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1 Introduction

Recent advances in mobile technology have improved our ability to monitor and understand human behavior
and well-being. Contemporary smartphones and wearable devices integrate various sensors that capture social
interactions, phone usage patterns, physical activity, and mobility data. When these rich data streams are combined
with self-reported measures, such as stress levels, they provide a continuous, multimodal record that researchers
can leverage to model and predict stress [75].

In human-centered computing and mobile computing, mobile sensing for mental health (and mobile human
sensing, more generally) is now routinely embedded in personal informatics tools, intervention pipelines, and
emotion-support agents [31, 35, 43, 44, 66]. Their impact depends on the generalizability of the model, which
governs when interventions are triggered, how feedback is posed, and whether users trust and act on the rec-
ommendations. However, prior models have struggled to generalize to unseen users in real-world, in-the-wild
settings [55, 87, 95]. Xu et al. attributed this restricted generalizability to substantial differences between individu-
als [3], that is, to data shifts across users. Prior work has mainly conceptualized users or cohorts as domains (e.g.,
cultural, demographic, or protocol differences) [9, 36, 53, 55, 59, 62], and thus framed the challenge as cross-dataset
or cross-population shifts [87]. However, even within a single dataset, user-independent generalization remains
difficult: under leave-one-subject-out evaluations, performance remains limited [38, 55, 87, 95].

In general, data shift is commonly decomposed into four forms: covariate shift, label shift, conditional shift, and
concept shift [4, 51]. So far, the majority of prior studies on mobile sensing have only focused on covariate and
label shift [38, 56, 87]. In this work, we systematically investigate the impact of four types of shifts to deepen
our understanding of cross-user shifts. As illustrated in Figure 2, given that X denotes features while Y denotes
labels, the four shifts are defined as changes in: (1) the marginal feature distribution: P(X) (i.e., covariate shift),
(2) the label distribution: P(Y) (i.e., label shift) (3) the concept mapping or predictive distribution: P(Y | X) (i.e.,
concept shift) (4) the conditional feature distribution: P(X | Y) (i.e., conditional shift). These shifts often co-occur
across individuals in real-world sensing datasets, posing challenges for robust generalization. Identifying which
components have changed is crucial for robust cross-user generalization and for selecting appropriate mitigation
or adaptation strategies.

Moreover, existing studies in mobile sensing, particularly those on mental health, often make assumptions
about distribution shifts and their impact on model performance based on findings from computer vision (CV)
and natural language processing (NLP) [56, 85, 87]. However, the implications and conclusions drawn from these
domains may not generalize well to mobile sensing contexts due to fundamental differences in data characteristics
and prediction targets. In computer vision settings, for example, fixed input features in X-ray images may
consistently indicate the same diagnosis of lung cancers across individuals. In contrast, mental health prediction
based on behavioral features derived from mobile sensor data is highly individualized and context-dependent,
making such assumptions less reliable, as illustrated in Figure 2. To the best of our knowledge, no prior work has
systematically investigated the impact of distribution shifts on model performance within the domain of mobile
sensing for mental health.
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Fig. 1. Overview of the CrossShift analytical framework. CrossShift connects four components: (A) statistical testing for user-
level covariate, label, conditional, and concept shifts; (B) pairwise shift quantification across behavior feature categories; (C)
within-user and cross-user model evaluation; and (D) regression-based attribution linking shift magnitudes to transferability
loss.

Based on the identified research gaps, we pose the following research questions:

e RQ1 What interpersonal differences are present in mobile sensing datasets as revealed by statistical tests?
e RQ2 Which interpersonal differences contribute most to failures of cross-user model generalization?

To address these questions, this paper makes three primary contributions through experiments on three newly
collected datasets and five publicly available datasets, involving 696 valid users. To support both controlled and
heterogeneous evaluation, we analyze a family of three comparable in-the-wild cohorts collected by our institution
together with five public datasets that vary more substantially in cohort composition, sensing modalities, and
collection protocols.

o We operationalize CrossShift as an end-to-end empirical analysis pipeline that connects four components:
statistical shift testing, metric-based shift quantification, user-level model evaluation, and regression-based
attribution of transferability loss. This organization enables covariate, label, conditional, and concept shifts
to be compared under a common framework for mobile mental-health sensing.

o We identify Phone Usage, Sleep and Social Interaction as the behavior feature categories exhibiting the
greatest between-user diversity.

o We show that Concept Shift, representing differences in the mapping from behavior features to the mental
health labels, is the primary factor, limiting cross-user generalizability of current models.

CrossShift provides a structured way to characterize multiple forms of user-level distribution shift across
behavioral categories and to relate them to cross-user generalization failures. The released codebase serves as an
implementation of this analytical framework. The resulting analyses can inform future work on out-of-distribution
(OOD) user detection and selective personalization or adaptation.
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Illustrating Different Types of User-Level Shifts in Mobile Stress Prediction
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Fig. 2. Types of distribution shifts across people in mobile stress prediction. Using physical activity (X) to predict stress (Y)
as an example, the figure illustrates four common user-level shift types: (1) Covariate shift, where the feature distribution
changes across users (Pain (X) # Prest(X)); (2) Label shift, where the label distribution changes (Piain(Y) # Prest(Y)); (3)
Conditional shift, where the distribution of features differs given the same label (Piain (X | Y) # Prest (X | Y)); and (4) Concept
shift, where the relationship between features and labels changes across users (Piain (Y | X) # Prest(Y | X)).

2 Background and related work
2.1 Behavior Features in mobile human sensing

The following dimensions are commonly included in behavior features for mobile human sensing.

e User Demographics: A foundational layer for profiling, this category includes basic information such as
age and gender, as well as psychological traits, including the Big Five personality dimensions. Baseline
mental health status is often captured using validated scales like the GHQ-12 and PSS-10, as well as measures
of self-efficacy, optimism, hope, and resiliency [46, 56].

e Phone Usage Behavior: This category analyzes a user’s digital footprint. It includes AppUsageEvent
data, which tracks the count and duration of use for each application category, and ScreenEvent data for
screen-on duration and frequency. KeyEvent data, measuring typing distance and time, is also utilized [20,
44, 56, 77, 87].

e Social Behavior: Social interaction patterns are quantified through communication logs. This involves
analyzing CallEvent data for the duration and count of calls and MessageEvent data for the count of
messages sent and received [1].
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o Physical Status: This category focuses on physical activity and exertion. It includes the count and duration
of different activity types (calculated from PhysicalActivityTransition), total step count, and distance
traveled. Estimated calories consumed are also sometimes included [46, 56, 67, 87].

e Mobility: GPS and location data are used to understand a user’s movement patterns. Key features include
the different places of visit and the time spent at various types of clustered locations (e.g., home, work) [46,
56, 57, 87].

e Sleep: Sleep patterns are a critical component of well-being. Profiles often incorporate daily metrics
such as the previous night’s sleep duration and sleep onset time, which can be inferred from phone
activity [1, 46, 87].

Note that our analysis focused primarily on behavioral variables and excluded demographic factors, as the
latter remain constant for each individual.

2.2 In-the-wild mobile sensing for mental health

In-the-wild sensing aims to continuously infer users’ states in naturalistic conditions, rather than in lab-controlled
experiments. However, building reliable in-the-wild models remains challenging due to uncontrolled contexts,
varied sensor placements, and strong inter-individual variability [68]. One important aspect of this generalization
challenge is the evaluation setting. While many studies adopt a user-dependent setup by training and testing on
data from the same individuals, performance often drops substantially in user-independent setups, where models
are evaluated on unseen users [30]. Sano et al. analyzed surveys, personality traits, and phone/wearable signals
from 18 participants and evaluated models with repeated 10-fold cross-validation [75]. In a participant-level setup
(features aggregated per person), they reported 87.5% accuracy for the post-survey baseline (and comparably for
sensor-feature models), 81.25% with personality, evening-survey, and call features, and over 75% with screen-on,
mobility, call, or activity features—all under a user-dependent evaluation where part of unseen user data is
used for model building. Ciman et al. modeled stress from human-smartphone interaction (no self-reports as
inputs) [17]. With a 10-fold CV per user, within-subject F-measure is around 0.79-0.85; with a generalized model
evaluated by leave-one-subject-out (LOSO), F-measure drops to around 0.70-0.80, making the user-dependent
vs. user-independent gap explicit. Recently, Yu et al. reported a macro F1 score of 63.0% using 5-fold group
cross-validation (in a user-independent setting) [93]. Toshnazarov et al. achieved 65.8% F1 score; they used
physiological signals under LOSO cross-validation (in a user-independent setting) and a pretrained model selected
from their best in-lab configuration [80]. Zhang et al. [95] observed 58% AUC-ROC in LOSO. Overall, cross-user
evaluation performance, even within a single dataset, remains limited.

2.3 Generalizability studies in mobile computing

As illustrated in Figure 3, generalizability in mobile computing is typically examined along three axes.

o Cross-dataset generalizability: datasets often differ by country, culture, institution, or collection pro-
tocol, motivating evaluations of cross-dataset generalization and domain adaptation or generalization
techniques [9, 13, 36, 53, 55, 56, 59, 69, 81, 92].

o Cross-device and device-position robustness within a dataset: devices differ in sensing characteristics
and wear/placement locations vary across measurement contexts, motivating robustness techniques to
handle sensor and placement variability [14, 52, 96].

e User-related generalizability: models trained on data from some participants may not generalize to
others (cross-user variability), and even for the same individual, behavior and context evolve over time (tem-
poral drift), leading to performance degradation. These challenges motivate personalization, longitudinal
adaptation, and drift-aware modeling [25, 26, 37, 38, 86, 89, 92].
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Fig. 3. Types of Generalizability: 1) Cross-dataset generalizability: robustness across datasets that differ by country, culture,
institution, cohort, or data-collection protocol 2) Device-related generalizability (within same dataset): robustness across
device types (e.g., phone/wearable models) and device positions/placements. 3) User-related generalizability (within the same
dataset): robustness across users (cross-subject) and across time within the same user (temporal drift)

Despite progress, most work proposes remedies without first testing for the presence of distribution shifts and
characterizing the specific shifts responsible for generalization failures. Notable exceptions include Nanchen et
al. [62], who analyzed covariate shift across datasets; and Xu et al. [87] and Meegahapola et al. [55], who—though
not focused on shift analysis—tested for covariate and label shifts.

To our knowledge, there is a lack of systematic investigation of the relative impact of different shift types
on generalization performance in mobile sensing for mental health. This gap is consequential because many
domain generalization and adaptation methods address only a subset of shifts; without prior characterization,
mismatches between the method and the underlying shift can limit effectiveness.

2.4 Shift analysis in machine learning studies

Work in ML tests for distribution shifts and quantifies their impact on performance [16, 24].

For testing, Kellis et al. [41] recommended the following: (i) plot outcome distributions for label shift P(Y), (ii)
compare feature means, (iii) apply kernel two-sample tests (e.g., Maximum Mean Discrepancy (MMD) [28]), and
(iv) train domain-discrimination classifiers for P(X), P(X | Y), and P(Y | X). In mobile human sensing, Nanchen
et al. used Permutational Multivariate Analysis of Variance (PERMANOVA) and Permutational Multivariate
Analysis of Dispersion (PERMDISP) for multivariate covariate shift [62]; Meegahapola et al. applied ¢-tests [55];
and Xu et al. trained domain/user classifiers [87].

For quantification, Gardner et al. proposed optimal transport dataset distance (OTDD) for covariate shift,
Euclidean distance ¢, for label shift, and Fréchet dataset distance (FDD) for conditional/concept shift [24]; Cheng
et al. examined correlation, mutual information, and feature-importance surrogates [16]; Polo et al. suggested
Jensen-Shannon (JS) divergence for all four shift types [54]. In sensing, Meegahapola et al. used Cohen’s d on
feature means [55, 56]; Kang et al. measured concept drift via the performance gap between generalized and
personalized models [38].

