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Abstract

Early detection of self-regulation challenges in university stu-
dents is critical for academic success, yet conventional assess-
ment methods struggle to capture these behavioral processes’
multidimensional and dynamic nature. To address this, we de-
velop iSense - a smartphone-based system that enables privacy-
aware, passive monitoring of self-regulated learning (SRL) and
academic emotional regulation (AER) through multi-modal be-
havioral sensing (social interactions, mobility, app usage, and
sleep). In our 12-month longitudinal study involving 211 col-
lege students, the system successfully identified significant be-
havioral correlates of SRL/AER states. Our hybrid population-
personalized prediction model achieved mean absolute errors of
7.9% (SRL) and 9.3% (AER), representing a 22% improvement
over conventional baselines. Importantly, the results demon-
strate how knowledge transfer from student populations can fa-
cilitate the development of accurate, personalized models that
require minimal individual-specific data for rapid adaptation to
new students. This scalable solution overcomes limitations of
traditional self-report methods for diverse educational settings.

Keywords: Self-regulated learning; Academic Emotional Reg-
ulation; Smartphones Sensing; Education

Introduction

University learning involves substantial cognitive and emo-
tional demands. In highly autonomous learning environ-
ments, students must employ self-regulated learning (SRL)
strategies to plan and manage academic tasks while simulta-
neously using academic emotion regulation (AER) strategies
to cope with stress and uncertainty (Lourengo & Paiva, 2024;
Restrepo et al., 2023). SRL and AER are critical for academic
success and mental well-being (Sverdlik et al., 2022). How-
ever, key questions remain unresolved: why some students
consistently demonstrate effective self-regulation while oth-
ers struggle under similar conditions, how AER strategies are
deployed during periods of academic pressure, and how ob-
servable behavioral patterns—such as physical activity, social
interaction, and sleep—relate to these processes.

To address these questions, we conduct our study in an en-
closed residential campus at a Chinese university. This set-
ting offers three advantages. First, academic and daily ac-
tivities occur within a unified physical space, enabling com-
prehensive behavioral observation. Second, the university’s
structured academic calendar (spring: February—June; fall:

September—December) produces predictable stress cycles, al-
lowing examination of regulation strategies under varying
pressure levels. Third, although the large student population
(N = 211) challenges traditional assessment methods (Der-
akhshan et al., 2023; Parsons et al., 2019), it provides an ideal
testbed for scalable mobile sensing approaches.

These contextual characteristics highlight the limitations of
conventional assessments in capturing the dynamic and mul-
tidimensional nature of student behavior (Derakhshan et al.,
2023; Parsons et al., 2019). To overcome these limitations, we
develop iSense, a smartphone-based sensing system for con-
tinuous and unobtrusive assessment of SRL and AER in nat-
uralistic settings. Through a year-long longitudinal deploy-
ment, we collect high-resolution behavioral data—including
physical activity, mobility, app usage, social interaction, and
sleep—from 211 participants. The primary contributions of
this study are as follows:

1. We demonstrate that SRL and AER states can be reliably in-
ferred from smartphone sensor data alone. A year-long lon-
gitudinal study reveals strong associations between passive
behavioral features and standardized self-report measures,
validating this scalable approach to learning analytics.

2. We develop a comprehensive behavioral profiling frame-

work using physical, social, sleep, and app usage features.
Our machine learning pipeline identifies key behavioral
markers and achieves mean absolute errors of 7.9% (SRL)
and 9.3% (AER), without relying on intrusive physiological
or facial data.

3. We implement and deploy the iSense system. By integrat-

ing population-level patterns with personalized modeling,
iSense enables accurate SRL and AER prediction even with
limited personal data, supporting rapid adaptation for new
students.

