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Abstract

Health-risk behaviors that shape chronic disease risk often unfold continuously in daily

life, yet most clinical and behavioral assessments capture them only episodically, retro-

spectively, or through burdensome self-report. Wearable and mobile sensing create an

opportunity to measure these behaviors objectively, longitudinally, and in context, en-

abling earlier risk identification andmore personalized behavioral intervention. This gap

limits the ability to identify emerging risk, understand the behavioral mechanisms that

drive poor health outcomes, and deliver timely, personalized support. Precision behav-

ioral health therefore requires computational systems that can detect risk early, objec-

tively measure proximal behaviors, transform longitudinal data into interpretable phe-

notypes, and scale across real-world deployments without requiring prohibitive manual

annotation. This research develops anAI-enabled framework for digital phenotyping and

multimodal sensing in behavioral health, progressing fromearly risk prediction to behav-

ior detection, phenotype discovery, and label-efficient model development.

In Chapter 2, this research first examines whether early signals from continuous

self-monitoring can identify individuals at risk for suboptimal weight loss. Using longitu-

dinal weight trajectories from behavioral weight management trials, an explainable ma-

chine learning model is developed by combining baseline characteristics with dynamic

features extracted from the first two weeks of treatment. The model demonstrates that

early weight-loss trajectory features, including weight change, variability, and distribu-

tional patterns, can predict longer-term treatment response and generalize across exter-

nal cohorts. This chapter establishes the first scientific premise of the dissertation: con-

tinuously collected behavioral data can provide actionable early indicators of treatment

risk before conventional clinical decision points.
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While early weight trajectories can identify whomay be at risk, effective interven-

tion also requires understandingwhy,when, andunderwhat conditions high-risk eating be-

haviors occur. In Chapter 3, this research addresses this gap through the SenseWhy study,

which integrates wearable camera sensing, ecological momentary assessment, mobile

dietary reporting, and dietitian-administered recalls to characterize overeating in free-

living conditions. Overeating is operationalized at the personalized meal level, and su-

pervised machine learning models are evaluated using psychological, contextual, and

passive sensing features. The results show that multimodal features provide comple-

mentary information for detecting overeating episodes, linking subjective states such as

hunger, loss of control, and perceived overeating with objective behavioral markers such

as chews, bites, eating duration, and chewing dynamics.

In Chapter 4, overeating detection is extended toward digital phenotyping. Rather

than treating overeating as a homogeneous behavior, this chapter uses multimodal meal-

level data to learn latent representations of eating episodes and identify distinct overeat-

ing phenotypes. The approach combines supervised contrastive learning, dimensional-

ity reduction, clustering, and feature-level interpretation to uncover behavioral subtypes

defined by different configurations of psychological state, eating context, and sensor-

derived eating microstructure. These phenotypes provide a mechanistic bridge between

detection and intervention by showing that overeating can arise through multiple path-

ways, including stress-related eating, socially situated eating, distracted eating, and al-

tered eating pace.

Finally, Chapter 5 addresses a central scalability barrier in mobile and wearable

health sensing: the high cost of annotating large volumes of sensor data. An active learn-

ing framework is developed to combine model uncertainty with intrinsic uncertainty de-
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rived from training dynamics, enabling the selection of informative samples for anno-

tation. By identifying samples that are both useful for improving decision boundaries

and representative of difficult-to-learn behavioral patterns, this approach reduces label-

ing burden while maintaining model performance. This chapter positions active learn-

ing as a practical mechanism for scaling AI-enabled behavioral sensing systems beyond

small, manually annotated research datasets.

Together, these chapters form a coherent sensing-to-insight pipeline for precision

behavioral health. Chapter 2 demonstrates that continuous monitoring can support early

risk stratification; Chapter 3 shows howmultimodal sensing can detect proximal overeat-

ing episodes in daily life; Chapter 4 transforms these episodes into interpretable behav-

ioral phenotypes; and Chapter 5 advances the scalability of such systems through label-

efficient learning. Collectively, this dissertation contributes computational methods and

empirical evidence forbuilding adaptive, interpretable, and scalableAI systems thatmove

behavioral health research fromretrospective assessment toward timely, personalized in-

tervention.
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Chapter 1

Introduction

1.1 Motivation

Health-risk behaviors are among the most important modifiable contributors to long-

term disease burden. Behaviors such as poor dietary intake, physical inactivity, tobacco

use, excess alcohol consumption, and inconsistent engagement with behavioral treat-

ment donot occur as isolated events; theyunfold through repeateddecisions, routines, af-

fective states, environmental exposures, and social contexts in daily life [1], [2], [3]. These

behaviors are often clustered, meaning that risk is not only a function of one behavior

but of patterns of co-occurring behaviors that emerge over time [3]. For precision be-

havioral health, this creates a fundamental measurement challenge: the behaviors most

relevant to disease prevention and treatment are longitudinal, contextual, and dynamic,

whilemany clinical and research assessments remain episodic, retrospective, or burden-

some.

Traditional behavioral assessment methods, including clinic visits, retrospective

surveys, dietary recalls, self-monitoring logs, and laboratory-based observation, have

generated substantial knowledge about health behavior. However, they are limited in
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their ability to capture behavior as it naturally occurs. Retrospective self-report is vul-

nerable to recall bias, social desirability bias, and missing contextual information, while

laboratory studies often sacrifice ecological validity for experimental control. Ecologi-

cal Momentary Assessment (EMA) was developed to address some of these limitations

by repeatedly sampling behaviors, experiences, and contexts in real time and in natu-

ralistic settings [4]. EMA improves temporal resolution, but it remains an active form of

measurement that depends on participant response and can impose burden over long

deployments.

Wearable andmobile sensing technologies offer a complementary approach. Smart-

phones,wearable cameras, inertial sensors, physiological sensors, andotherpassive sens-

ing systems can capture behavioral signals continuously and in context, reducing sole

reliance on recall-based measurement [5], [6]. Digital phenotyping extends this idea by

using data from personal digital devices to quantify individual-level behavior and health-

related states in situ [5]. Inhealthbehavior research,wearable cameras and image-assisted

dietary assessmenthave shown thepotential to improveobjectivemeasurement of lifestyle

behaviors and dietary intake, while also exposing new challenges related to privacy, data

management, annotation burden, and interpretation [7], [8], [9].

This dissertation is motivated by the gap between what sensing systems can collect

and what behavioral health systems need to know. Continuous data streams are valuable

only if they can be transformed into actionable information: early indicators of treatment

risk, objectivemeasures of proximal behaviors, interpretable behavioral phenotypes, and

scalable models that can be trained without excessive manual annotation. This requires

a computational pipeline that links sensing, prediction, interpretation, and scalability.



23

1.2 From Continuous Monitoring to Early Risk

Identification

A first step toward precision behavioral health is identifying risk early enough for inter-

vention to be adapted. In behavioral weight management, early response is especially

important because initial treatment trajectories often predict later outcomes. Stepped-

care interventions are built around this principle: treatment intensity can be adjusted

when early signs suggest that a participant is unlikely to respond adequately to the cur-

rent intervention [10]. However, many stepped-care approaches rely on simple decision

rules, such as whether a participant has crossed a fixed weight-loss threshold by a given

time point. These rules may be interpretable, but they often fail to capture the richer

structure of early behavioral trajectories.

Continuous self-monitoring provides away tomovebeyond single-point thresholds.

Daily or near-dailyweight data can encode not only the amount of earlyweight change but

also variability, slope, distributional features, missingness, and consistency of engage-

ment. Prior work has shown that early weight loss is associated with longer-term weight

outcomes in both conventional and mobile health interventions [11], [12]. These findings

support the idea that early behavioral signals can serve as decision-relevant markers for

adaptive treatment.

In Chapter 2, this dissertation develops an explainablemachine learning framework

for early risk prediction in behavioral weight management. The chapter uses dynamic

features extracted from early longitudinal weight trajectories, combined with baseline

characteristics, to predict longer-term treatment response. This work establishes the first

component of the dissertation’s pipeline: continuous monitoring can support earlier and
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more individualized risk stratification than delayed or retrospective assessment alone.

1.3 From Risk Identification to Proximal Behavior

Detection

Early risk prediction can identify whomay be at risk, but it does not fully explain why risk

emerges. Behavioral intervention requires insight into proximal mechanisms: the mo-

mentary behaviors, contexts, and psychological states that contribute to later outcomes.

In the context of weight management, overeating is one such proximal behavior. It is

influenced by hunger, stress, affect, hedonic motivation, loss of control, social context,

environmental cues, and eating microstructure [13], [14], [15]. Because these factors fluc-

tuate across meals and contexts, overeating is difficult to characterize through retrospec-

tive self-report alone.

Wearable sensing has created new opportunities for objective assessment of eating

behavior. Prior work has shown that wrist-worn inertial sensors can detect eating mo-

ments and model in-meal eating microstructure, including food intake cycles and wrist

micromovements [16], [17]. Image-assisted andwearable-camera-basedmethods can also

improve dietary assessment by providing objective visual evidence of eating episodes and

food context [7], [9]. However, no singlemodality fully captures the complexity of overeat-

ing. Self-report can capture subjective states such as hunger, stress, and loss of control,

while passive sensing can capture objective features such as bites, chews, eating duration,

and eating pace.

In Chapter 3, this dissertation addresses this measurement problem through the

SenseWhy study. The study integrates wearable camera sensing, EMA, mobile dietary
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reporting, and dietitian-administered dietary recalls to characterize overeating in free-

living conditions. Overeating is operationalized at the personalizedmeal level rather than

through a fixed calorie threshold, allowing each meal to be interpreted relative to an in-

dividual’s usual intake. Supervised machine learning models are then used to examine

how psychological, contextual, and passive sensing features contribute to overeating de-

tection. This chapter establishes the second component of the dissertation’s pipeline:

multimodal sensing can detect proximal behavioral episodes and reveal the behavioral

and contextual factors associated with them.

1.4 From Behavior Detection to Digital Phenotyping

Detecting overeating episodes is necessary but insufficient for personalized intervention.

The same behavioral outcome may arise through different mechanisms. For example,

overeating may occur in response to stress, evening hunger, social dining, restaurant-

sourced meals, task-oriented distraction, or rapid eating. Treating overeating as a homo-

geneous category can obscure these differences and limit the specificity of intervention

strategies. Amore useful approach is to identify interpretable behavioral phenotypes that

describe how and under what conditions overeating occurs.

Digital phenotyping provides a computational framework for this task. By using

dense, longitudinal, andmultimodal data, digital phenotyping aims to characterize individual-

level behavior in naturalistic settings [5]. Representation learning methods can support

this process by transforming high-dimensional behavioral data into latent spaces where

meaningful structure becomes easier to identify. Supervised contrastive learning, for ex-

ample, uses label information to pull together samples from the same class while sep-

arating samples from different classes in embedding space [18]. Dimensionality reduc-
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tion methods such as UMAP can then support visualization and downstream clustering

of learned representations [19].

In Chapter 4, this dissertation extends overeating detection toward meal-level digi-

tal phenotyping. The chapter uses multimodal meal-level data to learn latent represen-

tations of eating episodes and identify distinct overeating phenotypes. These pheno-

types are interpreted using psychological, contextual, and sensor-derived features, link-

ing computational clusters back to clinically meaningful behavioral patterns. This chap-

ter establishes the third component of the dissertation’s pipeline: sensing systems should

not only classify behavior, but also reveal interpretable behavioral subtypes that can in-

form personalized intervention design.

1.5 FromManual Annotation to Scalable Behavioral AI

Acentral barrier to scalable sensing-based behavioral health systems is the cost of labeled

data. Wearable and mobile systems can produce large volumes of video, inertial, physio-

logical, and contextual data, but supervised models often require detailed annotation. In

eating behavior research, this may include labeling meal boundaries, bites, chews, ges-

tures, or contextual features. Such annotation is time-intensive, expensive, and difficult

to scale across participants, behaviors, devices, and deployment settings.

Active learning addresses this bottleneck by selecting the most informative sam-

ples for annotation rather than labeling data randomly or exhaustively [20]. In behav-

ioral sensing, this is particularly relevant because many segments are redundant, easy to

classify, or uninformative, while others are ambiguous, difficult, or valuable for improv-

ing model decision boundaries. Training dynamics provide another way to characterize

examples by examining how a model behaves on each sample across training epochs.
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Dataset cartography has shown that confidence and variability across training can iden-

tify easy-to-learn, hard-to-learn, and ambiguous examples, offering a principled way to

reason about data quality and sample utility [21].

In Chapter 5, this dissertation develops an active learning framework for wearable

sensing data. The framework combines model uncertainty with intrinsic uncertainty de-

rived from training dynamics to select samples that are informative for annotation. This

chapter establishes the fourth component of the dissertation’s pipeline: scalable behav-

ioral AI requires not only accuratemodels, but also efficient strategies for deciding which

data should be labeled.

1.6 Dissertation Overview and Major Contributions

Together, the chapters of this dissertation form a sensing-to-insight pipeline for precision

behavioral health. Chapter 2 demonstrates how continuous self-monitoring data can sup-

port early risk prediction in behavioral weight management. Chapter 3 shows howmulti-

modal sensing and EMA can detect proximal overeating episodes in daily life. Chapter 4

transforms meal-level behavioral data into interpretable overeating phenotypes. Chap-

ter 5 addresses the annotation bottleneck that limits the scalability of wearable sensing

systems.

This dissertation makes the following major contributions:

1. Anexplainable early-riskprediction framework forbehavioralweightmanagement.

This work shows that dynamic features extracted from early longitudinal weight

trajectories can support prediction of longer-term treatment response and enable

earlier identification of individuals at risk for suboptimal outcomes.
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2. Amultimodal sensing framework fordetectingovereating in free-livingconditions.

Through the SenseWhy study, this dissertation integrates wearable camera sensing,

EMA, dietary reporting, and dietitian-administered recalls to characterize overeat-

ing at the personalized meal level.

3. Adigital phenotypingapproach for identifyingheterogeneousovereatingpatterns.

This work moves beyond binary overeating detection by learning latent meal-level

representations and identifying interpretable overeatingphenotypesdefinedbypsy-

chological, contextual, and sensor-derived behavioral features.

4. A label-efficient active learning framework for scalable wearable sensing. This

dissertation develops an active learning strategy that uses model uncertainty and

training-dynamics-based uncertainty to reduce annotation burden while support-

ing behavioral model development.

5. A unified computational framework for precision behavioral health. Across these

contributions, this dissertation showshowcontinuousmonitoring,multimodal sens-

ing, interpretable machine learning, digital phenotyping, and active learning can

be integrated tomove behavioral health research from retrospective assessment to-

ward timely, personalized, and scalable intervention.
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Chapter 2

Early Risk Prediction

2.1 Technical Challenge: Early Identification of Treatment

Risk

Research Question 1

How can early longitudinal self-monitoring signals be transformed into generalizable

and explainable indicators of behavioral treatment risk?

Obesity is a growingpopulationhealth concernand is among the leadingpreventable

causes of premature death globally.[22] Gold-standard treatment for obesity involves in-

tensive behavioral treatment that can be costly and burdensome to administer, impeding

the scalability needed to redress obesity on a global scale.[23] Stepped-care treatment

models may be a viable solution. A rational resource allocation strategy, stepped-care,

involves starting with a less resource-intensive intervention, and, for those who respond

suboptimally, stepping themupby addingmore vigorous, expensive intervention compo-

nents. A major challenge facing obesity stepped-care intervention, however, is lack of a

predictive treatment algorithm (policy) that accurately identifies non-responders early in
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treatment. Improved early detection of non-response to weight loss treatment will guide

stepped-care decisions for treatment that can be scaled for population-level impact. This

would result in a treatment allocation algorithm (policy) that gives people the treatment

resources they need—not more and not less.[24]

Prior stepped-care obesity treatment approaches have had two main limitations:

a) poor accuracy of the algorithm predicting nonresponse, or b) prolonged delay (2–3

months) before augmenting treatment,[10] a problematic design feature because initial

weight loss predicts long-term weight loss. There is disagreement as to whether weight

loss variability and other statistical measures increase predictive power of weight loss.

Moreover, it is unknown howwe operationalize initial weight loss, weight loss variability,

trends, and other statistical measures. Given the recent adoption of mobile health tools,

such as wireless weight scales, we can further identify, with greater granularity to daily

changes, critical predictors for stepped-care treatment interventions. Creating adequate

tools for early prediction of weight loss treatment success prevents researchers from re-

sorting to inaccurate weight loss prediction algorithms or subjective judgment. SHapley

Additive exPlanations (SHAP)[25] is an explainable AI tool that helps us understand the

direction and magnitude of the marginal contribution of each feature to the weight loss

outcome. Explainable AI is increasingly enhancing clinician understanding of machine-

learning (ML) models and augmenting their decision-making processes. By improving

transparency in model predictions, it increases clinicians’ trust in the outcome of ML

models and advances their integration into clinical practice.

Although conventional statisticalmethods remain a powerful predictive tool, recent

weight loss research has developed ML-based prediction models using longitudinal data

that uncover new knowledge that can improve the models’ predictive performance.[26],
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[27] Our study had two primary aims. First, we aimed to build a supervisedMLmodel that

incorporates both dynamic features obtained during the initial treatment period com-

bined with baseline features to improve the predictive utility of a clinical decision rule

that identifies non-responders in the first 2 weeks of a stepped-care weight loss trial. Sec-

ond, we aimed to evaluate the generalizability of our model by testing it on populations

from other weight loss trials.

2.2 Longitudinal Self-Monitoring Data and Prediction Task

2.2.1 Overview

Our data analysis pipeline aimed to demonstrate whether dynamic features (weight-loss

information obtained early in the intervention) improve the early prediction of weight

loss in an interventional weight management program, select the best-performing pre-

dictive model, and test its explainability and generalizability. Participants’ weights in the

SMART study were objectively measured using the Fitbit Aria wireless smart scale. They

were instructed to weigh themselves every morning immediately after waking up, post-

urination, and without any clothing. The weight loss outcome, operationalized as a di-

chotomous variable, is assessed at month 6, with success defined as participants achiev-

ing a clinically meaningful weight loss of 5% ormore from their baseline weight by the 6-

month endpoint. We compared ourmachine-learnedmodel with several referencemeth-

ods. The first was the clinical decision rule in which non-responders were defined as

participants who lost <0.5 pounds/week (0.227 kg/week). The clinical decision rule is op-

erationalized by evaluating participants at the end of week 2 and flagging them as non-

responders if they did not lose at least 1 pound from their baselineweight at the end of the

2-week period. Becausemost priorwork suggests the best predictor ofweight loss success
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is the degree of initial (early) weight loss, our second reference method included a logis-

tic regression based on weight loss at week 2. This allowed us to move towards a more

tailored personalized approach to assess whether collecting a feature such as weight loss

from baseline at week 2 (expressed as a percentage)– temporally closer to the 6-month

endpoint –increased the predictive utility of our model. Our third reference method was

the baseline machine-learned model, which tests the predictive power of static features

obtained from participants (e.g., demographics, psychological measures, etc.) at base-

line using a supervised machine-learned model. This was essential to assess whether

data prior to beginning the intervention was sufficient for prediction of weight loss. Our

final proposed weight loss machine-learned model combined baseline static variables

with dynamic statistical variables obtained early (first 2 weeks) during the weight loss

treatment period to highlight the predictive power of data-driven statistical features. To

evaluate the in-distribution generalizability of the final model, we utilized the randomly

selected holdout test set from the SMART study. With the goal of building a trustworthy

machine-learned model that could reliably augment clinical practice, we used explain-

ability methods to uncover not only the most predictive variables but also the magnitude

and direction of a variable’s effect on weight loss. A clinician needs to know the direc-

tion and impact by which a model’s features predict weight loss to understand how the

model “works,” and thereby to decide whether it is credible and trustworthy. To evaluate

the out-of-distribution generalizability of the final model (SMART-trained), we assessed

its performance on the Opt-IN and ENGAGED datasets and compared it tomodels trained

separately on these datasets, allowing us to gain insights into its ability to generalize de-

spite differences in study design and measurement procedures. Moreover, given our in-

terest in understanding behavior change and the existing uncertainty regarding weight

variability and its association with long-termweight loss, we propose a new definition for

body weight variability incorporating the factormissing rate and gauge its discriminative
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power and relationship with weight loss at the 6-month mark.

2.2.2 SMART study design

The SMART study[28] was a sequential multiple assignment randomized trial that aimed

to optimize an mHealth intensive lifestyle obesity stepped-care treatment package by

identifying theoptimal starting conditionand theoptimal augmentation (“step-up”) strate-

gies for treatment non-responders. The study included a 3-month weight loss treatment

programwith aweight loss outcomemeasure at 6months. The sample included400 adults

who were overweight or obese at baseline ([BMI], 27–45 kg/m2). Participant recruitment

spanned 2016 to 2021 in the Chicagoland area.

2.2.3 Opt-IN study design

The Opt-IN study[29] was a clinical trial that used a full factorial design to identify the

combination of remotely delivered, technology-supported weight loss treatment compo-

nents that maximized weight loss over a 6-month period. The study included 562 adult

participants with overweight or obesity. All participants received a base treatment in-

tervention including a custom-built smartphone app that facilitated self-management of

diet and activity behaviors, online lessons, and a coach. In addition to the base package,

participants were randomly assigned to 32 experimental conditions, covering all possi-

ble permutations of five treatment components: moderate vs intense (12 vs 24) number

of coaching call sessions, text messaging, buddy (social support) training, primary care

provider engagement, and meal replacement. This allowed researchers to identify the

optimal combination of these treatment components in terms of the primary outcome,

weight loss achieved at 6 months. Participant recruitment spanned 2013 to 2017 in the

Chicagoland area, with the study’s protocol and design previously documented.
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2.2.4 ENGAGED study design

The ENGAGED study[30], conducted between 2009 to 2013, was a randomized controlled

trial involving 96 adults with obesity, comparing three different 6-monthweight loss treat-

ments: Self-Guided (SELF), Standard (STND), andTechnology-Supported (TECH). TheSTND

and TECH groups attended eight in-person group sessions, while the SELF and STND

groups used paper diaries for self-monitoring. In contrast, the TECH group utilized a

smartphone app with social networking features and a wireless accelerometer for self-

monitoring. The primary goal of the study was to evaluate the effectiveness of each treat-

ment, measured by the amount of weight loss achieved after 6 months.

2.2.5 Development and External Cohorts

We selected the SMART study as the development cohort due to its accurate and objective

weight measurement, facilitated by the Fitbit Aria wireless smart scale, compared to the

self-reported weight measurements in the other studies. Additionally, the SMART study

was the most recent among the weight loss studies, ensuring more up-to-date method-

ologies and technologies. Since part of the SMART study was run during the COVID-19

pandemic, a post hoc sensitivity analysis was conducted, showing no significant differ-

ence in weight loss between groups assessed before and during the lockdown.[31] Opt-IN

and ENGAGED were chosen as external cohorts to deploy the SMART-trained model and

test its generalizability.