For impact, Gardner et al. related OOD performance to in-distribution accuracy and shift magnitudes via
correlation or regression [24]. Cheng et al. analyzed the drop fraction versus the magnitude of distribution shift
(Ashift) and observed larger degradation when removed or perturbed features are more label-associated [16].
In follow-up work, Cheng et al. reported that TabPFN, a tabular foundation model, shows limited robustness
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to concept shift; moreover, XGBoost remains the best-performing model under distribution shift in tabular
settings [15].

In summary, contemporary studies on shift analysis (i) characterize/quantify what changed; (ii) model how
those changes predict performance loss under deployment conditions. Applying shift analysis to mobile sensing
would help characterize user heterogeneity and improve cross-user generalization, but the relative contributions
of each shift type still remain unknown.

3 CrossShift Framework

CrossShift is an analytical framework for characterizing interpersonal distribution shifts and relating them to
cross-user generalization failures. As illustrated in Figure 1, the framework connects four components: statistical
shift testing, shift quantification, user-level model evaluation, and shift-to-generalization attribution. In this
section, we describe these components at the framework level. Study-specific datasets, feature construction,
preprocessing, and implementation details are presented later in Section 4.

CrossShift is intended as a structured empirical framework for user-level shift analysis in mobile mental-health
sensing. While its components draw on established tools from prior work in machine learning and sensing, their
integration, domain-specific operationalization, and multi-dataset empirical evaluation are central contributions
of this paper.

3.1 Overview and notation

In CrossShift, each user is treated as a domain. Let X denote the behavioral feature representation and Y denote
the prediction target. The framework considers four types of user-level distribution shift: covariate shift (P(X)),
label shift (P(Y)), conditional shift (P(X | Y)), and concept shift (P(Y | X)). For the shift-attribution component,
we consider a source user a and a target user o, and denote by d,, the pairwise shift magnitude between them
under a given shift definition. We then relate this distance to a transferability loss A,—,,, which measures the
degradation from within-user to cross-user performance.

3.2 Shift testing

For the shift-testing component, CrossShift treats each user as a group/domain and asks whether four types of
distribution shift are present across users: covariate shift, label shift, conditional shift, and concept shift. Different
statistical tests are used depending on the probabilistic object of interest. Covariate and conditional shifts are
evaluated using multivariate permutation-based procedures, whereas label and concept shifts are evaluated using
association-based tests. The goal of this module is to determine which forms of interpersonal difference are
statistically detectable before moving to shift quantification and performance attribution.

3.2.1 Statistical test. Guided by Nanchen et al. [62], we employ permutation-based multivariate procedures for
covariate and conditional shift, and Pearson’s y? tests for label and concept shift. Unless noted otherwise, analyses
are conducted for each predefined feature set on the corresponding multivariate feature representation (Figure 4).

o Covariate shift (changes in P(X)). For each behavior feature category, we apply PERMANOVA [7]
(Permutational Multivariate Analysis of Variance) on an appropriate dissimilarity (Euclidean distance for
standardized features), reporting R? and permutation p-values.

In PERMANOVA [7], the distance-based effect size for a grouping factor is often reported as R* = %, where
SSp is the between-groups sum of squares and SSr is the total sum of squares computed from the chosen
inter-sample dissimilarity matrix. This R? € [0, 1] summarizes the proportion of total distance variation
attributable to differences in group centroids under the specified distance measure, in our case Euclidean
distance. In our context, since a single user’s multiple data is treated as a group, a larger R* implies greater
between-user differences within the dataset. We also run PERMDISP (Permutational Analysis of Multivariate
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Dispersions) to probe differences in dispersion. PERMANOVA tests whether group centroids in multivariate
space differ significantly under a chosen dissimilarity measure, whereas PERMDISP complements this by
testing whether observed differences arise from group dispersion (variance) rather than centroid location.
Departing from Nanchen et al. [62], we treat dispersion differences as substantive inter-individual variability
rather than a nuisance and report them explicitly.

Conditional shift (changes in P(X | Y)). We stratify the data by the binary label Y € {0, 1} and repeat the
PERMANOVA and PERMDISP procedure within each stratum for each behavior feature category.

Label shift (changes in P(Y)). We test for changes in the marginal label distribution across users using a
Pearson y? test of independence on contingency tables of Y by user (reporting Cohen’s w as an effect size).
Concept shift (changes in P(Y | X)). For each behavior feature category, we discretize the multivariate
features into two interpretable levels via K=2 clustering; the cluster with the higher overall mean is labeled
“high” and the other “low.” We chose K = 2 primarily for interpretability, because this analysis is intended
to compare a coarse low/high behavioral state across users rather than optimize unsupervised clustering.
Alternative values of K may capture finer-grained concept structure, but would reduce interpretability
and comparability across datasets. We then assess the association between Y and the resulting low/high
feature level using a Pearson y? test. Differences in this association across user groups provide evidence of
changes in P(Y | X) (concept shift).

This protocol provides a coherent and interpretable foundation for detecting distinct shift mechanisms. Study-
specific feature construction, preprocessing choices, and normalization regimes used to instantiate this testing
module are described later in Section 4.

3.3 Shift quantification metrics

After testing whether user-level shifts are statistically detectable, CrossShift quantifies the magnitude of pairwise
user differences for each shift type. Rather than collapsing user heterogeneity into a single aggregate score, this
component computes separate distance measures for covariate, label, conditional, and concept shifts, enabling
later attribution analyses to examine which types of shift are most associated with transferability loss.

Social Behavior Covariate Shift H PermAnova/Disp ]

Label Shift ]—-'[ Chi2 Test ]

Conditional Shift H PermAnova/Disp ]

Concept Shift ]—’[ Chi2 Test ]

Behavior Feature Categories Normalization Shift Types Statistical Test

Physical Status
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Normalization

Mobility

Phone Usage

Sleep

A @ >» W

Differ
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Fig. 4. Overview of RQ1 user-level distribution shift analysis. Behavioral signals from different behavior feature categories are
mapped to distinct types of distribution shift (i.e., covariate, label, conditional, and concept), and each shift is evaluated using
an appropriate statistical test to assess differences between users. Unless otherwise specified, all analyses use feature-wise
normalization as the default preprocessing step to ensure that distance-based statistical tests are not dominated by scale
differences. We additionally conduct experiments with user-wise normalization to examine its impact on shift quantification.
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Table 1. Shift Quantification Framework. We adopt standard distance-based measures for covariate and label shifts, quantified
using Wasserstein distance on P(X) and ¢, distance on P(Y). For conditional shift, we extend prior OTDD-based formulations
by introducing a feature-importance—normalized conditional term to improve robustness under high-dimensional mobile
sensor features. For concept shift, we operationalize differences in P(Y | X) using a model-based formulation tailored to
mobile sensing: we train user-specific models Ms and M; on source and target users, respectively, and compute Jensen—
Shannon divergence between their predicted label distributions Py, (Y | X) and Py, (Y | X) evaluated on the same pooled
sensor inputs from both users. This design provides a stable, distributional proxy for concept shift while avoiding direct
estimation of P(Y | X), which is unreliable in sparse, high-dimensional sensing data.

Behavior Feature Categories Shift Type Shift Metric
. . Covariate Wasserstein distance on P(X) [63]
Social Interaction, Sleep, ]
] . Label ¢, distance on P(Y) [24]
Physical Status, Mobility, o ] )
Conditional Feature-importance—-normalized OTDD

Phone Usage conditional term [6, 24]

Concept Jensen-Shannon divergence on Py, (Y | X)
vs. Py, (Y | X) [54]

Given per-user feature representations and labels, CrossShift uses metrics aligned with the probabilistic
definition of each shift type (Table 1). These metrics adapt prior shift-analysis tools to the high-dimensional and
heterogeneous structure of mobile sensing data.

Covariate shift quantification (P(X)). We quantify covariate shift using the Wasserstein distance between
users’ marginal feature distributions P(X). We use Wasserstein distance rather than OTDD because OTDD
jointly captures discrepancies in both P(X) and P(X | Y) [24], whereas our goal here is to isolate marginal
feature-distribution differences.

Label shift quantification (P(Y)). We quantify label shift using the # distance between users’ marginal label
distributions P(Y). This directly captures differences in label prevalence and is stable for low-dimensional label
distributions [24]; unlike KL-based measures, it does not become ill-behaved when one label probability is close
to zero.

Conditional shift quantification (P(X | Y)). We quantify conditional shift using the conditional component
of OTDD, which measures discrepancies between label-conditioned feature distributions. To make this measure
more robust for high-dimensional mobile sensing features, we use a feature-importance-normalized variant of
the OTDD conditional term, reducing the influence of marginal feature-scale effects.

Concept shift quantification (P(Y | X)). We quantify concept shift using a predictive-function-based
formulation, since directly estimating P(Y | X) is unstable in sparse, high-dimensional sensing data [50, 72]. We
train a source model M; on pooled source-user data and a target model M; on held-out target-user data, evaluate
both on the same combined feature set Xs U X;, and compute the Jensen-Shannon divergence between their
predicted label distributions [54]. Unlike embedding-similarity formulations such as FDD [24], this predictive-
distribution view targets user-level changes in P(Y | X) and separates concept shift from conditional shift, which
is important in mobile mental-health sensing where these two shifts can otherwise appear empirically entangled.

This decomposition supports more precise attribution of cross-user performance degradation to specific shift
types. Study-specific preprocessing pipelines and feature representations are described in Section 4.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 3, Article 189. Publication date: September 2026.



189:10 « Zhanget al.

3.4 Model evaluation and shift-to-generalization attribution

After quantifying pairwise user-level shifts, CrossShift relates these shifts to cross-user model degradation. As
illustrated in Figure 5, each user u € U is treated as a domain. For a source user a, we train a personalized model
f2 using only a’s training data and record its within-user performance as AUROC, sjs. We then apply the same
model to each target user o # a and record the cross-user performance AUROC,,. The transferability loss is
defined as
Ageso = AUROC et — AUROC 5,

which measures the degradation from within-user to cross-user evaluation. To attribute this degradation to
specific shifts, CrossShift fits a linear model of the form A,—,, = fdg o + ¢, where d,, is the pairwise distance for
a given shift metric. The coefficient f estimates how strongly that shift metric is associated with transferability
loss. Study-specific model choices, prediction targets, and preprocessing details are described in Section 4.

4 Methodology

This section describes how the CrossShift framework is instantiated in our study, including the datasets, feature
construction, preprocessing, and experimental procedures used for RQ1 and RQ2.

4.1 Datasets

We analyze eight in-the-wild mobile sensing datasets in total. These datasets play two complementary roles in
the paper. First, D#1-D#3 provide a relatively controlled family of comparable cohorts collected by our institution
under closely related study designs, allowing us to examine whether the main shift patterns persist even when
major cohort-level confounds are reduced. Second, five public datasets provide broader external heterogeneity
in cohort composition, sensing availability, and collection protocols, allowing us to assess whether the same
observations extend beyond our own collection context. D#1-D#3 have also recently been released as open
datasets', expanding the set of publicly available in-the-wild cohorts for future research in mobile mental-health
sensing.

Dataset construction vs. analytic eligibility. Across datasets, we distinguish between dataset-level quality control
and analysis-specific eligibility filtering. Dataset-level quality control determines which participants and data
streams are retained after collection and preprocessing. Analysis-specific eligibility filtering is then applied later
depending on the research question. In particular, RQ2 introduces additional per-user eligibility requirements for
personalized modeling and transferability analysis. We report these stages separately to make the construction of
each analytic cohort explicit.

