classification, I further propose a method that combines the relevance metric with

ARM to provide personalized interpretation. In Ch. 4, I applied ARM on the whole partic-

ipant group to generate popular behavior rules among the population. In contrast, here I

propose to focus on a single user’s data for personalized interpretation. The interpretation

focuses on generating personalized behavior rules that can capture the behavior differences

between target users and other users, provide more insights into their life experiences, and

suggest potential ways to support behavior changes to achieve a desired goal.

As the interpretation is focused on behavior distinctions, I identify a small subset of
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users whose behaviors are very different from a target user (Sec. 5.1.2.1). Then, I leverage

ARM to mine frequent behavior rules separately (Sec. 5.1.2.2). Finally, I identify the rules

that can provide the most meaningful information (Sec. 5.1.2.3).

5.1.2.1 Identifying Informative User Groups with Negative Correlated Behavior

Different users have different degrees of similarities when compared to a target user. In

order to generate personalized interpretation, I need to first identify a group of users that

are the most informative. Users in the group have different labels than the target user, and

very different behavior on the selected features. For instance, if the target user is a student

with depressive symptoms, then the identified group would be the subset of the users who

do not have depressive symptoms and whose behavior features are strongly relevant to the

target user, but in a negative direction, i.e., strong negative correlation (among the top-

quartile for a given behavioral feature). It is worth noting that this process is conducted on

each target user and each selected feature individually. Therefore, the identified groups are

personalized to every user.

5.1.2.2 Behavior Rule Mining

I use one target user t and one selected feature fs, together with the identified user group

g as examples when introducing the next two steps. Given the target user t, I create an

identified user group g in terms of the selected feature fs. I then employ ARM on the

discretized features two times to mine frequent behavior rules, once using the target user

t’s data and again using the identified group g’s data. The output rules of ARM are in the

form of X → Y with support P (X) and confidence P (Y ∣X), where both X and Y are a

set of discretized features at certain levels.

Each selected feature fs belongs to a particular epoch. The rule mining is performed on

the whole feature set within the epoch, which outputs a large number of behavior rules. An

informative rule should suggest meaningful behavior changes to influence the final outcome.

To identify these rules, I only focus on the rules whose Y includes the selected feature fs,

because fs affects the classification result during the majority voting procedure. I dynami-
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cally adjust ARM support and confidence thresholds to ensure the number of behavior rules

from the target user and the identified group is no less than ten thousand.

5.1.2.3 Behavior Rule Pairing

With the rules from the target user side t and the identified group side g, two sides need to

be comparable. I propose a rule pairing approach to align the rules from the two sides.

If two rules (one from each side) have exactly the same antecedent and a similar con-

sequent, they can be aligned. Specifically, two rules will be paired if they have identical

X (the same features at the same discretized value levels) and the same features in Y

(but not necessarily the same level). For example, if the target user has a rule Rt as

Xt ∶ {fx(low)} → Yt ∶ {fs(medium)}, a rule to be paired on the identified group Rg needs

to have Xg exactly same as Xt, i.e., Xg ∶ {fx(low)}. Meanwhile, its Yg needs to have the

same features fs, but not necessarily at the same level, i.e., Yg ∶ {fs[at any level]}.
On each side, it is possible that among the selected rules, there might be multiple rules

having identical X and same features in Y , but at different feature value levels. Contin-

uing the example, on the identified group side, one rule Rg1 is Xg ∶ {fx(low)} → Yg ∶{fs(medium)}, while another rule Rg2 is Xg ∶ {fx(low)} → Yg ∶ {fs(high)}. This will lead

to multiple pairs of rules, i.e., Rt can be paired with both Rg1 and Rg2. However, Rg1

and Rg2 appear with different frequencies in the dataset, as represented by their confidence

values (their support values are the same because of the same Xg). Including both pairs will

introduce additional noise. Therefore, for each X, I only retain the rule with the highest

confidence and discard other rules, as this rule is the most representative and indicates the

most common behavior when X appears. Then, I pair these representative rules following

the description above and discard the unpaired rules. Once the rules are paired, I select

the top three rule pairs that have the most significant confidence gap between the two sides

for interpretation. This step finds the largest behavior differences between the target user

and the identified group. I repeat the process for each selected feature to obtain a set of

personalized behavior rules for the target user.

The pipeline is described in Alg. 6. The whole pipeline is conducted on each target user
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independently. Thus the interpretation provided by the final selected rules is personalized.

5.2 Evaluation

I used one year of dataset from Ch. 3 to evaluate the performance of the algorithm and

compared it against baseline methods. I then demonstrated how my method can generate

Data:
1 E, F , Fe, D, U , L same as Algorithm 3; SF : the selected feature set from Algorithm 4;

2 ut: a target user with L[ut] = target; Untar : non-target users with L[Untar] ≠ target, e.g., with vs.

without depressive symptoms;

3 PE,F : the list of behavior profiles. Each matrix Pe,f (∣U∣× ∣D∣) is the imputed behavior profile of feature f

(⊆ Fe) in epoch e (∈ E).

4 PersonalizedRules = EmptyList();
5 for f in SF do
6 e = GetEpoch(f,E);

// Get the identified group whose behavior are most negatively correlated

7 Put
= Pe,f [ut,D];PUntar

= Pe,f [Untar ,D];
8 Corut

= PairwiseCor(Put
, PUntar

) ; // Calculate correlation scores between each target user

and non-target users

9 Relut
= Corut

⊙Corut
;

10 filter(Relut
, Sign(Corut

) < 0) ; // Focus on users with negative correlation

11 Uidt = GetTopUsers(Relut
) ; // Get the top quartile users as the identified group

// Mine behavior rules seperately, focusing on rules with f in Y

12 P
′
ut

= {Pe,f [ut,D]; f ∈ Fe};P ′
Uidt

= {Pe,f [Uidt,D]; f ∈ Fe} ; // Get full behavior set

13 BehaviorRulesut
= AssociationRuleMining(P ′

ut
, f);

14 BehaviorRulesUidt
= AssociationRuleMining(P ′

Uidt
, f);

// Focus on the rules with the highest confidence under each context, i.e., X

15 BehaviorRulesut
= UniqueContext(BehaviorRulesut

);
16 BehaviorRulesUidt

= UniqueContext(BehaviorRulesUidt
);

17 PairedRules = Pair(BehaviorRulesut
, BehaviorRulesUidt

) ; // Same context X

// Select the top three rules with largest gap on rule confidence

18 TopRules = GetTopRules(PairedRules);
19 Append(PersonalizedRules, TopRules);
20 end
21 Return(PersonalizedRules);

Algorithm 6: Personalized Interpretation
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personalized interpretation and inspected examples of personalized behavior rules.

5.2.1 Implementation

As there was no need for hyperparameter tuning, the implementation was straightforward

from Alg. 3 to Alg. 6.

I compared the method with a few closely related baseline methods on the same dataset.

I employed leave-one-user-out cross-validation to avoid over-fitting.

1. Majority, a baseline that simply classifies all samples as the major class in the dataset.

2. Single Best Threshold, a simple threshold-based method that uses the best single mean

& variance aggregated feature as the splitting threshold.

3. K-Nearest Neighbour (KNN), a typical similarity-based method that uses similar neigh-

bours for classification [88]. I adopted Euclidean distance of all features as the similarity

measurement. K was set as 5.

4. Lazy Bayesian Rules (LBR), a classical sample-specific personalized algorithm that builds

a naive Bayesian classifier for each test sample when it appears [232].

5. Long short-term memory (LSTM), a neural network commonly used for time series

data [157]. I used a small two-layer bidirectional LSTM, both with 16 hidden units

and each users’ feature across the whole study period as one data point.

6. Personalized Logistic Regression (PLR), a recent state-of-the-art sample-specific person-

alized algorithm [107]. It assigns specific parameters for each sample, with low-rank

representation and external covariates as the approaches to limit the parameters’ degree

of freedom. Based on grid search, I set the rank as 10 and the number of neighbors as 3.

7. Multi-sensor Classifier (MSC), a popular method for depression prediction that concate-

nates multiple sensors’ average feature value and trains a classifier with off-the-shelf

models. It closely replicates some previous work (e.g., [54, 156, 195]). I used random

forest, with the maximum depth and the tree numbers 5 and 30 based on tuning.

8. Contextually-Filtered Classifier (CFC), the method introduced in Ch. 4. Note that CFC

is a population modeling approach. The hyperparameters of the final AdaBoost decision-
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Table 5.1: Comparison of baseline and state-of-the-art machine learning classifiers and

our new algorithm. T-tests on both the balanced accuracy and the F1 score between our

method and the best baseline CFC show that our method significantly outperforms the

baseline method (p < 0.05 in all cases).

Algorithm Accuracy Bal Accuracy Precision Recall F1 Score

Majority 0.608 0.500 0.608 1.000 0.756

Single 0.639 0.679 0.853 0.492 0.624

KNN [88] 0.567 0.527 0.627 0.712 0.667

LBR [232] 0.629 0.615 0.702 0.678 0.690

LSTM [157] 0.557 0.462 0.589 0.898 0.711

PLR [107] 0.667 0.668 0.765 0.661 0.709

MSC [54,156,195] 0.716 0.700 0.725 0.771 0.747

CFC [209] 0.773 0.781 0.863 0.746 0.800

Our Algorithm 0.825 0.819 0.862 0.847 0.855

tree-based classifier, i.e., maximum depth and the number of the estimator, were set as

5 and 20 based on tuning.

5.2.2 Results

5.2.2.1 Achieving Better Modeling Performance

Overall Performance. The modeling results are summarized in Tab. 5.1 in terms of

five metrics: accuracy (the overall success rate), balanced accuracy (taking the imbalance

on labels into account), precision, recall, and F1 score. Compared to the best-performing

baseline model (CFC), my method’s results have improvement in most metrics, particularly

the accuracy (5.1%), the recall (10.1%) and the F1 score (5.5%). I also investigated how

much data is needed in order to obtain a satisfactory performance of my algorithm.

How Many Days Does The Algorithm Need? I evaluated the effect of the number
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(a) Counting Forward (b) Counting Backward

Figure 5.3: The results when using data from different numbers of weeks. Forward means

using the data between the beginning of the data collection period (the beginning of the

semester) and the particular week number, while backward means using the data between

the particular week number till the end of the period (the end of the semester). Error bars

indicate the standard error of the mean.

of days of data from two perspectives: forward and backward. Given a particular week

number, forward means only using the data between the beginning of a study and the week

number, while backward means only using the data between the week number through until

the end of the period, i.e., the time when students finished the final BDI-II survey. These

two perspectives are complementary. The first perspective indicates how early we can use

the collected data to predict the depression status at the end of the semester, while the

second perspective indicates how depression can be reflected in the most recent behavior.

Fig. 5.3 visualizes the results of both perspectives.

In general, both figures present an increasing trend on the two metrics as the number of

days used for training increases. Some interesting phenomena are found: In the counting

forward approach, it follows an overall trend that the more data we have, the better perfor-

mance we can achieve. The performance of only using the data from the first several weeks

to predict the depressive status at the end of the semester is not satisfactory. Moreover,
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there is a small drop in balanced accuracy from week 8 to week 10, accompanied by a smaller

drop in F1 score (see Fig. 5.3a). This was during the mid-term period and students might

have been busy preparing for exams, indicating that such a break in their routine might

affect the effectiveness of the relevance metric for depression detection. From the backward

perspective, there is a peak in balanced accuracy using five weeks of data (end of study back

to week 11). The F1 score also has a small peak, but it is less significant. This suggests

that a one-month period could be a good time window for signaling depression status.

How Many People Does The Algorithm Need? I also evaluated the method in

terms of the number of users required to establish a good training set. To determine this, I

uniformly sample a certain number of users from the whole dataset and call this the training

dataset. The remaining users comprise the testing dataset. The process is repeated one

hundred times to obtain the mean and the standard error. Fig. 5.4 visualizes the results.

Not surprisingly, both the balanced accuracy and the F1 score increase monotonically as

the number of users increases. The more users in the training set, the more likely a testing

user can find users with similar or opposite behavior, leading to better results. Such an

increase becomes slower when the number of users is above 60. Both metrics are close to a

plateau when there are 60 participants.

Figure 5.4: The results when using different numbers of users for training. Each data point

is the mean of one hundred random samples from the dataset.
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Figure 5.5: The balanced accuracy results of the feature ablation study. Each time one

of the seven feature types is removed and the whole pipeline is applied on the remaining

features.

How Important is Each Feature Type? In order to investigate the effect of each

feature type, I further conducted a feature ablation study. For the seven feature types –

phone screen, call, Bluetooth, location, campus, sleep, and step – I removed one of them

and re-ran the whole pipeline using the remaining six feature types. Fig. 5.5 summarized

the results.