2.2.6 Outlier Detection Architecture

We removed duplicate records and eliminated erroneous observations with invalid for-

mats in each study separately. In the first step, we leveraged a traditional statistical ap-
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proach to remove explicit outliers (i.e., unreasonably high/low weight records) by apply-

ing a within-person threshold (lower bound = Q1 – 1.5 * interquartile range [IQR]; up-

per bound = Q3 + 1.5 * IQR, where Q1 = 25th percentile and Q3 = 75th percentile). We

supplemented this approach with another validated method, time-windowed geometric

path analysis to identify within-person errors in weight measurements in time series

data.[32] We measured the time interval and weight difference between three consecu-

tive weight measurements for each participant. Subsequently, for every three contiguous

weight measurements, we computed the path ratio. We created a personalized distribu-

tion of path ratios for each individual and excluded weight values that had a path ratio

that exceeded five z-scores, empirically set, and verified through visual confirmation by

two authors (FS and NA) to ensure accuracy and reliability in the analysis. This method

was applied uniformly to all datasets (SMART, Opt-IN, and ENGAGED). Consequently, all

baselinemodels andMLmethods utilized the same cleaneddataset, ensuring consistency

and comparability in the analysis.

2.3 Early-Trajectory Feature Engineering and Risk

Modeling

2.3.1 Measures and Features

We extracted data-driven features to assist the ML models in discriminating between in-

dividuals who achieved weight loss success and those with suboptimal weight loss re-

sults. Features were added to create generalizable and robust machine-learned models

that identify early non-response in the first 2 weeks of a weight loss intervention. Two

baseline psychological features (self-efficacy for diet and for exercise) and four baseline

demographic variables (height, age, gender, race/ethnicity) were included in the model.
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The data-driven features included daily weight deviation ratio from baseline weight for

days 7 and 14, weight variability, ranges andmeans of weight loss during the first 2 weeks,

and slope/intercept (obtained from linear regression), zero crossing, kurtosis, and skew-

ness, which reveal weight distribution characteristics over the 14-day course. Formal def-

initions of the features are in Supplementary Table 2.7.3. To handlemissing data, we used

linear regressionas a curve-fittingmethod[33] to estimate and imputemissingweight data

from the known records over 2 weeks. For instance, if a weight on day 14 was missing or

removed due to the outlier detection architecture, we used the imputed value.

2.3.2 Weight Variability

Previous research has used different methods to define/measure weight variability; how-

ever, their impact on weight/health outcomes remains unknown. Some researchers have

derivedweight variability as the coefficient of variation known as the relative standard de-

viation.[34]Othershavedefinedweight variability as themean successiveweight change.[35]

Another weight variability metric is derived from non-linear mean deviation estimated

from locallyweighted scatterplot smoother (LOESS) regression.[36]However, weight vari-

ability is alsowidely used as rootmean square error (RMSE) calculated from the estimated

weight records’ distance from the best-fitted linear regression line.[37], [38] All deriva-

tions are in Supplementary Table 2.7.1. We propose a sparsity-adjusted successive weight

loss variability estimated by equation (1), wherewemeasure thewithin-person successive

(day-to-day) weight loss variability and adjust by the count of missingness over 2 weeks,

mathematically formalized as follows:

σ2
i =

∑M−1
j=1 (yi,j − yi,j+1 − µi)

2

M
, µi =

∑M−1
j=1 (yi,j − yi,j+1)

M
, SASWVi = σ2

i ∗Mi
(2.1)
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whereM = 14 is the number of observations, j ∈ {1, 2, . . . ,M}, and N is the number of

participants, i ∈ {1, 2, . . . , N}, µi is the within-person mean of the successive weight loss

differences, σ2
i is the variability of thewithin-person successiveweight loss difference and

Mi is the count of missingness (i.e., the number of imputed observations) over 2 weeks

(Supplementary Figure 2.7.4).

2.3.3 Model preparation

We tested supervised ML algorithms to identify early non-response and predict subop-

timal weight loss at month 6 in the SMART study at baseline and by week 2. To identify

the optimal model, we ran discriminative (e.g., XGBoost, random forest, support-vector

machines, logistic regression, and k-nearest neighbors) and generative (e.g., naive bayes)

supervised ML classifiers. Figure 2.3.1 displays the analytic pipeline, with each compo-

nent described in detail in the following sections.

2.3.4 Model generalizability and explainability

To test in-distribution generalizability of themachine-learnedmodels, we created a train/-

validation/test split (60%/20%/20%), ensuring that thedatawas randomlypartitionedwith-

out cross-contamination between sets. In the model training and refinement phase, we

used Bayesian optimization[39] to select the optimal set of parameters for each algorithm

on the validation set in an efficient and informedmanner. To address sample diversity and

class imbalance, we used sample stratification (based on gender, race/ethnicity, and out-

comevariable) to eliminatebias andmodel overfitting. Finally, weevaluated in-distribution

generalizability by assessing the performance of the fine-tuned model (trained on the

combined train and validation sets) on the holdout test set. Based on these evaluations,

we selected the best-performingmachine-learnedmodel and proceeded to themodel de-
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Figure 2.3.1: Developingageneralizable andexplainableweight losspredictionmachine learning
model for healthcare providers. a The SMART weight loss trial data was cleaned before extract-
ing measures, which were used to train an ML model for accurate and explainable predictions.
The model was continually refined, and its performance was assessed on external datasets, such
as Opt-IN and ENGAGED to evaluate generalizability. The goal is to develop a reliable decision-
support tool for healthcare providers through ongoing model refinement and data preparation.
b Raw weight data were obtained from the SMART study, then cleaned and pre-processed. Static
measures, including demographics and baseline clinical characteristics, as well as dynamic mea-
sures, consisting of statistical features, were extracted for use in training the models. Following
this, the machine-learned model was trained on the extracted features and tuned its hyperpa-
rameters. The prediction model was then evaluated using well-validated evaluation metrics. This
iterative cycle ensures continuous improvement of the model by re-evaluating and tuning until
optimal performance is achieved. Using an explainability tool, e.g., SHAP, the refined model is
analyzed to identify the features that drive its predictions, enhancing the transparency and inter-
pretability of the model’s decisions. The final model was deployed on other datasets, Opt-IN and
ENGAGED, to evaluate the model’s generalizability.
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ployment phase. To assess the generalizability of this final model (the SMART-trained

model), we evaluated its performance on external datasets, specifically ENGAGED and

Opt-IN. Additionally, we independently trainedmodels on each of these external datasets

using k-fold cross-validation. We then compared the cross-validation metrics from these

independently trained models to the generalizability metrics obtained from applying the

SMART-trained model to the same datasets. We used SHAP to improve the explainabil-

ity of our model by uncovering the magnitude, directionality (positive or negative), and

predictive order of the features.

2.3.5 Evaluation

We evaluated ourmodel using variousmetrics, including sensitivity, specificity, F1 scores

for weight loss success, F1 scores for suboptimal weight loss, weighted F1 scores, the area

under the receiver operating curve (AUROC), the area under the precision-recall curve

(AUPRC), and Brier score loss. F1 score is a precisemeasure of performance used inML to

capture precision of the algorithm and recall of both weight loss success and suboptimal

weight loss or as a combined weighted F1 score that assigns weights based on each class’s

support.

2.4 Evaluation and External Validation

Data from 400 participants with obesity were obtained from the SMART study, of which

281 participants were eligible for inclusion in the model development dataset (15 with-

drew, 43 missed 6-month follow-up, and 61 did not produce sufficient weight data from

the Fitbit Aria wireless weight scale during the first 2 weeks of the study). We allocated

60% (169/281) of the data in the training dataset, 20% (55/281) in the validation set, and

20% (57/281) in the holdout test set. Approximately 64% (179 participants) of the whole
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development dataset reached suboptimal weight loss (encoded as zero), and 36% (102

participants) achieved sufficient weight loss (encoded as one) based on the 5% weight

outcome atmonth 6. Table 2.4.1 shows baseline characteristics of patients in the training,

validation, and test sets. The profiles for the SMART, Opt-IN, and ENGAGED studies are

presented in Supplementary 2.7.1, 2.7.2, and 2.7.3.

Table 2.4.1: Baseline characteristics of the individuals who participated in the SMART study (de-
velopment dataset), Opt-IN and ENGAGED studies (generalizability datasets)

Development dataset [SMART] (n = 281) Generalizability datasets
[Opt-IN & ENGAGED] (n = 472)

Sample size Train (n = 169) Validation (n = 55) Test (n = 57) Opt-IN (n = 442) ENGAGED (n = 30)
Age range, years 20–60 23–60 18–60 18–60 22–57
Sex, n (%)
Female 123 (72.8) 40 (72.7) 43 (75.4) 357 (80.8) 27 (90)
Male 43 (25.5) 15 (27.3) 14 (24.6) 85 (19.2) 3 (10)
Other 3 (1.7) 0 (0) 0 (0) 0 (0) 0 (0)
Race/ethnicity, n (%)
Non-Hispanic White 103 (60.9) 34 (61.8) 35 (61.4) 335 (75.8) 14 (47.7)
Non-Hispanic Black 32 (18.9) 12 (21.8) 11 (19.3) 51 (11.5) 12 (40)
Hispanic 21 (12.5) 5 (9.2) 6 (10.5) 40 (9.1) 4 (13.3)
Non-Hispanic Other 13 (7.7) 4 (7.2) 5 (8.7) 16 (3.6) 0 (0)
Weight loss success, n (%)
No 104 (61.5) 34 (61.8) 34 (59.6) 209 (47.3) 19 (63.3)
Yes 65 (38.5) 21 (38.2) 23 (40.4) 233 (52.7) 11 (36.7)

Data are n (%) and (range) for baseline characteristics.

2.4.1 Proposed model compared to reference methods

Results for the three reference methods show imbalanced sensitivity and specificity as

indicated in Table 2.4.2. The average of the three models yields a low sensitivity of 26.1%

(95% CI, 14.1-38.1) and high specificity of 86.2% (95% CI, 82.9-89.4) suggesting a tendency

towards higher false negatives (misidentifying actual sufficientweight loss as suboptimal)

and lower false positives (misidentifying actual inadequate weight loss as sufficient), im-

plying that the models predominantly predict a single outcome, suboptimal weight loss,

akin to a negatively biased decisionmaker. The baseline MLmodels, both discriminative

and generative, which were trained solely using static features as indicated in the Supple-

mentary Table 2.7.2, achieved an average weighted F1 score of 59.0% (95% CI, 57.6-60.4),
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and AUROC of 62.8% (95% CI, 59.7-65.9). The generative and discriminative ML models,

when trained on dynamic and static features at week 2, achieved an average F1 weighted

score of 68.9% (95% CI, 66.2-71.6) and AUROC 76.0% (95% CI, 72.2-79.9), demonstrating the

value of dynamic features in enhancing prediction accuracy shown in Supplementary

Table ??. By incorporating dynamic features in addition to static features in the model,

we observed a 9.9% improvement in the F1 weighted score and a 13.2% increase in the

AUROC. Consequently, we selected the best-performing ML model, the proposed ran-

dom forest, which uses the complete feature set. This model outperformed all reference

methods yielding a weighted F1 score of 75.7%, AUROC of 84.5%, AUPRC of 86.3%, and

Brier score loss of 0.173, as indicated in Table 2.4.2. To ensure an unbiased approach to

modeling, further analysis was performed on 15 other random train/validation/test splits,

yielding similar performance and explainability outcomes (Supplementary Note 2.7.1).

2.4.2 Explainability

Through SHAP, we generated a ranking of feature importance and corresponding expla-

nations using SHAP values and feature magnitudes. Our analysis highlights the signifi-

cance of certain features. For instance, SHAP magnitudes and directionality support the

expectation that a higher magnitude of weight loss on the 14th day increases the likeli-

hood of successful weight loss shown in Figure 2.4.1. Furthermore, we found that fea-

tures derived from the weight trajectory over a two-week period, such as highminimum,

maximum,mean, 75th percentile, IQR, and slope, played a crucial role in weight loss pre-

diction based on SHAP plots. Additionally, by examining the SASWV feature, we observed

that higher SASWVwas indicative of weight gain. Our examination also revealedmultiple

baseline features such as age (being older), sex (being male), height (being tall), and high

self-efficacy in exercise are predictive of weight loss.
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Table 2.4.2: Comparison of the proposed random forest model with three reference methods

Model Sensitivity, % Specificity, % F1 weighted, % AUROC, % AUPRC, % Brier score loss Time endpoint
Historic clinical
decision rule (0.5 lb/week) 5.5 81.4 44.4 NA NA NA Two weeks
Logistic regression
(weight loss on day 14) 40.9 85.7 66.5 76.1 70.7 0.217 Two weeks
Logistic regression
(Static features) 31.8 91.4 64.8 68.4 70.0 0.239 Baseline
Proposed random forest
(full feature set) 82.2 71.1 75.7 84.5 86.3 0.173 Two weeks

The clinical decision rule, which selects responders based on weight loss exceeding 0.5 lb/week, and the
logistic regression model trained solely on weight loss data from day 14 on SMART data. The third
reference model was trained on static baseline features. Logistic regression outperformed all other ML
models, both generative and discriminative, that were trained using static features at the baseline. The
fourth model is the proposed random forest model trained on the full feature set by the two-week
endpoint.

Table 2.4.3: Results of generalizability for the model trained using the SMART dataset when ap-
plied to the external cohorts, Opt-IN, and ENGAGED

SMART-trained model results Opt-IN ENGAGED
Sensitivity (%) 77.7 90.9
Specificity (%) 60.3 78.9
F1 weighted (%) 69.2 83.6
AUROC (%) 70.9 80.5
AUPRC (%) 68.7 82.0
Brier score loss 0.218 0.137
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2.4.3 Generalizability

The results of our generalizability analysis are indicated in Figure 2.4.2, and Table 2.4.3.

The results for Opt-IN revealed that the 5-fold cross-validation procedure yielded an av-

erage AUROC of 72.6% (95% CI, 70.3-74.9), AUPRC of 72.3% (95% CI, 68.3-76.3), and a Brier

score loss of 0.216 (95% CI, 0.207-0.225). For generalizability of Opt-IN, AUROC, AUPRC,

andBrier score losswere 70.9%, 68.7%, and0.218, respectively. Applying a similarmethod-

ology to theENGAGEDdataset, for 3-fold cross-validation,weachievedanAUROCof 84.4%

(95% CI, 75.6-93.2), an AUPRC of 79.9% (95% CI, 70.9- 88.9), and a Brier score loss of 0.166

(95%CI, 0.126-0.206). For ENGAGEDgeneralizability, AUROC, AUPRC, andBrier score loss

were 80.5%, 82.0%, and 0.137, respectively.
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Figure 2.4.1: Explainability plots by SHAP for the features used in the study. a Feature importance
of the variables used in the random forest model trained on the SMART dataset. b Correlation
between the feature magnitude and SHAP values, indicating the direction and impact of features
on the model’s predictions.
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Figure 2.4.2: Generalizability assessment of a random forest model for weight loss prediction
using external datasets (Opt-IN and ENGAGED). (Full description continued on next page.)
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Figure 2.4.2: (Continued) a, b ROC curves for both models, with the blue curve (and a shaded 95%
CI) representing the model trained/tested on Opt-In and ENGAGED. The red curve represents the
ROC curve for the generalizability. The generalizability curve consistently fell within the 95%
CI, achieving an AUROC of 0.709 and 0.805, which closely aligns with the AUROC of the model
trained/tested on Opt-IN and ENGAGED, respectively (mean: Opt-IN, 0.726; ENGAGED, 0.844).
c, d Correspondingly, the Precision-Recall curves for the Opt-IN and ENGAGED, based on mod-
els trained and tested on these cohorts individually, were compared with those from the SMART-
trained model’s generalizability performance. The generalizability curves consistently fell within
the 95% confidence intervals, achieving AUPRC values of 0.687 and 0.820, respectively. These val-
ues are in close alignment with the AUPRC of the models trained and tested on Opt-IN and EN-
GAGED (mean: 0.723 and 0.799, respectively).
e, f In a similar analysis for Brier score loss, the total losses recorded were 0.218 and 0.137 for the
generalizability assessment, closely corresponding to the results from models trained and tested
on Opt-IN and ENGAGED, withmean values of 0.216 and 0.166, respectively. Therefore, the SMART
model generalized effectively to the external datasets without substantial loss in performance on
Opt-IN and ENGAGED.

2.5 Discussion

In this study, we developed a machine-learned model that leverages recent advances in

explainability and generalizability to increase validity, reliability, and trust in our ability

to detect non-responders to weight loss programs with a 6-month endpoint and trigger

adjustment in treatment. Importantly, our algorithm outperformed the clinical decision

rule that has been used in past stepped-care trials. The algorithmwas also generalizable,

given that its effectivenesswas replicated in two other distinct weight loss trials. For these

reasons, ourmodel holds promise as a valuable tool for personalized treatment allocation

and improved outcomes in stepped-care weight management treatments.

The healthcare sector is witnessing a growing concern surrounding the adoption of

ML algorithms that suffer from low interpretability.[40] Clinicians and healthcare profes-

sionals hesitate to rely on decisions rendered by these models, given the lack of insight

and explanations driving the outcome prediction and the high stakes of clinical decision-

making. Although computer scientists and researchers often report the most highly per-



47

formantmodel, clinicians and expertswill likely not use a tool they donot understand.[41]

Fortunately, recent advances in interpreting complex models, make it more feasible to

incorporate explainability into the decision-making process. Explainability methods are

known to enhance trust in themodel by allowing clinicians to understand that themodel’s

accurate predictions are grounded in valid reasoning and that any errors made by the

model are based on understandable and justifiable factors found in the data.[42]

The SMART-trainedmodel exhibited stable performance with no substantial differ-

ence compared to the models trained and tested on the Opt-IN and ENGAGED datasets

separately, as indicated in Table 2.4.3 and Figure 2.4.2. This finding suggests features de-

rived from objectively measured weights from wireless weight scales were discrimina-

tive and generalized effectively across external data from Opt-IN and ENGAGED studies,

that used self-reported weights. Furthermore, the SMART-trained model outperformed

the model trained and tested on ENGAGED in terms of AUPRC and Brier score loss. This

might be due to the smaller sample size of 30 participants in ENGAGED, which can make

it challenging to train a well-calibrated classifier capable of delivering stable predictions.

Therefore, a generalizable model trained on a larger sample size with objective measure-

ment is better equipped to withstand minor changes in study design and measurement

procedures.

Simple rule-based approaches, such as the clinical decision rule (responders iden-

tified as losing≥ 1 pounds in 2 weeks) result in low sensitivity (5.5%) and an F1 weighted

score of 44.4%. The simple model generates a high number of false negatives, predicting

non-responders when they were actually responders. Such amodel would result in an in-

crease of treatment components or care intensity for participants who do not need them,

resulting in increased cost and care team burden. Given that initial weight loss has been
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shown to predict long-term weight loss[43], we designed a logistic regression model that

uses weight loss at the end of the second week as the sole predictor. Although this model

improved the clinical decision rule (F1 weighted score, 66.5%) and provided greater inter-

pretability, it comes at the expense of low accuracy and low sensitivity (40.9%). We then

opted for building a model using the random forest classifier, which is known to prevent

overfitting compared with typical decision tree models, generalizes well, and has shown

success in various domains including finance and healthcare.[44], [45] Figure 2.5.1 shows

a comparative analysis between the selected random forest model and logistic regression

model.

We then set out to build a model using data only collected at baseline to test predic-

tion before treatment initiation. The results were promising and uncovered some impor-

tant features; however, themodel had low accuracy, comparable sensitivity (40.9%), and a

slightly lower F1 weighted score (59.0%). Our findings suggest that the statistical features

extracted from the 2-week weight loss trajectory possess discriminative power, leading to

a notable 16.7% increase in the F1 weighted score when compared with a random forest

model trained solely on demographic and psychological features. Notably, certain demo-

graphic attributes such as age, gender, and height exhibit considerable discriminatory

potential, implying that older and taller individuals, as well as males, are more likely to

succeed in losingweight. These observations are in linewith findings frompriorwork de-

scribing the reasons females and younger adults have greater difficulty losingweight.[46],

[47] Increased bodyweight variability is a result of fluctuations inweight loss and gain and

is influenced by a diverse range of factors, encompassing variations in dietary, physical

activity, and other behavioral patterns (e.g., time of daily weighing).[48] The consequen-

tial impact of weight variability extends to numerous health outcomes, including condi-

tions like depression,[49] non-alcoholic fatty liver,[50] and cardiovascular disease.[51]
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Figure 2.5.1: Comparative analysis of weight loss predictions: random forest vs. logistic regres-
sion models across initial two-week trajectory. (Description continued on next page.)
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Figure 2.5.1: (Continued) The plots a and c delineate the trajectory of weight change over a 14-day
period from the baseline for two participants, one achieving suboptimal weight loss and the other
achieving sufficient weight loss at the 6-month mark. Accompanying the weight change data are
SHAP force plots (b and d), illustrating the features contributing to the predictive models’ out-
comes for these individuals. Additionally, daily weight loss percentages are depicted using blue
dots, while a red line signifies the trend in weight loss trajectories through orthogonal distance
regression (ODR), for both participants. A comparative analysis is conducted between the predic-
tive capabilities of the proposed random forest model (trained on the full set of features), and a
logistic regression model (trained exclusively on the data pertaining to weight loss on day 14). a
The logistic regression model functions as a tailored decision rule, categorizing participants who
exhibit a weight loss of ∼2.44% by the end of the second week as likely to achieve weight loss
success at the 6-month mark. The random forest model considers a broader set of variables, in-
cluding the trajectory of weight loss as determined by the slope, the participant’s age (b), and the
weight loss observed on the 14th day. However, the logistic regression model, relying solely on
the singular metric of weight loss on day 14—approximately 2%—predicts suboptimal weight loss
by the six-month marker. c In contrast, for this participant, the random forest model leverages
a broader array of variables (d), including maximum, minimum, mean weights, and gender, en-
hancing the precision of its prediction. Conversely, the logistic regression model’s reliance on a
single variable—weight loss on day 14, estimated at 2%—renders it susceptible tomisclassification
of this participant’s outcome.