Collected datasets (D#1-D#3). We analyze three in-the-wild mobile sensing cohorts collected annually from 2020
to 2022 at our institution. Each cohort followed a broadly comparable four-week study design with university
students, using participants’ own Android smartphones together with wearable sensors and dense Experience
Sampling Method (ESM) based in-situ labeling. Across D#1, D#2, and D#3, the core design was intentionally
kept similar with overlapping smartphone sensing streams, Fitbit-based wearable sensing, and repeated emotion
self-reports while later waves progressively refined the protocol and sensing coverage. This makes D#1-D#3
useful as a controlled family of related cohorts for testing whether shift patterns replicate across comparable
real-world collections rather than arising only from highly heterogeneous public datasets.

D#1, D#2, and D#3 include 102, 112, and 114 enrolled participants, respectively. After dataset-level quality
control, 92, 99, and 106 participants remain, with 10,259, 21,042, and 21,838 ESM responses retained after QC,
respectively. Dataset-level quality control removed participants with insufficient data coverage or ESM compliance
and excluded streams with inadequate collection coverage for reliable analysis. All three datasets were collected

Thttps://doi.org/10.7910/DVN/QGRVUS
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Table 2. Overview of institution-collected in-the-wild datasets (D#1-D#3) and public benchmarks used in this study. For
RQ1, we perform statistical analyses using hourly aggregated features. Predictive modeling (RQ2) follows the preprocessing
pipeline of [95]. “4Users” denotes the number of valid users before applying the dataset-specific AUROC threshold in Table 5.

Dataset #Users Sampling Freq. Target Sensing Modalities Preprocessing

D#1 92 15 ESM/day Stress Behav: app usage, notifications, calls/SMS, RQ1: Hourly; RQ2:
activity; Physio: Fitbit HR; Con- [95]
text: mobility, light, BT/Wi-Fi, Fitbit
steps/distance/calories

D#2 99 12 ESM/day Stress Behav: app usage, notifications, calls/SMS, RQ1: Hourly; RQ2:
activity, keystroke dynamics; Physio: Fitbit [95]
HR; Context: mobility, light, BT/Wi-Fi, Fitbit
steps/distance/calories

D#3 106 10 ESM/day Stress Behav: app usage, notifications, calls/SMS, RQ1: Hourly; RQ2:
activity, keystroke dynamics; Physio: Fitbit [95]
HR; Context: mobility, light, BT/Wi-Fi, Fitbit
steps/distance/calories

K-EmoPhone 47 ~10 ESM/day Stress Physio: HR, skin temp, EDA, IBI; Behav: RQ1, RQ2: [95]
accel, steps, phone usage; Context: location,
ambient light

StudentLife 49 3-13 EMAs/day  Stress Behav: activity, conversation, sleep; Con- RQ1, RQ2: [83]
text: location/mobility

CrossCheck 62 Every 2-3 days  Stress Behav: activity, speech, app usage, sleep; RQ1, RQ2: [2]
Context: location, ambient env.

GLOBEM 80 Weekly Depression Behav: usage, calls, BT, activity, sleep; Con- RQ1, RQ2: [87]
text: location/mobility

College Exp. 161  Weekly (EMA)  Stress Behav: activity, usage, comms, sleep; Con- RQ1, RQ2: [45]

text: mobility

under IRB-approved procedures; participants provided written informed consent, participation was voluntary,
and participants received approximately USD 100 compensation. Fitbit Inspire HR was used in all three datasets.
For more details of study design, protocol differences, and retained counts, please refer to Appendix A.1 and
Table 2.

Public datasets. To assess whether our findings generalize beyond our original cohorts, we additionally analyze
five public in-the-wild datasets: K-EmoPhone [39], GLOBEM [88], CrossCheck [10], StudentLife [82], and the
College Experience Study [64]. For these datasets, we use the released data and follow the preprocessing and
feature extraction procedures adopted in the corresponding original studies [2, 45, 83, 87, 95], rather than
re-deriving raw collection-stage quality-control rules from scratch.

For GLOBEM, we use a merged multi-year version rather than individual yearly subsets. This choice is specific
to RQ2: although each yearly subset contains a sufficient number of users, the number of labeled observations
per user is often too limited for the personalized modeling required in our transferability analysis. We therefore
merge the sub-datasets first and then apply the same RQ2 eligibility logic used elsewhere. As summarized in
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Table 5, 80 users remain after basic per-user label availability and label-balance checks (e.g., more than one label
class per user), and only 5 users remain after the additional self~-AUROC criterion used for RQ2. Stress is the
primary target label throughout the paper whenever sufficiently reliable per-user analysis is possible. We retain
GLOBEM because it substantially broadens the external evaluation setting; however, under our personalized RQ2
setup, the per-user stress labels in GLOBEM provide insufficient reliable support for stable analysis. We therefore
use depression as a dataset-specific exception for GLOBEM, while stress remains the target for all other datasets.

Detailed information for all eight datasets is provided in Table 2. As clarified below, these datasets are
instantiated differently in RQ1 and RQ2 because the two components of CrossShift require different feature
representations and analysis pipelines.

Unless otherwise noted, RQ1 operates on the dataset-level preprocessed cohorts, whereas RQ2 applies additional
user-level eligibility filters required for personalized modeling and transferability analysis; these retained counts
are summarized in Table 5.

4.2 RQ1 instantiation in this study

We now describe how the shift-testing component of CrossShift is instantiated in this study, including the feature
representation and preprocessing choices used for RQ1. More specifically, we have the following three questions.

e Which behavior feature categories (i.e., phone usage, social interaction, mobility, physical status, and sleep)
show the biggest between-user differences under covariate, conditional, and concept shift?

e Which types of distribution shifts are statistically significant across users?

o To what extent can user-wise normalization mitigate covariate and conditional shifts, and does it have any
effect on concept shift?

Experiments explore which behavior feature category exhibits the largest magnitude of change across different
types of shifts and which shifts are statistically significant. In addition, we added another experiment to examine
the impact of user-wise normalization. User-wise normalization can mitigate cross-user covariate shift by aligning
feature statistics [49, 78]. However, such preprocessing generally assumes a stable distribution of P(Y | X)
and thus cannot fully correct conditional shift, where P(X | Y) itself changes across users [60, 71]. Likewise,
normalization does not handle label shift (changes in P(Y)), which typically requires prior-shift estimation
and reweighting [50], nor concept shift, which calls for explicit model adaptation to evolving targets [22, 84].
Accordingly, we aim to investigate whether user-wise normalization can address covariate shift, as well as
conditional and conceptual shift, in mobile sensing for mental health.

The analysis process of RQ1 is explained in Figure 4. We will explore 20 shift instances (five behavior feature
categories X four shift types).

4.2.1  Normalization regimes. RQ1 compares two preprocessing regimes for the feature-based shift analyses. The
first is feature-wise normalization, where each feature is standardized using global statistics computed across all
users within the training set. This regime preserves between-user differences while preventing features with
larger numeric ranges from dominating distance-based tests [8, 62].

The second is user-wise normalization, where each feature is standardized separately within each user’s training
set using that user’s own mean and standard deviation, to be specific, per-user z-score normalization applied
feature-by-feature. This regime is evaluated separately rather than sequentially after feature-wise normalization.
Its purpose is to test whether the observed between-user differences are primarily driven by user-specific location
and scale effects.

4.2.2  Feature representation and preprocessing. The normalization regimes used in RQ1 are described separately
above. Here, we focus only on feature construction, aggregation, and grouping for the shift analyses.
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Table 3. Behavior Feature Categories & Feature Design for RQ1

Data Sources Interpretable Features References

Phone Usage Behav- AppUsageEvent; Screen- App-usage event counts and durations; [20, 44, 56, 77, 87]

ior Event; KeyEvent; De- screen-on duration and count; typing dis-
viceEvent tance and time per app category

Social Interaction CallEvent; MessageEvent Call duration and count; message count  [1]

Physical Status PhysicalActivityTransition;  Counts and durations of physical-activity [46, 56, 67, 87]
step/calorie/distance coun- types; step count; distance traveled; calo-
ters ries expended

Mobility Location (clustered/labeled Places visited; dwell time at location clus-  [46, 56, 57, 87]
via Google Maps API) ters

Sleep Daily sleep survey; estimates Prior-night sleep duration and onset [1, 46, 87]

from ScreenEvent

During the data processing stage for D#1, D#2, and D#3 datasets, we adopt an hourly aggregation window over
the full data-collection period. The analysis is restricted to a set of explicitly interpretable features, as detailed in
Table 3. We exclude user demographic variables from the final feature set, as this study focuses on behavioral
data collected from mobile and wearable devices. Features are organized into five behavior feature categories:
phone usage, social interaction, mobility, physical status, and sleep. These categories have been shown in prior
work to correlate with or help predict self-reported labels in mobile sensing (Table 3).

Before conducting shift analyses, we apply feature-wise normalization across all users, scaling each feature
based on global statistics.

For each behavior feature category, we examine four types of distribution shift. Widely used literature shows
user-wise normalization helps to prevent covariate shift [29, 42, 61, 91, 94]. To assess the impact of user-specific
alignment, we apply user-wise standard normalization (z-scoring features separately for each user) and report
results under two preprocessing regimes for covariate, conditional, and concept shift: (i) feature-wise normalization
only, and (ii) user-wise normalization.

4.3 RQ2 instantiation in this study

We now describe how the shift-attribution component of CrossShift is instantiated in this study. The prediction
targets used for each dataset are summarized in Table 4, and the overall study-specific RQ2 pipeline is illustrated
in Figure 5. We then describe the corresponding preprocessing, model construction, transferability evaluation,
and statistical analysis procedures in detail. After testing for the existence of different types of shifts in RQ1, we
aim to test the impact of different types of shifts. More specifically, we will address these two questions in RQ2.

e Among different types of shifts, which behavior feature category is contributing to the model performance
drop?
e Which type of shift is contributing most to the model performance drop?

Before evaluating the effects of the 20 shift instances (five behavior feature categories X four shift types), we
need to formalize and instantiate the metric for each shift type. Then we can pair the computed shift metrics
with model performance to attribute cross-user degradation to either (i) specific behavior feature categories or
(ii) specific shift types.

4.3.1 Feature representation and preprocessing. For RQ2, we employ a different feature design for D#1, D#2,
D#3 compared with RQ1 to ensure a strong in-domain baseline for assessing the impact of distribution shifts on
model performance. Without such a baseline, cross-user generalization results become difficult to interpret, as
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Table 4. Summary of datasets, preprocessing pipelines used for predictive modeling (RQ2), and corresponding prediction
targets.

Datasets RQ2 Preprocessing Prediction Target
D#1, D#2, D#3 (New)  [95] Stress
K-EmoPhone [95] Stress
StudentLife [83] Stress
CrossCheck [2] Stress
GLOBEM [87] Depression
College Experience [45] Stress
Data & Model Preparation Shift Attribution & Analysis
Data Preparation & Splitting Model Training (Source User)
-Split temporal 80/20 per user ——> -Select a source user a
-Normalize features per user -Train a personalized model f,
i ' Bgso= BX dyot €
Select Top K Features Degradation Measurement g
-Train the generalized model - Measure the performance drop g
-Select the top 40 features Aa->0 on target user o S
]
‘v v
54
Model Training & User Filtering Shift Attribution via Regression £
-Train the personalized models — - Estimate impact of shift via Lol —
-Select users based on AUROC regression for each behavior Covarisia abe‘ Cmd“mna R
feature category x shift type Shift Metric

Mobility Data

Fig. 5. RQ2 pipeline for quantifying the effects of interpersonal differences on cross-user model generalization.

poor performance may stem from inherent model limitations rather than cross-user shifts. Our preprocessing
and feature extraction procedures follow the standardized pipeline of Zhang et al. [95]. In brief, the pipeline
uses extracted features spanning multiple sensing domains, including social interaction, activity, context, phone
usage, physiological signals, and sleep-related behavior, followed by model-based top-K feature selection and
personalized XGBoost evaluation. Temporal splitting and normalization are performed using training-set statistics
only.