The results show that the two mobility-related feature types (location and campus)

were the most important, and removing them leads to the biggest drop in the balanced

accuracy (17.3% and 6.6% absolute value, respectively). This is supported by the previous

literature [54, 156]. In contrast, removing Bluetooth feature has the least effect, with 1.4%

absolute value drop.

5.2.2.2 Obtaining Individual-Level Interpretability

Beyond achieving good classification results, I further show that the method is able to gen-

erate a personalized understanding of individual students, especially those with depressive

symptoms.

The behavior rules generated from my method are tailored for every student with positive

labels (i.e., having depressive symptoms). I randomly picked two students with moderate
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depression (P18 with post BDI-II score 24, and P72 with post BDI-II score 26) as anecdotal

examples and investigated how the personalized rules capture behavior differences from their

identified user groups (students without depressive symptoms) with different behaviors.

Tab. 5.2 lists out a subset of these rules.

The majority of the rules between the two students are different. It is expected as

these two students did not have identical behavior. Interestingly, close inspections of the

rules reveal both the homogeneity and the heterogeneity at the same time. Some of their

behaviors share commonalities that are supported by existing depression-related literature,

while some other behaviors are quite different between the two.

The top four rows of Tab. 5.2 shows examples of the homogeneity of sleep pattern and

phone usage behavior. P18’s weekend morning rule No.4 indicates that P18 had more

interrupted sleep (higher number of sleep bouts) compared to their identified group on

weekend mornings when they were not at social spaces or dorm, and their total numbers

of sleep bouts (including being asleep, restless, awake) were low. Similarly, P72’s weekday

all-day rule No.3 indicates that P72 had shorter sleep duration than the identified group

when they had fewer incoming calls and were away from social spaces. Both rules indicate

that the two students’ sleep patterns were disturbed. Similar sleep patterns were consistent

among other students. Among the 38 students who were labeled as being depressed, 92.1%

of them (35 out of 38) had more than half of the rules about sleep showing a

more disturbed sleep pattern than in their respective identified group. Moreover,

73.7% (28 out of 38) had more than seventy percent of the rules showing such a trend.

Beyond sleep patterns, homogeneity was also observed in phone usage patterns. For

P18’s weekday evening rule No.10, both the user and the identified group had a high number

of unlocks per minute when they mostly stayed somewhere far from dorms and social spaces.

Their rules have a similar support value but P18’s rule had a higher confidence value, which

means that this rule was more common for P18 than for the identified group. This suggests

that P18 was unlocking their phone more often. Likewise, P72’s weekday evening rule No.2

shows that P72 spent a longer time than the identified group interacting with their phones

when they remained sedentary at some place outside dorm. Both rules reflect that the

two students had more active phone usage than their respective identified groups. These
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Table 5.2: Examples of top paired rules that capture behavior differences between a target

user with depression and their identified groups without depression. Two rules in a pair have

identical X and the same selected feature in Y (shown in bold). Each item is displayed in a

“[feature type]feature(discretized value)” manner. The bold feature highlights the difference

between the target user and the identified group. The dashed lines group the type of selected

features such as sleep-related and screen-related behavior.

PID Rule X Ytar
suptar

conftar
Yoppo

supoppo

confoppo
Property

18
Wkend

Morning

No.4

- [Campus] Pct. of time at

social space or dorm (low)

- [Sleep] Total bout nums

during the sleep (low)

- [Sleep] Num of bouts

being asleep (medium)

0.200

0.667

- [Sleep] Num of bouts

being asleep (low)

0.152

0.298

More disturbed

sleep pattern

72
Wkdy

Allday

No.3

- [Campus] Pct. of time at

dorm (low)

- [Sleep] Duration of being

asleep (low)

- [Campus] Pct. of time at

sports space (low)

0.367

0.550

- [Sleep] Duration of being

asleep (medium)

- [Campus] Pct. of time at

sports space (low)

0.172

0.246

More disturbed

sleep pattern

18
Wkdy

Evening

No.10

- [Location] Moving time

Pct. (low)

- [Campus] Pct. of time at

social space or dorm (low)

- [Screen] Num of unlock

per minute (high)

0.132

0.588

Same as Ytar

with lower conf

0.137

0.413

More phone

interaction

72
Wkdy

Evening

No.2

- [Location] Pct. of time at

home (low)

- [Step] Avg duration of

sedentary bouts (high)

- [Campus] Pct. of time at

dorm space (low)

- [Screen] Avg duration of

interaction bouts (high)

0.171

0.302

- [Campus] Pct. of time at

dorm space (low)

- [Screen] Avg duration of

interaction bouts (low)

0.161

0.395

More phone

interaction

18
Wkend

Allday

No.23

- [Bluetooth] Num of unique

others’ device (low)

- [Campus] Pct. of time at

social space or dorm (low)

- [Campus] Pct. of time at

greens space (low)

- [Campus] Pct. of

time at sport space (low)

0.267

1.000

Same as Ytar

with lower conf

0.222

0.435

More time

at sport space

72
Wkend

Allday

No.18

- [Location] Log of

location variance (high)

- [Campus] Pct. of time at

dorm (low)

- [Campus] Pct. of

time at sport space (low)

0.267

0.533

Same as Ytar

with higher sup and conf

0.356

0.744

Less time

at sport space

18
Wkend

Allday

No.21

- [Call] Num of

outgoing calls (low)

- [Sleep] Total bout nums

during the sleep (low)

- [Call] Num of

outgoing calls (medium)

0.133

0.364

- [Sleep] Total bout nums

during the sleep (low)

- [Call] Num of

outgoing calls (low)

0.300

0.720

More call

communication

72
Wkend

Evening

No.7

- [Call] Num of

outgoing calls (low)

- [Campus] Pct. of time at

dorm (low)

- [Call] Duration of

outgoing calls (low)

0.166

0.625

Same as Ytar

with lower sup and conf

0.158

0.441

Less call

communication
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patterns were also observed in other students: 73.7% of the users with depressive

symptoms have the majority of the rules about phone usage showing the same

trend. These observations are consistent with the population-level interpretation in Ch. 4

and are supported by relevant findings in psychology and clinical psychiatry [16,181,186].

In contrast, some rules capture behavior heterogeneity between P18 and P72. Examples

of mobility and communication behavior are shown in the last four rows in Tab. 5.2. P18’s

weekend all-day rule No.23 suggests that P18 spent a shorter time in sports spaces (for

exercise) and green spaces (for relaxation) than the identified group when they were out of

dorms and far from large groups of people (indicated by the Bluetooth feature). However,

P72 had a rule with the opposite behavior: P72 spent more time in sports spaces than the

identified group when they were out of the dorm and had a large location variance. A similar

contrast was also observed in phone call behavior. P72 had a shorter duration of outgoing

phone calls than that of the identified group (weekend all-day rule No.21), indicating less

social communication. In contrast, P18 had more outgoing calls than the identified group

under similar contexts. These distinguishing rules reflect individual behavior differences

between P18 and P72.

As the interpretation method is designed to mine each individual’s behavior rules in-

dependently, it can capture the behavior similarity and the difference among users at the

same time. Examples in Tab. 5.2 support that my method can generate personalized rules

for personalized interpretation.

5.3 Summary

In this chapter, I presented a new method for personalized behavior classification. My

method borrowed the idea from memory-based collaborative filtering and used the behav-

ior correlation square to capture the behavior relevance among individuals. Moreover, it

combined the relevance metric and association rule mining to obtain personalized behav-

ior rules. The results showed that the method outperforms the state-of-the-art model on

depression prediction by 5.1% on the accuracy and 5.5% on the F1 score, with statistical

significance. Moreover, the method also generated highly interpretable rules that capture

both homogeneity and heterogeneity in students’ behavior related to depression.
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Chapter 6

GENERALIZABLE BEHAVIOR MODELING

Addressing interpretability and personalization on a single dataset is important. How-

ever, it is only the prerequisite for building deployable and generalizable modeling tech-

niques. To ensure that a behavior model can work for a larger group of users, its generaliz-

ability needs to be verified on multiple datasets from different populations. This leads to our

third research question (RQ3): How to generalize a model to other populations/contexts?

In this chapter, I first point out the challenges of cross-dataset generalization (Ch. 6.1)

and the lack of model generalizability in previous research (Ch. 6.2). Then, to answer

RQ3, I introduce my new algorithm to improve model generalization by leveraging behavior

continuity – one of the human behavior nature properties of daily routines (Ch. 6.3 and

Ch. 6.4). Furthermore, I develop a new benchmark platform with 26 behavior models to

accelerate the generalizability research for other researchers (Ch. 6.5). Finally, I summarize

this chapter in Ch. 6.6.

6.1 Challenge of Cross-dataset Generalization

To quantify the difference among datasets, I first conducted a “Name-The-Dataset” task on

our four datasets [184]. For every dataset, I aggregated each feature matrix by calculating

the mean along the time dimension to obtain a feature vector for each sample. I then

performed an 80%/20% user split for the training/testing set, i.e., no overlapping user’s

data is in both the training and testing sets simultaneously. I used a portion of the training

data to train a small random forest model (10 decision trees, each with a maximum depth of

3) to classify which dataset a data belongs to (i.e., four-class classification). I used SMOTE

to mitigate the data imbalance as datasets have different sizes [34].

The left side of Fig. 6.1a indicates the model performance on the testing set. With only

one user in the training set (around 0.2% of samples from the training set), the model is able
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to achieve an average accuracy of 62.0%, compared to 25% as the baseline. With five users

(1%) and 50 users (10%) from the training data, the accuracy reaches 81.7% and 96.8%,

respectively. These results indicate that the behavior features from different datasets (i.e.,

populations or years) have different distributions allowing them to be easily differentiated.

Feature normalization is one of the common techniques for mitigating feature value

differences and aligning the data. Therefore, I also trained another model with normalized

features (subtracting the median and dividing by the 5-95 quantile range). As shown in the

right side of Fig. 6.1a, the model still achieves an accuracy of 34.0%, 49.9%, and 67.8% with

1, 5, and 50 users from the training set. The normalization does diminish the distribution

shift, but the distinguishable differences between datasets still persist.

To quantify the differences among individuals, I further conducted a “Distinguish-The-

Person” task, replacing the label from the dataset with the user ID. I performed an 80%/20%

split on each user’s data for the training/testing set. Similar to the “Name-The-Dataset”

task, I then used a proportion of the training data to train another random forest model

(maximum leaves=2k) to classify which user ID a data point belongs to, which is a chal-

lenging 534-class classification task (same as the total number of unique participants in the

four datasets).

The two plots in Fig. 6.1b show the performance using the features before and after

normalization. Using 1, 5, and 10 data points per user from the training set, the model

achieves 24.7%, 74.8%, 87.4% using direct features, and 12.2%, 33.5%, 50.5% using normal-

ized features, which are all significantly higher than the baseline accuracy 0.19% (1/534). I

also tested the person-year classification (618 user-years), which showed similar results.

These analysis results clearly show that data from different datasets and individuals

all have distinguishing distributions. In the “Distinguish-The-Person” task, the relative

advantage over baseline is even larger than the “Name-The-Dataset” task, suggesting that

the challenges of domain generalization in longitudinal human behavior modeling may come

more from individual differences than dataset or population differences.
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(a) “Name-The-Dataset” Task (n=10, max depth=3)

(b) “Distinguish-The-Person” Task (n=10, max leaf num = 2K)

Figure 6.1: Results of Domain Classification Tasks using Simple Random Forest. Four

colored lines indicate the accuracy of the four datasets, and the black line indicates the

overall accuracy. Error bar indicates the standard error. The same below.

6.2 Lack of Generalizability in Previous Research

In order to inspect how generalizable previous depression prediction algorithms are, I re-

implemented nine algorithms with the same or similar features, and evaluated these models

on four datasets in Ch. 3. It is worth noting that the re-implementation may not be exactly

the same as the prior work due to the lack of open-source code.

1. Canzian et al. [29]: used location trajectory features directly computed from the past



54

two-week time window to train a support vector machine (SVM) for depression predic-

tion.

2. Saeb et al. [156]: used the combination of location and screen features and aggregated

their daily average of the past two weeks to train a logistic regression model with elastic

regularization.

3. Farhan et al. [54]: used location and physical activity features from the past two-week

window to train an SVM model.

4. Wahle et al. [195]: used features from several sensors (activity, location, WiFi, screen,

and call) over the past two weeks. They used both daily aggregations (i.e., mean, sum,

variance) and direct computation of the features of the two weeks to build SVM and

Random Forest models. I left out the WiFi and call features to ensure its compatibility

with our datasets.

5. Lu et al. [117]: used location, activity, and sleep features computed from the past

two weeks and built multi-task learning models combining linear regression and logistic

regression. To further deal with device platform differences, they built one model for iOS

devices and one for Android devices.

6. Wang et al. [201]: used location, screen, activity, sleep, and audio features and aggre-

gated their daily average and slope of the past two weeks (for the frequent prediction) or

the whole study period (for the end-of-term prediction). They built a lasso-regularized

logistic regression model for the prediction. I excluded audio features as they were not

collected in all datasets.