Measuring weight variability is challenging due to outliers in weight data, inconsis-

tent recording ofweights by individuals, and non-linear trends inweight over time. These

factors make accurate quantification of weight variability complex. Researchers vary in

how they operationalize or measure weight variability, adopting distinct definitions tai-

lored to their specific research objectives. However, the rationale driving selection of

these definitions often remains unexplained, contributing to lack of consensus about the

optimal characterization of weight variability to inform the investigation of weight loss

prediction. Researchers have shown that short-term elevated weight variability is predic-

tive of poor long-term outcome.[52] Additionally, variation between weekdays and week-

ends, such that high compensatory weight loss during weekdays counteracts the upward

trajectory of weight gain during weekends, predicts long-term weight loss and mainte-

nance over time.[53] This may be attributed to the operationalization of weekly weight

variability, which focuses on comparing non-consecutive days of the week rather than
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emphasizing variations in consecutive day-to-day changes. Although weekly weight vari-

ability is an interesting area of inquiry, our desire to predict weight loss as early in the

intervention as possible renders it unfeasible to estimate weekday/weekend weight vari-

ability. The prevailing approach for long-term weight loss prediction has typically re-

lied on the use of RMSE through linear regression methods. However, this method is

not without limitations, primarily due to its inability to capture non-linearities in weight

trajectory fluctuations. A different approach proposed employs LOESS regression, yet

like other least squares methods, this technique is sensitive to outliers.[54] The estima-

tion of bodyweight variability, regardless of the chosen definition, frequently encounters

challenges stemming from the presence of missing data.[55] As the frequency of missing

weight records increases, weight variability can decrease depending on the imputation

method employed. Whether using self-report or technology-based smart devices tomore

objectively operationalize themeasure of weight, there is a need to address missing data.

We therefore scale our definition of a successive weight variability feature by the count of

missing weight records spanning the 2-week interval. This underscores that higher suc-

cessive weight variability and/or suboptimal utilization of technology-based tools (higher

missing rate) are associated with reduced success in weight loss.

Our findings suggest another important aspect to consider: an elevated level of

missing data likely indicates a decrease in adherence to the study protocol, perhaps re-

flecting faltering motivation that would be expected to result in failing to achieve weight

loss in 6 months. However, isolated total missingness failed to demonstrate predictive

capacity. This becomes more predictive when coupled with successive weight variabil-

ity and suggests that the predictive factor for long-term weight gain may not solely stem

from elevated weight variability but rather arise from the interplay between heightened

weight variability and diminished adherence to prescribed study protocols.
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Misclassification in behavioral weight loss trials can have significant implications,

particularly concerning the risks associated with both under- and over-treatment. Incor-

rectly classifying an individual as a responder may result in the failure to provide neces-

sary interventions, leading to suboptimalweight loss outcomes andpotentially exacerbat-

ing obesity-related health conditions.[56] Conversely, the consequences ofmisclassifying

an individual as a non-responder, leading tomore intensive treatment thannecessary, are

not as well understood and have not been extensively studied. Although previous studies

have found that the risks associated with intensive behavioral interventions, including

weight loss maintenance programs for adults with obesity, are minimal, over-treatment

may introduce risks at multiple levels, at both the individual and population level. At the

population level, a prominent adverse consequence of overtreatment is the inefficient

allocation of resources to superfluous care, which can result in the depletion of critical

resources[57], subsequently limiting their availability for those who really need it. On

an individual level, providing support that exceeds what is necessary can compromise

autonomy. Individuals who perceive their weight loss as being reliant on external assis-

tance may fail to cultivate the self-confidence and self-efficacy that could be gleaned by

losing weight of their own accord, without external support. Achieving the right balance

between providing support and encouraging autonomy is essential in weight loss inter-

ventions.[58]

Weight loss is a multifaceted process influenced by diverse physiological, psycho-

logical, and environmental factors. Our analysis is limited in that our feature set does not

encompass elements capturing dietary patterns or variations in physical activity, which

could significantly enhance the study’s comprehensiveness. However, our choice of stat-

ic/dynamic features alignswith those commonly found inmost standard clinical settings.

Furthermore, it is essential to acknowledge that ML models are inherently opaque. Al-
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though SHAP aids in mitigating this opacity, it does not address potential algorithmic

biases embedded in the model, often due to underlying assumptions in the algorithm’s

design. It is important to acknowledge that excessive reliance on SHAP interpretations

may lead to overinterpretation, potentially resulting in the emergence of narrative falla-

cies.[59]

Our primary outcome variable is measured at 6 months, which presents a limita-

tion in predicting the long-term sustainability of weight loss. Future research should aim

to predict weight loss maintenance by extending the analysis to 12-month outcomes and

beyond. Given the complexity and uncertainty of human behavior, predicting weight loss

is an inherently challenging problem. Although initial weight loss is known as a strong

predictor of weight loss maintenance, we shed light on the utility of low weight loss vari-

ability in predicting weight loss success through the predictive lens of machine-learned

models. Our findings show that we can reliably predict weight loss as early as 2 weeks

into a weight loss attempt, laying the foundation for future dynamic stepped-care weight

loss models. However, the model is based on a limited universally measured set of fea-

tures in common in clinical settings and a limited sample size from 3 studies; as such,

it is meant as a proof-of-concept analysis. Before this kind of model can be used as a

decision-support tool, the effectiveness of early-predictionmodels needs to be confirmed

in a prospective study encompassing a diverse array of populations, a broad spectrum of

treatment methodologies, and a range of different temporal intervals.

2.6 Summary

This chapter presented a machine learning framework for the early prediction of long-

term weight loss success in behavioral obesity interventions. The study was motivated
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by a central limitation in stepped-care weight management: existing decision rules can

identify non-responders only with limited accuracy or after a delay that may reduce the

effectiveness of treatment adaptation. To address this gap, this work examined whether

early weight change patterns, collected during the first two weeks of treatment, could be

used to predict clinically meaningful weight loss at six months.

The analysis used data from three behavioral weight management trials: SMART, Opt-

IN, and ENGAGED. The SMART trial was used as the development cohort because it in-

cluded objectively measured daily weights from wireless scales, while Opt-IN and EN-

GAGED were used as external validation cohorts. A random forest classifier was devel-

oped using both baseline features, such as demographic andpsychosocial characteristics,

and dynamic features extracted from early weight trajectories. These dynamic features

included early weight loss, slope, distributional statistics, and measures of weight vari-

ability.

The proposedmodel outperformed existing clinical decision rules and baseline-only pre-

diction approaches. The final random forest model achieved an AUROC of 0.845 and an

AUPRC of 0.863 for predicting six-month weight loss success. Explainability analyses us-

ing SHAP showed that weight loss at day 14, trajectory-based features, weight variabil-

ity measures, and age were among the strongest predictors of treatment outcome. The

model also generalized effectively to the Opt-IN and ENGAGED cohorts, suggesting that

early weight trajectory features can remain predictive across different intervention de-

signs and measurement procedures.

This work contributes to the weight loss and digital health literature by demonstrating

that meaningful prediction of long-term treatment success can be achieved as early as

two weeks into an intervention. Rather than relying only on a simple threshold of early
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weight loss, the study showed that richer statistical representations of early weight trajec-

tories provide additional predictive value. The chapter also introduced a sparsity-adjusted

measure of successiveweight variability, linking bothweight fluctuation andmissingness

in self-monitoring data to later outcomes. Overall, this work provides evidence that ex-

plainable and generalizable machine learning models can support more adaptive, effi-

cient, and personalized stepped-care weight management interventions.

2.7 Supplementary
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Figure 2.7.1: Study profile for SMART study. The figure provides a visual representation of the
number of participants in the SMART Weight Management Study. It illustrates the total number
of study participants, the count of individuals excluded from our analysis, and the overall number
of participants considered in our analytical assessment.

Figure 2.7.2: Study profile for Opt-IN study. The figure provides a visual representation of the
number of participants in the Opt-INWeight Management Study. It illustrates the total number of
study participants, the count of individuals excluded from our analysis, and the overall number
of participants considered in our analytical assessment.
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Figure 2.7.3: Study profile for ENGAGED study. The figure provides a visual representation of the
number of participants in the ENGAGEDWeightManagement Study. It illustrates the total number
of study participants, the count of individuals excluded from our analysis, and the overall number
of participants considered in our analytical assessment.
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Figure 2.7.4: Examples of individuals with high and low weight loss variability. This figure
presents the variation in weight change over 14 days from baseline weight for four participants.
Successive weight-loss variability was calculated based on the daily weight loss percentages (in
blue). To better visualize the overall trend and highlight the variation in weight loss over time, a
red linear trendline is superimposed on each plot. This allows for a clearer comparison of weight-
loss consistency among the participants, distinguishing those with high variability from those
with low variability. (A) Two individuals with high weight variability are shown, calculated using
the proposed successive weight loss variability method. (B) Two individuals with low weight loss
variability are presented.
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Weight Variability Measures Formal Operational Definition Derivation Domain/Application References

Coefficient of Variation The standard deviation of the ob-
served records over the average
of the observed records

CV = σ
µ where: µ = observed

records’ mean, σ = observed
records’ standard deviation

All-cause mortality,
Type 2 diabetes

Nam et
al.[34], Okada
et al.[60]

Mean Successive Variability The mean absolute difference be-
tween successive weight records

ASV = 1
n−1

∑n−1
i=1 |yi − yi+1|

where: n = the number of
records, yi = observed record

Coronary disease,
Diabetes, Heart fail-
ure with preserved
ejection fraction
(HFpEF)

Banglore et
al.[35], Rhee
et al.[61], Li et
al.[62]

Root Mean Squared Error The square root of the average of
the squared residuals from linear
regression method

RMSE =
√

1
n

∑n
i=1(yi − ŷi)2

where: yi = observed record, ŷi
= fitted record, n = number of
records

Long-term weight-
loss success, Cardio-
vascular, All-cause
mortality

Benson
et al.[38],
Cologne et
al.[37], Dyer
et al.[63]

Non-linear Mean Deviation The average of the absolute resid-
uals error from LOESS regression
method

NLMD = 1
n

∑n
i=1 |yi − ŷi|

where: yi = observed record, ŷi
= fitted record

Weight-loss mainte-
nance

Turicchi et
al.[55]

Table 2.7.1: Descriptions of Body Weight Variability Operational Definitions in Difference Studies
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MLModel Sensitivity Specificity

F1-score
(6-month
weight-loss
success)

F1-score
(suboptimal
6-month

weight-loss) F1 weighted ROC-AUC
Balanced
Accuracy

k-NN 0.364 0.714 0.400 0.676 0.569 0.519 0.539
Logistic Regression 0.318 0.914 0.438 0.780 0.648 0.684 0.616
Naïve Bayes 0.455 0.743 0.488 0.712 0.626 0.701 0.599
Random Forest 0.409 0.714 0.439 0.685 0.590 0.652 0.562
SVM 0.273 0.714 0.316 0.658 0.526 0.497 0.494
Gradient Boosting 0.227 0.886 0.323 0.747 0.583 0.713 0.556

Mean (STD) 0.341 (0.085) 0.781 (0.093) 0.401 (0.069) 0.710 (0.046) 0.590 (0.043) 0.628 (0.095) 0.561 (0.044)

We conducted training and testing of both discriminative and generative models, utilizing static features such as psychological and de-
mographic attributes collected at the baseline. This table provides an overview of the baseline results. Notably, the Logistic Regression
algorithm demonstrated F1 weighted scores of 64.8% and balanced accuracy of 61.6%. In general, the machine learning models trained at
baseline exhibited an average F1 weighted score of 59.0% with a standard deviation of 4.3%.

Table 2.7.2: Performance of ML Models at Baseline
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Variable Feature Description

Statistical Features

Mean Average weight loss from a two-week weight trajectory
Variance Variance of the weight loss from a two-week weight trajectory
Median Median of the weight loss from a two-week weight trajectory
Maximum Maximum weight loss from a two-week weight trajectory
Minimum Minimum weight loss from a two-week weight trajectory
75th Percentile 75th percentile weight loss from a two-week weight trajectory
25th Percentile 25th percentile weight loss from a two-week weight trajectory
Range Range of weight loss from a two-week weight trajectory
Inter-quartile range Distance between 75th percentile and 25th percentile
Slope Slope obtained from the best-fitted regression line for the two-week

weight trajectory
Intercept Intercept obtained from the best-fitted regression line for the two-

week weight trajectory
Zero-crossing Number of times in change of sign (e.g., positive to negative) in the

mean-centered two-week weight loss trajectory
Kurtosis A measure to calculate whether the two-week weight loss trajectory

is heavy-tailed or light-tailed
Skewness A measure to calculate the skewness of the weight loss trajectory
Weight loss on the 14th day (%) The percent of weight loss on the 14th day
Weight loss on the 7th day (%) The percent of weight loss on the 7th day
Sparsity-adjusted successive weight variability (SASWV) As described in the main body of the paper

Table continued on the next page.

Table 2.7.3: Feature Description Table
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Variable Feature Description

Baseline Features

Self-efficacy Score (diet) As described in Pfammatter et al.[28]
Self-efficacy Score (exercise) As described in Pfammatter et al.[28]
Sex Sex
Race/ethnicity Combined race and ethnicity variable
Age Age
Height Height
Baseline weight (lb) Weight measured in the beginning of the study

In this table, we provide a detailed description of the features utilized in themachine learningmodels, encompassing both baseline features
and statistical characteristics.

Table 2.7.3: Feature Description Table (continued)
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2.7.1 Supplementary Note 1

Stratified Splitting and Model Evaluation

Tomaintain an unbiasedmodeling approach, we randomly split the data into train,

validation, and test sets, stratifiedby sex, race/ethnicity, and the outcomevariable (weight

loss success) to ensure diversity within each set while avoiding cross-contamination. We

repeated this 60/20/20 split 15 times using different random states, with each iteration se-

lecting distinct samples for the train, validation, and test sets while preserving the same

stratification. We then compared the results (with a fixed random state) to the 95% confi-

dence interval range for the F1 weighted score. We observed that the results consistently

fell within this confidence interval, confirming that the F1 weighted score of 75.7% was

within the confidence interval range (95% CI, 74.8%–77.1%).
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Chapter 3

SenseWhy

3.1 Technical Challenge: Objective Measurement of

Proximal Eating Behaviors in Free-Living Settings

Research Question 2

Howcanmultimodal sensing and self-report be integrated to detect, characterize, and

phenotype proximal eating behaviors such as overeating in free-living settings?

Obesity remains a significant public health challenge despite various pharmacolog-

ical and behavioral interventions. Since 1975, the global prevalence of obesity has tripled

in number. As of 2022, 2.5 billion adults aged 18 years and older were considered over-

weight, including over 890 million who were classified with obesity.[22] Traditional be-

havioral weight loss interventions often fail to provide long-term results, with many in-

dividuals experiencing weight regain within 12 months post-intervention.[64], [65] One

common target of obesity interventions and treatments is overeating.[66] However, these

efforts are often unsuccessful, potentially because the specific patterns and behaviors

that contribute to overeating are not well understood.[67] One critical reason for this
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deficit in knowledge is the lack of a multifaceted approach to the study of eating behav-

ior, excluding an investigation into the complex and interrelated factors that contribute

to overeating. Consequently, most current treatments do not account for the dynamic in-

terplay of psychological, contextual, and physiological factors, highlighting the need for

more personalized and adaptive intervention strategies.[68]

Considerable effort has been devoted to identifying predictors of overeating, pri-

marily employing self-reported data in combination with linear statistical approaches.

Most of these studies have focused on single proximal determinants such as stress, crav-

ings, and loss of control (LOC) as potential predictors of overeating.[13], [69], [70], [71]

For example, recent studies have identified various single predictors of overeating, such

as emotional eating and impulsive responses to food cues.[72], [73], [74] While Ecological

Momentary Assessment (EMA), a research methodology that involves repeatedly sam-

pling participants’ behaviors, experiences, and moods in real-time and in their natural

environments, provides valuable insights into eating behaviors, it can sometimes suffer

from limitations related to the accuracy of meal timing and portion size reporting. Fac-

tors such as recall bias or delayed entries may affect the precision of self-reported data;

thus, objective measures are needed to improve our understanding of overeating.

Wearable sensors are a promising source of objective data concerning overeating

behaviors and predictors. Wearables can collect data passively and continuously, allow-

ing researchers to obtain behavioral measurements that are both richer and more fre-

quently collected than those collected with self-report measures. Applying wearable sen-

sors to eating studies can increase the reliability of our data and introduce new ways of

analyzing the occurrence and co-occurrence of overeating predictors through the provi-

sion of richer, finer-grained datasets.
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In this study, our aimwas to first applymachine-learning algorithms to identify fea-

tures that predict overeating using passive sensing data, both with and without ecologi-

cal momentary assessment (EMA) inputs. Secondly, we used these identified features to

construct distinct clusters of overeating and eating episodes, allowing us to differentiate

theoretically and clinically relevant patterns of problematic overeating behaviors. This

approach enables the provision of individualized data for personalized, adaptive inter-

ventions, overcoming the limitations of current one-size-fits-all strategies.

3.2 SenseWhy Study Design and Personalized Overeating

Labels

To improve the accuracy of dietary intake assessments, we incorporated passive data

collection methods using wearable cameras. Wearable cameras provide objective direct

meal verification through recorded footage with validated timestamps, capturing both

meal timing anddietary composition. Additionally, participants completed 24-hourdietitian-

administered dietary recalls, which included a photo-assisted feature tominimize report-

ing biases and ensure professional oversight of caloric intake estimations.[75] To analyze

the collected data, we applied advancedmachine learning techniques to identify patterns

in eating behavior. Specifically, we usedwearable device data andmachine learningmod-

els to detect meal timing and examine the relationships between behavioral, psycholog-

ical, and contextual predictors of overeating episodes. This methodological approach

enables a comprehensive analysis of co-occurring factors contributing to overeating.



67

3.2.1 Study design

The SenseWhy study involved 65 adult participants with obesity (BMI ≥ 30 kg/m2) re-

siding in the Chicago Metropolitan Area, and was conducted over a 14-day (two-week)

period.[76] Each participant received a sensing suite, including a chest-worn, activity-

orientedwearable camera securedwith a neck-worn lanyard and an under-the-shirtmag-

netic pad. The camera featured an upward-facing sensor array that captured video and

thermal images of the face and surrounding areas, enabling visual tracking of eating be-

haviors in naturalistic settings. An infrared sensor enhanced data quality, particularly for

nighttime or low-light eating conditions. Participants could pause recording to protect

bystander privacy when others were present. Further details on device placement and

orientation are illustrated in Supplementary Figure 3.7.9. Participants used a customized

mobile application, installed on their personal smartphones, to record both dietary in-

take and event-based EMA surveys. The daily number of EMAs varied according to indi-

vidual eating frequency, averaging approximately 4 entries per day. For each eating event

logged, participants completed two pre-meal surveys and one post-meal survey. The pre-

meal surveys—administered at the "Decided To" and "About To" stages—collectively con-

sisted of 8 EMA items along with a meal image capture component for food content re-

porting. Following the meal, participants completed a post-meal survey that similarly

comprised 8 EMA items, ameal image capture, and content reporting. This self-initiated,

event-based design aimed to capture real-time, context-specific data while minimizing

unnecessary notifications or disruptions. We used the validated multiple-pass method

with the Nutritional Data System for Research (NDSR)[77] to collect 24-hour dietary re-

calls. This approach includes five steps: (1) listing all foods and beverages, (2) reviewing

for forgotten items, (3) gathering additional details, (4) probing for forgotten foods, and

(5) review of entire recall.[78] The before- and after-meal photographs and brief descrip-
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tions for each eating event were provided to the dietitians in a web-portal to assist dur-

ing recalls. Image-assisted dietary recall methods are shown to reduce underreporting

and recall bias.[79] Images were processed by trained dietary interviewers as an initial

step, with subsequent steps completed during the recall interview. Although these im-

ages were not used for calorie estimation, they helped confirm foods consumed, thereby

enhancing recall accuracy. This study was approved by the Institutional Review Board

(IRB) at Northwestern University under protocol number STU00204564, ensuring compli-

ance with ethical standards.

3.2.2 Operationalization and validation of meal data collection

Self-reported EMA data on meals were collected using a mobile application. To validate

caloric intake and meal composition, data from 24-hour dietary recalls and self-reported

app data were merged by matching meals from both approaches within 60-minute win-

dows. This process resulted in anEMA-only dataset containing validated caloric intake for

eachmeal. From the camera footage, trained annotators labeled the precise start and end

times of eachmeal following a standardized protocol. An eating episode was defined as a

series of consecutive feeding gestures with intervals not exceeding 15 minutes, based on

definitions from previous research.[80] Drinking gestures were also labeled separately.

Additionally, fine-grained annotations of chews and bites were conducted. A bite was

defined as a large jaw open/close movement when food touches the mouth, followed by

chews defined as consecutive small jaw open/close movements. To accurately associate

meals with the camera footage labels, we merged each meal using the start and end time

labels from all data sources. We visually confirmed these associations by comparing the

contextual self-reported data and the food content from the dietitian-administered 24-

hour dietary recall data with the camera footage. These validated meals formed a dataset
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comprising EMA response and passive sensing. We defined an overeating episode as any

meal that met or exceeded 1 z-score above an individual’s usual daily energy intake.[76],

[81], [82] By analyzing the calorie distribution of all meals an individual consumed, we

estimated a personalized 1 z-score cutoff for typical meal-level consumption. Overeating

was then operationalized as a dichotomous variable, with 1 indicating an overeatingmeal

and 0 representing a non-overeating meal. Supplementary Figure 3.7.10 displays 14-day

eating profiles for several individuals, showing energy intake for all consumed meals.

3.3 Multimodal Feature Construction and Overeating

Detection

3.3.1 Preprocessing and feature extraction

We extracted psychological, contextual, and behavioral features known to be associated

with obesity for each meal from various data sources. Supplementary Table 3.7.3 pro-

vides detailed descriptions of EMA questions, camera-derived features, and the timing of

data collection (before or after eating event). Psychological features were collected using

EMA questionnaires administered through the study’s mobile application. Participants

responded to Likert-scale questions related to stress, emotions, affect, and hunger before

and after each meal. Contextual features were derived from EMA questions focusing on

social and environmental triggers during meals. To streamline the raw responses and

address correlations among different answers, we preprocessed the data to consolidate

responses into specific categories. Meals cooked from scratch, prepared using ingredient

delivery services, ormade fromfrozenprepackaged foodswere classified as self-prepared

meals. Meals obtained from restaurants were labeled as restaurant-sourced meals, while

meals consisting solely of snacks, cereals, or beverages were designated as light refresh-
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ments. Participants’ activities duringmealswere categorized based onwhether theywere

engaged in other tasks. If participants were socializing, watching TV, working, studying,

or driving while eating, these instances were classified as task-oriented distractions. If

theywere not engaged in any of the activities listed above, thiswas termed focused eating.

Meals consumed alonewere labeled as solo dining, whereas those eatenwith others were

termed social dining experiences. Evening eating was defined as any meal consumed

between 5 PM and 6 AM, based on meal distribution patterns observed in our dataset.

Behavioral features were extracted from fine-grained annotations obtained through de-

tailed analysis of camera footage for each meal, using a standardized annotation proto-

col. These features included the total number of chews (chewingmotions during ameal),

the total number of bites (instances where food was brought to themouth), the chew rate

(number of chews divided by themeal duration inminutes), the bite rate (number of bites

divided by the meal duration in minutes), the chew-bite ratio (ratio of total chews to total

bites), and themeal duration itself, validated through camera recordings. Annotationwas

performed by trained raters from a third-party professional labeling service, following a

structured training programdeveloped by the research team. Inter- and intra-rater agree-

ment was monitored through an internal auditing system, periodic quality checks, and

final validation by the research team. Further details on the annotation protocol, rater

training, andquality controlmeasures are provided in SupplementaryNote 3.7.4. Building

upon the extracted features, we conducted our analysis at three levels to evaluate the pre-

dictive capabilities of different data subsets. The first level, termed the passive-sensing-

only analysis, included only the behavioral features obtained from the camera footage.