4.3.2  Prediction targets and experimental pipeline.

Temporal splitting and normalization. We split each user’s data into temporally ordered training and testing
subsets using an 80/20 ratio, with the first 80% of samples used for training and the remaining 20% reserved
for testing. All normalization is performed using training-set statistics only; for each user, we estimate the
normalization parameters from that user’s training data and apply them unchanged to the corresponding test
data, thereby preventing information leakage.

User eligibility. RQ2 imposes additional user-level eligibility criteria beyond dataset-level preprocessing. For
each dataset, users must first satisfy basic per-user label availability and label-balance criteria, including requiring
more than one label class per user. We then first split each user’s observations chronologically into 80% train and
20% test subsets and exclude users whose test split contains fewer than ten samples. Figure 14 in the appendix

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 3, Article 189. Publication date: September 2026.



CrossShift: Quantifying Interpersonal Differences in Mobile Sensing for Mental Health «  189:15

Table 5. User-retention summary. For collected datasets, we report raw users and users remaining after dataset-level quality
control (QC). For public datasets, we used the released data and followed the preprocessing procedures of the original studies;
therefore, raw collection-stage QC counts are not reported. We then apply temporal eligibility checks and a dataset-specific
self~-AUROC threshold to define the final analytic cohort.

Dataset Raw Post-QC Eligible Thr. Final
D#1 102 92 92 0.65 33
D#2 112 99 929 0.65 43
D#3 114 106 106 0.65 46
K-EmoPhone - - 47 0.50 34
CrossCheck - - 62 0.65 21
StudentLife - - 49 0.50 14
GLOBEM - - 80 0.65 5
College Exp. B B 161 0.60 135

shows the pooled distribution of per-user test-set sample counts after the temporal 80/20 split; the 10-sample cutoff
removes only a sparse tail of users and was used to avoid unstable AUROC estimates. Among the eligible users, we
then retain only those whose personalized within-user model achieves a dataset-specific self-AUROC threshold, so
that transferability loss is evaluated relative to a non-random in-distribution baseline. Dataset-specific thresholds
and retained user counts are summarized in Table 5.

Feature selection and user filtering. We first perform global top-K feature selection on the normalized training
data using model-based feature importance from XGBoost (default K=40). Here, global top-K denotes feature
selection based on a single generalized model trained across all users’ training set, rather than personalized models.
We choose XGBoost because it performs strongly on tabular features and has demonstrated competitive results in
our domain [15, 95]. For RQ2, we use a fixed XGBoost protocol across users and datasets, without dataset-specific
hyperparameter tuning or an additional validation split. This choice preserves comparability for shift-attribution
analysis, since our goal is to relate shift types to transferability loss rather than optimize predictive performance
separately for each dataset. Full details of the RQ2 preprocessing steps, XGBoost hyperparameter settings, and
training procedure are provided in Appendix A.2.1. The selected features are grouped into five behavior feature
categories—phone usage, physical status, sleep, mobility, and social interaction. Using this fixed feature subset,
we then train a personalized XGBoost model for each eligible user and evaluate its in-distribution performance
on that user’s test set. The final RQ2 cohort consists of users whose self~AUROC exceeds the dataset-specific
threshold reported in Table 5. This filtering is used to ensure that cross-user degradation is analyzed only when
the source user exhibits a meaningful within-user predictive signal.

4.3.3 Transferability evaluation and statistical analysis. We now describe how the generic transferability analysis
in Section 3.4 is instantiated in this study.

Transferability evaluation and regression. Each retained source-target pair contributes one observation to the
corresponding regression, and all pairs are treated equally; we do not apply residual weighting by sample size. To
reduce instability from sparse users, we instead control data sufficiency upstream through the temporal eligibility
and user-retention criteria described in Section 4.3.2.

Statistical testing. To assess whether shift distances systematically predict transferability loss, we test whether
the per-source regression coefficients differ from zero using one-sided Wilcoxon signed-rank tests and sign
tests (null hypothesis: median = 0). We apply Benjamini-Hochberg false discovery rate correction across all
category-shift combinations [11].
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Additional methodological details. To streamline the main manuscript, we defer detailed rationales (e.g., user
filtering, non-negative coefficients, and regression vs. correlation) to the Methodological Transparency & Repro-
ducibility Appendix (META; Appendix A.2.1).

5 Results

5.1 RQ1 What interpersonal differences are present in mobile sensing datasets as revealed by
statistical tests?

Major findings. Our RQ1 analysis yields three key findings. First, covariate and conditional shifts are widespread
across datasets, with Phone Usage, Sleep, and Social Interaction showing the most consistent between-user
differences (Section 5.1.1). Second, label shift is detectable across users but does not by itself explain the observed
behavior-label heterogeneity (Section 5.1.2). Third, user-wise normalization substantially reduces covariate
and conditional centroid differences, but concept shift remains comparatively persistent, indicating that feature
alignment alone cannot remove user-specific behavior-label mappings (Section 5.1.3).

5.1.1  Which behavior feature categories show the strongest between-user differences under covariate, conditional,
and concept shift? In this subsection, we analyze between-user differences using feature-wise normalization only,
which applies a global normalization across all users to characterize intrinsic behavioral heterogeneity prior to
any user-specific alignment. Results for all shift types under feature-wise normalization across all datasets are
shown in Figure 6. Label shift is reported separately in Table 6.

Covariate shift (P(X)). Under feature-wise normalization (Figure 6, panels 1-2), we observe strong and highly
consistent between-user differences across all datasets. Aggregating PERMANOVA effect sizes (R?) across the
eight datasets, Phone Usage showed the largest mean effect size (R? = 0.350), followed by Social Interaction
(0.332) and Sleep (0.308). Physical Status and Mobility were slightly lower but comparable (0.288 and 0.287). All
category—dataset PERMANOVA tests were significant (p < 0.01), and the ordering should be interpreted as a
cross-dataset tendency rather than strict per-dataset dominance. Thus, covariate shift is most pronounced in
routine- and communication-related behavioral domains.

PERMDISP effects were smaller and less stable than PERMANOVA effects. Averaging over non-NA cells,
Social Interaction showed the largest mean dispersion effect (R? = 0.242), followed by Phone Usage (0.189) and
Mobility (0.180), while Sleep and Physical Status were lower (0.163 and 0.153). PERMDISP produced six NA
entries (Social Interaction: 4; Mobility: 1; Sleep: 1), because some dataset—category combinations did not contain
sufficient non-constant within-user variation after normalization to estimate dispersion reliably. We therefore
report these cases as NA rather than imputing or forcing unstable estimates. Overall, covariate shift is dominated
by differences in feature centroids rather than differences in within-user variability.

Conditional shift (P(X | Y)). For conditional shifts given Y = 0 and Y = 1 (Figure 6, panels 3-6), PERMANOVA
effects remained substantial after stratifying by stress label and largely mirrored the covariate-shift pattern.
Averaging across datasets and both strata, Phone Usage again showed the largest mean effect size (R? = 0.349),
followed by Social Interaction (0.315) and Sleep (0.302), with Physical Status and Mobility close behind (0.299 each).
Nearly all category—dataset tests were significant (p < 0.01), with one exception for Social Interaction in D#1
under the high-stress stratum.

PERMDISP effects for conditional shift were again smaller and less systematic. Averaging over non-NA cells
across both strata, the largest dispersion effects were observed for Social Interaction (R? = 0.254) and Phone Usage
(0.207), followed by Mobility (0.178), Physical Status (0.163), and Sleep (0.161). PERMDISP yielded 15 NA entries
across the two strata, especially for Social Interaction.
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Fig. 6. RQ1 (Feature-wise normalization). Summary of between-user differences across shift types under feature-wise
normalization (i.e., global normalization across users). Columns correspond to datasets: D1-D3 (three newly collected
in-the-wild datasets from the same institution), KE (K-EmoPhone), GL (GLOBEM), CC (CrossCheck), SL (StudentLife), and
CE (College Experience). Panels report effect sizes from PERMANOVA (centroid differences) and PERMDISP (dispersion
differences): (1) Covariate shift (PERMANOVA), (2) Covariate shift (PERMDISP), (3) Conditional shift P(X | Y=0) (PER-
MANOVA), (4) Conditional shift P(X | Y=0) (PERMDISP), (5) Conditional shift P(X | Y=1) (PERMANOVA), (6) Conditional
shift P(X | Y=1) (PERMDISP), (7) Concept shift (higher cluster), and (8) Concept shift (lower cluster). For covariate and
conditional shifts, each cell reports the PERMANOVA or PERMDISP effect size (R?) with its associated p-value. For concept
shift, each cell reports Cohen’s W? (effect size for label-feature association) with its associated p-value.

Concept shift (P(Y | X)). Category-specific patterns differed qualitatively for concept shift (Figure 6, panels 7-
8). Across both concept-shift panels, mean Cohen’s W? effect sizes were largest for Social Interaction (W? = 0.455),
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Table 6. RQ1 (Label shift). Between-user differences in label distributions P(Y), reported separately because normalization
choices for X do not apply to Y. Each bar reports Cohen’s W? (effect size for between-user differences in label prevalence)
together with its associated p-value.

Dataset D#1 D#2 D#3 KEmoP. GLOBEM CrossCh. StudentLi. CollegeEx.

w? 0.24 027 031 0.36 0.77 0.40 0.24 0.27
p-value < .01 <.01 <.01 < .01 < .01 <.01 < .01 < .01

followed by Sleep (0.405), Physical Status (0.397), Phone Usage (0.393), and Mobility (0.385). Most defined category-
dataset tests were statistically significant (73/77 at p < 0.05; 72/77 at p < 0.01), and effect-size distributions
substantially overlapped across categories.

Unlike covariate and conditional shifts, concept shift was not concentrated in a small subset of behavioral
domains. Instead, it appeared broadly across behavior feature categories, indicating pervasive differences in
P(Y]X).

Label shift (P(Y)). Label shift results are reported separately in Table 6. Label prevalence differed significantly
across users in all datasets (all p < .001), with a mean effect size of W? = 0.357 and values ranging from 0.243
to 0.765. However, label-shift effects were smaller on average than concept-shift effects (0.357 vs. 0.407) and
were measured only at the dataset level, suggesting that variation in P(Y) alone does not explain the dominant
cross-user differences.

Conditional shift often mirrored covariate shift in category ordering and magnitude, but the distinction remains
useful: conditional shift asks whether user differences persist after holding the label fixed, whereas covariate
shift does not.

Implications. Covariate and conditional shifts are strongest in Phone Usage, Sleep, and Social Interaction and are
driven mainly by centroid differences, whereas concept shift is broader across categories and therefore requires
model-level or user-level adaptation rather than feature-level preprocessing alone.

5.1.2  Which types of distribution shifts are statistically significant across users? Across datasets, all four shift types
show statistically detectable between-user heterogeneity under feature-wise normalization (Figure 6, Table 6).
This confirms that cross-user variability in mobile mental-health sensing is not limited to covariate or label shift:
conditional and concept shifts are also pervasive, with concept shift showing the broadest and most persistent
effects. We discuss the methodological and deployment implications in Sections 6.1 and 6.2.

5.1.3 Can we handle covariate, conditional, and concept shifts using user-wise normalization? As described in
Section 4, we repeat all RQ1 analyses after applying user-wise standard normalization, where features are z-scored
independently for each user prior to statistical testing. This experiment evaluates whether per-user alignment is
sufficient to mitigate different forms of between-user distribution shift.