Related work

Effects of SRL and AER on learning: A growing body
of research underscores the roles of AER and SRL in sup-
porting students’ academic development. AER—managing
academic emotions—has influenced performance, well-being,
and adaptability across educational stages. For example,
(Camacho-Morles et al., 2021) found that although ER and
academic emotions are correlated, each uniquely contributes
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to academic outcomes beyond cognitive factors. Similarly,
AER in adolescents has been linked to higher reading and
math achievement, teacher-rated academic behavior, compe-
tence, and GPA (Adynski et al., 2024; Pedrini et al., 2022).
(Chakraborty & Chechi, 2019) introduced the Academic
Emotion Regulation Questionnaire (AERQ), which identifies
the emotion regulation strategies students use in academic set-
tings and emphasizes the role of academic emotions in shap-
ing learning behaviors. In parallel, SRL has been consistently
recognized as a powerful predictor of academic success (Xu et
al., 2023). Students who can effectively set goals, plan, mon-
itor, and adapt their learning strategies tend to achieve better
learning outcomes. For example, goal setting and planning
are strong predictors of goal attainment (Saks, 2024), while
time management, consistent effort, and self-monitoring are
foundational to learning success (Fu et al., 2025). These skills
are vital in higher education, where students must navigate in-
creasing autonomy and cognitive demands (Ma & She, 2024).
These findings highlight the intertwined nature of emotional
and cognitive regulation: students who regulate how they feel
and learn are better equipped to manage academic challenges
and sustain achievement.

Mecogscieasurement methods of SRL and AER: Given
the critical role of SRL and AER in learning processes, exten-
sive research has investigated various assessment methodolo-
gies. Traditional approaches, particularly self-report surveys,
remain predominant in the field (Roth et al., 2016). Derived
methods such as experience sampling (Liao et al., 2023) have
gained wider adoption for their temporal granularity. Phe-
nomenological approaches, including interviews and teacher
ratings (Zheng et al., 2023) provide qualitative assessments of
SRL and AER, yet share similar limitations with self-reports
due to their reliance on subjective expert judgments (Rovers
et al., 2019). More labor-intensive techniques like participant
observation logs, case studies, and retrospective interviews
(Lee et al., 2017; Liebendorfer et al., 2023) face comparable
challenges regarding implementation feasibility and measure-
ment discontinuity. Recent methodological advances have
incorporated neuroscientific techniques to examine the neu-
ral correlates of regulatory processes during learning. Brain
imaging, eye-tracking, and EEG (Rakovic et al., 2024; Taub
& Azevedo, 2019) demonstrate strong face validity and con-
tent specificity, though concerns persist regarding their relia-
bility across diverse learning contexts. Behavioral assessment
methods offer alternative measurement paradigms, including
expert observation, trained-coder video analysis (Assi & Co-
hen, 2023), and dashboard visualizations of learner activities
(Zheng et al., 2021). Compared with methods requiring spe-
cific spaces, instruments, or sensors, there is growing inter-
est in passive sensing for assessing psychological variables or
states among human-computer interaction researchers.

Modeling student behavior based on mobile sensing:
Mobile sensing has shown potential for tracking and model-
ing user behavior in recent years. Smartphones and embed-
ded sensors can passively collect rich behavioral data, such

as physical activity, location changes, and app usage. This
data reveals behavior patterns in different contexts. For exam-
ple, researchers have used mobile sensing to infer students’ di-
etary habits and their health (Meegahapola et al., 2020) (Kam-
moun et al., 2023) or analyze the relationship between mental
health states (e.g., anxiety, depression, sleep issues) and so-
cial behavior (Méder et al., 2024) (Nepal et al., 2024) (W.
Wang et al., 2022). During the COVID-19 pandemic, mobile
apps were used to track students’ mental health and behav-
ior changes, demonstrating the applicability of mobile sensing
technology (Nepal et al., 2022). Although mobile sensing’s
potential in mental health and behavioral modeling is proven,
its use in education is still in the early stages (Zhao et al., 2023,
2025). For our study, this allows us to track students and gain
insights from their behavior unobtrusively.

Android phone cloud

Sensi ioral classifiers

Android Activity Recognition Physical/social activity
1 Soci ions

iSense Cloud

Analysis and mamiunj

Behavioral Associations
Predictive Modelling

Structural Mapping

Figure 1: iSense app, sensing and analytics system architec-
ture.

System design and data collection
System framework

We propose the system framework in Figure 1 for analyzing
students’ SRL and AER via smartphone sensing. A continu-
ously running Android app collects multi-dimensional behav-
ioral data—including social interactions, sleep patterns, app
usage, and physical activity—and allows students to periodi-
cally report their SRL and AER states as ground truth. From
these data, we extract behavioral features and apply feature
selection to identify the most representative subset. Associa-
tion models between behavioral features and SRL/AER states
are then established using statistical and machine learning ap-
proaches, and the system’s performance is validated against
self-reported data. Detailed implementation is described in
subsequent sections.