7. Xu et al.- Interpretable [209]: the method in Ch. 4. It was originally developed and

evaluated on only one dataset in Ch. 3.

8. Xu et al.- Personalized [210]: the method in Ch. 5. It was originally developed and

evaluated on only one dataset in Ch. 3.

9. Chikersal et al. [35]: used a similar set of basic features as Xu et al.- Interpretable and

calculated more aggregations (breakpoint and slope) across multiple time ranges (daily

and biweekly). They first trained a nested randomized logistic regression for feature

selection. Then, they trained separate gradient boosting and logistic regression models
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using data from every sensor, and combined the prediction with another Adaboost model

to generate the final prediction.

Some models focused on end-of-term detection [35,54,156,209,210], while others focused

on frequent weekly detection [29,117,195,198]. Thus I evaluated these models on both tasks.

To keep the process consistent with the prior work, the models’ hyperparameters were tuned

via grid search with the same range as mentioned in each prior work. The training and

testing used data from the same dataset, using twenty-fold cross-validation at the user level

(i.e., leaving 5% of the users out in each fold). For each of the four datasets, I repeated this

process and calculated balanced accuracy as the metric. Tab. 6.1 summarizes the results of

model performance on each dataset.

For the end-of-term depression prediction, only three models, Xu et al.- Interpretable, Xu

et al.- Personalized, and Chikersal et al., achieve a balanced accuracy over 60%. However,

these models’ performance is significantly lower than the reported result in the prior work

(average ∆ = 15.9 ± 10.7%). Similar findings are also observed in the repeated weekly

depression prediction task. None of these models’ performance reaches 60%. Again, there

is a big gap between the reported results and the results in our datasets (average ∆ =

22.6 ± 8.5%). Such findings indicate that prior algorithms do not generalize well on our

datasets.

6.3 Methods

The previous two sections show the challenge of cross-dataset generalization. To address this

challenge, I propose two new methods that leverage human behavior characteristics from

two different perspectives: one using the similarity of behavior trajectories among different

individuals (Section 6.3.1), and the other leveraging the continuity of behavior trajectories

of each individual (Section 6.3.2).

6.3.1 Clustering Similar Behavior Trajectories to Train Independent Models

This method stems from a simple intuition: Although participants are from different pop-

ulations, certain periods of some users’ behavior trajectories could be similar and clustered
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Table 6.1: Balanced Accuracy of Predicting End-of-term or Weekly Depression Status.

Models are evaluated by 5-fold cross-validation within each of the four datasets. The ”Prior

Work” columns show the performance contrast between the reported results in prior liter-

ature (evaluated on their own datasets) and the results on our datasets. +/++ means the

literature only reported F1-score/ROC AUC, which was usually close to balanced accuracy.

Model
Task1: End-of-Term Depression Detection Task2: Weekly Depression Detection

DS1 DS2 DS3 DS4 Avg Prior Work DS1 DS2 DS3 DS4 Avg Prior Work

Majority Baseline 0.500 0.500 0.500 0.500 0.500 - 0.500 0.500 0.500 0.500 0.500 -

Canzian et al. [29] 0.559 0.516 0.526 0.500 0.525 - 0.512 0.497 0.512 0.500 0.505 0.760

Saeb et al. [156] 0.539 0.508 0.562 0.480 0.522 0.791 0.496 0.549 0.508 0.506 0.515 -

Farhan et al. [54] 0.552 0.609 0.505 0.620 0.572 0.855 0.519 0.515 0.519 0.513 0.517 -

Wahle et al. [195] 0.526 0.527 0.562 0.583 0.550 - 0.514 0.530 0.519 0.503 0.516 0.616

Lu et al. [117] 0.574 0.558 0.403 0.634 0.542 - 0.531 0.499 0.482 0.534 0.511 0.770+

Wang et al. [201] 0.566 0.500 0.537 0.503 0.527 - 0.534 0.500 0.512 0.500 0.512 0.809++

Xu et al.- Interpretable [209] 0.722 0.623 0.815 0.706 0.716 0.806 0.533 0.576 0.677 0.553 0.585 -

Xu et al.- Personalized [210] 0.723 0.699 0.818 0.649 0.722 0.819 0.568 0.562 0.614 0.572 0.579 -

Chikersal et al. [35] 0.728 0.776 0.795 0.698 0.749 0.816 0.615 0.613 0.595 0.551 0.593 -

together. Data in the same cluster might have closer distributions and simplify the classifi-

cation task within the cluster.

Specifically, I build an ensemble model based on unsupervised clustering. Using all

training data, I first follow [71, 208] to train a deep clustering model with convolutional

auto-encoders (DCEC) that assigns data points with cluster indices. For each cluster, I

then use data in that cluster to train a small Siamese model [97]. In the inference stage,

data is fed into the DCEC model to find the cluster index, and classified by the corresponding

Siamese model.
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6.3.2 Reordering Behavior Trajectory to Force The Model to Learn Behavior Continuity

The challenge of domain generalization is mainly caused by the data distribution shift in

heterogeneous domains. In our case, such a shift comes not only from dataset differences

(i.e., each subpopulation behavior pattern varies [43, 126]), but also from individual differ-

ences (i.e., each person behaves uniquely [133, 173]). However, despite these differences,

there still exists a range of similarities among individuals’ behaviors. For example, people

tend to have daily routines, which define the structure of and influence of almost every as-

pect of everyday behaviors [21]. Although individuals have unique routines, these patterns

would lead to continuous or even repetitive behavior trajectories from day to day [80]. Such

an observation motivates me to leverage behavior continuity and construct a self-supervised

learning task to obtain generalizable feature representations.

Self-supervised learning is a recently popular learning paradigm that builds self-supervised

tasks (i.e., pretext tasks) from unlabeled data. The pretext tasks are often not directly re-

lated to the main prediction task. It has been applied to domain generalization problems

in CV tasks (e.g., JiGen [31], SelfReg [90]) and NLP tasks (e.g., BERT [45]).

To leverage the continuity of behavior trajectory, inspired by [31], I propose a new

multi-task learning model, Reorder, with a new pretext task called reordering puzzle (see

Fig. 6.2): I shuffle the temporal order of the feature matrix, and train a model to reconstruct

the original sequence, jointly optimized with the main classification task over different do-

mains. The model needs to achieve two tasks simultaneously: 1) it will learn to capture

the continuity of behavior trajectories, so that it can find the right temporal order of the

time-series feature data after shuffling; and 2) it will also learn to solve the main task

(i.e., depression prediction in our case). Due to the prevalence of the continuous behavior

trajectories based on human nature (analogous to the continuous edges and patterns in

images [31]), solving the first task by learning such continuity could assist the model to

extract more generalizable representations of behavior trajectories across individuals. This

can enable more robust domain generalization in behavior modeling.

Specifically, I create a multi-task learning model function h, with the 1D-CNN based

embedding (parameters θf ), fully connected layers for reordering (parameters θr), and fully
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connected layers for classification (parameters θc).

The first task is the main classification task. The loss function of this task is Lc(h(x∣θf , θc), y),
where x is the input matrix, and y is the classification label. The second task is the reorder-

ing task. I first sliced the feature matrix along the temporal dimension into n segments and

then shuffled these segments. I picked the number of segments n = 10 (⌈28/3⌉) since 28! or

14! (28/2) is too computationally expensive. Moreover, as 10! total possible permutations

is an overly large number, I follow the practice in [31] and predetermine a subset of P = 200

permutations by following the Hamming-distance-based method [135]. I then assign an in-

dex to each permutation. Within the subset, the reordering task is equivalent to identifying

the index of the permutation, which is essentially a classification task. Therefore, the loss

function of the reordering task is Lr(h(z∣θf , θr), p), where z is the feature matrix x after

the reordering, and p is the permutation index. Overall, the model can be trained via the

Figure 6.2: The Design of Reorder Compared to ERM. In addition the main behavior

modeling task, Reorder further introduces a secondary task of solving a reorder puzzle to

force the model to learn the continuity of behavior trajectory.
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following objective function:

argmin
θf ,θc,θr

S

∑
i=1

(Ni

∑
j=1
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Loss Func of The Main Task

+
βNi

∑
j=1
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Loss Func of The Reordering Task

)
where both Lc and Lr are cross-entropy losses. S is the total number of training domains,

and Ni is the size of a domain i. α is used to control the weight of the reordering task,

while β is used to control the size of reordering data. x
i
j , y

i
j , z

i
j , p

i
j are specific instances

in each domain i with index j. Moreover, I also incorporate the Mixup augmentation

technique [228] to increase the variation of the data. It is worth noting that the reorder

puzzle is only enabled during the training stage. There is no shuffling at the testing stage

to avoid extra noise.

6.4 Evaluation

6.4.1 Cross-Dataset Evaluation

Using four datasets (two from UW and two from Dartmouth), I built a leave-one-dataset-out

evaluation pipeline [140, 152]. Specifically, each time I took out one dataset as the testing

set, and used the three other datasets as the training set. Such a cross-dataset analysis can

effectively measure how a model trained on existing datasets could work on a new unseen

dataset [109,184].

6.4.1.1 Baseline Comparison

Other than the existing nine depression prediction algorithm and my new two algorithms,

there are also a range of domain generalization algorithms that can be borrowed from the ML

community. I implemented eight well-studied deep learning techniques to cover the major

approaches of domain generalization [197], including 1) data manipulation (Mixup [228]),

2) representation learning (IRM [15], DANN [63], CSD [145]), and 3) learning strategy

(MLDG [109], MASF [48], Siamese [97]).

1. ERM (Empirical Risk Minimization) [191]: the basic model training techniques without

particular design for domain generalization. ERM shows competitive performance in
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previous CV generalization tasks [69, 197]. I implemented multiple architectures with

ERM: a) ERM-1D-CNN: one-dimensional CNN that treats the data as a time series

of length 28; b) ERM-2D-CNN: two-dimensional CNN that treats the data as a one-

channel image; c) ERM-LSTM: another architecture to model time-series data; d)

ERM-Transformer: a transformer-based architecture for modeling sequence data.

2. Mixup (ERM-Mixup) [228]: a popular data manipulation and augmentation technique

that performs a linear interpolation between any two instances with a weight sampled

from a Beta distribution. Mixup can be plugged into any model architecture and training

pipeline. In this paper, I used 1D-CNN in my experiment as it has a similar performance

as 2D-CNN, while being more robust to feature positions in the feature matrix. Similarly,

I also used 1D-CNN for the other methods in the rest of this section if they are agnostic

of architectures.

3. IRM (Invariant Risk Minimization) [15]: a representation learning paradigm to estimate

invariant correlations across multiple distributions and learn a data representation such

that the optimal classifier can match all training distributions.

4. DANN (Domain-Adversarial Neural Network) [63]: another representation learning

technique that adversarially trains the generator and discriminator. The discrimina-

tor is trained to distinguish different domains, while the generator is trained to fool

the discriminator to learn domain-invariant feature representations. For our purposes, I

treated each dataset as a domain (DANN - Dataset as Domain), or each person as

a domain (DANN - Person as Domain).

5. CSD (Common Specific Decomposition) [145]: a feature disentanglement-based rep-

resentation learning technique from the multi-component analysis perspective, which

extracts the domain-shared and domain-specific features using separate network param-

eters. Similar to DANN, I also investigated two versions of domain: CSD - Dataset as

Domain, and CSD - Person as Domain.

6. MLDG (Meta-Learning for Domain Generalization) [109]: one of the first methods using

meta-learning strategy for domain generalization. MLDG splits the data of the training

domains into meta-train and meta-test to simulate the domain shift to learn general



61

features. I again tried MLDG - Dataset as Domain, and MLDG - Person as

Domain.

7. MASF (Model-Agnostic Learning of Semantic Features) [48]: a learning strategy that

combines meta-learning and feature disentanglement. After simulating domain shift by

domain split, MASF further regularizes the semantic structure of the feature space by

introducing a global loss (to preserve relationships between classes) and a local loss (to

promote domain-independent class clustering). I tested MASF - Dataset as Domain,

and MASF - Person as Domain.

8. Siamese Network [97]: a metric-learning based strategy to find a better pair-wise

distance metric. It aims to decrease the distance between positive pairs (i.e., same

labels) and increase the distance between negative pairs (i.e., different labels).

The input-output format of these models is the same: I picked a subset of important

daily features in the most recent traditional depression prediction algorithms [35, 210]. I

then used the past-four-week feature matrix as the input, and the depression label as the

output.

6.4.1.2 Implementation

I focused on the weekly depression prediction as the main task, because the small sample size

of the end-of-term task makes it infeasible to train deep models, i.e., all of the models (17)

other than the prior depression prediction models (9). For the prior depression prediction

models, I followed a similar procedure to conduct a hyperparameter tuning by grid search

on the three training datasets.