Covariate shift (P(X)). Under user-wise normalization (Figure 7, panels 1-2), covariate-shift PERMANOVA
effects were nearly eliminated. Mean effect sizes were close to zero for Physical Status (R? = 0.0004), Mobility
(0.0005), Social Interaction (0.0005), and Phone Usage (0.0004). The only significant category—dataset test was
Sleep in College Experience (R* = 0.302, p < 0.01), raising the mean for Sleep to R? = 0.0377. Thus, user-wise
normalization removes nearly all between-user centroid differences in P(X), indicating that most covariate shift
under feature-wise normalization comes from user-specific location and scale effects.

PERMDISP effects were weaker and less consistent, indicating that user-wise normalization removes most
feature-centroid differences but not all within-user variability.
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Fig. 7. RQ1 (User-wise normalization). Summary of between-user differences across shift types after user-wise normal-
ization (per-user alignment prior to testing). Columns correspond to datasets: D1-D3 (three newly collected in-the-wild
datasets from the same institution), KE (K-EmoPhone), GL (GLOBEM), CC (CrossCheck), SL (StudentLife), and CE (College
Experience). Panels follow the same layout as Figure 6: (1-2) covariate shift, (3—4) conditional shift P(X | Y=0), (5-6)
conditional shift P(X | Y=1), and (7-8) concept shift (higher/lower cluster). For covariate and conditional shifts, each cell
reports the PERMANOVA or PERMDISP effect size (R?) with its associated p-value. For concept shift, each cell reports

Cohen’s W? with its associated p-value.

Conditional shift (P(X | Y)). Conditional-shift PERMANOVA effects were also greatly reduced after user-wise
normalization (Figure 7, panels 3-6). Mean effect sizes were R? =0.0169 for Y=0 and 0.0503 for Y=1, with 3/40 and
12/40 significant tests, respectively. This shows that label-conditioned centroid differences are largely attenuated,
although modest residual effects remain in the high-stress stratum.
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This residual asymmetry also clarifies why conditional shift is not fully redundant with covariate shift.
Conditional shift broadly mirrors covariate shift after normalization, but the stronger residual effects for Y=1
suggest that some between-user heterogeneity is label-state-dependent rather than purely marginal. PERMDISP
effects remained small and dataset-dependent, indicating that most conditional shift observed under feature-wise
normalization arises from marginal differences in P(X) rather than robust dispersion differences in P(X | Y).

Concept shift (P(Y | X)). In contrast, concept shift remained strong under user-wise normalization (Figure 7,
panels 7-8). Across both concept-shift panels, the overall mean Cohen’s W? was 0.401, close to the feature-wise
value (0.407). Aggregating across datasets and clusters, Social Interaction showed the largest mean effect size
(W? = 0.464), followed by Phone Usage (0.415), Physical Status (0.396), Mobility (0.384), and Sleep (0.347). Most
defined tests remained significant (75/79 at p < 0.05; 73/79 at p < 0.01).

This persistence indicates that user-wise feature alignment does not mitigate concept shift. The remaining
differences reflect user-specific mappings from behavioral features to mental-health labels, i.e., differences in
P(Y | X) that are largely invariant to feature centering or scaling.

Implications. User-wise normalization is effective for reducing covariate and conditional centroid differences,
but it has limited impact on dispersion heterogeneity and does not mitigate concept shift. This pattern supports
the interpretation that feature-level alignment can address user-specific scale/location effects, whereas persistent
differences in the X —Y relationship require model-level or user-level adaptation rather than normalization
alone [49, 60, 71, 78].

5.2 RQ2 Which specific interpersonal differences contribute most to failures of cross-user model
generalization?

Details of the statistical tests used to assess the regression coefficients for all datasets are reported in Appendix
Table 10. All results in this section are robust to variations in the feature dimensionality and user-filtering
thresholds; a systematic robustness analysis is reported in Section 5.3.1. In addition, detailed regression coefficients
per behavior feature category/shift type/dataset can be found in Figure 15 in Appendix.

Major findings. Our RQ2 analysis yields two key findings. First, behavior feature categories differ in their
contribution to cross-user degradation; Phone Usage, Sleep, and Social Interaction often contribute strongly, but
the dominant category varies across datasets rather than following a single universal ordering (Section 5.2.1).
Second, concept shift shows the strongest and most consistent association with transferability loss across datasets,
indicating that user-specific behavior—label mappings are the main driver of cross-user generalization failure
(Section 5.2.2).

5.2.1  Which behavior feature categories contribute most to performance degradation? Figure 8 summarizes how
different behavior feature categories contribute to performance degradation under distribution shift. When
aggregated across all shift types and datasets using the mean regression coefficient (Figure 8a), Phone Usage
showed the largest overall effect (8 = 0.176), followed closely by Mobility (8 = 0.174) and Sleep (B = 0.170). Social
Interaction was somewhat lower (8 = 0.140), whereas Physical Status showed the smallest overall mean coefficient
(B = 0.124). These results indicate that cross-user heterogeneity in smartphone interaction patterns is, on average,
the strongest contributor to generalization failure, although the differences among the top three categories are
modest.

The dataset-wise breakdown in Figure 8b reveals substantial heterogeneity underlying this global trend.
Although Phone Usage remains the largest contributor in some datasets (e.g., StudentLife, § = 0.359, and D#3,
B =0.102), other categories dominate in specific contexts—for example, Sleep in CrossCheck (ff = 0.302), Mobility
in GLOBEM (B = 0.535), and Physical Status in College Experience (f = 0.195). This variability indicates that the
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Fig. 8. Category-level summaries of regression coefficients quantifying the contribution of different behavior feature
categories to detected distribution shifts. (a) Mean regression coefficients aggregated across all shift types and datasets,
highlighting the overall importance of each behavior feature category. (b) Mean regression coefficients aggregated across
shift types for each dataset, illustrating how the relative influence of behavior feature categories varies across datasets. As a
descriptive pooled fit summary, R? values are uniformly small (mean 0.007-0.009 per category), indicating that the mean
coefficients are statistically reliable but the source-target linear fit explains only a small share of variance. See Appendix
Table 10 for the corresponding regression coefficients and p-values.

most destabilizing behavioral domain is not universal, but depends on dataset-specific sensing protocols, cohort
characteristics, and behavioral coverage.

Overall, these results suggest that performance degradation under distribution shift is often driven by a small
subset of behavioral domains, but the identity of the dominant domain varies substantially across datasets.

Implications. Rather than treating all behavioral features uniformly, deployable mobile mental-health systems
should adopt category-aware monitoring and adaptation strategies, with particular attention to phone-usage,
mobility, and physical-activity features whose impact varies most strongly across datasets.

5.2.2  Which type of shift contributes most to performance degradation? Figure 9 compares the relative impact of
different shift types on cross-user performance degradation. When aggregated across behavior feature categories
and datasets (Figure 9a), concept shift showed the largest overall mean regression coefficient (8 = 0.265), exceeding
covariate shift ( = 0.158), conditional shift (B = 0.134), and label shift (B = 0.070). This indicates that mismatches in
the learned input—output relationship P(Y | X) are, on average, the strongest drivers of cross-user generalization
failure.

The dataset-wise results in Figure 9b show that this dominance is global rather than universal across datasets.
Concept shift is especially pronounced in GLOBEM (B = 0.785), where it is markedly larger than all other shift
types and substantially elevates the overall mean in Figure 9a. Concept shift also remains the largest mean
component in StudentLife (f = 0.375), College Experience (B = 0.286), D#2 (B = 0.185), D#3 (B = 0.138), and D#1
(B = 0.126). In contrast, CrossCheck and K-EmoPhone show weaker separation, with covariate shift exceeding
concept shift on average (8 = 0.380 vs. 0.180 in CrossCheck; B = 0.107 vs. 0.044 in K-EmoPhone).

These results indicate that while covariate and conditional shifts can meaningfully exacerbate performance
degradation in specific datasets, concept shift shows the strongest overall association with transferability loss
across datasets, even though its dominance is not uniform in every individual dataset.

Implications. Because concept shift is both the strongest and the most dataset-sensitive driver of cross-user
performance degradation, particularly in large-scale datasets such as GLOBEM, deployable systems should
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Fig. 9. Summary of regression coefficient magnitudes for different distribution shift types. (a) Mean regression coefficients
aggregated across all behavior feature categories and datasets, comparing the relative strength of covariate, label, conditional,
and concept shifts. (b) Dataset-wise mean regression coefficients aggregated across behavior feature categories, illustrating
how the prominence of each shift type varies across datasets. See Appendix Table 10 for the corresponding regression
coefficients and p-values. As a descriptive pooled fit summary, R? rises from Covariate (~ 0.001) to Concept (= 0.010),
consistent with the coefficient ordering.
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Fig. 10. RQ2 results on D#3 across different model architectures: TabTransformer, FTTransformer, and NODE.

prioritize early detection of concept shift and trigger user-specific adaptation or retraining when such shifts are
detected.

5.3 Additional analyses: robustness, scope extension, and concept-shift handling

We next report four follow-up analyses around the main RQ2 result. We first test the robustness of the conclusion
that concept shift is the dominant predictor of transferability loss, then examine whether this pattern persists for
a more objective label, and finally explore two concept-shift-oriented directions for handling cross-user failures:
stronger generalization models and OOD-guided personalization.

5.3.1 Robustness of the main RQ2 finding. We first examine whether the main RQ2 conclusion that concept shift
is the dominant predictor of transferability loss remains stable under changes in model architecture, feature
dimensionality, and user-filtering thresholds.
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Fig. 11. Robustness analyses for the RQ2 shift-attribution results. (a) Mean regression coefficients across different numbers
of selected features K. (b) Number of retained users under different in-distribution AUROC filtering thresholds. Together,
these analyses show that the main RQ2 conclusion is not driven by a single feature-set size or filtering threshold.

Impact of model types. Beyond XGBoost, which is well-suited to sparse tabular data with limited labels,
we evaluated robustness to model choice by training three widely-used deep tabular architectures on D#3:
TabTransformer, FT-Transformer, and NODE [27, 33, 70]. Using the same self~AUROC threshold of 0.65 across
architectures, we find that the coefficient patterns vary by model (Figure 10). Concept shift remains substantial
across architectures, although conditional shift is also large in several settings. Overall, the exact ordering is
model-dependent, but behavior-label mismatch remains a major source of cross-user performance degradation.

Impact of the feature number K. To assess the sensitivity of our findings to the choice of feature dimensionality,
we repeated the full RQ2 pipeline using multiple values of K € {10, 15, 20, 25, 30, 35, 40}. Across all datasets
and tested values of K, concept shift consistently remained the leading shift type, with the largest regression
coefficients and strongest association with transferability loss (Figure 11a). The relative ordering among shift
types was stable, indicating that our main conclusions are not driven by a particular feature-set size.

Impact of the user-filtering threshold. As outlined in Figure 5, we apply user screening based on in-distribution
AUROC. The threshold balances construct validity—retaining users whose personalized models capture a mean-
ingful X —Y relationship—against statistical precision in downstream regressions. We target at least 30 retained
users per dataset to support stable coefficient estimates and adequate statistical power [12]. As shown in Table 5
and Figure 11b, this target is achieved for all datasets except StudentLife, K-EmoPhone, and GLOBEM. For these
datasets, imposing an AUROC threshold of > 0.50 reduces the retained cohort below 30 users. Importantly, the
qualitative pattern remains unchanged: concept shift continues to dominate covariate, label, and conditional
shifts in predicting transferability loss, except for the CrossCheck dataset.