Implementation of iSense

We develop the iSense Android app to collect sensor data and
self-reports for analyzing SRL and AER behaviors. Figure 2
illustrates its four core functions: behavior state switching,
questionnaire uploading, report history browsing, and sensor
data visualization. Weekly survey notifications prompt stu-
dents to report learning states, either via the notification or
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Figure 2: Screenshots of iSense.

by launching the app. Upon first use, participants provide
consent and receive a unique anonymized student ID, which
serves as the control center for self-checks, permission man-
agement, real-time behavior recognition, activity switching,
and notification settings.

The app collects multiple data streams—including GPS
(with authorization), screen on/off, nearby WiFi (anonymized
IDs), and 15-second samples from the microphone, light sen-
sor, accelerometer, compass, and gyroscope. Application us-
age, call/SMS metadata (timestamps only), and social activ-
ity patterns are also recorded. To optimize battery life, data
are logged locally every 5 minutes and transmitted daily via
WiFi. Privacy is preserved through anonymization, optional
GPS disabling, and exclusion of sensitive content. The cloud
platform processes these data to generate personalized reports
summarizing questionnaire responses, sensor logs, and com-
pliance metrics (daily/weekly/monthly), as shown in Figure 2.

The study was approved by the university IRB (March 4,
2022). This integrated system enables comprehensive behav-
ioral monitoring while maintaining rigorous privacy protec-
tions.

Data collection

We recruit 211 students for a year-long study (March 2022—
March 2023) across multiple departments: Social Sciences
(23.7%, N=50), Engineering (14.2%, N=30), Sports (26.5%,
N=56), Information Science (21.3%, N=45), and Medicine
(14.2%, N=30), providing a diverse sample. All participants
installed the iSense app on their Android phones, which con-
tinuously collected data for one year. Participants received
50 RMB for completing surveys, with an additional incentive:
those completing at least 85% of surveys were entered into a
random draw for a 100 RMB reward.

Feature extraction

Data Preprocessing

The dataset underwent rigorous preprocessing to ensure qual-
ity. Incomplete submissions lacking sensor data or self-
reports were removed, and sensor data without correspond-

ing reports were excluded. Partial gaps (e.g., disabled GPS)
were set to null values, which had minimal impact on model
performance due to feature selection.

Following prior work (R. Wang et al., 2017), a 19-hour daily
sensor threshold was applied, resulting in 113-287 days of
valid data per participant (mean = 225.9 days). Most partici-
pants contributed over 150 days. Self-report data were simi-
larly robust, with an average of 78.8 valid questionnaires per
participant; 31% (N = 65) completed more than 100, some
extending submissions two months beyond the study period.
These high-compliance records formed the basis for model
development.

Feature extraction

The iSense app continuously collects behavioral data to char-
acterize students’ daily routines and learning behaviors. Key
features include:

Mobile phone data

1. Physical activity. Using the Android Activity Recognition
API (=95% accuracy (Google, 2019)), we track eight ac-
tivity states, focusing on stationary and walking periods as
indicators of study sessions. Users can also manually re-
port their current activity to complement automated track-
ing, enabling finer-grained behavior analysis (Figure 2).

2. Social interactions. Call duration and call/SMS frequency
are logged to capture students’ social engagement, re-
flecting help-seeking and collaborative learning behaviors
(Zhao et al., 2023).

3. Sleep. Sleep-wake cycles are inferred from light sensors,
audio amplitude, and screen on/off events using a validated
detection model (R. Wang et al., 2014), achieving +32 min-
utes accuracy compared to ground truth (Alshammari et al.,
2023).

4. Location. Primary campus locations are identified via
GPS, with WiFi fingerprinting enhancing precision in GPS-
limited areas. Semantic mapping allows interpretation of
movement patterns relevant to learning behaviors (Clough,
2009).

5. App usage. Apps are categorized into 26 types based on
Android Market classifications, preserving privacy while
revealing meaningful patterns of educational and leisure
device use (Lin et al., 2021).

These features are derived from system APIs and custom
iSense components, ensuring both technical robustness and
educational relevance.