The rest of the methods all used deep models. For methods that used 1D-CNN as the

backbone, I used a simple architecture based on a small-range tuning using ERM-1D-CNN:

It had three 1D-convolution layers (size 8, stride 3, ReLU activation), each followed by a

batch normalization layer, a max-pooling layer, as well as a dropout layer (rate 0.25). A

fully connected layer (size 16) was attached after flattening the third convolution layer’s

output to convert it into a vector of length 16. The following layers were then customized

for each model.
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For the new method Reorder, the feature layer was connected to two fully connected

layers (size 16 and 2) for the classification task, and another two layers (size 32 and 200)

for the reordering task. Additional model details are listed in codebase’s config files. For

the new method Clustering, I picked the cluster number as 60. The auto-encoder had two

1D-convolution layers (size 64 and 32) with the middle hidden size of 10. The Siamese

network in each cluster adopted the same three 1D-convolution layers (size 8) architecture

as other models.

Other architectures were also kept simple: 2D-CNN used three 2D-convolution layers

with the same size, stride, and activation function as 1D-CNN; LSTM used two bi-directional

layers (size 20); Transformer used two transformer blocks, each with 4 self-attention heads

(size 4) and a 1D-convolutional feed-forward layer (size 16).

For all models, I used Adam as the optimizer and adopted a cosine annealing schedule

to repeatedly decrease the learning rate and then restart with a higher learning rate [116],

with an initial learning rate of 0.001, an annealing decay of 0.95, and an annealing step size

of 100. I isolated 10% of the training datasets as a validation set. All models are trained

with 200 epochs, and the best epoch was picked based on the performance of the train

and validation set. In addition to balanced accuracy, I further employed ROC AUC and

balanced accuracy as the main evaluation metrics as they indicate the overall results with

varying decision boundaries in a detection problem.

6.4.1.3 Results

Tab. 6.2 lists out the results of all models on each of the four datasets, and Fig. 6.3 presents

the barplot of these models’ ranked average performance. There are a few noteworthy

observations.

First, all nine depression prediction models have worse performance than that of Tab. 6.1.

The best model, Chikersal et al., has an average balanced accuracy of 52.0% in the cross-

dataset evaluation, compared to 58.8% in the within-dataset evaluation. This performance

gap, in addition to the previously described gap between the reported results in prior work

and the results on our datasets, indicates that these models do not generalize well across
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Table 6.2: Model Performance of Predicting Weekly Depression Status across Datasets.

Models are tested on one dataset after being trained on all other datasets. The Adv column

indicates the advantage compared to the majority baseline. + or − indicates the algorithm

has at least one or no metric better than the baseline, with t-test statistical significance:

p < 0.1• (marginal significance), < 0.05
∗, < 0.01

∗∗, and < 0.001
∗∗∗.

Model
ROC AUC Balanced Accuracy

Adv
DS1 DS2 DS3 DS4 Avg DS1 DS2 DS3 DS4 Avg

Majority Baseline 0.500 0.500 0.500 0.500 0.500 0.500 0.500 0.500 0.500 0.500

Canzian et al. [29] 0.490 0.493 0.457 0.537 0.494 0.499 0.500 0.500 0.500 0.500 −

Saeb et al. [156] 0.516 0.491 0.554 0.504 0.516 0.504 0.499 0.510 0.510 0.506 +

Farhan et al. [54] 0.509 0.472 0.483 0.493 0.489 0.517 0.489 0.509 0.489 0.501 +

Wahle et al. [195] 0.496 0.550 0.502 0.503 0.513 0.501 0.510 0.500 0.505 0.504 +

Lu et al. [117] 0.557 0.505 0.443 0.449 0.488 0.538 0.496 0.438 0.492 0.491 −

Wang et al. [201] 0.536 0.539 0.500 0.500 0.519 0.501 0.502 0.500 0.500 0.501 +

Xu et al.- Interpretable [209] 0.457 0.507 0.461 0.496 0.480 0.501 0.498 0.478 0.502 0.495 −

Xu et al.- Personalized [210] 0.482 0.534 0.548 0.517 0.520 0.484 0.530 0.511 0.516 0.510 +

Chikersal et al. [35] 0.590 0.525 0.526 0.523 0.541 0.545 0.503 0.523 0.508 0.520 +∗

ERM - 1D-CNN [191] 0.511 0.530 0.512 0.511 0.516 0.503 0.510 0.522 0.520 0.514 +∗

ERM - 2D-CNN [191] 0.508 0.509 0.535 0.542 0.523 0.507 0.504 0.523 0.534 0.517 +∗

ERM - LSTM [191] 0.518 0.516 0.536 0.511 0.520 0.511 0.502 0.528 0.502 0.511 +∗

ERM - Transformer [191] 0.508 0.464 0.527 0.486 0.496 0.513 0.474 0.510 0.488 0.496 −

ERM - Mixup [228] 0.512 0.522 0.513 0.520 0.517 0.517 0.505 0.519 0.513 0.514 +∗∗∗

IRM [15] 0.546 0.514 0.518 0.507 0.521 0.532 0.513 0.524 0.510 0.520 +∗∗

DANN - Dataset as Domain [64] 0.501 0.510 0.465 0.506 0.496 0.499 0.500 0.500 0.500 0.500 −

DANN - Person as Domain [64] 0.512 0.511 0.470 0.507 0.500 0.500 0.500 0.500 0.500 0.500 −

CSD - Dataset as Domain [145] 0.519 0.530 0.516 0.504 0.517 0.517 0.530 0.504 0.494 0.511 +∗

CSD - Person as Domain [145] 0.510 0.521 0.524 0.536 0.523 0.500 0.513 0.523 0.522 0.514 +∗∗

MLDG - Dataset as Domain [109] 0.495 0.475 0.519 0.496 0.496 0.501 0.470 0.523 0.501 0.499 −

MLDG - Person as Domain [109] 0.509 0.539 0.512 0.488 0.512 0.499 0.522 0.498 0.483 0.501 +

MASF - Dataset as Domain [48] 0.505 0.514 0.506 0.522 0.512 0.496 0.499 0.509 0.499 0.501 +∗

MASF - Person as Domain [48] 0.508 0.502 0.485 0.523 0.504 0.507 0.507 0.489 0.498 0.500 +

Siamese Network [97] 0.512 0.509 0.488 0.508 0.504 0.512 0.509 0.488 0.508 0.504 +

Clustering 0.522 0.502 0.497 0.521 0.511 0.518 0.505 0.499 0.517 0.510 +•

Reorder 0.584 0.588 0.580 0.548 0.575 0.570 0.546 0.558 0.535 0.552 +∗∗∗

datasets. Since all of the evaluation experiments use the same features, the first explanation

of missing other sensors’ features does not play a role at this stage. Therefore, the gap
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between within-dataset and cross-dataset evaluation is mainly caused by the distribution

shift among different populations.

Second, modern ML techniques have been developed to deal with the challenge of feature

shift across domains. However, these models barely work on our datasets. Among the 15

models I investigated, CSD - Person as Domain and ERM - 2D-CNN achieve the highest

ROC AUC (52.3%). The results are similar to the results of traditional depression prediction

models (the best model Chikersal et al. achieves a ROC AUC of 54.1%). These evaluation

outcomes show that recent domain generalization methods do not work well on our datasets.

This can be explained by the fact that most methods were developed for CV or NLP tasks.

Their generalizability may be affected when applied to longitudinal behavior data. Another

interesting finding is the good performance of the naive ERM-based methods. Most of them

(except ERM-Transformer) rank top 10 among the total of 26 methods, outperforming many

generalization methods such as DANN and MLDG. Such a finding is consistent with the

results in DomainBed [69] and DeepDG [197]. Both pointed out that the ERM baseline

often has competitive generalization performance.

Finally and most importantly, among all 26 models, my newly proposed Reorder model

achieves the highest ROC AUC of 57.5% and the highest balanced accuracy of 55.2%.

As shown in Fig. 6.3, Reorder stands out among all methods. It outperforms the other

models by at least 3.4% on ROC AUC (6.3% relative advantage), and 3.2% on absolute

balanced accuracy (6.2% relative advantage), both with statistical significance (p < 0.05).

Since Reorder has the same 1D-CNN backbone as ERM-1D-CNN, the comparison between

these two models reveals the effect of adding the second reorder puzzle-solving task, which

boosts the performance by 5.9% on ROC AUC (11.4% relative advantage) and 3.9% on

balanced accuracy (7.6% relative advantage). Such an improvement illustrates that learning

the temporal continuity of behavior trajectory can enhance the model’s generalizability.

However, although Reorder shows positive signals on domain generalization, it is worth

noting that the model still has great room for improvement. A ROC AUC of 57.5% is still

far from being deployable in real-life scenarios, and more future research to improve model

generalizability is needed in the community.
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Figure 6.3: Model Performance of Predicting Depression across Datasets. The dashed line

indicates naive majority baseline.

6.4.2 Cross-Institute and Cross-Year Generalization Analysis

In addition to the leave-one-dataset-out evaluation, I conducted additional experiments to

obtain more insights into the models’ generalizability and investigate different generalization

challenges. As the four datasets were collected from two institutes across two years, I can

evaluate how these models generalize across institutes (i.e., different populations), and

across years (i.e., different users within the same population). Moreover, in each institute,

there were a small number of people who participated in both years. Thus, I also evaluated

the models on these subsets of users across years to test generalization across the same

participants at different times.

6.4.2.1 Cross-Institute

With datasets from Ch. 3, I used the two datasets from one institute as the training set,

and the two datasets from the other institute as the testing set. The models’ training setup
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was the same as the previous section. The left side of Fig. 6.4 presents the ranked average

balanced accuracy of all methods (train/test on institute 1/2 and then on institute 2/1).

Overall, the performance is not as good compared to Fig. 6.3. Xu et al.- Personalized has

the best performance, but it only achieves a ROC AUC of 53.1%, followed by my method

Reorder (52.4%). These lower performance results reflect that cross-institute generalization

is a more challenging task.

6.4.2.2 Cross-Year

Similarly, I used two datasets from one year as the training set, and the rest from the

other year as the testing set. The training setup was kept the same. The middle portion

of Fig. 6.4 shows the average balanced accuracy (train/test on year 1/2 and then on year

2/1). Compared to the cross-institute evaluation, the results of the cross-year evaluation

are slightly better. The method Reorder has the best performance, with a ROC AUC of

54.2%. This indicates that cross-year generalization could be easier than cross-institute

generalization. Moreover, some models have interesting contrasting results. For example,

Clustering ranks among the top 10 in the cross-institute evaluation, while it ranks among

the bottom 5 in the cross-year evaluation (∆ = 2.1%). In contrast, Xu et al.- Interpretable

has the worst performance in the leave-one-dataset-out evaluation, but ranks No.4 and No.9

in the cross-institute and cross-year evaluation (∆ = 4.0% and 3.9%). This means that these

models capture different aspects of domain generalization.

6.4.2.3 Cross-Year with Overlapping People

I further narrowed down the evaluation to the overlapping people across years (there are

no overlapping users across institutes), i.e., I used trained a model on overlapping users

in one dataset, and tested the model on these users in the other dataset, with the same

training details and dataset setup as Section 6.4.2.2. The right side of Fig. 6.4 shows the

average balanced accuracy. A strong increase in performance was observed. Reorder again

achieves the best performance with an ROC AUC of 61.6%, which is 7.4% higher than the

best result in Section 6.4.2.2. The advantage could be explained by the fact that the same
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Figure 6.4: Model Performance of Predicting Depression across Institutions and Years.

Models are tested on the datasets of one year/institution after being trained on the other

year/institution.

users’ behavior trajectories could preserve some patterns across years. In addition, both Xu

et al.- Interpretable and Xu et al.- Personalized have good performance in the two cross-year

evaluation, which is in line with their reported analysis [209,210]. Moreover, Chikersal et al.

ranks the top 5 among two of the four different setups. I speculate that the comprehensive

feature aggregation and selection pipeline proposed in [35] may identify more generalizable

features.

Overall, the cross-institute and cross-year evaluation results further illustrate more in-

sights into model generalizability. My model Reorder has the best or the second best results

across the different tasks, revealing its advantages over other models. Moreover, the results

of the third cross-dataset setup (i.e., different times of the same users) are clearly better

than those of the other two setups, which reveals that the individual differences (no matter

whether that is within or between populations) may play the most important role in the

cross-dataset generalization challenge.
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Figure 6.5: Model Performance across Datasets with Information Leakage. Models are

tested on one dataset after being trained on all other datasets with the optimal epoch

numbers.

6.4.3 Optimal Early Stopping Analysis

One of the major obstacles of domain generalization is the overfitting onto the training

set [197, 233]. A similar overfitting issue during the deep models’ training process is also

observed. For example, during the training, Reorder achieves an average training ROC

AUC of 74.9% and a training balanced accuracy of 67.7% for the main task, as well as an

average training accuracy of 30.5% for the reordering task (as a 200-class classification task).