5.3.2  Objective-label case study with step-count prediction. Because self-reported mental-health labels may
contain subjective reporting bias [19, 23], we additionally test whether the RQ2 pattern persists for an objective,
sensor-derived target. On D#3, we predict the next 5-minute Fitbit step-count level from preceding behavioral
features, avoiding contemporaneous accelerometer signals that would make the task trivial. We binarize each
user’s target into HIGH/LOW using that user’s median step count. Predicting short-term physical activity can
provide an objective behavioral signal for identifying imminent low physical activity, which may inform future
just-in-time intervention opportunities. Although this objective-label task achieves substantially higher LOSO
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Fig. 12. RQ2 Results for Step Count Prediction

Table 7. Test AUROC Comparison on D#3 (LOSO) Across Baseline, Domain Generalization, and Foundation Model

Category Model Test AUROC
Baseline XGBoost 0.5693 + 0.0886
Domain Generalization DRO 0.5805 + 0.0902
Adv. Label Group DRO  0.5817 + 0.0882
VREx 0.5819 + 0.0895
Group DRO 0.5839 + 0.0880
IRM 0.5646 + 0.0749
ERM 0.5822 + 0.0867
HHISS 0.5934 + 0.0918
Tabular Foundation Model TabPFN 0.5698 + 0.0843

performance than stress prediction (AUROC = 0.70), concept shift remains the dominant contributor to cross-user
degradation (Figure 12). This suggests that user-specific P(Y | X) variability is not only an artifact of subjective
stress self-reports.

5.3.3 Toward handling concept shift: stronger generalization models on D#3. We conduct an additional experiment
on D#3 only, using a strict leave-one-subject-out (LOSO) evaluation protocol. We compare several domain
generalization baselines adopted from the prior work [24], recent domain generalization models for mobile
sensing [86], and the foundation model TabPFN, using the same input features and evaluation metric (test
AUROQC). The results are summarized in Table 7. Overall, these results suggest that while domain generalization
objectives and foundation-model priors can improve cross-user performance relative to our XGBoost baseline,
they do not fully eliminate the generalization gap. This is consistent with our broader conclusion that handling
user-level concept shift requires explicit mechanisms beyond feature-level alignment, including reliable shift
detection and user-triggered adaptation in deployed mobile mental-health systems.

5.3.4 Toward handling concept shift: OOD-guided personalization. To make the deployment implications of
concept shift more concrete, we conducted an illustrative OOD-guided personalization experiment on the College
Experience dataset, which provides a suitable longitudinal setting for simulating early adaptation followed by
later-user evaluation. For each target user, we used a temporal 50/50 split: the first half was treated as early
target-user data available for adaptation, and the second half was held out for evaluation. We first trained a
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source-only model using all non-target users, then computed a pre-adaptation concept-shift score for the target
user using Jensen-Shannon (JS) divergence on the early target-user slice.

We compare three adaptation policies. Partial personalization trains a model using both the source users’
data and the early target-user data. Target-user-only personalization trains a new model from scratch using only
the early target-user data. Fine-tuning starts from the source model and further updates it using only the early
target-user data [30]. Thus, all three policies use the same early target-user slice, but differ in how aggressively
they rely on it.

Across 152 evaluated users, partial personalization was the only policy that improved average performance,
increasing AUROC from 0.5778 to 0.5988 (+0.0209). By contrast, target-user-only personalization and fine-tuning
reduced average AUROC to 0.5379 (-0.0399) and 0.5569 (-0.0209), respectively. This pattern is expected because the
early target-user slice is often small and label-sparse. Training only on this slice can discard useful population-level
structure and overfit to limited target-user labels, while fine-tuning can also over-adapt the source model to
noisy or imbalanced early observations. Partial personalization is more conservative: it preserves the broader
source-user signal while still allowing the model to adjust toward the target user.

Table 8. Comparison of downstream adaptation policies in the illustrative OOD-guided personalization case study on the
College Experience dataset. The source-only baseline AUROC is 0.5778.

Policy Always-adapt AUROC A AUROC vs. source-only OOD-gated selective gain Interpretation

Partial personalization 0.5988 +0.0209 +0.0086 Retains source signal while adapting to target user
Target-user-only personalization 0.5379 -0.0399 -0.0004 Data-starved; overfits early target labels
Fine-tuning 0.5569 -0.0209 -0.0027 Over-adapts to sparse early target data

When partial personalization was applied only to users flagged as OOD, it still yielded a positive selective gain
over the source-only baseline (AUROC: +0.0086). A post-hoc threshold sweep identified an illustrative best offline
operating point at JS shift = 0.1207, adapting 35 of 152 users (23.0%) and yielding an estimated selective AUROC
gain of +0.0121 (57.9% of the always-adapt improvement) over the source-only baseline (Figure 13). Together,
these results show that CrossShift-style diagnostics can help decide when a validated conservative adaptation
policy should be considered, without themselves prescribing the adaptation policy.

6 Discussion
6.1 Lessons learned: concept shift as the dominant source of failure

As illustrated in Figures 6 and 9, mobile sensing for mental health exhibits pronounced concept shift, i.e., user-level
mapping variation in P(Y | X). In RQ1, concept shift is statistically significant across most behavior feature
categories; in RQ2, regression analysis identifies concept shift as the dominant contributor to the performance
gap between in-distribution (ID; train/test on the same user) and out-of-distribution (OOD; train on one user, test
on another). Moreover, this phenomenon is not unique to mobile sensing: even in EEG-based mental-workload
prediction, subject-to-subject differences in P(Y | X) have been documented and shown to impede cross-subject
generalization [5].

This phenomenon is consequential: our results suggest that failure to generalize across users is driven less by
differences in label prevalence alone and more by mismatches in the user-specific mapping from behavior to
mental-health labels, in other words, concept shift. Achieving adequate generalization under concept shift would
require impractically large and diverse cohorts that span the full range of user-level mappings. Moreover, simply
adding more data or contextual variation may not resolve this problem; when the mapping between behavior
and labels shifts substantially between the training and test sets, additional data can even worsen prediction
performance [65].
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Fig. 13. Illustrative threshold sweep for OOD-guided partial personalization on the College Experience dataset. The best
offline operating point occurs at JS = 0.1207, adapting 35/152 users (23.0%) and yielding an estimated selective AUROC
gain of +0.0121 over the source-only baseline. This figure is intended as an offline policy illustration rather than a learned
deployment controller.

Part of the concept shift we observe likely reflects genuine differences in behavior: the same behavioral pattern
can carry different meaning for different users, since wearable and behavioral signals are strongly context-
sensitive [34, 74]. However, some of this variation is plausibly attributable to how labels are collected rather
than to behavior itself. Mental-health labels rely on self-report, which is subject to recall bias, mood-dependent
reporting, social desirability, and inconsistent use of rating scales [21, 23, 40]; in-the-wild ESM protocols introduce
additional noise from missed prompts, delayed responses, and ambiguity in the reporting window [47, 58, 73].
Since the current data do not allow these two sources to be fully separated, we treat the concept shift measured
here as reflecting a combination of genuine behavior-label heterogeneity and labeling noise.

The four shift types should therefore be interpreted as complementary rather than mutually exclusive: covariate
and conditional shifts characterize differences in behavioral distributions, label shift captures differences in
outcome prevalence, and concept shift captures whether similar behavioral patterns carry different meanings
across users. Our results suggest that covariate and conditional shifts often co-occur, whereas concept shift
remains functionally distinct because it persists after feature alignment and most directly explains cross-user
performance degradation.

6.2 How to mitigate concept shift?

Prior work on distribution shifts in mobile mental-health sensing has primarily relied on domain adaptation
and domain generalization methods [48, 76], which often assume that the predictive relationship P(Y | X) is
stable across domains. Our RQ1 and RQ2 results challenge this assumption: concept shift is prevalent across
users and is the dominant driver of cross-user generalization failure. This suggests that feature alignment or
domain-invariant learning alone is insufficient when the behavior-label mapping itself changes.

Our results therefore refine, rather than merely repeat, the common personalization argument [18, 30, 79, 95].
Rather than treating personalization as a general remedy for cross-user variability, our diagnostics reinforce the
case for it by identifying why shared models tend to fail across users: differences in the learned behavior-to-label
mapping persist after standard preprocessing and are the aspect of cross-user heterogeneity most associated with
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performance loss. The design question this raises is therefore not who needs personalization, but how diagnostics
like CrossShift can help explain the specific source of a shared model’s failure for a given user or subgroup.

A complementary system-oriented strategy is out-of-distribution (OOD) user detection with event-triggered
adaptation [22, 90]. Instead of retraining on a fixed schedule, as in Time2Stop [66], a deployed system could monitor
incoming data for meaningful distributional deviations and trigger adaptation only when needed, especially
when concept shift undermines the learned decision boundary. Stronger generalization models, including tabular
foundation models [32], may improve robustness, but our results in Section 5.3.3 suggest that they do not
eliminate user-level concept shift. We therefore view CrossShift-style diagnostics as a way to decide when
validated adaptation policies should be considered; Section 5.3.4 illustrates this idea in an offline OOD-guided
personalization case study.

6.3 Deployment implications of CrossShift

CrossShift is primarily an analytical framework for retrospective and offline shift analysis. Its outputs may
also inform future model monitoring and adaptation decisions in deployable mobile sensing systems, but this
paper does not present CrossShift itself as a complete deployment system. By quantifying the magnitude and
functional impact of different shift types across behavior feature categories, CrossShift helps clarify which forms
of user-level shift are most strongly associated with transferability loss in a given setting.

A practical deployment workflow can be framed as follows. First, CrossShift is applied offline to the training
cohort to identify which shift types are most strongly associated with transferability loss. Then, during deployment,
incoming user data are monitored for the corresponding shift signals. If covariate or conditional shift increases
while the concept-shift proxy remains low, the system may continue monitoring or apply lightweight recalibration
or feature alignment. If persistent concept shift is detected, the system may trigger selective user-level adaptation
or personalization. If the same shift pattern is observed repeatedly across many users, the cohort model may be
updated offline. We emphasize that this is an illustrative workflow rather than a tested closed-loop deployment
system.

Our illustrative policy experiment in Section 5.3.4 also highlights an important limitation: a useful shift
diagnostic does not by itself determine the correct adaptation policy. In the College Experience case study, the
same OOD signal supported a positive selective gain when paired with partial personalization, but not when
paired with target-only personalization or fine-tuning. Thus, CrossShift is best viewed as a decision-support layer
for policy selection rather than a standalone solution. It can help indicate when a user is atypical and which type
of shift is most likely responsible, but effective deployment still requires downstream policies whose usefulness
must be validated empirically.

6.4 Cross-dataset generalizability

Results from RQ1 and RQ2 reveal substantial cross-dataset variation in both the magnitude and structure of
detected distribution shifts. Figure 6 shows that while similar categories of shift recur across datasets, their effect
sizes and statistical stability differ markedly, indicating that shift patterns are not directly transferable across
cohorts.

Covariate and conditional shifts. For covariate shift P(X) and conditional shift P(X | Y), PERMANOVA effect
sizes exhibit broadly consistent qualitative patterns across datasets, with nontrivial between-user centroid
differences observed in most behavioral categories. However, the magnitude of these effects varies substantially.
The three collected datasets (D#1-D#3) generally show smaller effect sizes than the public datasets, whereas
GLOBEM consistently exhibits the largest and most stable centroid differences across categories.
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Dispersion effects measured by PERMDISP are more heterogeneous. Across both covariate and conditional
shifts, PERMDISP results include more NA entries and less consistent patterns, reflecting the sensitivity of
dispersion-based tests to sample size, temporal coverage, and within-user variability.