The second level, the EMA-only analysis, utilized the psychological and contextual fea-

tures derived from the EMA questionnaires. The third level, the feature-complete analy-

sis, incorporated all available features. Detailed description of the analytical pipeline is

displayed in Figure 3.3.1.
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3.3.2 Overeating detection: Supervised machine learning

Prior to training machine learning models, we first performed feature preprocessing, in-

cluding standardization of continuous variables (subtracting the mean and dividing by

the standard deviation) to ensure zero mean and unit variance. For each subset of fea-

tures (EMA-only, passive-sensing-only, and feature-complete), we implemented a 5-fold

cross-validation procedure, stratified by the classes (overeating vs. non-overeating) to

maintain class proportions within each fold at the meal level. Within each fold, the data

was randomly split into training (60%), validation (20%), and test (20%) sets, ensuring

no meal data cross-contamination between the sets. To assess the impact of meal-based

splitting, we conducted an additional participant-level split analysis, where participants

were assigned exclusively to one of the training, validation, or test sets. This evaluation

was conducted to assess whether the meal-based and participant-based splitting strate-

gies yielded comparable results. Full details of this analysis are provided in Supplemen-

tary Note 3.7.5. To address the imbalance between overeating and non-overeating labeled

meals, we applied the Synthetic Minority Oversampling Technique (SMOTE)[83] to the

training set. This ensured that themodel learned fromanequal representationof overeat-

ing and non-overeating meals, enhancing its ability to generalize across both categories.

We evaluated several machine learning models, including XGBoost, support vector ma-

chines (SVM), and naive bayes in order to predict overeating episodes. Model training

was performed on the upsampled training set using SMOTE.We performed hyperparam-

eter optimization using Bayesian optimization,[39] utilizing the validation set to evaluate

model performance during the optimization process. Final performance metrics were

derived by averaging the results across the five folds. We also reported the standard de-

viation of these results computed from the between-fold results to assess the variability

and robustness of the model’s performance. Ultimately, we selected the best-performing
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model based on the final performance metrics.

3.3.3 Supervised evaluation and explainability

Model performance was evaluated on the test set within each fold of the cross-validation

procedure, usingmultiple evaluationmetrics, including the Area Under the Receiver Op-

eratingCharacteristicCurve (AUROC), theAreaUnder thePrecision-Recall Curve (AUPRC),

and Brier loss score. We report the mean and standard deviation of these metrics across

the five cross-validation folds. Furthermore, we employed SHapley Additive exPlanations

(SHAP)[25] to interpret the models and identify the importance and directionality of in-

dividual features contributing to the prediction of overeating outcomes. SHAP analysis

was conducted on the best-performing fold for each dataset (EMA-only, passive-sensing-

only, and feature-complete), allowing us to understand how each feature influenced the

model’s predictions and to uncover the underlying factors associated with overeating

episodes. The results from SHAP also provided insights into the relative importance of

behavioral, psychological, and contextual factors in predicting overeating behavior.

3.3.4 Overeating phenotype extraction: Semi-supervised machine

learning

We focus on EMA-based data in phenotype generation primarily to ensure comparability

with past and future studies, facilitating broader implementation in future interventions.

This approach also provided the largest number of recorded meals, thereby increasing

statistical power to capture a wider range of overeating episodes and enabling the iden-

tification of more distinct behavioral patterns. To uncover the intrinsic structure of our

data and enhance interpretability, we implemented a semi-supervised learning pipeline

that combined dimensionality reduction and clustering techniques. The dimensionality
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Figure 3.3.1: Analytical pipeline, a step-by-step process of the study’s analytical approach. a Con-
ceptual framework for an integrated ML pipeline aimed at identifying and addressing overeating
phenotypes in practice. (Continued on next page.)
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Figure 3.3.1: (Continued) The pipeline beginswith data collection, integratingmultimodal sources
such as sensor data, EMA data, and dietary recalls to capture a comprehensive view of eating
behaviors. This is followed by preprocessing to clean and harmonize the data, ensuring consis-
tency acrossmodalities, and feature extraction to derive key indicators such as chew rate, bite fre-
quency, and emotional states associatedwith eating episodes. The next stage involves the develop-
ment ofMLmodels for overeating detection and phenotype ideation. Supervised learningmodels
identify key features predictive of overeating episodes, leveraging behavioral and psychological
features, while clustering techniques group individuals into distinct overeating phenotypes based
on shared behavioral and contextual patterns. Once phenotypes are characterized, they can be in-
tegrated into personalized treatment strategies, tailoring interventions to address specific overeat-
ing patterns (context- and behavior-driven overeating). These treatments may include real-time
feedback systems to prompt users to reflect on their behaviors, along with recommendations for
sustainable behavioral changes. The framework culminates in system deployment, where real-
time feedback and monitoring enable continuous assessment of eating behaviors and treatment
efficacy. Data from deployed systems can feed back into the pipeline, enabling refinement and
validation of models and interventions over time. This iterative process supports the practical ap-
plication of overeating phenotype identification andmanagement in real-world settings, creating
a closed-loop system for adaptive and effective health interventions. bMethodological approach
used in this study. The process begins with data preparation, including the labeling and validation
ofmeal times fromsensor data, integrationof psychological and contextual factors fromEMAdata
and 24-hour dietary recalls. Overeating detection is performed using supervisedmodels, incorpo-
rating SMOTE for imbalanced data and Bayesian optimization for fine-tuning. A semi-supervised
clustering approach identifies overeating phenotypes, leveraging a non-linear encoder, UMAP for
dimensionality reduction, and K-means clustering with z-score analysis for phenotype character-
ization. Evaluation metrics include AUROC, AUPRC, and Brier score loss for model performance,
SHAP for interpretability, and clustering metrics such as silhouette score, homogeneity, and en-
tropy.

reduction was performed through a two-step process. Firstly, we employed a deep neu-

ral network architecture consisting of a feedforward multilayer perceptron (MLP) serv-

ing as a non-linear encoder. This encoder transformed the high-dimensional input data

X = Rn×d into a lower-dimensional latent representation Z = Rn×h, where n is the num-

ber of samples, d is the number of original features, and h is the reduced feature spaced

dimension. The encoder compresses the input by learning a compact latent representa-

tion, ensuring that h < d while retaining the most informative aspects of the data. The

encoder captured non-linear relationships within the data, passively positioning similar

data points closer together in the latent space while pushing dissimilar samples apart.
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The transformation can be found in Equation (1):

Z = fencoder(X; Θ) (3.1)

where fencoder denotes the non-linear function parameterized by weights Θ learned

during training.

Subsequently, the latent representations Z obtained from the encoder were fur-

ther processed using the Uniform Manifold Approximation and Projection (UMAP),[19]

a non-linear manifold learning technique. UMAP reduced the data to a two-dimensional

space Y = Rn×2, preserving both global data structures while eliminating redundant and

irrelevant features. This step facilitated visualization and interpretability of the high-

dimensional data by mapping it onto a two-dimensional space in Equation (2):

Y = UMAP(Z) (3.2)

Following dimensionality reduction, we applied the k-means clustering algorithm

to the transformed data Y . To validate the robustness of our clustering results, we per-

formed a sensitivity analysis using an alternative clustering method, Gaussian Mixture

Modeling (GMM) that allows for soft assignments where each point has a probability of

belonging tomultiple clusters. We selected the number of clusters thatmaximized the sil-

houette score,[84] indicating the most appropriate number of clusters. Visual confirma-

tionwasperformedusing the two-dimensionalUMAPprojection to ensurewell-separated

clusters corresponding to distinct overeating meals.
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3.3.5 Z-Score analysis for cluster interpretation

To interpret clusters, we computed cluster-level z-scores for each variable. This involved

calculating clustermeans of a given variable, and then computing a z-score across cluster

means for that variable. The resulting value characterizes the deviation of a given cluster

from the average value of a given variable on the scale of standard deviation units. Specif-

ically, for each feature j and within each cluster i, we computed the z-score in Equation

(3):

zij =
µij − µj

σj

, µj =
1

k

k∑
i=1

µij, σj =

√√√√1

k

k∑
i=1

(µij − µj)2 (3.3)

Here, k is the total number of clusters, µij represents the mean of feature j within

cluster i, µj is the overall mean of cluster-specific means for feature j, and σj is the stan-

dard deviation of the cluster means for feature j.

This z-score represents howmany standard deviations the clustermean µij deviates

from the mean of cluster means µj for that feature. Features with high absolute z-scores

(e.g., |zij| ≥ 1) were considered substantially different from the average cluster mean,

indicating their substantial influence on overeating behaviors within that cluster.

3.3.6 Clustering evaluation metrics

Overeating was not included as a feature in the clustering analysis; instead, we evaluated

clusters based on the proportion of overeating episodes within each cluster, following

clear criteria outlined in the following. We evaluated the resulting overeating clusters us-

ing per-cluster purity,[85] which measures the extent to which each cluster contains data
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points from a single class. The silhouette score assesses how well-separated and cohe-

sive the clusters are by comparing intra-cluster and inter-cluster distances. Entropy[86]

quantifies the uncertainty within each cluster, with lower values indicating higher purity.

For overall clustering assessment, homogeneity[87] measures how uniform the clusters

are with respect to the true class labels across the entire dataset. Lastly, we calculated

the proportion of correctly assigned overeating meals to assess the clustering approach’s

effectiveness in identifying relevant clusters.

3.4 Evaluation and Results

Out of the initial 65 participants, 48 adults were included in the subsequent analyses as

seven participants dropped out of the study, five lacked dietitian-administered recalls,

and five recorded fewer than 10meals during the study period as displayed in Figure 3.4.1.

The final EMA-only dataset comprised 2,302 meal-level observations from participants

with obesity (an average of 48 meals per participant). Participants had a mean age of

41 (range 21–66), and 77.1% were female. Baseline demographics and the EMA response

summary are presented in Table 3.4.1. Supplementary Table 3.7.1 provides a summary of

the EMA and passive sensing data, including demographic information, EMA response

details, and statistics related to passive sensing features for 700 meals (an average of 17

meals per participant). To further illustrate the distribution of observations across partic-

ipants, Supplementary Figure 3.7.1 displays the distribution of EMA and feature-complete

data (incorporating all available features) per participant. Supplementary Figure 3.7.2

shows the hourly distribution of meals for EMA and feature-complete data across all par-

ticipants. Details on wear time, adherence, and participant feedback for the SenseWhy

wearable camera are available in Supplementary Note 3.7.1, Supplementary Table 3.7.2,

and Supplementary Figure 3.7.3.
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Excluded (n=17)
• Dropped out (n=7)
• Lacked dietitian-administered 

recalls (n=5)
• Fewer than 10 valid meals during 

study duration (n=5)

Included (n= 48)

335 people assessed for 
eligibility 

Excluded (n=264)
• Did not meet inclusion criteria per 

web screener (n=195)
• Declined to participate (n=69)

Enrolled in the study (n=71)

Began the study (n=65)

No-show to initial appointment  (n=6)

Figure 3.4.1: Consort diagram. This figure presents the participant flow through the study, from
initial recruitment to final analysis, showing the number of participants at each stage (screened,
enrolled, and included in the analysis) and the reasons for exclusions at various points.
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Participant characteristics, mean (range)

Age 41.0 (21–66)
BMI (kg/m2) 37.2 (29.8–58.7)

Sex, n (%)

Female 37 (77.1)
Male 11 (22.9)

Race, n (%)

Black 20 (41.7)
White 19 (39.6)
Unknown 5 (10.4)
Asian 4 (8.3)

Ethnicity, n (%)

Non-Hispanic 41 (85.4)
Hispanic 7 (14.6)

Objective overeating, n (%)

Non-overeating 1934 (84.0)
Overeating 369 (16.0)

EMA-based features, n (%)

Location
Home 1896 (82.0)
Other 161 (7.0)
Work 157 (7.0)
Restaurant 67 (3.0)
School 21 (1.0)

Food source
Snacks/cereal 731 (32.0)
Self-cooked from scratch 603 (26.0)
Bought from restaurant—Takeout 287 (12.0)
Self-cooked from frozen/prepackaged meal 272 (12.0)
No food, just beverage 239 (10.4)
Delivery 77 (3.0)
Bought from restaurant—Dine in 73 (3.0)
Self-cooked from ingredient delivery service 20 (1.0)

Activity co-occurrence
Watching TV 838 (36.0)
Nothing else 478 (21.0)
Socializing 467 (20.0)
Working/studying 443 (19.0)
Driving 76 (3.0)

Table 3.4.1: Baseline Demographics and EMA Response Summary
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EMA-based features, mean (range) (Continued)

Hedonic Eating 3.03 (0.0–4.0)
Desire for Food 2.82 (0.0–4.0)
Pleasure-driven Desire for Food 2.78 (0.0–4.0)
Pre-meal Biological Hunger 2.59 (0.0–4.0)
Pre-meal Emotion (calm) 2.27 (0.0–4.0)
Pre-meal Emotion (upbeat) 1.70 (0.0–4.0)
Loss of Control (LOC) 0.94 (0.0–3.0)
Pre-meal Stress 0.92 (0.0–4.0)
Post-meal Stress 0.90 (0.0–4.0)
Pre-meal Emotion (lonely) 0.72 (0.0–4.0)
Perceived Overeating 0.59 (0.0–4.0)
Cognitive Restraint 0.30 (0.0–3.0)

Table 3.4.1: Baseline Demographics and EMA Response Summary (Cont.)
This table presents a comprehensive overview of the study participants’ characteristics and their
responses to Ecological Momentary Assessment (EMA) questions. It includes baseline charac-
teristics (age and BMI), demographic information (sex, race, and ethnicity), objective overeating
statistics, and summaries of EMA-based features.

3.4.1 Supervised overeating detection

WeselectedXGBoost as the best-performingmodel after comparing itwith SVMandnaïve

bayes. While SVM is particularly effective in high-dimensional spaces and naïve bayes is

efficient and robust, XGBoost, as a non-linear ensemble method, proved more effective

in capturing complex patterns in the data, as indicated by Figure 3.4.2. We also evaluated

the model by checking the training and validation errors across iterations to ensure ro-

bustness (see Supplementary Figure 3.7.4). For the detection of overeating, we conducted

three separate analyses:

3.4.1.1 EMA-only analysis

XGBoost yielded a AUROC with mean (SD) of 0.83(0.02), AUPRC of 0.81(0.02), and a Brier

score loss of 0.13(0.01). The top five features identified by SHAP were: light refreshment

(negative), pre-meal biological hunger (positive), perceived overeating (positive), evening
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eating (positive), and pleasure-driven desire for food (mixed association). In this context,

positive associationmeans the feature increases the likelihood of overeating, negative as-

sociationmeans it reduces the likelihood, andmixed association indicates varying effects

depending on the instance.

3.4.1.2 Passive sensing-only analysis

XGBoost resulted in an AUROC of 0.69(0.04), AUPRC of 0.69(0.05), and a Brier score loss of

0.18(0.02). The top five features were: number of chews (positive), chew interval (nega-

tive), chew-bite ratio (negative), number of bites (positive), and chew rate (mixed).

3.4.1.3 Feature-complete dataset

In this combined dataset, XGBoost achieved an AUROC of 0.86(0.04), AUPRC of 0.84(0.04),

and a Brier score loss of 0.11(0.02). To improve prediction probability calibration, we ap-

plied post-calibration using the sigmoidmethod (Platt’s scaling), which resulted in better

alignment between predicted probabilities and observed outcomes, as shown in Supple-

mentary Figure 3.7.5. The top five predictive features were: perceived overeating (posi-

tive), number of chews (positive), light refreshment (negative), loss of control (positive),

and chew interval (negative). Figure 3.4.2 displays SHAP dot and bar plots, highlighting

feature importance and their impact across all study levels.

3.4.2 Semi-supervised overeating phenotype clustering

After removing 56 zero-calorie meals (e.g., non-caloric foods and beverages), we arrived

at afinal dataset of 2,246meals, ofwhich369 (16.4%)were identifiedas overeating episodes.

This adjustment ensured that the analysis focused on meals that accurately represented

eating behavior, allowing for more reliable detection of overeating patterns. We em-
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Figure 3.4.2: AUROC, AUPRC, and Brier Score for XGBoost compared to SVM and Naïve Bayes.
Performance of XGBoost, SVM, and Naïve Bayes models across three data scenarios: a EMA-only
data, b Passive sensing-only data, and c Feature-complete data. Each graph shows the AUROC,
AUPRC, and Brier score loss for each model to allow comparison of performance across different
data inputs and modeling approaches.
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Figure 3.4.3: SHAPplots illustrating the feature importance and impact onXGBoostmodel output
fordifferentdatasets. aEMA-only,bPassive sensing-only, and cFeature-complete data combining
EMA and passive sensing.
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ployed the semi-supervised clustering pipeline and evaluated cluster separability using

the silhouette score over a range of 2 to 35 clusters. The separability was visually con-

firmed through 2D projection following UMAP. The pipeline, applied to the entire dataset

of both normal and overeating meals, identified 30 distinct clusters, with the maximum

silhouette score of 0.53 and a homogeneity score of 0.66 (Supplementary Figure 3.7.6). To

define a cluster as an overeating cluster, we set a threshold of 0.05 for the proportion of the

total overeating instances. Visual inspection further confirmed separability within five

predominant clusters characterized by a high proportion of overeating instances (Sup-

plementary Figure 3.7.7). The final clustering solution achieved a mean purity of 81.4%, a

cumulative proportion of overeating instances of 0.85, and an entropy score of 0.36 across

the five overeating clusters (further validated using GMM, as shown in Supplementary

Note 3.7.2). Additionally, the silhouette score of 0.59 supported the coherence and dis-

tinctiveness of the identified clusters.

3.4.3 Z-score analysis of overeating clusters

We applied Z-score analysis to highlight differences within each cluster while identifying

shared patterns and overarching themes across clusters. For contextual and psycholog-

ical factors within each cluster, we selected features with z-scores exceeding the prede-

fined cut-off (|z| ≥ 1), allowing us to identify the dominant co-occurring factors within

the same clusters and uncover shared patterns across clusters. Figure 3.4.4 presents a po-

lar bar plot illustrating the z-scores for each contextual and psychological factor across

all overeating clusters. We characterized each phenotype based on which feature-level

z-scores were large in magnitude for each cluster (to highlight the distinctive character-

istics of the cluster). Cluster labels (or names) were assigned to concisely reflect the key

factors of each cluster, to foster and provide an intuitive understanding of the overeating



85

1

2

3

4

5

-2.75

-1

1

3.25

Pr
e-

m
ea

l s
tre

ss
P

er
ce

iv
ed

 o
ve

re
at

in
g

P
le

as
ur

e-
dr

iv
en

 d
es

ire
 fo

r 
fo

od
Pr

e-
m

ea
l b

io
lo

gi
ca

l h
un

ge
r

Pr
e-

m
ea

l e
m

ot
io

n 
(lo

ne
ly

)
D

es
ire

 fo
r 

fo
od

Pr
e-

m
ea

l e
m

ot
io

n 
(u

pb
ea

t)

C
og

ni
tiv

e 
re

st
ra

in
t

Lo
ss

 o
f c

on
tro

l 
(L

O
C)

Pr
e-

m
ea

l e
m

ot
io

n 
(c

al
m

)

Po
st

-m
ea

l s
tre

ss

In
-h

om
e 

di
ni

ng

In
-r

es
ta

ur
an

t d
in

in
g

Hed
on

ic 
ea

tin
g

Soc
ia

liz
in

g

Nigh
t E

at
ing

Self
-p

re
pa

re
d m

ea
l

Lig
ht r

efre
shment

Focu
se

d dining

Task-orie
nted distra

ctio
ns

Solo dining

Social dining experie
nces

Work/school dining

Restaurant-sourced meal

-2.75

-1

1

3.25

Pre-meal stress

Perceived overeating

Pleasure-driven desire for food

Pre-meal biological hunger

Pre-meal emotion (lonely)

Desire for food

Pre-meal emotion (upbeat)
Cognitive restraint
Loss of control (LOC)
Pre-meal emotion (calm)Post-meal stressIn-home diningIn-restaurant dining

Hedonic eating
SocializingNight Eating

Self-prepared meal

Light refreshment

Focused dining

Task-oriented distractions

Solo dining

Social dining experiences

work/school dining

Restaurant-sourced meal

-2.75

-1

1

3.25 Pre-m
eal stress

Perceived overeating

Pleasure-driven desire for food

Pre-m
eal biological hunger

Pre-m
eal em

otion (lonely)

D
esire for food

Pre-m
eal em

otion (upbeat)

C
ognitive restraint

Loss of control (LO
C

)

P
re-m

eal em
otion (calm

)

Post-m
eal stress

In-hom
e dining

In-restaurant dining

H
edonic eating

So
ci

al
iz

in
g

N
ig

ht
 E

at
in

g

Se
lf-

pr
ep

ar
ed

 m
ea

l

Li
gh

t r
ef

re
sh

m
en

t

Fo
cu

se
d 

di
ni

ng

Ta
sk

-o
rie

nt
ed

 d
is

tra
ct

io
ns

So
lo

 d
in

in
g

So
ci

al
 d

in
in

g 
ex

pe
rie

nc
es

W
or

k/
sc

ho
ol

 d
in

in
g

Re
st

au
ra

nt
-s

ou
rc

ed
 m

ea
l

-2
.7

5

-1

1

3.
25

Pre
-m

ea
l s

tre
ss

Per
ce

iv
ed

 ove
re

at
in

g

Plea
su

re
-d

riv
en

 de
sir

e f
or

 fo
od

Pre-m
eal b

iologica
l h

unger

Pre-m
eal e

motio
n (l

onely)

Desire
 fo

r f
ood

Pre-m
eal emotio

n (u
pbeat)

Cognitiv
e re

stra
int

Loss of contro
l (L

OC)

Pre-meal emotion (calm)

Post-m
eal stress

In-home dining

In-restaurant dining
Hedonic eatingSocializingNight EatingSelf-prepared mealLight refreshmentFocused diningTask-oriented distractions
Solo dining

Social dining experiences

Work/school dining

Restaurant-sourced meal

-2.75

-1

1

3.25

Pre-meal stress

Perceived overeating

Pleasure-driven desire for food

Pre-meal biological hunger

Pre-meal emotion (lonely)

Desire for food

Pre-meal emotion (upbeat)

Cognitive restraint

Loss of control (LOC)

Pre-meal emotion (calm)

Post-meal stress

In-home dining

In-restaurant dining

Hedonic eating
Socializing

Night Eating

Self-prepared m
eal

Light refreshm
ent

Focused dining

Task-oriented distractions
Solo dining

Social dining experiences
W

ork/school dining
R

estaurant-sourced m
eal

Bold labels indicate features with a |Z-score| ≥ 1.