These results of the main task are much better than the ones on the testing set (note that

there is no reordering task on the testing set.). As the training epoch increases, there is a

generally increasing performance curve on the testing set (learning), and then a decreasing

trend (overfitting). If the “optimal” training epoch for each model can be found via early

stopping, the results could then reflect the “upper bound” of these models’ performance.

I conducted such an experiment with a similar leave-one-dataset-out setup as Sec-

tion 6.4.1. Note that this experiment was only applicable to deep-learning-based algorithms

as their training process has multiple epochs. Specifically, for every model, I iterated

through the training epoch from 1 to 200. I performed the same epoch selection at each
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epoch number based on the best performance on the train and validation set. I then com-

pared the test performance across the 200 epochs and identified the best epoch, assuming

the training could be stopped at this epoch. Note that this step involved a little infor-

mation leakage as it leveraged the testing set to select the epoch. Thus the results only

reflect the theoretical upper-bound performance. When there is a large validation dataset

in the future, the method could potentially achieve similar results as on the test set, so that

information leakage will no longer be necessary.

Fig. 6.5 summarizes the generalizability of the deep-learning models to a new data

set, when training is halted at the optimal training epoch. This figure shows that even

under optimal conditions, current algorithms do not generalize well. In addition, looking

at improvement over standard training. Clustering achieves the best performance, with an

average ROC AUC of 58.2% and an average balanced accuracy of 59.5%. This is a large

benefit from optimal stopping (∆ equals 7.1% and 8.5%, respectively), which reveals that

Clustering has an overfitting problem. Reorder achieves the second-best performance, but

its performance improvement is minor (∆ < 0.5%). This indicates that there is minimal

overfitting in Reorder.

6.5 GLOBEM Platform

To gain a fair and reliable performance of these algorithms, I built an open-source benchmark

platform, GLOBEM (short for Generalization of LOngitudinal BEhavior Modeling),

to incorporate all algorithms mentioned above. Compared to the existing platforms Do-

mainBed [69] and DeepDG [197] that mainly aim for image-based domain generalization

tasks, GLOBEM specifically focuses on longitudinal passive sensing data.

Fig. 6.6 illustrates the overall structure of the GLOBEM platform. It splits the whole

pipeline into three independent modules:

1. The feature preparation module defines behavior features used by the algorithm;

2. The model computation module defines how a behavior model is going to be trained.

These two modules are determined by the core algorithm;

3. The configuration module provides the flexibility to adjust hyperparameters.

https://github.com/UW-EXP/GLOBEM


70

Figure 6.6: Design of The Benchmark Platform GLOBEM. It modularizes the pipeline

and supports flexible adjustment of the existing algorithms and easy development of new

algorithms.

Researchers and developers can re-use any of these modules to develop new algorithms

within the pipeline. Moreover, GLOBEM separates the config setup from the model defini-

tion, supporting easy testing and ablation studies of hyperparameters and different features.

6.6 Summary

In this chapter, I highlighted the importance of a behavior model’s cross-dataset generaliz-

ability. Using depression prediction as an example, I took the first step towards a system-

atic cross-dataset generalization evaluation in the longitudinal behavior modeling domain.

I re-implemented nine prior depression prediction methods, built eight recent domain gen-

eralization algorithms, and proposed two new methods for better generalizability. The

evaluation of these methods on our datasets demonstrated that existing algorithms barely

outperform the baseline on cross-dataset generalization tasks, and that my new method Re-

order could learn the continuity of behavior trajectories and achieve better generalizability

across datasets. Although statistically significant, its performance advantage is marginal,

leaving great room for improvement. I integrated all methods and open-sourced a bench-

mark platform named GLOBEM to assist future researchers in testing existing methods

and developing new algorithms. I envision this step as a necessary and essential part of

behavior model deployment in our research field.
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Chapter 7

JUST-IN-TIME BEHAVIOR INTERVENTION

From Ch. 4 to Ch. 6, I have introduced my new algorithms to address three important

deployability challenges for behavior modeling: interpretability, personalization, and gen-

eralizability. However, building better models is only the first step towards an intelligent

system. In order to create a complete loop between users and the system (Fig. 1.1), we need

to bring the model back to users. In order to develop better intervention techniques that

focus on influencing user behavior and improving their well-being, we need to answer the

fourth research question (RQ4): How to leverage the insights of behavior models to develop

better intervention techniques?

In this chapter, I will introduce a new just-in-time (JIT) intervention technique, TypeOut,

that builds on top of the insights from the personalized behavior interpretation (Ch. 4

and Ch. 5). Specifically, the behavior pattern rules obtained from the population level

(Ch. 4.2.2.1) and the individual level (Ch. 5.2.2.2) both indicate that smartphone overuse

has a strong association with depression. Although the causal relationship between the two

is complicated [49,65], I start with smartphone overuse reduction as a starting point. Future

work will be extended to depression intervention after we can robustly control the safety

and ethical risks.

7.1 Design

I first give a brief overview of the existing smartphone overuse intervention techniques

(Ch. 7.1.1). Then, I will introduce the theoretical foundation (Ch. 7.1.2), which guides the

design of my new intervention technique TypeOut (Ch. 7.1.3).
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Intervention

Content

Just-in-Time Intervention Mechanism

Blocking Notification Typing

Non-semantic — —
▲ Random text [94]

(TypingOnly)

Semantic,

non-self-affirmation

Rule [120],

Goal setting [93]

Passive information [137,165],

Social/context awareness [91,95],

Goal setting [79]

Passive information,

Goal setting

Semantic,

self-affirmation
—

▲ Self-affirmation notification

(ContentOnly)

★ Self-affirmation typing

(TypeOut)

Table 7.1: Summary of Prior or Potential Work on JIT Intervention for Smartphone

Overuse. ★ indicates our intervention technique TypeOut. Two ▲s indicate the base-

lines we compare against, one in the same row as TypeOut and the other in the same

column. – means not applicable.

7.1.1 Smartphone Overuse and Intervention

There is a growing body of research revealing an increasing population of smartphone

overuse caused by constant connectivity (e.g., [76,77,105,119,187]). It may lead to a range of

negative consequences such as distraction [50,119], lack of sleep [105], family conflicts [187],

anxiety [76], and, as I have pointed out in previous chapters, depression.

Researchers have built a large number of interventions from various perspectives to

reduce smartphone overuse [28,119]. The intervention mechanisms of most of these existing

techniques can be categorized into two types: blocking users’ apps/phones [14, 93, 120], or

sending notifications and reminders [79, 91, 95, 137, 165]. Blocking access to smartphones

can be effective [92, 93, 120], but may be overly restrictive, creating a bad user experience

and even triggering greater usage [41, 94]. Notifications and reminders are the choices

of intervention for many previous studies [95, 137, 165]. Some also engaged users in pre-

establishing rules or goals [79]. However, these methods did not have a mechanism to

encourage users to engage with the intervention content. Researchers found that users
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could easily ignore these notifications since they can be readily dismissed [93]. Thus, a new

intervention technique that can balance restrictiveness and engagement is needed. Tab. 7.1

summarizes prior work and my new designs (together with the baseline that I compared

against).

7.1.2 Dual Process and Self-Affirmation

To design an effective intervention, we need to first understand how users make the decision

to engage in smartphone use or non-use. The Dual Process Theory [82] contends that human

behavior is controlled by two processes or ”systems”: System 1, an impulsive process that

represents spontaneous, automatic, and non-conscious influences on behavior, and System

2, a deliberative or reflective process which represents rational, deliberative, and conscious

decision-making influences [72, 175]. Researchers can explain the failure of well-intended

behavior control with this theory: the self-regulation from good intentions (System 2) is

usually overridden by momentary impulses (System 1) [112, 119, 147]. In the smartphone

overuse scenario, the easy access to rich information and immediate gratification from using

smartphones drives users’ impulses [106, 203]. Therefore, persuasive technologies usually

aim to awaken System 2 and increase its strength, which is mediated by the expected

value of control [166], so that System 2 can lead users’ behavior [119]. There are 3 factors

influencing the expected value of control, including the reward/punishment people perceive

they could obtain, the expectancy or likelihood that people would be able to achieve a desired

outcome, and the delay before the outcome [119]. These factors illuminate the direction of

our smartphone overuse intervention design to effectively strengthen the control of System

2, thus achieving behavior regulation and reducing phone usage.

Self-affirmation is the act of bolstering or restoring a perception of oneself as being

adequate [174]. The central assumption of Self-Affirmation Theory [174] is that people

are strongly motivated to protect their sense of adaptive and moral adequacy, or ”self-

integrity” [51, 167]. Self-affirmation methods, such as thinking about core personal val-

ues, important personal strengths, or valued social relations, can offset the threats to self-

integrity [124]. Moreover, researchers find that the cognitive processes instigated by self-
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affirmation can help to better trigger System 2 in the Dual Process Theory [143,190]. Prior

studies have shown that self-affirmation is effective in a wide range of behavior change inter-

vention domains, such as improving academic performance [38, 168], reducing stereotyping

towards minority group members [18, 56], and promoting health behavior change [52, 53].

Some cognitive behavior therapy techniques employed self-affirmation exercises to reduce

smartphone overuse [224, 225]. A typical self-affirmation task usually focuses on a specific

value or positive personal characteristics. The specific task can vary, such as responding to

specific scales, writing a list or an essay, or using imagery techniques on their positive qual-

ities [124]. Recently, researchers have adapted traditional time-consuming self-affirmation

exercises to be short, regularly delivered questionnaires for healthy eating behaviors that

are more compatible with the smartphone platform [171]. There is a growing call for JIT

intervention techniques that can better engage users at the right moment and that are

integrated with self-affirmation content [121].

Therefore, I combine the JIT typing process (leveraging the Dual Process theory) and

the self-affirmation theory to develop a novel intervention technique for smartphone overuse

reduction.

7.1.3 Intervention Design

I focus on addressing three questions to design an effective intervention. First, when should

an intervention be triggered? Second, how should the intervention be presented? Third, and

most importantly, what content should the intervention include? To answer these questions,

I led a group of students and investigated them from multiple perspectives. Our design

follows the Dual Process [82] and Expected Value of Control theories [166] as introduced in

Ch. 7.1.2 when answering the three questions.

7.1.3.1 When to intervene?

A large body of prior work has adopted the JIT approach for smartphone overuse inter-

vention. As overuse naturally occurs when users are using their phones, an intervention is

usually introduced during these periods. There are a few options to determine the triggering
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moment, such as the moment when users are opening an app [94, 120], or when the usage

duration for an app reaches an upper limit defined by users [79,93]. As a starting point, we

choose to trigger a JIT intervention when a target app is being launched. We envision this

method is compatible with other JIT designs and plan to explore more JIT options in the

future.

7.1.3.2 How to intervene?

Most of the previous intervention techniques either present passive notifications/reminders

that can be ignored by users [93], or introduce coercive prohibition that can cause reversed

effect [92]. Recently, researchers proposed a typing-based unlock process (i.e., users need

to follow an instruction to type specific content before accessing the app) to balance the

effectiveness and the restrictiveness [94]. Our method adopts this mechanism.

On the one hand, typing words following an instruction could enhance users’ engagement,

as they have to read the text and then type it out. Compared to notifications that can

be dismissed easily, typing requires more attention, engagement, and involvement from

users [131]. On the other hand, typing does not strictly prevent users from using an app.

It introduces additional interaction costs when accessing the app, but leaves users with the

option to continue using the phone if they want to. Compared to more coercive prohibition

methods, type-to-unlock is more flexible. Meanwhile, the additional interaction cost when

entering the app introduces a notable gulf of execution on gratification seeking [42]. Such a

micro-boundary can possibly switch a user’s mind from System 1 to System 2 (as defined

in the Dual Process Theory) for self-reflection/judgment [94].

More importantly, such a typing process provides an opportunity to carefully design the

typing content delivered to users. This offers an avenue to take user engagement one step

further, leading to the next design question: what intervention content should be presented

to users?
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Figure 7.1: Intervention Design of TypeOut. Users set up their individual values list and

select apps for which they want to receive an intervention (left). When an intervention

appears, users can leave the app at any stage by clicking the return button or system

home button, e.g., before or during typing process (middle), or at the confirmation stage

after typing is complete (right). Otherwise, users can enter the app after typing the self-

affirmation and clicking the Continue button.

7.1.3.3 What to be delivered as intervention content?

As the typing process will better engage users with the intervention content, the content can

go beyond presenting non-semantic content [94] or objective information (e.g., the duration

of app usage [79]), and be more thought-provoking (System 2) to improve its effectiveness.

Leveraging Self-Affirmation Theory [174], we propose a content design that integrates value-

based self-affirmation and JIT improvisation. It can stimulate users to reflect on their

own core personal values and connect these with the smartphone overuse behavior, thus

motivating users to change their current behavior to protect their self-integrity [132]. Fig. 7.1

presents our intervention design.