Concept shift. Cross-dataset differences are most pronounced for concept shift P(Y | X). As shown in Figure 6

(panels 7-8), all datasets exhibit statistically significant Cohen’s W? values across most behavioral categories,
indicating pervasive between-user variation in feature-label relationships. However, GLOBEM and CrossCheck
consistently yield larger effect sizes than the student datasets, with GLOBEM showing the strongest concept-shift
effects overall.
Why are GLOBEM and CrossCheck larger? A plausible explanation differs across the two datasets. CrossCheck
includes a clinical psychiatric population, which plausibly increases between-user behavioral heterogeneity
relative to the university-student cohorts. For GLOBEM, the larger effect sizes should be interpreted in light of the
fact that we analyze a merged multi-cohort dataset rather than a single homogeneous cohort. This construction
increases cross-user diversity and can amplify detectable shift magnitudes. This caution is especially important
for RQ2, where only five GLOBEM users remain after the additional eligibility and self~AUROC filtering in
Table 5, limiting the stability of dataset-specific interpretations. These larger effect sizes should therefore not
be interpreted as directly comparable measures of pure behavioral heterogeneity, since cohort composition,
psychiatric/clinical status, dataset construction, sensing modalities, labeling practices, and analytic filtering differ
substantially across datasets.

Implications. Overall, these findings demonstrate that shift effect sizes are strongly dataset-dependent and
should not be interpreted as directly comparable across cohorts. Differences in sensing modalities, labeling
practices, cohort composition, and dataset construction can all substantially influence the magnitude and stability
of detected shifts. Consequently, shift analysis and mitigation strategies should be evaluated within each dataset’s
population and data-collection context, motivating dataset-aware and user-adaptive modeling approaches rather
than one-size-fits-all solutions.

6.5 Exploratory demographic and psychometric follow-up

Demographic and psychometric variables are static within a user and therefore play no role in the core CrossShift
evaluations, which quantify changes in behavioral feature and label distributions. As a post hoc check, we
examined whether these static attributes are associated with the shift magnitudes and slopes already computed in
RQ1 and RQ2, without rerunning either pipeline. For RQ1, we related age, gender, and psychometric traits to each
user’s existing covariate and conditional shift scores; for RQ2, we treated the same variables as moderators of the
existing shift—performance slopes. The resulting associations are modest and inconsistent rather than indicative
of a clear signal: in RQ1, female users tend toward lower shift magnitudes in phone usage and sleep in several
datasets, whereas extraversion and conscientiousness show limited consistency across datasets. In RQ2, female
gender and higher conscientiousness are associated with lower covariate-shift slope sensitivity, while higher
PHQ-9 scores are associated with greater sensitivity. These results should be interpreted as exploratory and
non-causal; rather than revising the shift metrics themselves, they suggest that demographic and trait variables
may be useful as grouping signals for selective personalization in future work.

6.6 Limitations & future work

Limitations. RQ2 analyzes each shift distance independently using separate regressions, following prior
work [24]. This supports interpretable shift-specific attribution, but it cannot model interactions among shifts that
often co-occur. Our exploratory joint linear models suffered from strong collinearity and unstable coefficients,
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suggesting that future work should use more robust multivariate approaches such as regularized, hierarchical, or
non-linear models.

RQ2 also uses a fixed XGBoost protocol without dataset-specific tuning, and concept shift is estimated through
predictive models that approximate P(Y | X). This improves cross-dataset comparability, but absolute perfor-
mance, coefficient magnitudes, and concept-shift estimates may still depend on model quality and training
stability. Our robustness checks across alternative model families partially mitigate this concern, as the main
conclusion that concept shift dominates remains unchanged.

For GLOBEM, we use a merged multi-cohort dataset to obtain enough users with identifiable personalized
models for RQ2. This aggregation may increase detectable heterogeneity, so the GLOBEM results should be
interpreted as evidence from a heterogeneous multi-cohort setting rather than from a single homogeneous cohort.

Finally, our analyses rely on harmonized binary or binarized prediction targets across datasets with different
original label scales and reporting frequencies. This improves comparability, but it may obscure finer-grained
affective variation that would be visible under ordinal or continuous labels.

Future work. This study focuses on between-user shifts. Future work should extend CrossShift to within-user
temporal drift, especially in long-term sensing or intervention settings where behavior, mental states, and
P(Y | X) may change over time. The proposed shift metrics could also be reused as user-pair distances for cohort
discovery and group-personalized modeling, such as cluster-based or multi-task adaptation.

7 Conclusion

Mobile sensing for mental health exhibits pronounced inter-individual variability, and current models and systems
scale poorly across users. We find that Phone Usage, Social Interaction, and Sleep exhibit the most pronounced
between-user differences across datasets. More critically, concept shift—the user-dependent mapping P(Y | X)
from behavioral sensor features to mental-wellbeing labels—emerges as the dominant driver of cross-user
performance degradation. The primary contribution of this paper is therefore a structured empirical framework
and corresponding cross-dataset evidence for decomposing user-level covariate, label, conditional, and concept
shifts in mobile mental-health sensing. We hope this analytical framing and its released implementation support
future work on shift-aware evaluation, monitoring, and adaptation in mobile mental-health sensing and related
mobile human sensing domains.
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A Appendix
A.1 Institution-collected cohorts: D#1-D#3

D#1, D#2, and D#3 are three longitudinal in-the-wild mobile sensing cohorts collected across 2020-2022 from
university students over approximately four-week periods. Each cohort combines in-situ ESM-based affective
labels with smartphone and wearable sensing collected in naturalistic daily-life settings.

A.1.1  Recruitment and study context. Participants were recruited from the same university context and completed
the study using their own Android smartphones. Before data collection began, participants attended an offline
briefing session and provided written informed consent under an IRB-approved protocol. The data were collected
in everyday settings rather than laboratory conditions.
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A.1.2  Collection conditions. Across the three annual waves, the overall collection design remained broadly similar:
all cohorts used dense ESM prompting, continuous smartphone sensing, and Fitbit-based wrist sensing. ESM
prompt frequency was intentionally reduced from 15 to 12 to 10 prompts per day across D#1-D#3, respectively.
Keystroke sensing was introduced from D#2 onward.

A.1.3  Dataset construction. The final analyzed samples for D#1, D#2, and D#3 were 92, 99, and 106 participants,
respectively. These cohorts were derived through dataset-level preprocessing and screening procedures intended
to ensure sufficient usable sensing and ESM data quality for downstream analysis. We summarize the resulting
cohort sizes and data volumes in Table 2.

Dataset-level quality control for D#1-D#3. For the three newly collected datasets, participants were excluded
during dataset construction if their wearable coverage, smartphone coverage, or ESM compliance fell below the
predefined quality thresholds. In addition, sensor streams with inadequate collection coverage were excluded
from modeling. These dataset-level QC procedures were applied before any RQ-specific analysis.

A.1.4  Study Design (D#1, D#2, D#3).
D#1 (4-week cohort; Android 7.0+).

e Objectives. This dataset incorporates a reasonable logging period of four weeks and a larger cohort size,
while maintaining frequent in-situ affect sampling for richer temporal resolution.

o Participants & ethics. Campus recruitment; in-person briefing (1 hour); IRB-approved informed consent.
Targeted daily active logging > 12 h.

e ESM schedule. 15 random prompts/day during 10:00-22:00 (12 h window). Average spacing ~ 50 min;
minimum gap 30 min. Each prompt expired after 10 min (non-response removed to reduce recall bias).

o Label scope. 7-point (-3... + 3) scales for Valence, Arousal, Stress, Attention, Task Disturbance, Mental
Load; free-text/interval Emotion Duration; post-answer Emotion Change item.

e Instrumentation. Personal Android smartphone sensing plus two wearables: Fitbit Inspire HR (continuous).
Smartphone app collected mobility, device, usage, and network context; wearables captured heart rate and
activity.

e Compliance support. Remote progress checks every 3 days; targeted reminders if uploads or ESM response
rates lag.

e Outcome. N = 102 (32 female); mean age 22.9 (SD = 3.4; 18-32); total ESM = 10,773 (mean/person 105.6,
SD = 55.3). Participants received ~ $100.

D#2 (4-week cohort; Android 8.0+; richer labels and inputs).

o Objectives. Replicate and scale D#1 with (i) additional behavioral signals (smartphone keystroke dynamics)
and (ii) refined ESM capturing changed affect while answering.

e Participants & ethics. Same onboarding/consent flow; daily target > 12 h active logging.

o ESM schedule. 12 random prompts/day (10:00-22:00); average spacing ~ 60 min; minimum gap 30 min;
10 min expiry.

e Label scope. As in D#1 plus two “now, while answering” items: Changed Valence and Changed Arousal
(both —=3... + 3).

o Instrumentation. Smartphone sensing (as in D#1) plus KeyEvent logging (keyboard type, key-category
transitions, inter-key latency, grid distance). Fitbit throughout; Server uploads batched hourly.

e Compliance support. Monitoring every 2 days; additional nudges for participants trending below a 50%
ESM response rate.

e Outcome. N = 112 (27 female); mean age 24.1 (SD = 3.6; 18-33); total ESM = 22,142 (mean/person 197.7,
SD = 61.1). Compensation ~ $100.
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D#3 (4-week cohort; Android 8.0+; no chest strap; affect lexicon).

o Objectives. Maintain scale while improving wearability (no chest strap) and broaden self-report via
per-emotion intensities alongside dimensional affect.

e Participants & ethics. Same onboarding/consent; daily target > 12 h active logging.

e ESM schedule. 10 random prompts/day (10:00-22:00); average spacing ~ 70 min; minimum gap 50 min;
10 min expiry.

e Label scope. Eight affect-word intensities (0...6: Happy, Relaxed, Cheerful, Content, Sad, Anxious,
Depressed, Angry), plus Valence (=3... + 3), Arousal (3. .. + 3), Stress (0. . . 6), Task Disturbance (0. .. 6).

e Instrumentation. Smartphone sensing (as in D#2, including KeyEvent). Fitbit Inspire HR. Hourly uploads.

e Compliance support. Monitoring every 2 days with targeted reminders for low ESM compliance.

e Outcome. N = 115 (42 female); mean age 23.5 (SD = 3.4; 18-34); total ESM = 23,250 (mean/person 202.2,
SD = 38.8). Compensation ~ $100.

A.1.5 Data Collection Details (D#1, D#2, D#3).

Common conventions across datasets.

e Time and units. All timestamps are Unix epoch milliseconds in UTC. Numeric units are standardized:
battery temperature in deci-degree Celsius, light in lux, heart rate in BPM, speed in m/s, distance in meters,
and minute summaries for steps and calories on Fitbit.

e Phone OS and app. Participants used personal Android devices (D#1: 7.0+; D#2/D#3: 8.0+). The study app
logged sensors continuously, recorded ESM fields, and scheduled random prompts within the daily 12-hour
window.

e Privacy transforms. GPS longitudes received a per-participant fixed random displacement (preserves
relative geometry); call/SMS identifiers were one-way hashed (MD5); Wi-Fi/Bluetooth MAC addresses
replaced by UUIDs.

D#1 sensor and ESM payloads.

e ESM fields. ResponseTime, TriggerTime, ReactionTime; Valence, Arousal, Stress, Emotion Duration
(0-60 or NA), Attention, Task Disturbance, Mental Load, Emotion Change (all =3 ... + 3 unless duration).

e Smartphone (system). BatteryEvent (status, level%, temperature, plug type); InstalledApp (name,
package, system flags, install/update times).

e Smartphone (interaction). AppUsageEvent (Android usage event types); NotificationEvent (visibility,
category); CallEvent (type, hashed contact, duration, presentation, dataUsage); MessageEvent (class
SMS/MMS, box INBOX/SENT, hashed contact); DeviceEvent (screen, power, ringer, Bluetooth, phone-state,
etc.).

e Smartphone (context). Location (accuracy, altitude, latitude, longitude, speed); ActivityEvent/Activity
Transition (type, confidence, enter/exit); Light (5 Hz lux); WiFiScan (frequency MHz, RSSI dBm, BSSID
UUID); BluetoothScan (RSSI dBm, addr UUID); DataTraffic (rx/tx bytes, mobile rx/tx, window times).

e Wearables. Fitbit-HeartRate 1 Hz BPM; Fitbit-StepCount/ Distance/ Calorie minute summaries
(steps/min; meters/min; cal/min with activity level 0-3 and METs). Data uploaded in background batches.