Figure 3.4.4: Polar bar plot illustrating the z-scores of features associated with distinct overeat-
ing phenotypes. The radial axis represents the magnitude of the z-scores, with bold labels indi-
cating features with a |z| ≥ 1. The circumference is divided into five phenotype clusters, each
represented by a unique color, highlighting the key features that differentiate these clusters. This
visualization provides insights into the characteristic features of each overeating phenotype, such
as psychological factors, contextual influences, and behavioral patterns, enabling a deeper un-
derstanding of their unique profiles.
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patterns observed in the data. A detailed analysis of all contextual factors exceeding the

z-score threshold is provided in Table 3.4.2. Based on these results, we characterized the

following overeating phenotypes:

1: Take-out Feasting

A preference for indulging in restaurant-sourced meals (take-out), often enjoyed in a so-

cial setting, emphasizing the social aspect of shared dining experiences.

2: Evening Restaurant Reveling

Pleasure-driven indulgence in food,with apreference for restaurant-sourcedmeals (dine-

in), typically consumed in the evening as part of social dining experiences.

3: Evening Craving

Eating in the evening, often involving self-prepared meals and characterized by hunger,

serving as a way to unwind at the end of day.

4: Uncontrolled Pleasure Eating

A focus on the hedonic aspect of food to indulge in eating for pleasure, often perceived as

overeating and experiencing loss of control, engaged in task-oriented distractions.

5: Stress-driven Evening Nibbling

Eating in the evening in response to stress and feelings of loneliness.
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Table 3.4.2: Phenotype interpretation

Overeating Cluster Psychological
Factors

Contextual Factors Phenotype Name
Energy intake

mean (SD) (kCal)
Cluster size

(purity score (%))
Proportion of

overeating instances Entropy Silhouette

Cluster 1 Restaurant-sourced meal
(+)

Social dining experience
(+)

Socializing (+)

In-restaurant dining (+)

Light refreshment (−)

In-home dining (−)

Solo dining (−)

"Take-out Feast-
ing"

1006.53 (378.11) 71 (100%) 0.19 0.00 0.68

Cluster 2 Perceived
overeating (+)

Hedonic eating
(+)

Social dining experience
(+)

Restaurant-sourced meal
(+)

In-restaurant dining (+)

Light refreshment (−)

Socializing (+)

Night eating (+)

Solo dining (−)

"Evening Restau-
rant Reveling"

1154.89 (445.87) 64 (95.31%) 0.17 0.19 0.77

Cluster 3 Pre-meal biologi-
cal hunger (+)

Desire for food
(+)

Night eating (+)

Self-prepared meal (+)

Work/school dining (−)

Light refreshment (−)

"Evening Crav-
ing"

1024.96 (434.18) 132 (85.61%) 0.31 0.41 0.42

Cluster 4 Perceived
overeating (+)

Loss of control
(LOC) (+)

Hedonic eating
(+)

Task-oriented distrac-
tions (+)

Socializing (−)

"Uncontrolled
Pleasure Eating"

1100.70 (434.11) 50 (78%) 0.11 0.53 0.67

Cluster 5 Perceived
overeating (+)

Pre-meal stress
(+)

Post-meal stress
(+)

Pre-meal emo-
tion (lonely) (+)

Night eating (+) "Stress-driven
Evening Nib-
bling"

1360.44 (433.44) 56 (48.21%) 0.07 0.69 0.43

This table presents a detailed breakdown of the identified overeating phenotypes. It includes information on psychological and contextual factors associated with each cluster, proposed phenotype names, mean energy intake,
cluster size and purity score, proportion of overeating instances, entropy, and silhouette score for each cluster.
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3.5 Discussion and Limitations

In the face of a global obesity crisis imposing staggering healthcare costs on societies,

the need for innovative and effective interventions has never been more critical. Obe-

sity treatment presents the unique challenge of modifying a core behavior—eating—that

is essential for survival yet is influenced by several factors. Research indicates that eat-

ing is affected not only by physiological hunger but also by psychological factors such

as stress and emotions, social interactions, and environmental cues.[88], [89] The com-

plicated nature of obesity necessitates a nuanced understanding of eating behaviors and

surrounding influences. Recognizing this complexity, the health sector is increasingly

embracing innovative technologies like wearable sensors and EMA to detect, monitor,

and interpret eatingbehaviors.[90], [91] These tools offer promising avenues for capturing

detailed data on dietary intake and contextual factors, enabling more personalized and

effective interventions. By leveraging these advancements, we can gain valuable insights

into overeating patterns and develop strategies that address the multifaceted nature of

eating behaviors, ultimately advancing our efforts to combat obesity.

Findings from our study using EMA data revealed that light refreshments, pre-meal

biological hunger, perceived overeating, andpleasure-driven desire for foodwere key fac-

tors influencing overeating. Our results demonstrate that biological hunger and pre-meal

pleasure-driven desire (i.e., appetite) for food reflect distinct influences on eating behav-

ior. Biological hunger is a physiological drive based on energy requirements, whereas

pleasure-driven desire leads to food intake based on hedonic value. Prior research sup-

ports that despite satiation, hedonic factors contribute to excessive intake when highly

palatable foods are available.[15], [92] Additionally, our finding of a negative association

between light refreshments and overeating suggests that smaller meals may help pre-



89

vent overeating, aligningwith existing literature.[93] Perceived overeating positively con-

tributes to objective overeating, highlighting the role of self-awareness. Since perceived

overeating was assessed post-meal, this suggests individuals are able to reliably reflect

on their eating behavior post-consumption and may benefit from interventions that en-

hance this self-awareness, such as by using mobile health (mHealth) apps to track eating

behaviors, provide feedback, and promote mindfulness when eating.[94], [95]

Given the significance of eating speed and bite and chewing patterns in influenc-

ing overeating,[96], [97] our analysis of bite and chew counts indicates the potential for

defining data-driven thresholds beyond which the likelihood of overeating substantially

increases, as demonstrated by SHAP values. Specifically, our results show that at thresh-

olds of approximately 500 chews and 75 bites permeal, SHAP values increase rapidly, sig-

nifying an elevated risk of overeating (Supplementary Figure 3.7.8). These findings could

inform early interventions targeting individuals who exceed these thresholds. Notably,

the model’s AUROC of 0.69 and AUPRC of 0.69 for passive sensing data alone demonstrate

moderate predictive performance, supporting the potential for real-time feedback sys-

tems to encourage users to reflect on their eating behavior. Such systems could translate

complex patterns—such as elevated chew rate or bite count—into simple, actionable feed-

back or nudges (e.g., timely reminders to slow down), while also providing an objective

measure for evaluating the success of various behavioral nutrition interventions. Adding

EMA features further enhanced the model’s performance, increasing the AUROC to 0.86

and the AUPRC to 0.84, thus substantially improving predictive accuracy.

We also found that a high number of chews—around 500 or more—might indicate

a prolonged meal duration, potentially leading to overeating due to extended exposure

to food (see Supplementary Figure 3.7.8). Conversely, when the number of chews is rel-
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atively low, approaching approximately 100, the SHAP values also increase, suggesting

that a large amount of food has been consumed rapidly (see Supplementary Figure 3.7.8).

This rise in SHAP values at lower number of chews corresponds to a higher bite rate,

serving as a proxy for eating pace. A higher bite rate in these instances indicates that

food is being consumed more quickly, further elevating the likelihood of overeating dur-

ing these meals. Furthermore, our SHAP analysis of the chew-bite ratio (Supplementary

Figure 3.7.8) indicates that a higher average number of chews per bite predicts a lower

likelihood of overeating. This finding suggests that thoroughly chewing food might en-

hance satiety and reduce the risk of overeating while contributing to prior literature that

report increased chewing promotes fullness and regulates appetite hormones.[98], [99]

Through clustering analysis, we uniquely identified distinct overeating phenotypes

that align with well-documented behaviors in the literature, offering insights into the

drivers of overeating and their potential implications for intervention strategies. The

"EveningCraving" and "Stress-drivenEveningNibbling" phenotypes reflect circadian-driven

and emotional eating behaviors, respectively. The "Evening Craving" phenotype, charac-

terized by eating at night involving self-prepared meals and driven by biological hunger

as a way to unwind, aligns with research on circadian rhythm disruptions influencing

eating patterns. Studies have indicated that eating later in the day or night hours can

lead to increased hunger and a preference for energy-dense foods.[100] For instance,

Goel et al.[101] found that individuals with delayed circadian timing exhibited height-

ened appetite in the evening, which may promote late-night eating. This behavior is also

consistent with findings on Night Eating Syndrome (NES), where individuals consume a

significant portion of their daily intake during the night due to altered circadian eating

rhythms.[102], [103] These findings suggest that interventions targetingmeal timing, such

as structured eating schedules and circadian-based dietary strategies, may help mitigate
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the metabolic consequences of eating later in the day. Our operationalization of evening

eating diverges from the traditional definition of NES, which involves nocturnal awaken-

ings to eat due to hunger or emotional distress, accompanied by heightened stress levels

before and after the meal. Given the limitations of our data, we categorized evening eat-

ing as consumption occurring between 5 PMand 6AM,without the capacity to objectively

assess nocturnal awakenings or associated stress responses.

The "Stress-driven Evening Nibbling" phenotype reflects emotional eating patterns

widely reported in the literature. Emotional eating involves consuming food in response

tonegative emotions rather thanphysiological hunger, often leading to overeating, partic-

ularly of high calorie "comfort" foods. Research indicates that stress can elevate cortisol

levels, which increases cravings for energy-dense foods and can trigger overeating later in

the day.[104], [105] Researchers[106], [107] demonstrated that individuals under stress are

more likely to engage in emotional eating, using food as a coping mechanism to alleviate

negative feelings such as loneliness or anxiety. While most studies emphasize the impact

of stress on increased eating, some research suggests that stress can also lead to reduced

appetite in certain individuals.[105] We observed a group of meals that were not defined

as overeating episodes but had some of the highest pre-and post-meal stress levels. These

instances often involved snacking rather than consuming large meals, suggesting a pat-

tern related to undereating or altered eating behaviors under stress. This indicates that

stress responses canbeheterogeneous, and individual differencesmay influencewhether

stress leads to overeating or undereating. Strategies likemindfulness-based stress reduc-

tion, and structured coping mechanisms have been shown to help regulate emotional

eating behaviors and mitigate stress-related disruptions in appetite.[108]

Furthermore, the "Evening Restaurant Reveling" phenotype reflects the concept of
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social facilitation of eating, where the presence of others affects food intake. Our results

show that this phenotype specifically involves eating with family and friends, indicating

that individuals are more likely to overeat in comfortable social settings. Studies have

shown that individuals tend to consume more food when eating in groups with friends

compared to eating alone or with strangers, due to extendedmeal duration and the influ-

ence of social norms. Prior literature suggests that individuals with obesity are less likely

to overeat in groups where they feel less comfortable.[109] These factors contribute to in-

creased portion sizes and caloric intake, as individuals adjust their eating to match that

of their companions, a phenomenon known as behavioral mimicry.[110], [111], [112] Sim-

ilarly, the "Take-out Feasting" aligns with research on convenience eating and the impact

of readily accessible, energy-dense foods on consumption patterns. The accessibility of

take-out or fast food, combined with social settings, has been shown to lead to overcon-

sumption due to larger portion sizes and the high palatability of foods.[113], [114] Cohen

et al.[115] discussed how environmental factors, such as the ubiquity of fast-food outlets

and marketing strategies, contribute to automatic eating behaviors that override inter-

nal hunger cues, especially in social situations where food is a central component. In

our analysis, we identified another distinct overeating phenotype—"Uncontrolled Plea-

sure Eating"—characterized by overeating for pleasure and a loss of control during tasks

such aswork or study. The inclusion of loss of control in this phenotype suggests a deeper

psychological component, where external cues or emotional states trigger compulsive

eating behaviors.[116] Environments associatedwith work or studymay contribute to this

behavior, as cognitive load can impair self-regulation, leading tomindless eating and a di-

minished ability to control food intake.[117] Overall, these phenotypes highlight the mul-

tifaceted nature of overeating behaviors, encompassing circadian misalignment, emo-

tional stress, social influences, environmental convenience, and psychological factors

such as loss of control. Understanding these distinct patterns is essential for designing
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targeted interventions that address the underlying mechanisms of overeating and sup-

port more effective treatments to reduce overeating.

The phenotypes were derived at the meal level, as our primary objective was to

characterize meal-based overeating patterns. Because individuals may exhibit multiple

overeating phenotypes across different meals, a single individual-level classification can

obscure the nuanced interplay of factors, which are shown by prior research to overlap

rather than remain mutually exclusive.[118], [119] While this study focuses on meal-level

classification, future work should explore personalized phenotype trajectories over time,

potentially leading tomore individualized frameworks for identifying and intervening on

shifting overeating behaviors. Another avenue of research involves examining these phe-

notypes in relation to clinically relevant variables (e.g., BMI). Because all participants in

this study met obesity criteria, BMI variability was limited, precluding robust analyses of

phenotype-BMI associations. Future work could assess whether specific phenotypes cor-

relate with broader health markers or weight trajectories, offering deeper insights into

the underlying drivers and progression of overeating and obesity.

A strengthof this researchwas theuseof apersonalized, objectivemeasureof overeat-

ing. Overeating in the literature is often defined subjectively, relying on an individual’s

perception of whether someone consumed more than needed,[72] and while this is im-

portant, it is long known that subjective overeating is fraught with recall and participant

bias, resulting in errors.[120]Moreover, overeating is typically reported over extendedpe-

riods—days, weeks, or months—with little attention given to overeating at the meal level.

Although overeating over long periods contributes to weight gain, with the promise of

sensors[121] and EMA timely interventions become feasible, and without a solid meal-

level definition of overeating, we may not be able to identify when, where, and how to
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intervene effectively. We define overeating episodes as those where an individual’s en-

ergy intake exceeds their personal meal/snack average by one standard deviation. Fixed

thresholds[122] (e.g., meals over 1,000 kCal) do not adjust for differences in BMI, sex, or

typical eating habits, potentially misclassifying normal consumption as overeating for

some individuals while overlooking it in others. Our method is also consistent with par-

ticipants’ own perceptions of overeating, as people often consider they have overeaten

when they consumemore thanwhat is typical for thempersonally.[123] This approach as-

sumes relatively stable meal patterns and energy intake over the 14-day study period. Fu-

ture studies of longer durationmight segment data into shorter intervals for recalculating

z-scores or employ dynamic methods (e.g., rolling window averages, adaptive Bayesian

models) to continuously update reference distributions and account for evolving eating

behaviors over time.

A further strength of this work was employing advanced machine learning tech-

niques using a clustering approach that captures complex data representations, enabling

deeper insights into nuanced eating patterns. While clustering algorithms are inherently

sensitive to data characteristics, we mitigated potential limitations by leveraging a DNN

encoder to extract nonlinearities from the features to learn latent representations. Ad-

ditionally, UMAP allows for preserving the intrinsic data topology without distorting the

overall data structure. Through two-dimensional projection visualization, we confirmed

cluster separability withminimal overlap. While we acknowledge the necessity of testing

our method on an independent dataset to assess its generalizability, our novel pipeline

effectively addresses common clustering pitfalls, enhancing the reliability and validity of

our findings. Moreover, we note that addressing class imbalance with SMOTE can intro-

duce synthetic examples that may not fully represent the true data distribution. While

critiques of SMOTE are valid, our Supplementary Note 3.7.3 provides further analyses in-
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dicating its continued utility in this context.[124]

Our study additionally distinguishes itself by observing individuals with obesity in

their natural settings, encouraging them to maintain their usual routines. This approach

captures authentic, oftenproblematic eatinghabits, whichwe redefineusingdigital longi-

tudinal data. By characterizing distinct overeating phenotypes via clustering methodolo-

gies, we can stratify individuals during a run-inphase, enablingmore targetedphenotype-

specific interventions that improve both effectiveness and scalability in addressing obe-

sity. Although we prioritized accurate caloric intake estimates via 24-hour recalls col-

lected by dietitians, the actual classification of overeating episodes was data-driven, al-

lowing the process to be automated for broader adoption. For large-scale implemen-

tation, mobile applications and self-reporting tools could estimate caloric intake while

wearable devices passively track behavioral and physiological signals, reducing user bur-

den. Future work could evaluate the trade-offs between accuracy and feasibility to en-

sure that these automated methods align with established dietary assessments, enabling

timely, phenotype-specific interventions to help individuals reduce their propensity to

overeat.

Despite these notable strengths, some additional limitations warrant discussion.

Reactivity to continuous measurement is a recognized concern in studies using wear-

able cameras and EMA methodologies. To address this, participants were instructed to

“act naturally” and maintain their usual routines, and the devices were designed to be

small, lightweight, and require minimal user input, thus reducing awareness of data col-

lection. The two-week study duration also allowed participants to acclimate to the proce-

dures, further diminishing potential reactivity. Also, prior research suggests that activity-

oriented cameras can reduce perceived surveillance and social discomfort, helping to
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mitigate reactivity.[125]Nevertheless, some level of reactivity is inevitable, evenwith these

precautions. EMA can reduce biases compared to other self-report methods,[4] yet it re-

mains vulnerable to underreporting or stigma.[126] Integration of wearable sensors and

cameras provides an objective means to validate EMA by capturing micromovement pat-

terns, meal timing, dietary composition, and other consumption behaviors. Discrep-

ancies between self-reported EMA data and sensor-derived metrics may indicate inac-

curacies arising from stigma or recall bias. Moving forward, triangulating data from

EMA, passive sensing, and dietitian-led recalls can yield a more comprehensive and vali-

dated dataset that improves our understanding of human behavior. In conclusion, there

has been growing interest in examining phenotypes of overeating. Our study supports a

promising new direction by utilizing both EMA and sensor data to lay the foundation for

testing timely personalized interventions that mitigate overeating.

3.6 Summary

This chapter investigated overeating as a dynamic, context-dependent behavior that con-

tributes to obesity and remains difficult to address using traditional behavioral interven-

tions. Existing approaches often rely heavily on self-report or focus on isolated predictors

such as stress, cravings, or loss of control, which limits the ability to understand how psy-

chological, contextual, and behavioral factors interact during real-world eating episodes.

To address this gap, this study used longitudinal, multimodal data from the SenseWhy

study to characterize and predict overeating in free-living conditions.

The SenseWhy study monitored adults with obesity over a two-week period using a com-

bination of ecological momentary assessment (EMA), an activity-oriented wearable cam-

era, mobile app-based dietary reporting, and dietitian-administered 24-hour recalls. Of
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the participants who began the study, 48 adults were included in the final analysis, con-

tributing 2,302 meal-level observations. The study also included detailed passive sensing

data derived from 6,343 hours of wearable camera footage across 657 days, from which

eating-relatedmicromovements suchasbites andchewsweremanually annotated. Overeat-

ingwasoperationalized at themeal level using apersonalized threshold,where anovereat-

ing episode was defined relative to each participant’s usual intake rather than by a fixed

calorie cutoff.

The first analytic objective was to predict objectively defined overeating episodes using

supervisedmachine learning. Three feature setswere evaluated: EMA-only features, pas-

sive sensing-only features, and a feature-complete model combining EMA and passive

sensing data. XGBoost was selected as the best-performing classifier and achieved strong

performance in the feature-complete setting, with a mean AUROC of 0.86 and a mean

AUPRC of 0.84. EMA-only features also performed well, while passive sensing-only fea-

tures showed moderate predictive performance, suggesting that both self-reported psy-

chological/contextual data and objective eating behavior signals provide complementary

information for detecting overeating.

Explainability analyses using SHAP identified the most important predictors of overeat-

ing across the different feature sets. In the EMA-only model, light refreshments, biolog-

ical hunger, perceived overeating, evening eating, and pleasure-driven desire for food

were among themost influential predictors. In the passive sensing-onlymodel, the num-

ber of chews, chew interval, chew-bite ratio, number of bites, and chew rate were most

predictive. In the combinedmodel, perceived overeating, number of chews, light refresh-

ments, loss of control, and chew interval were key contributors. These results indicate

that overeating is not explained by a single behavioral or psychological factor, but instead
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emerges from the interaction of subjective experience,meal context, and objective eating

microstructure.

The second analytic objectivewas to identify distinct overeating phenotypes using a semi-

supervised clustering pipeline. The clustering approach used EMA-derived features to

generate latent representations, followed by dimensionality reduction and cluster analy-

sis. This analysis identified five clinically interpretable overeating phenotypes: Take-out

Feasting,” Evening Restaurant Reveling,” Evening Craving,” Uncontrolled Pleasure Eat-

ing,” and “Stress-driven Evening Nibbling.” These phenotypes captured different com-

binations of contextual and psychological factors, including restaurant-sourced meals,

evening eating, social dining, biological hunger, hedonic eating, stress, loneliness, task-

oriented distractions, and loss of control.

This work contributes to the digital health and obesity literature by demonstrating that

overeating can be detected and phenotyped usingmultimodal longitudinal data collected

in naturalistic settings. Rather than treating overeating as a uniform behavior, this study

showed that overeating occurs through multiple pathways involving distinct combina-

tions of affective, contextual, social, and behavioral factors. The chapter also advances

thefieldbyoperationalizing overeating at thepersonalizedmeal level andby showing that

interpretable machine learning can identify actionable predictors of overeating. These

findings provide a foundation for future just-in-time adaptive interventions that can de-

liver phenotype-specific support, such as prompts to slow eating pace, regulate stress,

manage evening cravings, or modify high-risk social and restaurant-based eating con-

texts.
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3.7 Supplementary

3.7.1 Supplementary Note 1

Wear time, adherence, and participant feedback for the SenseWhy wearable camera

At the end of the study, participants were asked to rate the burden of the SenseWhy

wearable camera by completing the Difficulty of Use, Physical, Time & Social, Mental

& Emotional, and Privacy subscales of the User Burden Scale (UBS).[127] Each of the 18

questions was on a 5-point Likert-style scale, with 1 being least burdensome and 5 being

most burdensome. Mean participant responses to each subscale fell in the C–D range of

the A–F scoring systemused in interpreting the UBS. TheUBS is typically used to evaluate

software, so while the SenseWhywearable—a hardware product—is rated as substantially

more burdensome than the software applications the UBS is validated on, the fact that no

compositemean exceeds 2 on the 1–5 burden scale indicates a favorable outcome for user

acceptability of the SenseWhy wearable camera.