Value-based Self-Affirmation. Self-affirmation exercises have been employed by a

wide range of behavior change interventions, mostly in a traditional way, such as answering
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surveys or writing an essay [52,178,183]. The main idea of self-affirmation-based intervention

is to leverage users’ intrinsic motivation for protecting their self-integrity to regulate their

behavior (so that their adequacy is not violated). Our design adopts value-based self-

affirmation, one of the most common self-affirmation exercises [51,124]. Since a given value

exists as a long-term belief for users, our design can be customized to each user based on

their own set of values.

We employ a value list that is commonly used in acceptance and commitment therapy

(ACT) [78], which contains a list of 58 common value items [75]. To narrow down the

list and filter out the ones unrelated to smartphone usage, we invited three experts to

independently select no more than 20 related items. Moreover, we also delivered an online

survey to ask end-users to select items from the long list that they perceive are related to

smartphone overuse (N=98). We triangulated the results and found a consistent set of top

seven values from both experts and end-users: Self-control, Fitness, Order, Persistence,

Self-awareness, Self-care, and Responsibility. Based on the list of values, we adopt the

common practices in affirmation [5, 159, 205] and propose a few short sentence templates

that instantiate a value-based self-affirmation exercise, such as “I value X”, “X is important

to me” (X indicates a specific value tailored to each individual). Tab. 7.2 summarizes our

templates. Each new user initializes their own list by performing a self-affirmation writing

exercise and picking the value items from the list they think are important to themselves

(see the left of Fig. 7.1). After this initial setup, when an intervention is triggered, one value

item will be randomly sampled from a user’s personal list and inserted into the template.

Moreover, we also present a hint to encourage users to reflect on the value.

Just-in-Time Improvisation. In addition to the sentence that emphasizes value, we

also follow affirmation practices and design a second brief sentence template that states the

specific actions to reduce overuse. Examples include “I can put down the phone”, “I can let

go of the app”. Moreover, we also append a JIT improvisation at the end of the sentence

to encourage users’ engagement and stimulate more reflection. Self-improvisation is also

encouraged during regular self-affirmation exercises [167, 174]. At the moment when the

intervention is introduced, users are asked to come up with a short phrase (no less than two

words) about what they can do if they reduce overuse, such as “sleep early”, “get focused”,
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Templates of Sentence 1 - Value Templates of Sentence 2 - Action

I { value, cherish } X I can put down the phone { to, and } [improvisation]

X is { important, crucial, meaningful } to me I can use the { phone, app } less { to, and } [improvisation]

I { think, believe } X is { important, crucial, meaningful } I can { leave, quit } the app { to, and } [improvisation]

I { think, believe } I am a X person I can lock the screen { to, and } [improvisation]

Table 7.2: Templates for the two sentences delivered to users for the JIT self-affirmation

typing exercise. Words in the brackets are picked randomly. “X” indicates a specific value

(or its adjective form when appropriate), and “improvisation” indicates the just-in-time

affirmation content created by users.

“finish my work”. Concatenating the first half of the specific overuse-reducing actions and

the second half of the improvised activities, an example sentence is: “I can put down the

phone and finish my work”. The templates of the second short sentence are summarized in

Tab. 7.2. When users go through the content, finish typing, and click the Continue button,

a confirmation dialogue box will pop up asking for users’ decision on whether to access the

app, in which the Return button’s text is replaced by users’ improvisation (see the right of

Fig. 7.1). During the intervention, users can leave the app at any stage by clicking the return

button: 1) before the typing process, 2) after typing some words, or 3) at the confirmation

stage when they finish typing.

It is worth noting that users do not always accept or follow an intervention. When they

decide not to follow the intervention, such a fact can become a challenge to their belief and

sometimes leads to the backfire effect: instead of changing their behavior to be consistent

with their belief, users would alter their belief and strengthen their original behavior (i.e.,

phone overuse) [136, 161]. Our personalized value item list and self-improvisation allow

users to customize the content themselves, leading to a better consistency between their

beliefs and behavior. Moreover, to further reduce the likelihood of the intervention back-

firing (and resulting in negative experience, increased app usage frequency or duration), we

intentionally frame these sentences in a neutral tone [207], and unbind the value sentence
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and the action sentence [179]. Specifically, we avoid using verbs that may cause pressure

or cognition distortion (e.g., “should”, “need” statements) [153, 176]. We also do not add

any conjunction (e.g., “so”, “and”, “thus”) between the first and the second sentence, and

break them into two separate lines [179]. We do this so that if users cannot achieve the

target behavior (e.g., continue to use the app), the neutral tone introduces less threat to

users’ self-integrity, and the unbinding can loosen the connection between their personal

value and their current behavior, thus reducing the likelihood of a backfire.

7.2 Evaluation

Combining the three parts in this section, we hypothesize that the integration of a typing-

based unlock process and self-affirmation-based content can effectively reduce smartphone

overuse than each component itself. We verify our hypothesis via a field experiment in this

section. Ch. 7.2.1 gives an overview of the implementation of TypeOut and two baseline

methods. Ch. 7.2.2 introduces the deployment study in the wild. Ch. 7.2.3 summarizes the

results of the evaluation experiment.

7.2.1 Implementation

7.2.1.1 TypeOut

We built a mobile application on Android system to instantiate our TypeOut design. We

then conducted a one-week pilot field study with five authors of this paper and finalized

the design of the application. After the initial self-affirmation exercise, users pick items

from the value list that they think are important to themselves. Then, users can select the

apps (i.e., target apps) for which they want to receive an intervention. The left of Fig. 7.1

presents the initial setup interface.

We employed the AWARE Framework [57] to detect the screen status and foreground

application activities. A typing-based intervention with generated content (as described in

Ch. 7.1.3.2 and Ch. 7.1.3.3) will be triggered when one of the target apps is launched. To

avoid text auto-completion during typing, we disable any smart typing function during the

intervention. Users can press the Return button or system Home button to leave the app at
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any stage, or finish typing and continue to use the app. Sometimes, users may have urgent

needs to use a target app (e.g., replying to messages). In these cases, users can press a skip

button on the right-top corner of the interface to bypass the intervention. To prevent overly

frequent intervention, when users enter a target app via typing or pressing the skip button,

the intervention for this target app will not be triggered in the next five minutes.

7.2.1.2 Baselines

We hypothesize that the integration of the two components – the typing process and the

self-affirmation content – can effectively reduce phone overuse. To test this hypothesis, we

compare TypeOut against two baseline techniques that separate the two components, as

shown in Fig. 7.2.

The first baseline only has the self-affirmation content but not the typing process, namely

ContentOnly. When an intervention is triggered, it displays a pop-up window with the same

content as TypeOut. The difference is that users do not need to type to unlock the app

(see Fig. 7.2 left). This is similar to a common notification or reminder-based intervention

technique [79,95,120].

In contrast, the second baseline only has the typing process but not the self-affirmation

content, namely TypingOnly. When an intervention is triggered, it introduces a JIT typing

process similar to TypeOut. However, instead of typing self-affirmation-based content, it

presents random numerals that contain no specific meaning (see Fig. 7.2 right). This is

a variant of a recent intervention technique LocknType [94]. LocknType uses digits (0-9)

while our baseline uses the digits spelled out (one to nine) to maintain a more consistent

comparison against TypeOut. Moreover, we set the total character length of numerals close

to but shorter than that of TypeOut’s content, because the non-semantic contents would

slow down the typing. We used eight to ten numeral words based on a pilot study with five

users so that the total typing time is similar.

It is worth noting that we did not choose typing non-self-affirmation content as the

baseline to keep the baseline consistent with the recent work LocknType [94], as our main

purpose is to evaluate the advantage of self-affirmation-based content over the prior work,
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Figure 7.2: Two Baseline Methods to Compare against TypeOut: Content-Only (left) and

Typing-Only (Right). The Content-Only baseline has the same self-affirmation content as

TypeOut but not the tying process. The Typing-Only baseline has the same typing process

as TypeOut but using random numerals as the typing content.

not to show it is the best. Moreover, the design space of the non-self-affirmation content

lacks an established theory like value-based self-affirmation and can be overly large, which

is hard to control.

7.2.2 Deployment

7.2.2.1 Experiment Design

We adopt a within-subject design with the intervention techniques as the main independent

variable: TypeOut, ContentOnly, and TypingOnly. Users use each intervention technique

for two weeks. We counter-balance the order of the intervention to reduce the order effect.
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Figure 7.3: The Design of the 10 week Field Experiment. The order of the three intervention

techniques is counter-balanced. We insert the break week after each technique to observe

the last effect of each technique, and further reduce its influence on the next technique.

The first week of the experiment is used for the base measurement and does not have any

intervention. Moreover, we add a one-week break after each technique with two purposes:

1) We can measure whether there is any lasting effect (within that break week) when the

intervention is removed, i.e., whether users relapse or self-regulate; 2) The break week

can serve as a grace period to further reduce the influence of the previous intervention

technique on the next one. The total length of the study is 10 weeks (4 base/break weeks

+ 3 interventions × 2 intervention weeks each).

Our dependent variables include the intervention acceptance rate (when the users accept

the intervention and leave the target app), the usage duration, and the frequency of all

applications. These variables are logged by our mobile app, stored locally on users’ phones,

and uploaded to our server automatically once the phone is connected to WiFi. In addition

to the objective measurement, we deliver the Smartphone Addiction Scale (SAS) [102] to

users at the end of each week to collect subjective feedback. Moreover, the final week’s

questionnaire also asks users to rank the three techniques based on effectiveness. The

experiment ends with a brief exit interview. Fig. 7.3 presents the overall design of the

experiment. Our experiment was approved by the university institutional review boards

(IRB).
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7.2.2.2 Participants

We recruited participants from our local community via sending fliers on social platforms

(Wechat and Tencent QQ, the two most widely used platforms in the local community).

We used a screening questionnaire (SAS plus a question about the subjective motivation for

their current smartphone usage) to collect basic demographics (gender, age, occupation) and

filter out users that either did not have a degree of smartphone addiction (SAS < 99.0) [102]

or were not willing to reduce smartphone overuse to focus on the target users [79, 96]. We

received 123 responses in total. None of the participants had experience using any digital

or non-digital smartphone overuse intervention. 56 subjected were filtered with a SAS score

lower than the threshold, and two subjects were filtered due to a lack of motivation. We

invited 65 participants for the experiment. 5 of them chose to quit during the first two

weeks of the study, and 3 of them left between week 3 and week 5. No more participants

left the study after week 5. We also removed 3 users who did not follow the requirement but

skipped most of the interventions. Finally, 54 of them completed the experiment (Female

= 25, Male = 29, Age = 22.1 ± 5.5). 24 participants were college students, while the rest

were working professionals. At the beginning of the study, all participants had a moderate

to severe smartphone addiction (SAS = 119.0 ± 20.5).

7.2.2.3 Procedure

We hosted a 30-minute on-boarding session before the start of the experiment, during which

participants familiarized themselves with the study procedure, signed the consent form, in-

stalled our application, completed a 10-minute value-based self-affirmation writing exercise,

and set up their own value list and target apps accordingly (see Ch. 7.1.3.3). Due to the

pandemic, the onboarding session was virtual. We had six groups (permutations of ordering

the three intervention techniques) and randomly assigned participants to one group. Then,

participants used the different techniques for 10 weeks, following the procedure shown in

Fig. 7.3. By the end of the experiment, we conducted a brief semi-structured interview

with participants (20 to 30 minutes) and asked for their comments on the different inter-

vention techniques. Participants were compensated with up to $100 based on the number
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of questionnaires they completed and the number of days they uploaded data.

7.2.3 Results

Over the 10 weeks, we collected 358,138 app opening events, 1,358,064 minutes of app us-

age duration, and 30,754 intervention encounters (9,837, 11,052, and 9,865 for TypeOut,

ContentOnly, and TypingOnly, respectively). We analyze the quantitative data and the

qualitative data collected via questionnaires and interviews. We start by analyzing the basic

compliance and workload of different intervention techniques in Ch. 7.2.3.1. We then inves-

tigate users’ intervention acceptance rate (Ch. 7.2.3.2), app usage behavior (Ch. 7.2.3.3),

as well as a subjective measure towards these techniques (Ch. 7.2.3.4).

7.2.3.1 Compliance and Workload

We first investigate users’ compliance during the 10-week period. We then examined the

completion time, number of typing attempts (for TypeOut and TypingOnly), and perceived

task workload to understand the interaction cost of each technique.

Study Compliance. Fig. 7.4 suggests that participants’ behavior fluctuated during the

experiment. Therefore, we incorporate order as a main effect in all the following analyses.

As for skipping interventions, participants were instructed to skip only when necessary in

the onboarding session. The blue line in Fig. 7.4a shows the skip rate during the intervention

weeks. The low skip rate indicates that participants did follow our instructions.