D#2 additions and refinements.

e ESM fields. IntendedTime (scheduled time), TriggerTime (actual enable), ReactionTime, ResponseTime;
Valence, Arousal, Stress, Emotion Duration, Attention, Task Disturbance, Mental Load, ChangedValence,
ChangedArousal (all -3... + 3 except duration).
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e Keystroke dynamics. KeyEvent: app package; keyboardType (CHUNJIIN/QWERTY_KOR/OTHERS);
prevKeyType and currKeyType (BACKSPACE/KOR/ENG/NUMBER/SPECIAL); inter-key timeTaken (ms);
key-grid distance.

e Wear schedule. Fitbit throughout.

e Upload cadence. Hourly server synchronization for all streams and ESM.

o Other streams. Same smartphone system/interaction/context payloads and sampling as in D#1.

D#3 label redesign and device simplification.

e ESM fields. IntendedTriggerTime, ActualTriggerTime, ReactionTime, ResponseTime; eight affect-
word intensities (0. .. 6: Happy, Relaxed, Cheerful, Content, Sad, Anxious, Depressed, Angry); Valence
(=3...+3); Arousal (=3... + 3); Stress (0. . . 6); Task Disturbance (0...6).

e Wearables. Fitbit Inspire HR only; Fitbit-HeartRate 1 Hz BPM; minute-level StepCount/Distance/Calorie.

e Smartphone streams. Same as D#2 (including KeyEvent). Hourly uploads maintained.

Operational monitoring and quality gates (all datasets).

e Participant monitoring. Server-side dashboards checked every 3 days (D#1) or every 2 days (D#2/D#3)
for ESM compliance, stream coverage, and upload lags; reminders sent as needed.

e Minimum expectations. Daily active logging > 12 h; prompt expirations enforced at 10 min; minimum
inter-prompt gap enforced (30 min in D#1/D#2; 50 min in D#3).

o Post-collection. Devices returned; app uninstalled; post surveys completed (K-BFI-15, PSS-10; plus PHQ-9
and GHQ-12 where applicable).

A.2  Methodological Transparency & Reproducibility Appendix (META)

A.2.1  RQ2: Additional methodological details.

Rationale for user filtering and feature reduction. Cross-user generalization in mobile mental-health sensing is

highly unstable when a user’s in-distribution signal is weak. When the feature-label association for a user is

noisy, the learned decision boundary may align spuriously with those of distant users, yielding unpredictable
or misleading out-of-distribution performance. Such users break the expected monotonic relationship between
interpersonal distance d,, and transferability loss A,—,, and severely destabilize regression-based attribution.

We therefore exclude users whose in-distribution AUROC falls below a conservative threshold, retaining only

those whose personalized models exhibit a meaningful and learnable signal. In addition, we reduce the feature

space to the top-K most informative features prior to distance computation. In high-dimensional mobile sensing
data, irrelevant features are weighted equally by most distance metrics and can dominate distances, obscuring the
contribution of behaviorally meaningful dimensions. Concentrating on a compact, informative subset mitigates

this distortion and yields distances that more faithfully reflect functional similarity between users. Thresholds

are chosen to balance stability and statistical power, targeting a final cohort of approximately thirty retained

users to support reliable inference [12].

Rationale for non-negative regression coefficients. Although counterintuitive, we occasionally observe negative
slopes in preliminary analyses, indicating larger estimated shifts coinciding with smaller performance drops.
Similar anti-correlations have been reported in recent tabular shift benchmarks [16, 24]. In our setting, such effects

primarily arise from residual noise, heterogeneous feature relevance across users, and unstable in-distribution
baselines. We therefore interpret negative slopes as indicating no reliable association and truncate them to zero

prior to aggregation. This choice stabilizes inference while preserving the intended interpretation of § as the
sensitivity of transferability loss to increasing interpersonal distance.
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Table 9. Fixed XGBoost configuration used throughout RQ2. The same configuration is used for feature selection, personalized
within-user evaluation, cross-user transfer evaluation, and model-based shift estimation.

Parameter Value
n_estimators 500
max_depth 3
learning_rate 0.1
subsample 1.0
colsample_bytree 1.0
reg_alpha 0.0
reg_lambda 1.0
min_child_weight 1
gamma 0
objective binary:logistic
eval_metric auc
tree_method hist
early_stopping_rounds None
enable_categorical False
random_state 42
n_jobs -1

Why regression coefficients rather than correlation. A natural alternative to regression is to summarize the
association between shift distance d,, and transferability loss A,_,, using a correlation coefficient (e.g., Pearson
or Spearman). However, correlation quantifies only the strength of association, not its magnitude. Our goal in
RQ2 is not merely to test whether larger shifts are associated with worse performance, but to quantify how
much performance degrades per unit increase in a specific type of shift. The regression slope f has a direct and
interpretable meaning as a sensitivity measure: it estimates the expected increase in transferability loss for a unit
increase in interpersonal distance under a given shift type and feature category. This enables direct comparison
of effect sizes across shift types and behavioral domains, which correlation coefficients do not support.

In addition, correlation is scale-invariant and conflates effect magnitude with variance structure, whereas our
regression formulation preserves the scale of A,_,, (AUROC drop) and yields coefficients that are comparable
across datasets, categories, and shift metrics.

RQ2 XGBoost protocol. For RQ2, we use a single fixed XGBoost protocol across all datasets. This protocol is
applied consistently to K-EmoPhone, D#1, D#2, D#3, CrossCheck, StudentLife, GLOBEM, College Experience,
and the step-count case study. We do not perform dataset-specific hyperparameter tuning, cross-validation,
ensembling, or threshold optimization. This design prioritizes comparability for shift-attribution analysis rather
than maximizing the predictive AUROC of each individual dataset. The same configuration is used for global
top-K feature selection, personalized within-user evaluation, cross-user transfer evaluation, and model-based
shift estimation.

A.3  Figures & Tables
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Fig. 14. Per-user sample-count distributions pooled across all datasets included in the RQ2 temporal-split eligibility analysis.
(a) Total samples per user before temporal splitting. (b) Test-set sample counts per user after the temporal 80/20 split. The
dashed vertical line in (b) marks the minimum test-set size requirement of 10 samples. This cutoff removes only a sparse tail
of users with very limited evaluation data and was used to avoid unstable AUROC estimates. User-retention counts after

subsequent filtering steps are summarized separately in Table 5.

K-EmoPhone s D#1 D#2 0s D#3 Shift Type
" W Covariate
o5 o7 o7 m Label
- os o e B Conditional
g g g g
o o 8, k9 Bl Concept
Sos 2 =2 &2
£ £ 05 = £ o5
@ ] Lo 8
8 8 S 8
2os Cos 2 2 os
9 ° g0 S
7 2 2 @03
. g oo 4
<3 > =3 <3
& & o2 & & oz
04
01
01 02 01
00 00 00 00
¢ > > & R ¢ 2 > & 2 > & ¢ 2 & R
§ & & & § & & K < & & .\\ & & & N &
Cd IS &S ¢ & S & N & § & o & § & S N
S £ &S & & < o« o & B & & & I &
<« <« <« <«
X CrossCheck StudentLife o GLOBEM . Coll ience
14
3s 07
08 12
I ] 230 2 os
o g g g
© G kel S
£ 6 = £ 25 £ os
1] 3] 7] ]
8 §os 8 S
g S Oa0 O
2 2 kel S
@ a a @
gos g oo $1s @03
<3 > > <3
3 o 3 3
& & & 10 & 02
02
02 05 l ' ‘ 01
0.0 0.0 0.0 < 0.0
¢ 2 % & R ¢ > > & R ¢ 3 & R & @ e > =Y R
) @ R S e 83 % & & 5 & N5 & 5 S S % & N &
& & ¢ & & ¢ S & & & @ & & ¢
& N -~ & N A & > A L & & <€
S S & o S
R < Q S & R

Fig. 15. Results for RQ2: Regression Coefficient Box Plot per Behavior Feature Category & Shift Type
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Table 10. Consolidated Coefficient Tests across Eight Datasets (Full). Entries marked with * indicate statistical significance
after Benjamini-Hochberg false discovery rate correction (adjusted p < .05).

StudentLife K-EmoPhone CrossCheck D#3 D#2 D#1 GLOBEM CollegeExp.
Cat. Shift B P B P B P B P B P B P B P B P
Mobility ~ Concp. 0.325 .001* 0.041 015 0.186 .050 0.154 .000* 0.185 .000* 0.126 .000* 0.740 .034* 0.281 .000*

Cond.  0.134 .002* 0.108 .000* 0.210 .060 0.045 .000* 0.146 .000* 0.071 .000* 0.902 .034* 0.062 .000*
Covar.  0.140 .022* 0.188 .000* 0.212 .024* 0.047 .000* 0.133 .000* 0.063 .000* 0.485 .054 0.031 .000”
Label 0.187 .001* 0.021 013" 0.082 .046" 0.073 .000* 0.098 .000" 0.064 .000* 0.012 .054 0.025 .000*

Phone Concp.  0.523 .001* 0.059 .005* 0.195 .044* 0.141 000" 0.185 .000* 0.126 .000* 1.710 .034* 0.287 .000*
Cond.  0.367 .003* 0.102 .001* 0.049 .085 0.074 .000*  0.060 .000* 0.055 .000* 0.000 .090  0.000 .000*
Covar.  0.359 .001* 0.144 .000* 0.216 136 0.120 .000* 0.210 .000* 0.077 .000* 0.000 .090  0.000 .000*
Label 0.187 .001* 0.021 .013* 0.082 .046™ 0.073 .000* 0.098 .000* 0.064 .000* 0.012 .054 0.025 .000*

Phys. Concp. 0.317 .002* 0.040 .017* 0.187 .043* 0.134 .000° 0.185 .000* 0.127 .000* 0.000 .090 0.474 .000*
Cond.  0.193 .006* 0.092 .000* 0.215 .101 0.069 .000* 0.202 .003* 0.065 .000* 0.000 .159 0.214 .000”
Covar.  0.056 .023* 0.132 .001* 0.318 066 0.085 .000° 0.117 .000* 0.111 .000* 0.000 .090  0.068 .000”
Label 0.187 .001* 0.021 .013* 0.082 .046* 0.073 .000* 0.098 .000* 0.064 .000* 0.012 .054 0.025 .000”

Sleep Concp. 0.372 .001* 0.048 .007* 0.160 .045* 0.122 .000* 0.185 .000* 0.126 .000* 1.474 .034" 0.325 .000”
Cond.  0.155 .007* 0.124 .001* 0.500 .103 0.055 .002* 0.060 .000* 0.055 .000* 0.117 .054 0.018 .000”
Covar.  0.085 .000* 0.022 .008* 0.464 .017* 0.036 .000* 0.210 .000* 0.077 .000* 0.086 .054 0.010 .000*
Label 0.187 .001* 0.021 .013* 0.082 .046" 0.073 .000* 0.098 .000" 0.064 .000* 0.012 .054 0.025 .000*

Social Concp.  0.338 .002* 0.034 .003* 0.174 .047¢ 0.138  .000* 0.185 .000* 0.127 .000* 0.000 .090  0.061 .000*
Cond.  0.323 .000* 0.093 .001* 0.116 .096 0.057 .000* 0.202 .003* 0.065 .000* 0.000 .159  0.000 .000*
Covar.  0.300 .000* 0.049 .003* 0.689 .028* 0.060 .000* 0.117 .000* 0.111 .000* 0.687 .034* 0.000 .000*
Label 0.187 .001* 0.021 .013* 0.082 .046™ 0.073 .000* 0.098 .000* 0.064 .000* 0.012 .054 0.025 .000*
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