Participants also answered the open-ended question, “What improvements would

you like to see in this device?” These responses were thematically coded against the UBS

subscales. 2 independent coders started with identical spreadsheets containing all par-

ticipant responses, a tally column for each UBS subscale, and a notes column. Coders

first extracted words/phrases in participant responses that corresponded to specific bur-

den/design considerations and added them to thenotes columnwith light standardization

(e.g., “not as big” and “less bulky” both recorded as “smaller”). Coders then deductively

paired these initial codes with UBS subscales, adding a tally for each correspondence

(e.g., “smaller” corresponds to “physical” subscale). Coders then met to compare initial
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code lists and resolve disagreements, updating the subscale tallies to reflect these collab-

orative revisions. The coders then independently reviewed the updated codebook and

inductively merged closely related codes into more general codes (e.g., “stronger mag-

net” and “bettermagnet placement”merged into “bettermagnet”), producing condensed

code lists. Not all codes were merged—those deemed sufficiently distinct with respect to

burden and design considerations were not changed during this round.

Coders then met again to compare condensed code lists and rationales for merg-

ing or not merging codes, deliberating until full agreement was reached. Incidentally,

changes made during inductive code merging did not affect the subscale tallies. Across

all participants’ responses, 72 thematically codable statements were extracted, coded,

and iteratively refined into a final set of 18 codes grouped by pertinent UBS subscale such

that subscale tallies represent the types of burden most commonly experienced by par-

ticipants and codes within each subscale grouping represent the sources of said burden.

Themajority of the open-ended responses concerned physical and difficulty-of-use

aspects of the SenseWhy wearable camera design. Certain frequently used words and

phrases offer amore specific indication of the types of improvements participants would

like to see in future iterations of the device: “smaller”, “lighter”, “prettier”, “more com-

fortable”, and “better magnet.”

3.7.2 Supplementary Note 2

Sensitivity analysis of clustering methods comparing K-means and Gaussian Mixture

Modeling

The sensitivity analysis using Gaussian Mixture Modeling (GMM) produced results

that were consistent with the K-means approach. GMMyielded an entropy score of 0.39, a
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purity of 80.5%, and a silhouette score of 0.58, indicating a slightly higher level of cluster

uncertainty compared to K-means.

K-means produced an entropy score of 0.36, a purity of 81.4%, and a silhouette score

of 0.59, showing marginally better-defined cluster boundaries. Despite these small varia-

tions, both methods converged on a five-cluster solution for overeating behaviors.

GMM, unlike K-means,models data as amixture of Gaussian distributions, allowing

for probabilistic cluster assignments rather than hard assignments. Despite this method-

ological difference, the overall clustering structure remained stable, reinforcing the ro-

bustness of the identified phenotypes across different clustering approaches.

3.7.3 Supplementary Note 3

Comparison of SMOTE and downsampling for addressing class imbalance

Ourdataset exhibits amoderate class imbalance,with theminority class comprising

approximately 18% of the total samples. We evaluated two approaches to address this im-

balance: downsampling themajority class and applying SMOTE.Downsampling achieved

an AUROC of 0.81 (0.03), AUPRC of 0.79 (0.03), and a Brier score of 0.26 (0.04). In com-

parison, SMOTE substantially improved performance, yielding an AUROC of 0.86 (0.04),

AUPRC of 0.84 (0.04), and a Brier score of 0.11 (0.02).

These results demonstrate the utility of SMOTE in preserving critical context from

themajority class while effectively addressing imbalance, leading to better overall model

performance. Althoughcalibration concernswithoversamplingmethodshavebeennoted,

the substantial improvement in the Brier score highlights the enhanced reliability of our

model. Further calibration, if required, can be addressed using post-hoc techniques like
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isotonic regression or Platt scaling. Thus, SMOTE remains the preferred approach for our

dataset and analysis.

3.7.4 Supplementary Note 4

Annotation protocol and quality control

1. Definitions and Initial Annotation Step

Eating episodesweredefinedas consecutive feeding gestureswith intervals not exceeding

15minutes. Isolated drinking episodeswere annotated separately. Chewswere character-

ized as consecutive small jaw open/close movements, while bites were defined as larger

jaw open/close movements coinciding with food entering the mouth. Meal start and end

times were initially annotated by our research team in an iterative process. These anno-

tations were cross-referenced and validated using timestamped image records from the

application to ensure accuracy.

2. Identifying a Professional Labeling Company

The annotation of micro-movements associated with chews and bites was outsourced to

a third-party professional labeling service, which provided a dedicated project manager

and a team of annotators. The company implemented strict quality standards and audit-

ing protocols, utilizing a system capable of providing real-time quality reports to ensure

high-quality annotations.

3. Rater Training and Team Synchronization

The project manager and select annotators underwent a training program designed by

our research team (FS, BW, CR, MP, and NA). The training included reviewing labeled

example footage during interactive Zoom sessions, participating in hands-on annotation

sessions with detailed feedback provided by our research team, and familiarization with
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the annotation protocol and expected standards.

4. Quality Control Measures

Inter-rater agreement wasmanaged internally by the labeling company through their au-

diting system, ensuring consistent quality across raters. Intra-rater agreement was as-

sessed by having a subset of annotations independently reviewed by our research team at

different stages to confirm adherence to the established protocol. Periodic checks were

performed on batches of data to maintain high annotation standards. Upon receiving all

annotated data, our research team (FS, BW, CR, MP) conducted a final quality assurance

process by randomly selecting and reviewing meal footage to ensure alignment with the

protocol and the reliability of the annotations.

3.7.5 Supplementary Note 5

Participant-level splitting analysis

To assess whether the meal-based and participant-based splitting strategies pro-

duced comparable results, we replicated the analysis using a participant-level splitting

approach. In this method, participants were assigned exclusively to the training, valida-

tion, or test sets, ensuring that no meals from the same participant appeared in multiple

sets. Participants were randomly allocated to each set while maintaining a 60/20/20 dis-

tribution ofmeals and preserving the ratio of overeating to normalmeals across all splits.

Using the participant-level splitting strategy, the model achieved an AUROC of 0.83,

which closely aligns with the performance observed in the meal-based split (mean AU-

ROC = 0.86, SD = 0.03) and shows no substantial difference between the two approaches.

Similarly, the AUPRC score was 0.82, which remained consistent with the results from

the meal-based split (AUPRC = 0.85, SD = 0.03). These findings indicate that the model
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performs consistently and comparably across both splitting strategies, supporting its re-

liability and generalizability.
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Figure 3.7.1: Distribution of meal counts across participants for EMA-only and feature-complete
datasets. (a) Meal count distribution for the EMA-only dataset, with a mean of 48 meals per par-
ticipant. (b) Meal count distribution for the feature-complete dataset, with amean of 17 meals per
participant.
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Figure 3.7.2: Hourly distribution of meals across the day for all participants. (a) Distribution
based on EMA-only data. (b) Distribution for meals with feature-complete set (EMA and passive
sensing features). The blue bars represent meal counts per hour, while the red dashed line shows
the cumulative percentage.
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Figure 3.7.3: Mean responses to UBS inventory for the SenseWhy Camera wearable. Subscale
composite means are given in color, i.e., the Difficulty of Use subscale (comprising questions 1–4)
composite mean is represented by the height of the red box on the y-axis and is also given in the
red text above the box.
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Figure 3.7.4: Performance evaluation of the XGBoost model on validation and test sets using ROC
curves (left), Precision–Recall curves (center), and Calibration curves (right) for EMA-only (a),
passive sensing-only (b), and feature complete (c) datasets. The similarAUROC,AUPRC, andBrier
score loss values between the validation and test datasets indicate generalization and minimal
overfitting. Shaded regions represent the standard deviation across iterations.
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Figure 3.7.5: Calibration curve for the XGBoost classifier after applying Platt’s scaling, a post-
calibration method using a sigmoid function to refine predicted probabilities. This approach
fits a logistic regression model to the classifier’s outputs, improving the alignment of predicted
probabilities with actual class distributions. The analysis reveals a reduction in the Brier score
from 0.114± 0.017 (pre-calibration) to 0.103± 0.015 (post-calibration), indicating enhanced model
calibration and reduced error in probability estimates.

Figure 3.7.6: Silhouette plot illustrating the silhouette coefficient values for all meals across all
clusters derived fromK-Means clustering. Each bar represents the silhouette score for individual
samples within a cluster, sorted by decreasing score. The red dashed line indicates the average
silhouette score, providing a measure of overall clustering quality.
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Figure 3.7.7: Overeating clusters visualization in 2 dimensions using UMAP. Each cluster is rep-
resented by a unique color, with clusters 1 through 5 labeled. Overeating meals are highlighted as
black points, showing their distribution across clusters. This visualization highlights the cluster-
ing patterns and the association of overeating behaviors within the feature space.



111

(a) (b)

(c) (d)

Figure 3.7.8: SHAP value analysis for features associated with overeating behavior (i.e., number
of chews, number of bites, and chew-bite ratio). (a) SHAP values for the number of chews, col-
ored by meal duration, indicating the influence of prolonged chewing patterns on overeating. (b)
SHAP values for the number of chews, colored by bite rate, highlighting the interaction between
chewing intensity and bite rate. (c) SHAP values for the number of bites, demonstrating their con-
tribution to predicting overeating. (d) SHAP values for the chew-to-bite ratio, showing its inverse
relationship with overeating.
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Figure 3.7.9: The design and usage of the sensing suite, optimized for user comfort and function-
ality. The device has dimensions of 88mm × 46.86mm × 45.22mm (length × width × height)
and a weight of 106 grams, making it compact and lightweight for everyday use. Its total volume
is approximately 102.18 cm3. To ensure consistent placement, the sensing suite is equipped with
an adjustable neckband, allowing for precise calibration to maintain stable positioning on the
user’s body. Additionally, the device features a magnetic back plate for secure attachment and
flexibility in adjustments. These design elements enable users to fine-tune the device’s position,
ensuring optimal alignmentwith the body andminimizingmovement artifacts during data collec-
tion. This design allows the device to remain stable and functional in various real-world scenarios,
contributing to the robustness and reliability of the collected data. The right panel of the figure
demonstrates how the device is worn on the body, while the left panel provides detailed dimen-
sions and a technical schematic of the sensing suite.
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(a) (b) (c)

(d) (e) (f)

Figure 3.7.10: Eating profile for 6 participants over 14 days with each dot representing a single
meal. The blue dashed line indicates themean caloric intake, while the red dashed line represents
the overeating threshold. The plot captures the variability and frequency of meals exceeding the
overeating threshold, displaying individual differences in eating patterns. The overeating thresh-
olds for each panel are as follows: (a) 869.04 kCal, (b) 1027.24 kCal, (c) 944.29 kCal, (d) 653.10 kCal,
(e) 975.63 kCal, and (f) 1104.77 kCal.
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Participant characteristic, mean (range)

Age 44.0 (21–66)
BMI (kg/m2) 36.9 (29.8–58.7)

Sex, n (%)

Female 32 (78.0)
Male 9 (22.0)

Race, n (%)

White 18 (43.9)
Black 15 (36.6)
Unknown 5 (12.2)
Asian 3 (7.3)

Ethnicity, n (%)

Non-Hispanic 35 (85.4)
Hispanic 6 (14.6)

Objective overeating, n (%)

Non-overeating 591 (84.4)
Overeating 109 (15.6)

EMA-based features, n (%)

Location
Home 623 (89.0)
Work 32 (5.0)
Other 29 (4.0)
Restaurant 11 (2.0)
School 5 (1.0)

Food source, n (%)
self-cooked from scratch 221 (32.0)
Snacks/cereal 204 (29.0)
Self-cooked from frozen/prepackaged meal 108 (15.0)
Bought from restaurant—Takeout 91 (13.0)
Delivery 31 (4.0)
No food, just beverage 20 (3.0)
Bought from restaurant—Dine in 14 (2.0)
Self-cooked from ingredient delivery service 10 (1.0)

Activity co-occurrence, n (%)
Watching TV 308 (44.0)
Working/studying 146 (21.0)
Socializing 128 (18.0)
Nothing else 109 (16.0)
Driving 9 (1.0)

Table 3.7.1: Summary statistics for the analytic subsample
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Table 3.7.1 continued

EMA-based features, mean (range)

Hedonic Eating 3.12 (0.0–4.0)
Desire for Food 2.93 (0.0–4.0)
Pleasure-driven Desire for Food 2.89 (0.0–4.0)
Pre-meal Biological Hunger 2.73 (0.0–4.0)
Pre-meal Emotion (calm) 2.33 (0.0–4.0)
Pre-meal Emotion (upbeat) 1.82 (0.0–4.0)
Loss of Control (LOC) 0.99 (0.0–3.0)
Pre-meal Stress 0.96 (0.0–4.0)
Post-meal Stress 0.83 (0.0–4.0)
Perceived Overeating 0.58 (0.0–4.0)
Pre-meal Emotion (lonely) 0.57 (0.0–4.0)
Cognitive Restraint 0.31 (0.0–3.0)

Sensor-based features, median (IQR)

Number of bites 33.0 (15.0–48.8)
Number of chews 293.0 (120.0–413.0)
Meal Duration, sec 604.0 (267.25–871.25)

Table 3.7.1: Summary statistics for the analytic subsample (Cont.)
Summary statistics for the analytic subsample of participants (n = 41) who provided both EMA
data and corresponding passive sensing features (feature-complete) for their reported meals.
This table includes baseline demographic characteristics, EMA response metrics, and descriptive
statistics of derived sensor-based features. Theseparticipants represent the subset of the full study
sample (n = 48) for whom complete feature data were available. * Data are n (% of the participant
sample), mean (range), or median (interquartile range).
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Thematic Analysis: “What improvements would you like to see in this device?”
Theme (total n*) Description Code** n

Physical (n=40) Burden/discomfort related to the physical
form of the device.

Smaller 20
Lighter 8

More secure 5
Better construction 4
More comfortable 2
Less noticeable (to

me)
1

Difficulty of Use
(n=18)

Mismatch between system and user’s intuitive
abilities, general operating difficulty

Better magnet 6
Better battery 3
Easier to wear 3

Less cumbersome 3
Waterproof 2

Easier power switch 1

Social (n=10) Disruption of/influence on social interactions
and/or relationships

Less noticeable 6
More attractive 2
Color options 2

None (n=8) User suggested no improvements to system N/A 8
Mental (n=3) Burden of user’s attention/concentration Clearer status LEDs 3
Privacy (n=1) Risk of system capturing/sharing information

user would prefer not to share
More apparent FOV 1

*some participants’ responses included multiple thematic codes, hence why n[participants] ̸= n[codes]

**codes represent direct quotations and paraphrases (e.g., “more discreet” was coded as ’Less noticeable’)

Table 3.7.2: Thematic analysis of open-ended post-study question asking participants for sug-
gestions to improve the SenseWhy Camera wearable. Codes represent specific improvements
proposed for the device. Sets of codes with similar user/design considerations are categorized
together under broader themes. Themes are adapted from UBS subscales, helping us interpret
quantitative UBS results to inform design priorities. Note on adaptation: UBS subscale scopes are
reduced in accordance with participant provided codes, e.g., UBS subscale “Time and Social” be-
came the theme “Social” because no participant response related to time-based device burden.
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Table 3.7.3: Feature descriptions

Feature Description Data Source Question (self-reported)

Behavioral

Bite Large jaw open/close when food en-
ters the mouth

Count and rate of bites
per meal

Visual (IR-AOD) NA

Chew Consecutive small jaw open/close,
followed by bite

Count and rate chews per
meal

Visual (IR-AOD) NA

Eating duration Time between end and start of given
eating episode

Length of feeding gesture
per meal

Visual (IR-AOD),
Self-report (Phone,
24-hour recall)

NA

Contextual

Location Type of the location: work, home,
school, restaurant, and other

Categorical response Self-report (Phone) Where did you eat?

Food Source Type of food is: cooked from scratch,
cooked from ingredient, delivery ser-
vice, cooked from frozen/prepack-
aged meal, bought from restaurant—
dine in, bought from restaurant—
takeout, delivery, snack/cereal, and
no food, just beverage.

Categorical response Self-report (Phone) The food is?

Social Eating Presence of other people accompany
during the meal

Categorical response Self-report (Phone) Did you eat with anyone else?

Activity co-occurrence Activities performed while eating:
Nothing else, working /studying,
watching TV, driving, socializing,
and other

Categorical response Self-report (Phone) What were you doing while eating?

Psychological

Emotion—down/lonely[128] Degree of feeling “Down/Lonely” 5-pt Likert scale Self-report (Phone,
pre-meal)

How down or lonely do you feel right
now?

Emotion—upbeat/excited[128] Degree of feeling “Upbeat/Excited” 5-pt Likert scale Self-report (Phone,
pre-meal)

Howupbeat or excited do you feel right
now?

Emotion—calm/peaceful[128] Degree of feeling “Calm/Peaceful” 5-pt Likert scale Self-report (Phone,
pre-meal)

How calm or peaceful do you feel right
now?

Desire for food[128] Desire for food before meal 5-pt Likert scale Self-report (Phone,
pre-meal)

Howmuch desire do you have for food
at the moment?

Pleasure-driven desire for food[129] Desire for food motivated by taste/-
pleasure

5-pt Likert scale Self-report (Phone,
pre-meal)

How much is your desire for food mo-
tivated by taste or pleasure?

Biological hunger[129] Desire for food motivated by hunger 5-pt Likert scale Self-report (Phone,
pre-meal)

How much is your desire for food mo-
tivated by hunger?
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Feature Description Data Source Question (self-reported)

Table 3.7.3 continued

Perceived stress[128] Degree of feeling “Stressed/Anxious” 5-pt Likert scale Self-report (Phone,
pre- and post-meal)

To what extent do you feel stressed or
anxious right now?

Cognitive restraint[130] Stopped eating to manage calorie in-
take

4-pt Likert scale Self-report (Phone,
post-meal)

I consciously held back on howmuch I
ate to keep from gaining weight.

Uncontrolled eating (LOC)[130] Perceived inability to stop oneself
from eating

4-pt Likert scale Self-report (Phone,
post-meal)

When I started eating, I just couldn’t
seem to stop.

Perceived overeating[130] Eating more than intended 5-pt Likert scale Self-report (Phone,
post-meal)

Did you eatmore than you intended to?

Hedonic eating[128] Pleasure obtained frommeal 5-pt Likert scale Self-report (Phone,
post-meal)

How much pleasure did you get from
the meal/snack?

Table 3.7.3: Feature descriptions (Cont.)
Feature table summarizing the unprocessedEMAresponses and camera-derived initial features used in the study, categorized
into behavioral, contextual, and psychological domains. Each feature is described along with its data type, source (e.g., visual
or self-reported), and the corresponding self-report question where applicable. Behavioral features include objectivemeasures
such as bites, chews, and eating duration, while contextual and psychological features capture self-reported environmental and
emotional factors associated with eating behavior.



119

Chapter 4

Digital Phenotyping

4.1 Technical Challenge: Digital Phenotyping Under Sparse

and Heterogeneous Free-Living Behavioral Data

As of 2023, 40.3% of US adults have obesity[131], a disease caused by energy intake in

excess of expenditure[132]. Individual factors shape the formation of overeating habits

that sustain energy imbalance over time[133]. Consequently, understanding the patterns

underlying individual dietary habits is crucial for designing effective long-term weight

loss interventions [134]. Recent advances in sensor analytics enable automated capture

of such patterns. This approach supports identifying both known (e.g., emotional eat-

ing, impulsive eating in response to cues, hedonic eating) and novel eating phenotypes,

enabling personalized, meal-level interventions.

Significant efforts have been made to understand eating behaviors through objec-

tive and subjective monitoring methods such as passive sensing and Ecological Momen-

tary Assessment (EMA) [90]. Previous passive sensing approaches include wrist-worn

accelerometers to detect eating, inertial sensors to monitor chewing, and multi-sensor

systems combining proximity, IMU, and ambient light sensors to track eating gestures
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via jaw and hand movements [90]. Compared to traditional self-reports, EMA provides

more accurate and nuanced data by capturing eating contexts in real time, which aids in

identifying co-occurring psychological or situational exposures over time [4]. Combining

image-based EMAwith 24-hour dietary recalls can further enhance accuracy by reducing

errors in dietary reporting [79]. Thewealth of data these tools provide invites us to explore

new analytic approaches to overeating.

Prior studies examine overeating through individual factors such as stress, night-

time eating, and loss of control (LOC). Emotional states (e.g., anxiety, boredom, depres-

sion) are closely linked to emotional eating [135], while behaviors can increase intake

(e.g., rapid eating) by overriding satiety cues [136]. Environmental influences, (e.g., ac-

cess to high-calorie foods, social settings) also contribute to overeating [132]. Most exist-

ing methods examining these determinants have primarily relied on linear statistical ap-

proaches, which utilize a limited set of predictors to tackle the complex andmultifaceted

issue of overeating and thus fall short in capturing the interplay of physiological, psycho-

logical, behavioral, and environmental factors at work in overeating.

To address limitations in prior work, we introduce a multimodal framework that

integrates passive sensing and EMA to explore overeating. Leveraging a dataset of 700

dietitian-verified meals from 41 adults with obesity, we extracted psychological, contex-

tual, and camera-derived features across 14 days. Our contributions include: (1) collecting

a high-resolution, multimodal dataset linking passive sensing and EMA in real-world eat-

ing contexts; (2) developing a supervised contrastive learningmodel to derivemeaningful

meal-level embeddings; and (3) identifying interpretable overeating phenotypes through

clustering, revealing novel sensor-EMA behavioral signatures that may guide targeted in-

tervention strategies for nutrition and obesity care.
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4.2 Multimodal Meal-Level Data and Behavioral Feature

Construction

4.2.1 Study Design and Data Collection

The 14-day observational study involved 65 adults with obesity (BMI ≥ 30 kg/m2) in the

Chicago area, designed to examine real-world eating behaviors using a combination of

passive sensing and EMA. Participants were equipped with a wearable sensing suite that

included a neck-mounted, activity-oriented wearable camera capable of capturing ther-

mal andRGBvideodata tomonitor eating activity in naturalistic settings. A customsmart-

phone app prompted participants to complete event-based EMA surveys before and after

meals. Dietary intake was further assessed through 24-hour recalls conducted by trained

dietitians using the multiple-pass method, supported by participant-captured food im-

ages. Of the 65 initial participants, 41 participants were included in the final analysis

after excluding individuals who dropped out (n=7), lacked dietitian-administered recalls

(n=5), had fewer than 10 validmeals (n=5), or had insufficient wearable camera data (n=7).

The resulting dataset comprised 700 meals with complete passive sensing and EMA data.

Figure 4.2.1 displays an overview of the analysis pipeline. More details about the study

design and data collection can be found in the SenseWhy design paper [76].

4.2.2 Feature Extraction

EMA-derived features captured psychological and contextual factors surrounding each

meal. Prior to and following each eating episode, participants completed surveys via a

mobile app assessing hunger, affect, stress, and emotional states using Likert-scale items.