Completion Time. Overall, ContentOnly took the shortest time (Mean=2.9±1.9s),

while TypeOut and TypingOnly took similar time (Mean=10.8±6.1s and Mean=13.3±7.6s)

for participants to complete the typing. The average character length was 51.93±2.88 for

TypeOut, which was longer than that of TypingOnly (38.68±1.33). This supports our design

choice in Ch. 7.2.1.2 on shorter content for TypingOnly to balance typing time. Fig. 7.5

shows boxplots of the time distribution around the median. A Shapiro–Wilk normality

test showed that the completion time did not follow a normal distribution. Thus we used

a Generalized Linear Mixed Model (i.e., GLMM. For each model, the link function was

chosen from Gaussian, Log-Gaussian, Gamma, and Log-Gamma, based on Kolmogorov–
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(a) Intervention Acceptance Rate. (b) App Usage Pattern

Figure 7.4: The Overall Study Compliance over The 10-week Field-Experiment. The shad-

owed area indicates standard deviation across participants.

Smirnov testing on the distribution of the outcome variables. Participant ID is controlled

as a random effect. For simplicity, we do not repeat this description for the rest of the

analysis in this section.) for the statistical analysis [206]. We compared the completion

time with Techniques as the only main factor (χ2(2) = 225.9, p < 0.001). In a pairwise

post-hoc Tukey’s HSD test, we found that TypeOut and TypingOnly required similar times

(p = 0.11), both more than that of ContentOnly. To comprehensively compare TypeOut

and TypingOnly, we ran another GLMM on the data of the two typing Techniques, with

the Order of techniques, their interaction (Order × Techniques), average Typing Length,

and Skip Rate as additional factors. The results indicate that these two intervention tech-

niques introduced a similar temporal cost, as they did not show significance for any factors

(ptechnique = 0.79, porder = 0.45, ptechnique×order = 0.20, ptyping length = 0.87, pskip rate = 0.12).

Number of Typing Attempts. We also measured the number of typing attempts

during the intervention for TypeOut and TypingOnly (skipped encounters were excluded

as they did not involve typing). A number of 1 meant that participants completed the

typing task on the first trial. Higher numbers indicate more input errors, which could

aggravate the perceived workload from both the input and time perspectives. On average,

participants tried similar times: 1.2±0.4 for TypeOut and 1.1±0.2 for TypingOnly (see

the middle of Fig. 7.5). We ran a GLMM on the number of attempts, with Technique,
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Figure 7.5: Workload Comparison among The Three Intervention Techniques. (Left) Inter-

vention completion time (Middle) Number of typing attempts for TypeOut and TypingOnly

in log-scale. (Right) Perceived workload measured via NASA TLX.

Order, Technique × Order, and Typing Length as factors. The results indicate that the two

techniques had similar input costs, as they did not show any significant difference between

the two techniques (ptechnique = 0.16, porder = 0.22, ptechnique×order = 0.70, ptyping length = 0.19).

Perceived Workload. We also investigated participants’ perceived workload via a

NASA TLX assessment (see the right of Fig. 7.5). We compared all three techniques on

the six elements of the TLX using a non-parametric ANOVA based on the Aligned Rank

Transform and found a significant difference in the techniques (F (2) = 134.4, p < 0.001).

Post-hoc Wilcoxon signed-rank tests with a Bonferroni correction showed that ContentOnly

required significantly lower demand, effort, and frustration, while there was no significant

difference between TypeOut and TypingOnly.

In summary, our measure of the workload of the three techniques showed that Con-

tentOnly has the lowest workload, which is not surprising as it only required a single button

click to exit the intervention. The two techniques with the typing process introduced higher

but similar interaction costs. In the rest of the section, we analyze the effectiveness of each

technique in impacting app usage.
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7.2.3.2 Intervention Acceptance Rate

One of the direct indicators of the effectiveness of an intervention is how many times the

intervention successfully discourages users from using the target apps. We defined accep-

tance rate as the proportion of times when participants encountered an intervention (the

denominator), and decided not to enter the app (the numerator). In general, our results

showed that TypeOut achieved a higher acceptance rate.

Intervention Acceptance Rate. We first investigated the overall intervention accep-

tance rate across all apps, and observed that TypeOut (Mean=57.2±28.5%) had a higher ac-

ceptance rate than TypingOnly (Mean=48.8±28.8%) and ContentOnly (Mean=21.3±21.2%),

as shown in Fig. 7.6a. Our method outperformed the baselines by at least 8.4% on the ab-

solute acceptance rate.

We compared the acceptance rate using a GLMM that included intervention Technique,

Order, App Category, Technique × Order, and Technique × App Category as factors. Note

that typing length was excluded as ContentOnly did not involve typing, the same be-

low. The results showed significance for Technique (χ2(2) = 127.1, p < 0.001) App Cat-

egory (χ2(2) = 12.0, p < 0.01), and Order (χ2(2) = 10.2, p < 0.01), but no interaction

effects (ptechnique×order = 0.12, ptechnique×app category = 0.71). A post-hoc Tukey’s HSD test

on Technique showed that TypeOut achieved a higher acceptance rate than TypingOnly

(Z = 13.2, p < 0.001) and ContentOnly (Z = 2.4, p < 0.05).

A post-hoc Tukey’s HSD test on App Category showed that browser apps had a signifi-

cantly lower acceptance rate compared to social apps (Z = 3.2, p < 0.01) or entertainment

apps (Z = 2.4, p < 0.05). Fig. 7.6b showed the acceptance rate of different app categories,

which indicates that TypeOut outperformed TypingOnly mainly on entertainment apps

(p < 0.05). Although we observe a difference on social platform apps, the results did not

indicate significance (p = 0.32). A post-hoc Tukey’s HSD test on Order showed that the ac-

ceptance rate of the first intervention period is higher than the second (Z = 2.4, p < 0.05),

but other pairs (the first vs. the third, second vs. the third) did not show a significant

difference, as indicated by the black line in Fig. 7.4a.

Leaving Stage Upon Acceptance. As introduced in Ch. 7.1.3.3, during the in-
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(a) Overall Acceptance Rate (b) Acceptance Rate Broken-down by App Categories

Figure 7.6: Average Intervention Acceptance Rate of The Three Intervention Techniques.

tervention of TypeOut, participants could leave the app at different stages. When using

TypeOut, about 12.5% of participants left after typing something while this number was

around 8.7% for TypingOnly. Participants’ longer stay suggested deeper participation in

the typing content. More specifically, 85.4±16.8% TypeOut participants left before typing,

12.5±14.6% left after typing a few words, and 2.1±6.2% left at the confirmation stage (af-

ter typing is completed, see the right of Fig. 7.1). For TypingOnly, these numbers were

91.2±11.5%, 8.7±11.5%, and 0.1±0.2%, respectively. We ran a GLMM on the ratio of peo-

ple leaving at each stage, with Technique, Order, Leaving Stage, Technique × Order, and

Technique × Leaving Stage as the factors. The results showed significant difference on Leav-

ing Stage (χ2(2) = 2876.8, p < 0.001) and an interaction effect of Technique × Leaving Stage

(χ2(2) = 7.3, p < 0.05), but not others (ptechnique = 0.66, porder = 0.82, ptechnique×order = 0.71).

A post-hoc Tukey’s HSD test on the interaction showed that participants had deeper en-

gagement in the self-affirmation content. TypeOut had a marginally higher leaving rate

during the typing stage (Z = 3.6, p = 0.06) and a significantly higher leaving rate during

the confirmation stage (Z = 8.06, p < 0.01).

User Behavior after Accepting Interventions. We further looked into partici-

pants’ behavior after acceptance, i.e., the immediate behavior right after users decided to
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leave the app after encountering the intervention. We measured three post-intervention

behavior [94]: 1) turning off the screen, 2) using another target app, and 3) using an-

other non-target app. Results show that participants using all three interventions were

most likely to turn off the screen among the three situations, but TypeOut participants

were more likely to do so. When using TypeOut, 48.2±13.0% of the time, participants

would turn off the screen, compared to 42.3±15.3% for ContentOnly, and 47.5±10.2% for

TypingOnly. Moreover, participants had a lower rate of going to another target app when

using TypeOut (25.4±12.3%, similar to ContentOnly 25.0±9.9%) than when using Typin-

gOnly (32.1±14.8%). As for non-target apps, the three techniques had similar percentages

(26.4±11.6%, 27.4±8.5%, 25.6±12.1% for TypeOut, TypingOnly, and ContentOnly, respec-

tively). We ran a GLMM on the post-intervention behavior ratio, with Technique, Order,

the post-intervention Behavior Type, Technique × Order, and Technique × Behavior Type

as the factors. The results showed significance for Behavior Type (χ2(2) = 4.1, p < 0.05)

and a marginal interaction effect Technique × Behavior Type (χ2(4) = 5.8, p = 0.06), but

not others (ptechnique = 0.19, porder = 0.78, ptechnique×order = 0.27).

7.2.3.3 App Usage Behavior

We then investigated the influence of the intervention on participants’ overall app usage

behavior. Due to the large app usage variation among individuals, we normalized each

participant’s data by calculating the ratio against their own data during the base week. A

ratio smaller or greater than 1 indicated that participants reduced or increased app usage

compared to their ordinary behavior. Overall, participants had a smaller ratio when using

TypeOut compared to other intervention weeks.

App Opening Frequency. We counted the number of app opening attempts for both

target apps and non-target apps. It is worth noting that the opening counts included any

attempt to open the app, regardless of users’ final decision on whether to continue accessing

the app after encountering an intervention. Such a counting method could emphasize the

overall effect of an intervention instead of its in-situ effect (which was already reflected in the

intervention acceptance rate results in Ch. 7.2.3.2). A lower value would suggest that par-
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ticipants initiate fewer app openings. Fig. 7.7 presents the relative opening frequency of all

apps (Fig. 7.7a), target apps (Fig. 7.7b), and non-target apps (Fig. 7.7c) during the periods

of using the three techniques. In general, participants had the lowest app opening frequency

during the weeks of TypeOut (Mean=73.2±26.8% compared to the base week), followed by

TypingOnly (Mean=99.8±35.7%), and then ContentOnly (Mean=106.5±40.2%). Although

TypingOnly and ContentOnly have the potential to discourage app usage when partici-

pants receive that intervention (on the overall acceptance rate metric), participants still

maintained a similar app opening frequency as their ordinary behavior without any inter-

ventions. We ran a GLMM comparing the opening frequency on all apps. As indicated by

Fig. 7.4b, we include Technique, Order, and Technique × Order in the model. The results

showed significance on Technique (χ2(2) = 22.4, p < 0.001), but not on Order (p = 0.87) or

their interaction (p = 0.14). A post-hoc Tukey’s HSD test on Technique showed that partici-

pants had significantly lower app opening frequency during the TypeOut weeks than during

the two baseline periods (ZContentOnly = 4.0, p < 0.001 and ZTypingOnly = 4.3, p < 0.001),

while the ContentOnly-TypingOnly pair did not show a significant difference (p = 0.99).

We found similar results for another GLMM with the same setup but on the opening

frequency on target apps (χ2(2) = 15.5, p < 0.001, ZContentOnly = 3.4, p < 0.01, and

ZTypingOnly = 3.5, p < 0.01). As for non-target apps, a GLMM did not indicate signifi-

cance on all factors (ptechnique = 0.11, porder = 0.19, ptechnique×order = 0.27).

App Usage Duration. In addition to app opening frequency, we also measured app

usage duration as it is another important indicator for phone overuse. Similar to Fig. 7.7,

Fig. 7.8 presents the relative usage duration of all apps (Fig. 7.8a), target apps (Fig. 7.8b),

and non-target apps (Fig. 7.8c). Participants had the lowest app usage duration during the

weeks of TypeOut (Mean=74.6±31.0% compared to the base week), followed by TypingOnly

(Mean=90.6±27.7%), and ContentOnly (Mean=99.1±28.1%), which is the same order as the

results for app opening frequency. When using ContentOnly and TypingOnly, participants

still maintained over 90% app usage duration compared to that of the base week. TypeOut

can reduce app usage duration more than two baselines. We ran a GLMM with the same

setup as those in app usage frequency on all apps’ usage duration. The results showed signif-

icance for Technique (χ2(2) = 12.1, p < 0.01), but not others (porder = 0.24, ptechnique×order =



91

(a) Freq of All Apps (b) Freq of Target Apps (c) Freq of Non-Target Apps

Figure 7.7: App Opening Frequency with Three Intervention Techniques. Each participant’s

data are normalized by calculating the ratio between the frequency of intervention weeks

and that of baseline weeks. It is worth noting that the frequency includes any attempt

to open the app, regardless of the final decision after intervention, thus a lower frequency

suggests users initiate less app opening.

0.27). A post-hoc Tukey’s HSD test on Technique showed that participants had signifi-

cantly lower app usage duration during the TypeOut weeks (ZContentOnly = 3.4, p < 0.01

and ZTypingOnly = 2.7, p < 0.05). Another GLMM on target apps’ data showed similar

results with significance for Technique (χ2(2) = 6.1, p < 0.05). A post-hoc Tukey’s HSD

test found significance between TypeOut vs. ContentOnly (Z = 2.5, p < 0.05). As for

non-target apps, a GLMM on non-target apps’ data showed significance for Technique

(χ2(2) = 6.5, p < 0.05). A post-hoc Tukey’s HSD test found significance between Type-

Out vs. ContentOnly (Z = 2.3, p < 0.05), and marginal significance between TypeOut vs.

TypingOnly (Z = 2.1, p = 0.08).

Lasting Effect on App Usage. We used the data during break weeks to measure

the lasting effect when the intervention was removed. We calculated the app usage ratio

between the break weeks after intervention techniques against the base week. A ratio lower

than 1 indicates that users reduced smartphone usage compared to their ordinary behavior.
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(a) Dur. of All Apps (b) Dur. of Target Apps (c) Dur. of Non-Target Apps

Figure 7.8: App Usage Duration with Three Intervention Techniques. Similar to Fig. 7.7,

data are normalized by calculating the ratio between the duration of intervention weeks and

that of baseline weeks. A lower ratio indicates less app usage duration.

Fig. 7.9 presents the results of opening frequency and usage duration for all apps. Both the

frequency and duration during the break weeks were similar among the three interventions.

TypeOut had a slightly lower app usage duration and ContentOnly had a slightly lower

app opening frequency. The ratios of both app opening frequency and app usage duration

are not significantly different from 1. Specifically, for app opening frequency, we ran a

GLMM with Technique of the previous intervention period, Order, and Technique × Order

as factors. The results showed significance for Technique (χ2(2) = 11.1, p < 0.01) and Order

(χ2(2) = 6.5, p < 0.05), but not their interaction (p = 0.53). A post-hoc Tukey’s HSD

test on Technique found that both the opening frequency of TypeOut (Z = 2.7, p < 0.05)

and ContentOnly (Z = 2.8, p < 0.05) were significantly lower than that of TypingOnly,

but that of TypeOut and ContentOnly were similar (p = 0.92). A post-hoc Tukey’s HSD

test on Order showed significance between the first and the third intervention period (Z =

2.5, p < 0.05). As for app usage duration, another GLMM with the same setup only showed

significance on Order (χ2(2) = 18.23, p < 0.001). A post-hoc Tukey’s HSD test on Order

showed that the usage duration of the third period was significantly lower than that of the
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(a) Freq of All Apps (b) Duration of All Apps

Figure 7.9: App Usage Frequency and Duration of the break weeks after each intervention

technique. Data are normalized in the same way as Figure 7.7 and Figure 7.8.

first (Z = 2.8, p < 0.05) and the second period (Z = 4.2, p < 0.001), as indicated by the lines

in Fig. 7.4b. These results indicated that after using them for two weeks, these techniques

did not have a strong lasting effect after the intervention was removed.

7.2.3.4 Subjective Measure

The weekly questionnaires and summative interviews also provided insights on the effec-

tiveness of the three techniques. We employed Affinity diagramming [162] to analyze the

interview data. Two researchers independently made notes based on the recording of inter-

views and collaboratively analyzed and categorized the data with several iterations. Overall,

our technique showed better acceptance and user experience than the baselines.

Smartphone Addiction Scale Scores. Similar to app usage behavior, we also nor-

malized each participant’s SAS scores by calculating the ratio against their own scores of
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Figure 7.10: Smartphone Addiction Scale Score during/after using the three intervention

techniques. Since each intervention technique period had two weeks, SAS scores during the

intervention weeks are the average of the two weekly questionnaires.

the base week. A ratio lower than 1 indicated that users had less smartphone addiction.

Fig. 7.10 shows the results of the SAS scores during the intervention weeks (average score

of the two weekly questionnaires) and the following break week. We found that Type-

Out has the lowest SAS scores during the intervention weeks and the following week. For

each period, we ran a GLMM on the SAS scores, with Technique, Order, and Technique

× Order as factors. The two GLMMs did not show a significant difference among the

three techniques (χ2
Intervention Week(2) = 0.6, p = 0.73, χ

2
Following Week(2) = 1.2, p = 0.54),

nor other factors (Intervention Week: porder = 0.13, ptechnique×order = 0.29, Following Week:

porder = 0.36, ptechnique×order = 0.90).

User Reactions. Our interviews helped us to better understand participants’ user

experience when using the three techniques. Participants could easily ignore the content of

ContentOnly. “Sometimes I completely skip reading the content during the [ContentOnly]

weeks, because I just need to click the continue button” (P17). Compared to TypingOnly,

participants found that the content in TypeOut can cause more self-reflection and is more
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acceptable. “I have to read the sentence seriously before the typing. After reading them, I

often think it is okay to use the phone later” (P30). “Typing some random words actually

can help. But it is a bit annoying. I prefer the meaningful words as they can remind me

of my decision [to reduce usage]” (P5). Participants mentioned that the combination of

value affirmation and improvisation was particularly helpful. “During the typing, I would

pause and re-think whether I actually need to use the phone right now... especially at the

creation [improvisation] part where I would refer back to the previous [value] sentence and

think about what I really need to do” (P37). Even after typing the content and entering

the app, participants could still recall the content. “When using the app [after finishing

typing], sometimes I remembered what I just typed [and leave the app]” (P19). For some

participants, this affirmation content affected their behavior during the break week. “The

content I typed would leave an impression in my mind and it sometimes pop up even when

there is no intervention anymore” (P37). These results indicated the advantages of TypeOut

over baselines.

Subjective Effectiveness. Moreover, we also found a surprising finding in users’

ranking of the three techniques: an equal number of participants picked TypeOut and

TypingOnly (both 41.9%) as the most effective method. This is very interesting since our

objective measure showed that TypeOut was significantly more effective than TypingOnly in

terms of intervention acceptance rate, app opening frequency, as well as app usage duration,

but a large proportion of participants thought the opposite. Our interviews revealed that

these participants picked the TypingOnly mainly because it was the most “troublesome”

technique. “Compared to the meaningful content, the random content is more difficult to

type since I have to type them one by one separately. So I often give up and quit the app.

That’s why I think [TypingOnly] is more effective.” (P2). “[TypingOnly] pops up in my

mind immediately because this one was so annoying and it intervened me many times. This

is the most effective technique.” (P50). TypingOnly did have a fairly high intervention

acceptance rate of 48.8% (compared to TypeOut’s 57.2%) and this was also reflected by

participants’ feedback. However, participants did not realize that their overall app opening

frequency and usage duration during the weeks of TypingOnly did not decrease compared

to those of base week. Meanwhile, during the break week after the TypingOnly weeks,
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participants had a big relapse in app opening frequency (19.0% more compared to the base

week). Therefore, there was a clear discrepancy between users’ perceived effectiveness and

the actual effectiveness of these techniques.

7.3 Summary

In summary, we propose a new JIT self-affirmation-based intervention technique, TypeOut.

Based on the interpretation results from our depression prediction models, our first step

applies this technique to problematic smartphone usage reduction. Our design integrates

a JIT typing component that requires users to type a few words before accessing apps,

and a brief self-affirmation exercise component is embedded in the typing content. We

hypothesized that the combination of the two components can introduce more effective

intervention than each component alone. We conducted a 10-week field experiment with

54 young adults to evaluate the effectiveness and usability of our technique. Our results

indicate that TypeOut discourages 57.2% of app usage, and reduces overall app opening

frequency by 26.8% and usage duration by 25.4%, all significantly outperforming baseline

techniques. Moreover, our questionnaires and interview reveal that users find TypeOut to be

more acceptable and cause more reflection than the baseline techniques. These results verify

our hypothesis. Future work may want to consider including a wider range of application

examples to replicate the work and help assess generalizability that goes beyond smartphone

overuse reduction.
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Chapter 8

CONCLUSION

As smart devices become more embedded in our everyday lives, achieving deployable

behavior modeling techniques for longitudinal health and well-being has been increasingly

important. In my thesis, I first introduced my previous work on passive sensing dataset

collection (Ch. 3). Our team has collected and released the first multi-year passive sensing

dataset with over 700 person-years across four years. I then introduced the new algorithms

and frameworks that aim to address the three key challenges to achieve a deployable model:

interpretability (revealing human-readable insights about behavior, Ch. 4), personalization

(adapting to every individual, Ch. 5), and generalizability (working robustly on new users

and contexts, Ch. 6). Using depression detection as an example, my methods have boosted

the SOTA performance by 5-15% on various single- or multiple-dataset settings. Meanwhile,

the new methods can generate interpretable behavior patterns for both populations and

individuals to help researchers to better understand user behavior patterns.

However, developing algorithms is only the first step. To bring the results back to users,

I further designed and deployed a JIT intervention technique to influence their behavior

(Ch. 7). The insights of behavior models’ personalized interpretation indicate that de-

pression is strongly associated with smartphone overuse. As an initial step, I start with

smartphone overuse intervention as the application. Our 10-week deployment study indi-

cates that the new intervention technique has a significantly higher acceptance rate and can

effectively reduce smartphone usage duration and frequency.

8.1 Contribution

The contribution of my dissertation can be summarized as follows:
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8.1.1 Algorithmic Contribution

• An Interpretable Behavior Modeling Algorithm

I developed the first algorithm that can automatically extract a set of highly interpretable

behavior rules that can not only improve the model accuracy, but also reveal insights

about users’ behavior patterns.

• A Personalized Behavior Modeling Algorithm

I developed the first algorithm to effectively leverage the large volume of behavior data

and limited label data to enable accurate, personalized, and interpretable modeling for

longitudinal behavior.

• A Generalizable Behavior Modeling Algorithm

I developed the first algorithm that aims to address the challenges of cross-dataset gen-

eralization on longitudinal behavior data. The new algorithm significantly outperforms

the state-of-the-art on various cross-dataset setups.

8.1.2 Design Contribution

I developed the first intervention technique that combines self-affirmation theory and JIT

design. I applied this design to smartphone overuse reduction. Our deployment study

results reveal its effectiveness.

8.1.3 Open-source Contribution

Working with a great team, we open-sourced the first multi-year passive mobile sensing

dataset, as well as the first research platform GLOBEM to investigate the cross-dataset

generalizability of longitudinal behavior models. The introduction of our datasets and

platform are all available at https://the-globem.github.io/

8.1.4 Empirical Contribution

My algorithms can also generate human-readable behavior rules at both the population

level and the individual level. Many of our empirical findings of depression-related behavior

are supported by psychology and psychiatry literature (e.g., sleep patterns, phone usage,

https://the-globem.github.io/
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physical activities). We also find some interesting potential new insights that may suggest

new research questions for behavioral science researchers.

8.2 Limitation, Reflection, and Future Vision

Like any other research, there are several limitations in this thesis. For our datasets (Ch. 3)

and algorithms (Ch. 4-6), the drawbacks of the passive sensing-based methodology include

the potential bias in EMA and other self-report surveys and the high data missing rate. In

this thesis, I didn’t investigate the reliability of self-report results or explore more depth

into data imputation beyond naive methods. How to mitigate contextual bias in the self-

report results? How to distinguish the causes of missing data and impute accordingly (e.g.,

software/hardware problems vs. changes/events of individuals’ life experiences)? Future

work can explore these questions in depth. Besides, my method relies on the behavior

features extracted from the dataset using RAPIDS. Thus the capabilities of my methods

are limited by these features. If these features do not capture some aspect of users’ behavior,

neither can my methods. There may exist more meaningful features to be extracted at the

feature extraction stage. Moreover, the population of my research has mainly focused on

young adults (i.e., college students). Their behaviors are not representative of the general

population. Future work can explore the population with different professionals and at

various age groups.

This limitation also applies to the intervention technique deployment study (Ch. 7),

where the main population is young adults with smartphone addiction problems. Addition-

ally, researchers and practitioners have found that sometimes self-affirmation exercises can

backfire when people fail to control their behavior, especially for those with low self-esteem:

This can lead to disappointment and self-blame, and sometimes cause people to give up

on their self-regulation, strengthening their original behavior (phone overuse, in our case).

There is a wide future space to explore more intelligent and appropriate intervention tim-

ing and content, leading to the vision of just-in-time adaptive intervention (JITAI). Such a

vision needs the combination of both novel ML algorithmic and HCI design.

I have made contributions from both ML and HCI aspects. Combining these efforts, I

want to build next-generation AI-powered devices that can sense, understand, model, and
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influence our daily behavior to facilitate our health and well-being.

I envision a future where everyone can design their own smart assistant that will be

distributed around all devices. It can not only track our health behavior, but also really

understand and help us to achieve our long-term goals for better health and well-being.

This is the future I want to build.

8.3 Funding
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