Contextual features included meal source (e.g., self-prepared, restaurant), setting (e.g.,
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Figure 4.2.1: Multimodal pipeline for overeating phenotype discovery: (A) Passive sensing, EMA,
and dietitian-verified meals enable rich data collection. (B) Supervised contrastive learning and
UMAP uncover latent clusters. (C) Key features (|z-score| ≥ 1) profile behavioral differences.

solo or social dining), and concurrent activities (e.g., task-oriented distraction or focused

eating). Eveningmeals were defined as those consumed between 5 PM and 6 AM. Follow-

ing a standardized protocol validated by trained raters, we conducted fine-grained anno-

tations of eating activity usingwearable camera footage. For each eating episode,weman-

ually labeled the start and end times. Within each episode, we annotated individual bites,

defined as large jaw open/close movements when food enters the mouth, and chews, de-

fined as smaller, consecutive jaw movements during mastication. From these annota-

tions, we derived passive sensing features including total number of chews/bites, chew-

to-bite ratio, average time interval between chews andbites,meal duration fromstart/end

of eating episodes, eating pace, and percent of meal time spent chewing. The outcome of

interest, overeating, was defined as a binary variable indicating whether a meal’s energy

intake exceeded 1 z-score above the individual’s 14-day average intake, based on validated

data from 24-hour dietary recalls [76].
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4.2.3 Eating Pace

In obesity research, eating speed influences satiety, intake, andweight outcomes,making

it a key behavioral marker. Traditional assessments of eating speed, however, often rely

on self-report or coarse measurements of meal duration, which may be prone to recall

bias or distortion by long inactive periods during eating. To address these limitations,

we propose a refined, behaviorally grounded method of defining eating based on chews,

allowing for precise quantification of eating dynamics. We applied DBSCAN, a density-

based clustering algorithm, to identify natural groupings of chews and remove tempo-

rally isolated outliers. DBSCAN parameters (ϵ andminimum samples) were optimized for

each participant using elbow-method clustering to accommodate individual differences

in chewing frequency. Chews occurring within ϵ seconds of one another were grouped

into chewing sequences, while those separated by longer intervals were considered iso-

lated and excluded. This segmentation filters out spurious chewing activity—such as a

single chew minutes apart from others—that could otherwise inflate eating time or dis-

tort derived metrics. An eating episode was defined as chewing sequences containing at

least 15 consecutive chews, in line with prior work, which established this threshold as a

minimal criterion for sustained eating behavior[137]. Building on this segmentation, we

introduced a novel metric for eating pace, defined as the number of chews per meal di-

vided by the total chewing duration—calculated from the time between the first and last

chew in the identified sequence. Unlike conventional definitions based on bite timing or

meal start/end timestamps, our chew-based approach is robust to pauses in eating and

better reflects actual masticatory engagement. To our knowledge, this is the first study to

examine the relationship between overeating and detailed passive sensing features—such

as eating pace, chew-to-bite ratio, percent of time spent chewing, and average chew/bite

intervals—using validated, fine-grained annotations from wearable sensor data.
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4.3 Representation Learning and Phenotype Discovery

4.3.1 Supervised Contrastive Learning Framework

We developed a supervised contrastive learning framework, SupConNet, inspired by the

architecture and training strategy proposed in [18]. SupConNet consists of anMLP-based

encoder followed by a projection head, trained using a supervised contrastive loss to

learn discriminative embeddings of meal-level behavioral features. During training, two

augmented views of each sample are generated through stochastic transformations, and

the model is optimized to pull together embeddings from the same class (e.g., overeat-

ing vs. non-overeating) while pushing apart those from different classes. Formally, let

fθ : Rd → Rp denote the full network parameterized by θ, where x ∈ Rd is a high-

dimensional input feature vector and z = fθ(x) ∈ Rp is the learned embedding in a latent

space. After training,wediscard theprojectionhead andextract embeddings from the en-

coder for downstream tasks. To visualize the learned representations, we apply Uniform

Manifold Approximation and Projection (UMAP) to project z ∈ Rp into a two-dimensional

space R2, facilitating qualitative exploration of latent structure and clustering in eating

behaviors.

4.3.2 Latent Space Clustering and Z-Score Analysis

We applied k-means clustering to the two-dimensional UMAP projections of the SupCon-

Net embeddings to identify distinct subgroups of participants based on their learned be-

havioral representations. To determine the optimal number of clusters k, we computed

the average silhouette score across a range of candidate values k ∈ [2, 10], selecting values

near local maxima for further evaluation.
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We evaluated the resulting clustering using standard metrics including homogene-

ity, entropy, Davies-Bouldin Index (DBI), purity, and silhouette score. Homogeneity mea-

sures whether clusters contain only members of a single class (range: 0–1, higher is bet-

ter); DBI evaluates cluster compactness and separation (range: 0 to∞, lower is better);

entropy quantifies class distribution uncertainty within clusters (range: 0–1, lower is bet-

ter); and the silhouette score captures cohesion vs. separation (range: -1 to 1, higher is

better). Purity was computed as:

Purity =
1

N

∑
k

max
j

|Ck ∩ Lj| ,

where Ck is the set of samples in cluster k, Lj is the set of samples in class j, andN is the

total number of samples.

To assess the distinctiveness of clusters, we conducted a z-score analysis across all

features included in the study. For each cluster c and feature j, we calculated:

zc,j =
µc,j − µj

σj

,

where µc,j is the mean of feature j within cluster c, µj is the overall mean across all

clusters, and σj is the corresponding standard deviation. This analysis enabled standard-

ized comparisons across clusters to identify behavioral patterns and characterize each

subgroup.
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4.4 Results and Discussion

4.4.1 SupConNet Specifications

WetrainedSupConNetusing a fully connected encoderwith threehidden layers (128–128–64

units, ReLU activations) followed by a two-layer projection head with a final projection

dimension of 32. Input features were augmented by adding Gaussian noise and applying

random masking before contrastive training. The model was optimized using a super-

vised contrastive loss with a temperature parameter of 0.07. Training was conducted for

500 epochs using the Adamoptimizer with a learning rate of 10−3 and a batch size of 4. Af-

ter training, embeddings from the encoder were extracted and used for UMAP projection

and then downstream clustering and phenotype profiling.

4.4.2 Overeating Subgroup Discovery via Clustering in Latent Space

After performing k-means clustering with k = 8, selected based on the maximum silhou-

ette score, on the two-dimensional UMAP projections of SupConNet embeddings, we ob-

tained clusters that exhibited strong separation and internal consistency. The resulting

clustering achieved an average silhouette score of 0.55, homogeneity = 0.98, DBI = 0.51,

average purity = 0.99, and average entropy = 0.05 across all clusters. Among these, three

clusters were highly pure with respect to the overeating class and collectively accounted

for all of the overeating meals. These clusters were selected for further profiling as can-

didate overeating phenotypes.
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Table 4.4.1: Phenotype Profiles of Overeating Clusters

Phenotype Name Psychological Features Contextual Features Camera Features

“Fast-Fork Social Dining” Loss of control(p)
Pre-meal biological hunger(p)
Desire for food(p)

Social dining experience(p)
Restaurant-sourced meal (dine-in)(p)
In-restaurant dining(p)
Socializing(p)
In-home dining(n)

Eating pace(p)

“Serene Screen Suppers” Pre-meal biological hunger(p)
Pre-meal calm(p)

Hedonic eating(p)
Desire for food(p)
Perceived overeating(n)
Pre-meal upbeat(n)
Post-meal stress(n)

Evening eating(p)
Task-oriented distraction (watching TV)(p)
Self-prepared meal(p)
Solo dining(p)

Chews number(p)
Bites number(p)
Meal duration(p)
Chew-bite ratio(n)
Eating pace(n)
Chew time-meal duration ratio(n)

“Stressed Solo Bites” Pre-meal stress(p)
Post-meal stress(p)
Pre-meal lonely(p)
Perceived overeating(p)
Cognitive restraint(p)
Hedonic eating(n)
Pre-meal upbeat(n)
Pre-meal calm(n)

Restaurant-sourced meal (takeout)(p)
In-home dining(p)

–

The table shows the principal features and characteristics associated with each derived overeating phenotype cluster. Note. Superscripts (p) and (n) indicate positive and negative z-scores, respectively.
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4.4.3 Phenotype Profiling

Table 4.4.1 summarizes the three overeating phenotypes identified via clustering, high-

lighting features with |z-score| ≥ 1 as the most distinctive. For each cluster, we report

cluster size (n), purity score (p), mean energy intake with standard deviation (kCal), en-

tropy (e), and silhouette score (s). Additionally, we assign a concise name to each pheno-

type, highlight novel behavioral patterns, and contextualize themwith existing literature.

“Fast-Fork Social Dining" (n = 66, p = 100%, 1190.3± 355.2 kCal, e = 0.00, s = 0.83):

reflects elevated loss of control and biological hunger, with a tendency to eat socially or at

restaurants and at a faster pace. Our findings suggest that loss of control, as experienced

in the context of social dining, may be coupled with an elevated eating pace—providing

a behavioral lens through which sensor-derived features reflect internal states. This ex-

tends prior associations between eating speed and reduced satiety awareness[138].

“Serene Screen Suppers" (n = 27, p = 92.6%, 1206.2±536.2 kCal, e = 0.381, s = 0.93):

aremarked by biological hunger, low stress, and calm affect. Individuals in this group of-

ten eat self-prepared, evening meals while watching TV alone. Despite frequent chewing

and biting, their low chew-to-bite ratio and slow eating pace suggest distracted, extended

meals. Although prior work has linked screen-related distractions to overeating [139],

we found that such distracted, mindless eating may also be reflected in altered chew-

ing behavior (e.g., a lower chew-to-bite ratio and slower eating pace), highlighting new

sensor-derived indicators of disengaged eating.

“Stressed Solo Bites" (n = 18, p = 100%, 1143.4 ± 259.5 kCal, e = 0.00, s = 0.94):

characterized by stress-related solitary takeout eating, elevated pre- and post-meal stress,

loneliness, and perceived overeating, alongside low positive affect and reduced hedonic
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motivation. This pattern reinforces and extends prior research linking emotional dis-

tress and social isolation to maladaptive eating behaviors and increased risk of overeat-

ing [135].

4.5 Conclusion and Future Work

These findings highlight distinct phenotypes of overeating meals, integrating psycholog-

ical, contextual, and sensor-derived features. The outlined phenotypes provide a bet-

ter understanding of prominent overeating behaviors at the meal level, which can then

be utilized for tailored interventions deployed in real-time when passive sensing detects

eating patterns consistent with specific phenotypes. Future work will focus on validating

these phenotypes in larger, diverse populations and exploring their utility for targeted

intervention strategies.
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Chapter 5

Active Learning

5.1 Technical Challenge: Scalable Wearable Behavioral

Sensing Under Limited Annotation Budget

Research Question 3

How can wearable-sensingmodels be developed under limited annotation budgets to

support scalable behavioral AI?

With the advent of portable andwearable devices, suchasmobile phones and smart-

watches, large amounts of sensory data are created effortlessly by users [140], [141], [142].

As a result, human activity recognition (HAR) systems that detect lifestyle habits like eat-

ing[143], brushing[144], [145], and smoking[146], have been actively growing in recent

years, and improving their ability to identify and recognize users’ actions in a controlled

setting [147]. These systems function through activity classifiers that rely on sufficient

and representative amounts of accurately labeled data to generalize well in real-world

settings.

Data labeling and annotation is a crucial bottleneck to machine learning systems
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and can lead to costly, task-intensive, error-prone labor work (e.g., labeling Electronic

Health Records [148]). In [149], [150], researchers propose a recall approach for the label-

ing process, which is fraught with burden andmemory recollection error. More recently,

researchers are using data from wearable video cameras to generate more reliable an-

notations [16], [151], [152]. However, a lot of time and cost in watching the video can be

wasted by labeling redundant and irrelevant instances containing minimal information

for a machine learning (ML) system.

Human-in-the-loop machine learning algorithms, such as "Active Learning" meth-

ods, help minimize the data annotation effort by adaptively selecting a subset of samples

from the unlabeled set, based on a defined query budget in each querying iteration. These

candidate samples are designed to be maximally informative to the classifier being built,

which intuitively lead to improvements in classification decision boundaries if accounted

for in the classification process [20]. Typically, the classifier is initialized by a "labeled

batch," used for active learning model initialization to form the model classifier’s initial

decision boundaries.

In general, there are three types of selective sampling strategieswithinActiveLearn-

ing: 1) membership query synthesis (MQS), 2) stream-based sampling, and 3) pool-based

sampling. In MQS, the algorithm generates data instances from a certain underlying dis-

tribution and a labeler is then asked to annotate. In the stream-based sampling scenario,

samples are generated sequentially in an online/real-time setting, and a decision needs

to be made in real-time whether this sample should be labeled. In pool-based sampling,

annotators have access to all unlabeled samples, and can assess each before deciding

which sample to label [20], [153], [154], [155]. Within each of these methods, uncertainty

sampling is one of the most widely adopted query strategies for selecting the most in-



132

formative sample to label [156]. Under this paradigm, an uncertainty metric needs to be

defined to determine data samples or segments for which the model is least certain in its

decision and prioritize them for annotation and training. In [157], Thomaz et al. build an

active learning system that reduces the number of labels needed by applying pool-based

sampling strategies and requiring annotation of only 8% of the training data to achieve

similar performance. They selected cluster-based query strategies (which select themost

informative samples within each cluster) to make sure that sample diversity is accounted

for. Huang et al. [158] study the cluster structure of unlabeled data and how that effects

performance, and shows that clustering methods impact active-learning classification

outcomes. In [159], Aldana et al. followed an information theoretic approach to create

clusters with highest entropy levels from the samples which help the ML models learn

the underlying data patterns. In [160], Ashari et al. build a memory-aware active learning

system, to reduce response time to the query, and use a maximum entropy uncertainty

metric with data clustering tomeasure how certain themodel is about its predicted label.

Among all the different querying strategies that measure sample uncertainty, maximum

entropy is one of the most commonly used approaches [20].

However, defining uncertainty metrics that are able to capture the samples that are

necessary for building a generalizablemodel is still amajor challengewithin active learn-

ing. Most approaches calculate sample uncertainty based on the informativeness deter-

mined by model uncertainty, which is often captured by variability of the model’s confi-

dence in predicting an instance, without paying too much attention to the model’s confi-

dence value or intrinsic uncertainty, i.e., lower quality signals which are representative

of difficult to see patterns in the signal itself and are often harder to learn. Simply tak-

ing model uncertainty into account is known to introduce bias in sample selection [161],

which effects model generalizability. Introducing samples that are both model uncertain
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and intrinsically uncertain is likely to enable faster model convergence (i.e., yield good

results faster). This paper aims to assess the effect of instrinsic uncertainty on the speed

of model convergence.

In [21], Swabha et al. introduced a newmodel-based tool known as DataMap, which

assists in diagnosing easy-to-learn and hard-to-learn samples during the training phase

based on training dynamics, allowing us to classify uncertainty as a function of correct-

ness, confidence, and variability of a model. While Data Map allows us to visualize vari-

ability and confidence of model predictions, Data Map requires assessing a Deep Neu-

ral Network in a supervised-learning fashion, across multiple epochs, and needs ground

truth labels (the very labels we aim to optimize in obtaining from the annotators). Needed

is amethod to retrieve intrinsic uncertainty in away that is unsupervised, prior to obtain-

ing the ground truth.

Inspired by [162], in which Pleiss et al. introduce the concept of Area-Under-Margin

(AUM) statistics to identifymislabeled samples in anunsupervisedmachine-learningman-

ner, we repurpose AUM to determine samples that the model is intrinsically uncertain

about. Similar to Data Map, we are able to then assess easy-to-learn and hard-to-learn

samples based solely on the sample itself (prior to requiring its ground truth label). Due

to Data Map limitations, we adopt the power of the AUM statistic to determine samples

for which the sample exhibits intrinsic uncertainty. In this paper, we propose and test a

novel pool-based active learning framework that combines cluster-based maximum en-

tropy (CME) with AUM (CME+AUM) to determine the effectiveness of the oracle selecting

samples that are both model uncertain and intrinsically uncertain. We compare our ap-

proach to using the AUM-only method and CME-only. We evaluate this framework on

the Necksense free-living dataset[80]. The Necksense free-living dataset is a multi-sensor
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dataset obtained from 10 participants in a naturalistic setting, with the goal of detecting

eating behavior, a known challenging mobile health area. The sensors used are from a

neck-worn device that captures chewing sequences using proximity, ambient light, and

inertial measurement unit (IMU) sensors. We make the key following contributions:

• We investigate the AUM statistic’s ability tomeasure hard-to-learn and easy-to-learn

samples and its relationship with uncertainty visualization through Data Map.

• We propose and test a novel pool-based active learning model that attempts to cap-

ture intrinsic uncertainty (measured by AUM statistic) as well as model uncertainty

(measuredby cluster-baseduncertainty sampling). In addition,wecompare it against

sampling strategies that use only model uncertainty or only intrinsic uncertainty.

We evaluate our proposed model against the best evaluation model obtained from

the Necksense free-living dataset.

5.2 Active Learning Framework for Informative Sample

Selection

This section begins with a brief introduction about the Necksense dataset (section 5.2.1)

followed by data uncertainty visualization usingDataMap (section 5.2.2) with the training

dynamics (i.e., confidence, variability, and correctness). Then in section 5.2.3, we mea-

sure the logit values (pre-softmax output) obtained from the final layer neurons of the

MLP network and utilize them to compute AUM values for data instances in the training

phase. In section 5.2.4, we explore how AUM statistic is linked to the Data Map represen-

tation of the samples through visual substantiation and show examples of a selected easy

and hard chewing signal. In section 5.2.5, we introduce our novel framework combining
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Figure 5.2.1: Uncertainty Visualization through Data Map for the Necksense Dataset. Here we see
that the easy-to-learn segments are those with high confidence, low variability, and high correct-
ness in model prediction. Hard-to-learn segments are typically those with lower confidence and
correctness in model prediction. As shown in the distribution plots, the majority of the segments
are considered easy-to-learn.

cluster-based maximum entropy and AUM.

5.2.1 Necksense Dataset

Necksense free-living dataset was obtained from 10 participants both with and without

obesity with varying BodyMass Index (BMI) in a naturalistic setting. The data is collected

by a multi-sensor necklace, worn around the neck throughout the day, that comprises

an IMU sensor, ambient light, and proximity sensor to capture motion, leaning forward,

and chewing actions occurring during an eating episode. The candidate segments from

classification are obtained from the proximity sensor (which estimate the distance from

the sensor to an object), and when oriented towards the jaw it captures periodicity in the
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Figure 5.2.2: Uncertainty Visualization by Data Map and AUM statistic distribution for hard and
easy chewing intervals. a) Here we see a snippet from long chewing signals, one that is hard-
to-learn (blue) and one that’s easy-to-learn (red); b) Here the algorithm extracted 144 candidate
segments from the hard-to-learn and 80 segments from the easy-to-learn, and we see the distribu-
tion of the segments; c) Here we see the Data Map visual for the easy-to-learn signal (represented
by stars), and hard-to-learn signal (represented by squares).

chewing signal. More than 137 hours of data was acquired from the participants, which

provides information about chewing, feeding gesture and neck motion in order to detect

eating episodes. In this study, to evaluate our proposed active learning method, we use

the Necksense free-living study, comprising 123,155 candidate chewing segments (9.4% of

the segments correspond to actual chews, and 90.6% correspond to non-chews).

5.2.2 Uncertainty Visualization Through Data Map

DataMap visualization generates three different statistics i.e., confidence, variability, and

correctness obtained from the training phase of a Deep Neural Network across multiple

epochs. Consider a training datasetD of sizeN whereD = {(x,y∗)i}Ni=1, x is the candi-

date segment (or data instance), andy∗ is the ground truth class label for thedata instance.

We assume the model predicts a probability distribution across all classes and data in-
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stances over E epochs. Confidence is the first training dynamic which is defined as the

average model’s confidence of a data instance across different epochs which is estimated

by:

µi =
1

E

E∑
e=1

pe
θ(yi

∗|xi) (5.1)

where pe
θ is the model’s probability distribution over the instance i at the end of epoch

number e. Intuitively a higher confidence value for an instance means the sample, in

terms of learnability, is easier to learn from themodel’s perspective. Variability is another

statistic defining model’s confidence variation in predicting one instance with respect to

ground truth over epochs estimated by the following:

σi =

√∑E
e=1(p

e
θ(yi

∗|xi)− µi)2

E
(5.2)

Correctness is another statisticmeasured by the number of times themodel has predicted

a sample correctly across different epochs. Figure 5.2.1 demonstrates how Necksense in-

stances are scattered based on the three defined training statistics. It can be observed that

the trainset is decomposed into easy-to-learn and hard-to-learn regions. A vast majority

of the data instances are easy-to-learnwith high confidence and low variability in the top-

left of Figure 5.2.1. In the right side of Figure 5.2.1, there are instances with relatively high

variability. The bottom-left of Figure 5.2.1 corresponds to the hard-to-learn region, which

contains instances with low confidence and low variability. Easy-to-learn samples play

an important role in model convergence and learning, while hard-to-learn instances are

needed for the model’s robustness and out-of-distribution generalizability[21]. It should

be noted that uncertainty sampling strategies utilizing the metrics (e.g., entropy or mar-

gin in confidence) choose instances with highest variability in confidence from the data

during the training phase since it implies model’s indecisiveness about these samples.
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Figure 5.2.3: Part i is the traditional active learning pipeline with uncertainty sampling strategy
(CME). Part ii is the AUM-only method which selects α instances with AUM values. Part iii shows
the proposed active learning framework (CME+AUM)

5.2.3 Area-under-margin (AUM) for Necksense

To obtain AUMvalues, we used a four-layer feed forward deep neural network and trained

it on the Necksense candidate segments. During the training phase, AUM statistic cap-

tures the mean differences between the logit values obtained from the neurons in the

final layer of the deep learning model across different epochs. Originally used for identi-

fying mislabeled instances, we repurpose this statistic and apply it to find the candidate

segments that should be labeled based on intrinsic uncertainty. We show its link to Data

Map to be able to generate a measure of difficulty and improve our understanding of the

segments the oracle selects for labeling. AUM statistic is formulated as follows:

AUM(x,y) =
1

E

E∑
e=1

M(e)(x,y) (5.3)
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M(e)(x,y) = z
(e)
i (x)−maxi̸=jz

(e)
j (x) (5.4)

To elaborate more on the previous formulation,M(e)(x,y) is the margin at the end

of epoch e which is equal to the difference between logit zi of the ground truth sub-

tracted by the largest other assigned logit maxi̸=jzj. Logit value is defined as the pre-

softmax output of the final layer of the DNN (Deep Neural Network). This representation

allows us to have another measure to identify hard, ambiguous, and easy samples, which

can be translated as another metric for training loss (e.g., easy samples have low train-

ing loss). The AUM statistic is modified to suit the unsupervised setting formulated by:

AUM(x,y) = 1
E

∑E
e=1 |M(e)(x,y)|whereM(e)(x,y) is defined as in equation (4). Since the

ground truth for logit value zi is unknown prior to querying, we take the absolute value

of theM(e)(x,y) in the binary classification setting and add them up across epochs.

5.2.4 Data Map and AUM statistic for Hard and Easy Chewing Intervals

This section explores the relationship between Data Map training dynamics and AUM

statistic. Therefore, we can analyze further how visually high/low-quality chewing in-

tervals are translated in terms of AUM statistic distribution for the candidate segments

and compare it against uncertainty visualization using Data Map. When a model fails to

predict one instance correctly, innately, this error originates from two sources. Model

uncertainty is referred to as the model’s limitation to classify and predict the instance

correctly[163]. It is observed that model uncertainty has a strong correlation with vari-

ability statistic. However, intrinsic uncertainty is inherent ambiguity that the sample has

on its own, which human annotators can notice. Intrinsic uncertainty has a strong re-

lationship with model confidence, highlighting that when the model is highly confident
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about an instance, there is a strong agreement between the annotator and the model. To

the authors’ best knowledge, no uncertainty metric in the literature accounts for both

model uncertainty (model variability) and intrinsic uncertainty (model confidence) for

instances. AUM statistic provides the desired filtering approach combined with uncer-

tainty sampling using cluster-based maximum entropy to represent and account for the

model and intrinsic uncertainty.

We can visually evaluate the quality of the chewing intervals by looking at their raw

signals in Figure 5.2.2.a part i shows that the signal has reached proximity sensor satu-

ration at some periods and does not follow a normal chewing pattern where peaks are

noticeable and well-separated. Figure 5.2.2.a part ii indicates a visually higher quality

chewing interval where peaks in the proximity signal are distinct and exhibit periodicity

in jaw motion. Figure 5.2.2.b displays AUM values distribution for the segments of two

hard-to-learn and easy-to-learn chewing intervals. AUMmodel could determine that the

harder-to-learn chewing segments follow a distribution with a lower mean of 5.30 com-

pared with the easy-to-learn interval with a mean of 25.23. Figure 5.2.2.c displays the

uncertainty visualization for the segments of easy-to-learn and hard-to-learn chewing in-

tervals. It can be inferred from Figure 5.2.2.b and Figure 5.2.2.c that lower values in AUM

distribution are translated to lowermodel confidence andhigher sample ambiguitywhich

we visually confirmed earlier.

5.2.5 AUM-based Active Learning Framework

Figure 5.2.3 shows the high-level pipeline of the proposed active learning framework. The

top diagram i shows how a traditional active learning method e.g., cluster-based max-

imum entropy would work. A cluster-based active learning algorithm would first per-

form efficient clustering on the unlabelled batch of data to account for sampling diversity
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from the data clusters which arise from potentially different distributions. It should be

noted that the data clusters might not be the same number of class labels that exist in

the dataset. The active learning algorithm, in each querying iteration, picks a subset of

samples, called the query budget α from the unlabelled batch of data as labelling candi-

dates nominated to be labelled and identified with respect to the existing class labels by

the annotator. The labeled batch then is updated by the newly labeled instances. Sam-

ples selected by active learning algorithms e.g., maximum entropy tend to account for

model uncertainty due to significant changes in decision boundaries in each querying it-

eration. This is one of the primary reasons that model uncertainty is best translated into

the Data Map variability statistic. The performance of the active learning method is eval-

uated on an unseen labelled test set in each querying iteration. The middle diagram ii

depicts the AUM-only approach where the algorithm picks α least AUM values from the

unlabeled pool as candidates for annotation. This approach only accounts for sample

ambiguity in sample selection where the model’s confidence for the selected samples is

relatively lower. The bottom diagram iii displays the framework for the proposed active

learning approach. Similar active learning approaches e.g., cluster-based maximum en-

tropy is utilized to consider model uncertainty. However, to cast a wider confidence net,

we increase the querying budget to β >> α. Since Data Map is unable to be employed in

an unsupervised setting, we harness AUM statistic, which is originally proposed to iden-

tify mislabeled data, and modified it to suit the unsupervised setting. Therefore, an AUM

filter is added to select the α samples with least AUM values (considered harder-to-learn

with lower confidence).
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5.3 Evaluation and Results

5.3.1 Evaluation

We evaluate our active learning framework on the Necksense free-living study. We ran-

domly select 85% of the data as the unlabeled batch and 15% of the data as the unseen

labeled set in a participant independent fashion. We assess the performance of the pro-

posed model against random sampling, AUM-only, and cluster-based maximum entropy

methods. We empirically select a labeled subset of 0.1% of the unlabeled instances for

model initialization and a query budget of six for all methods. For cluster-based maxi-

mumentropy, we cluster the unlabeled batchusing a k-means clustering approach. Based

on the Silhouette metric, which captures cluster separation quality, we set k=6 clusters.

During each querying iteration, one sample with highest entropy is selected from each

data cluster resulting in six selected samples for annotation. In our proposed model, we

set β = 120 which selects 20 samples with highest entropy from each cluster. The selected

samples are filtered and ranked with respect to their AUM values. At the end, we select

6 samples with the least AUM value. In order to get AUM values, we train a 4 layer feed-

forward multi-layer perceptron which is trained on the labeled batch and evaluated on

120 selected samples chosen by maximum entropy method for 100 epochs in each itera-

tion. The pre-softmax values are retrieved at the end of each epoch from the final layer.

For the AUM-only approach, we train the deep feed-forward network on the labeled batch

and retrieve and rank the AUM values for the unlabeled pool in each querying iteration.

The random samplingmethod, also named passive learning, randomly selects unlabeled

instances in each querying iteration and updates the labeled batch. The best evaluation

shows the results which utilize the whole training set. We use the XGBoost [164], the opti-

mal classifier used in the Necksense dataset, and is available as an open-source software
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package for the classification assessment. The results are aggregated and shown at per-

second level, where overlapping candidate segments are combined to determinewhether

each second is a chew or not.

5.3.2 Results

Figure 5.3.1 shows the results for CME-only, AUM-only, CME+AUM, random sampling,

and compares them with the best evaluation used in Necksense. We can see that our

proposed method outperforms other approaches and reaches the best evaluation per-

formance after 12 query iterations which is equivalent to 0.18% of the unlabeled data.

However, cluster-basedmaximum entropy (CME) reaches the performance of best evalu-

ation after 30 iterations equivalent to 0.29%, performing better than random sampling

and AUM-only methods after 10 iterations. The AUM-only approach shows weak per-

formance when it comes to model convergence due to selecting and training primarily

on hard-to-learn samples. Also, since the sample selection process is not diverse in the

AUM-only method, the algorithm might become biased and keep sampling from limited

regions of the data subspaces. It is noted that at some points, active learning approaches

outperform the best evaluation. Therefore, it highlights that the right composition of

model uncertainty and instrinsic uncertainty needs to be considered in order to ensure

proper representation of the underlying data distribution to assist with model general-

izability. This signifies the fact that adding trivial or redundant samples might actually

lower the model’s performance. Further analysis and quantification of this is needed on

other datasets to confirm.
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Figure 5.3.1: ActiveSense Result on Necksense dataset
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5.4 Conclusion

In this paper, we propose a new active learning framework which harnesses intrinsic un-

certainty as well as model uncertainty and tested it on Necksense free-living dataset. We

showed the proposed method reaches best evaluation performance by using 0.18% of the

data compared to 85% of the data in the best evaluation method. We also show how the

AUM statistic, originally designed to detect mislabeled data, can be repurposed to cap-

ture segments that are easy and hard to learn without the need for ground truth labels.

We visualized the uncertainty of Necksense data instances utilizing training dynamics

(e.g., confidence, variability, and correctness) through DataMap. Future research should

validate this method on other mobile health datasets and further assess the benefits of

our proposed framework in reducing annotation time and cost.
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Chapter 6

Discussion

6.1 Overview

This dissertation developed a computational framework for using continuous monitor-

ing, multimodal sensing, digital phenotyping, and label-efficient learning to support pre-

cision behavioral health. Across the preceding chapters, the central argument is that

health-risk behaviors cannot be fully understood through isolated clinicalmeasurements

or retrospective self-report alone. They unfold dynamically across time, within everyday

contexts, and through interactions among psychological state, behavioral patterning, en-

vironmental exposure, and treatment engagement. Therefore, the next generation of be-

havioral health systemsmust move beyond static assessment toward longitudinal, multi-

modal, interpretable, and scalable AI-enabled methods.

The work in this dissertation follows a sensing-to-insight progression. Chapter 2 ex-

amined whether early longitudinal self-monitoring data can identify individuals at risk

for suboptimal weight loss. Chapter 3 then moved from distal treatment outcomes to

proximal behavior by using multimodal sensing and ecological momentary assessment

to detect overeating episodes in free-living conditions. Chapter 4 extended detection into
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digital phenotyping by identifying interpretable meal-level overeating patterns. Finally,

Chapter 5 addressed the annotation bottleneck that limits the scalability of wearable sens-

ing systems. Together, these chapters showhowbehavioral data can be transformed from

raw longitudinal signals into actionable risk estimates, interpretable behavioral pheno-

types, and more scalable model-development pipelines.

6.2 From Episodic Assessment to Continuous Behavioral

Risk Modeling

A primary contribution of this dissertation is the demonstration that early, continuously

collected behavioral signals can support risk identification before conventional clinical

decision points. InChapter 2, earlyweight trajectories collected during the first twoweeks

of behavioral weight management were used to predict longer-term treatment response.

Rather than relying only on a single early weight-loss threshold, the model incorporated

trajectory-based features such as weight change, slope, distributional statistics, variabil-

ity, and missingness-adjusted patterns of self-monitoring.

This finding has two broader implications. First, early treatment response is not

only anoutcomemarkerbut also adynamicbehavioral signal. Thepatternof self-monitoring

and weight change during the first weeks of treatment can encode information about

adherence, physiological response, behavioral consistency, and early intervention en-

gagement. Second, explainable machine learning can make these signals more useful

for clinical decision-making by identifying which features contribute to predictions and

how they influence model output. In this way, continuous monitoring can support adap-

tive treatment models in which care intensity is adjusted based on emerging risk rather

than delayed assessment.
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However, early risk prediction alone does not explain the behavioral mechanisms

that produce risk. Amodelmay identify that an individual is unlikely to achieve sufficient

weight loss, but intervention still requires understanding which proximal behaviors and

contexts should be targeted. This limitation motivates the transition from Chapter 2 to

Chapter 3: from predicting risk to measuring the daily behaviors that may drive that risk.

6.3 From Risk Prediction to Proximal Overeating Detection

The SenseWhy study addressed the need to characterize proximal eating behaviors in nat-

uralistic settings. This chapter integrated wearable camera sensing, ecological momen-

tary assessment, mobile dietary reporting, and dietitian-administered recalls to detect

and interpret overeating at the meal level. By defining overeating relative to each par-

ticipant’s usual intake, this work avoided treating overeating as a fixed universal calorie

threshold and instead aligned the outcome with individual behavioral baselines.

The multimodal design of SenseWhy is important because overeating is not cap-

tured fully by any single data source. EMA provides access to psychological and contex-

tual factors, including hunger, stress, loss of control, perceived overeating, food source,

and concurrent activity. Passive sensing provides objectivemarkers of eatingmicrostruc-

ture, including chews, bites, chewing intervals, bite rate, eating duration, and related

behavioral dynamics. The results show that these data streams are complementary: sub-

jective context and objective eating behavior together provide a richer representation of

overeating than either modality alone.

This chapter also contributes methodologically by linking interpretable machine

learning with behavioral theory. Features such as perceived overeating, loss of control,

biological hunger, light refreshments, number of chews, chew-bite ratio, and chewing



149

interval are not merely predictive variables; they are behavioral constructs that can be

connected to intervention targets. For example, a high number of bites or rapid eating

pace suggests a different intervention pathway than stress-related or loss-of-control eat-

ing. Thus, multimodal overeating detection provides a bridge between sensor data and

actionable behavioral mechanisms.

6.4 From Detection to Interpretable Digital Phenotypes

While Chapter 3 focused on detecting overeating episodes, Chapter 4 addressed a deeper

question: whether overeating represents a single behavioral category or a set of hetero-

geneous patterns. The findings support the latter interpretation. Overeating can occur

through multiple pathways, including evening eating, restaurant-based eating, stress-

related eating, social dining, distracted eating, hedonic eating, and altered eating pace.

Treating all overeating episodes as equivalent risks obscuring this heterogeneity.

The digital phenotyping framework used multimodal meal-level data to learn la-

tent representations and identify interpretable clusters of overeating behavior. This ap-

proachmovesbeyondbinary classificationby characterizing the structurewithinovereat-

ing episodes. Instead of asking only whether overeating occurred, the phenotype frame-

work asks what type of overeating occurred and which psychological, contextual, and

sensor-derived features define that pattern.

This shift is central to precision behavioral health. A binary overeating detector

may support event recognition, but aphenotypemodel can inform intervention selection.

Stress-related overeating may require emotion regulation or coping strategies. Social or

restaurant-based overeatingmay require planning, portion control, or environmental re-

structuring. Distracted eating may call for attention-based or mindful eating strategies.
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Eating patterns defined by rapid pace or low chew-bite ratio may support real-time feed-

back to slow eating. Thus, digital phenotyping transforms sensing data into interpretable

behavioral profiles that can guide more targeted interventions.

6.5 Scalability and the Annotation Bottleneck

The final technical contribution of this dissertation, presented in Chapter 5, addressed a

practical barrier that cuts across all sensing-based behavioral health systems: the cost of

labeled data. Wearable sensing systems can generate large volumes of behavioral data,

but supervised learning requires annotations that are often expensive, slow, and difficult

to obtain. This problem is especially acute for eating behavior research, where labels

may require human review of long sensor streams to identify meal boundaries, chewing

segments, bites, or other fine-grained behaviors.

The active learning framework developed in this dissertation reduces this burden

by identifying informative samples for annotation. Rather than labeling data randomly or

exhaustively, themethod combinesmodel uncertainty with intrinsic uncertainty derived

from training dynamics. This allows the system to prioritize samples that are likely to im-

prove model performance or clarify difficult decision regions. The framework therefore

supports a more efficient human-in-the-loop pipeline for wearable sensing research.

This contribution is not separate from the rest of the dissertation; it is what makes

the broader sensing-to-insight pipeline more scalable. Early risk prediction, overeating

detection, and digital phenotyping all depend on reliable models trained on sufficiently

representative data. Without efficient annotation strategies, these systems remain dif-

ficult to expand across larger populations, longer deployments, new sensors, and more

diverse behavioral contexts. Active learning provides amechanism for scaling behavioral
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AI while reducing manual labeling effort.

6.6 Scientific Implications

Collectively, this dissertation advances three scientific claims. First, behavioral risk is

dynamic and can be modeled earlier than traditional clinical endpoints. The early risk

prediction work shows that short-term longitudinal trajectories can provide meaningful

signals about longer-term outcomes. This supports a shift from delayed treatment evalu-

ation to earlier, adaptive intervention logic.

Second, proximal health-risk behaviors aremultimodal. Overeating cannot be fully

explained by self-report, sensor data, or dietary recall alone. Its detection and interpreta-

tion require combining subjective experience, objective behavioral microstructure, and

contextual information. This supports the broader view that behavioral health AI should

integrate multiple data streams rather than optimize isolated modalities.

Third, behavioral phenotypes are more informative than behavior labels alone. A

single label such as “overeating” hides the different pathways that produce the behavior.

By identifying interpretable phenotypes, this dissertation shows how machine learning

can move from prediction toward behavioral explanation. This is necessary for building

interventions that are not only timely but also mechanistically targeted.

6.7 Practical Implications for Precision Behavioral Health

The findings have practical implications for the design of future behavioral health sys-

tems. First, early monitoring systems can be used to identify individuals who may re-

quire additional support before treatment failure becomes apparent. This is particularly
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relevant for stepped-care models, where intervention intensity can be adapted based on

emerging response patterns.

Second, wearable and mobile sensing systems should be designed to capture both

behavioral events and the context surrounding those events. For overeating, this means

measuring not only whether eating occurred but also how the person was eating, what

psychological state preceded the meal, what context surrounded the meal, and whether

the meal exceeded the individual’s usual intake.

Third, digital phenotypes can support more personalized intervention logic. In-

stead of deploying the same feedback to all individuals who overeat, future systems could

tailor support based on phenotype. For example, a stress-driven phenotype may trig-

ger coping support, an evening-craving phenotype may trigger planning or meal-timing

strategies, and a rapid-eating phenotype may trigger pacing feedback.

Fourth, scalable deployment requireshuman-in-the-loop learning systems thatmin-

imize annotation burden. Active learning can help researchers and developers focus la-

beling resources on themost informative segments, reducing costwhile improvingmodel

development. This is essential formoving wearable sensing systems from small research

studies toward larger and more diverse real-world deployments.

6.8 Limitations

Several limitations should be considered when interpreting the findings. First, the stud-

ies were conducted within specific behavioral health contexts, primarily weight manage-

ment and overeating. Although the computational framework is relevant to other health-

risk behaviors, additional validation is needed before extending these methods to other
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domains such as smoking, physical inactivity, medication adherence, or sleep-related be-

haviors.

Second, the datasets were limited in size and duration relative to the complexity of

real-world behavior. The SenseWhy analyses were based on a two-week observational pe-

riod, and the digital phenotyping models were developed from participants with obesity

in a specific geographic and study context. Larger andmorediverse datasets areneeded to

determine whether the identified overeating phenotypes generalize across populations,

cultures, treatment settings, and longer observation periods.

Third, although passive sensing provides objective behavioral information, it intro-

duces practical challenges related to wearability, privacy, missingness, and user burden.

Wearable camera systems are especially useful for validating eating behavior and extract-

ingmicrostructure, but theymay not be acceptable or feasible for all populations or long-

term deployments. Future systems may need to combine camera-based validation with

lower-burden sensors that can operate continuously in everyday life.

Fourth, the models developed in this dissertation are predictive and descriptive

rather thancausal. The identified features andphenotypes reveal associationswithovereat-

ing and weight-loss outcomes, but they do not establish that changing a specific feature

will necessarily change the outcome. Prospective and experimental studies are needed

to test whether phenotype-specific interventions improve behavior change and treatment

response.

Finally, active learning reduces annotation burden but does not eliminate the need

for high-quality labels. Model-selected samples may still be ambiguous, difficult to anno-

tate, or sensitive to labeler disagreement. Future work should pair active learning with
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rigorous annotation protocols, uncertainty-aware label aggregation, and quality-control

processes.

6.9 Future Directions

Future work should extend this dissertation in four directions. First, early risk prediction

models should be evaluated prospectively in adaptive intervention studies. A key next

step is to test whether predictions made in the first weeks of treatment can trigger treat-

ment adaptations that improve long-termoutcomes comparedwith standard care or fixed

decision rules.

Second, the SenseWhy sensing framework should be validated in larger and more

diverse populations. This includes examining whether personalized overeating thresh-

olds remain stable over longerperiods,whetherpassive sensing features generalize across

device configurations, and whether the combination of EMA and passive sensing can be

reduced to a lower-burden measurement protocol without sacrificing interpretability.

Third, digital phenotypes should be connected directly to intervention strategies.

The phenotypes identified in this dissertation suggest different behavioral mechanisms,

but their clinical utility depends on whether phenotype-specific feedback or treatment

adaptation improves outcomes. Future studies should test whether phenotype-guided in-

terventions are more effective than generic dietary or behavioral feedback.

Fourth, active learning should be integrated into longitudinal sensing deployments.

Instead of treating annotation as a one-time offline process, future systems could use

active learning continuously to identify uncertain or underrepresented behavioral seg-

ments during deployment. This would allow models to adapt to new participants, new
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contexts, and shifting behavioral patterns over time.
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Chapter 7

Conclusion

Health-risk behaviors are central to the prevention and management of chronic disease,

yet they remain difficult tomeasure, interpret, and intervene on because they unfold con-

tinuously in daily life. Traditional clinical assessments and retrospective self-report pro-

vide valuable information, but they often miss the temporal, contextual, and behavioral

details needed to understand why risk emerges and how intervention should be adapted.

This dissertation addressed this gap by developing computational approaches that use

continuousmonitoring,multimodal sensing, digital phenotyping, and label-efficient learn-

ing to support precision behavioral health.

The work presented in this dissertation demonstrates that behavioral risk can be

identified earlier and with greater nuance when longitudinal data are modeled as dy-

namic trajectories rather than isolated measurements. Early patterns of self-monitoring

andweight change containmeaningful information about later treatment outcomes, sup-

porting the use of adaptive models that can guide intervention before poor response be-

comes entrenched. This shifts behavioral assessment from delayed evaluation toward

earlier and more proactive risk stratification.

This dissertation also shows that proximal health-risk behaviors, such as overeat-
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ing, requiremultimodalmeasurement. Overeating is not only amatter of caloric intake; it

is shapedbyhunger, affect, stress, loss of control, food context, social setting, eatingpace,

and objective eating microstructure. By integrating passive sensing with self-reported

psychological and contextual data, this work demonstrates how AI-enabled systems can

capture both the observable and subjective dimensions of behavior in everyday life.

A central finding across this dissertation is that behaviorally meaningful outcomes

are often heterogeneous. A single label such as overeating can represent multiple under-

lying pathways, including stress-driven eating, socially situated eating, restaurant-based

eating, distracted eating, and changes in eating pace. Digital phenotyping provides a way

to move beyond binary detection toward interpretable behavioral subtypes that can bet-

ter inform intervention design. This approach supports a more precise form of behav-

ioral health, where support can be tailored not only to whether risk is present, but to the

mechanisms through which that risk emerges.

The dissertation further addresses the practical challenge of scaling sensing-based

behavioral AI. Large volumes of wearable and mobile sensing data are difficult to anno-

tate exhaustively, and manual labeling remains a major bottleneck for model develop-

ment. By incorporating active learning and training-dynamics-based uncertainty, this

work advances a more efficient human-in-the-loop approach for identifying informative

data to label. This contribution is essential for moving sensing systems beyond small,

curated datasets toward larger, more diverse, and more deployable behavioral health ap-

plications.

Collectively, this dissertation contributes to a broader vision of precision behavioral

health in which continuous data streams are transformed into actionable insight. The

proposed framework connects early risk identification, objective behavior detection, in-
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terpretable phenotype discovery, and scalable model development. Rather than treating

sensing as a tool for passive data collection alone, this work positions sensing and AI as

part of an adaptive system for understanding behavior as it naturally occurs and for in-

forming timely, personalized intervention.

Future behavioral health systems will need to be accurate, interpretable, ethical,

and scalable. They must respect the complexity of human behavior while remaining

practical enough for real-world use. The methods developed in this dissertation provide

a foundation for such systems by showing how multimodal data and machine learning

can be used to detect risk, explain behavior, characterize heterogeneity, and reduce an-

notation burden. In doing so, this dissertationmoves behavioral health research closer to

systems that can support individuals in themoments and contextswherebehavior change

is most needed.
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