Self-reported assessments To balance data richness with
participant burden, surveys were administered at three time
points: pre-study and two mid-study periods. The current
analysis focuses on SRL skills and emotion regulation strate-
gies assessed via validated instruments.

1. Pre-study diversity questionnaire. Collected baseline de-
mographic (gender, age, grade) and psychosocial traits to
contextualize subsequent behavioral patterns.
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Table 1: Statistics analysis of SRL and AER questionnaire
scales

Subscale Response range  Overall Mean (std) ~ Within-person range*

Situation selection 1-5 3.85(0.91) 3(3-4)
Ability development 1-5 3.92(0.89) 3(3-4)
Attention redirection 1-5 3.78 (0.95) 2 (3-4)

Reappraisal 1-5 3.82(0.88) 3(3-4)
Suppression 1-5 3.58 (0.98) 2(2-4)
Breathing 1-5 3.65 (1.02) 2(2-4)
Venting 1-5 3.43 (1.12) 2(2-4)
Social support 1-5 3.80 (0.90) 3(2-4)
Goal setting 1-5 3.49 (1.23) 3(2-4)
Environment structuring 1-5 4.07 (0.87) 3(3-4)
Task strategies 1-5 3.79 (0.92) 2(3-4)
Time management 1-5 3.74 (1.02) 2(2-4)
Help seeking 1-5 3.78 (0.96) 3(2-4)
Self evaluation 1-5 3.54(1.02) 2(2-4)

* Values are presented as the median (LQ-UQ), where 'LQ’ stands for the lower quartile (25th per-
centile) and "UQ’ for the upper quartile (75th percentile).

2. Mid-study questionnaires I & II. The Academic Emo-
tion Regulation Questionnaire (AERQ) (Chakraborty &
Chechi, 2019) assesses academic emotion regulation
through 37 items on a 5-point Likert scale across eight sub-
scales (e.g., situation selection, reappraisal, social support),
with higher scores indicating more effective strategies.
SRL is measured via the Online Self-Regulated Learn-
ing Questionnaire (OSLQ) (Barnard et al., 2009), cover-
ing six components: Goal Setting, Environment Structur-
ing, Task Strategies, Time Management, Help Seeking, and
Self-Evaluation. Table 1 summarizes subscale statistics, in-
cluding response ranges, means, standard deviations, and
within-person variability, providing a comprehensive view
of participants’ self-regulation profiles.

Analysis and result

Methods overview

We first perform bivariate regression to examine relationships
between SRL and AER scores and passively collected be-
havioral features (see Section Bivariate Regression Analysis).
Next, gradient-boosted regression trees (GBRT) are used to
predict overall SRL and AER scores (Prediction Analysis).
Personalized models are then constructed to capture smoothed
trajectories, reflecting long-term behavioral patterns.

Multi-source spatio-temporal data matching and
feature space visualization

Self-reported feature Days =7
| Avell'age }
L1 | [ I I

Mobile sensing feature 1

Figure 3: Time Window Aggregation Strategy.

Time window aggregation strategy We use a systematic
weekly aggregation strategy to align sensor-derived features
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Figure 4: t-SNE visualization of behavioral features. (a) Data
points color-coded by Student ID show distinct individual
clusters. (b) Data points color-coded by SRL/AER sum scores
form local clusters, though with more blending.

with self-reported psychological states. For questionnaires
administered at 7-day intervals, sensor features are averaged
over the preceding week to generate predictive inputs (Fig-
ure 3). For example, a self-report on Day 7 uses the mean of
each feature from Days 1-7, Day 14 uses Days 8—14, and so
on. Formally, this is expressed as:

1 t
B= ) (1)
W

where x; is the raw daily feature on day i, W is the time
window size (7 days), and X; is the aggregated feature for pre-
dicting the self-report at day ¢.

Feature space visualization To explore the structure of
our high-dimensional behavioral features, we use t-distributed
Stochastic Neighbor Embedding (t-SNE) (Hinton & Van Der
Maaten, 2008) to project the data into a two-dimensional
space while preserving local neighborhood relationships.

Figure 4(a) shows that behavioral features cluster primarily
by student, indicating strong inter-individual differences. Fig-
ure 4(b), color-coded by SRL/AER scores, shows local group-
ing of similar scores but with lower purity, suggesting that
overall behavior patterns are influenced by both SRL/AER
levels and individual-specific factors. These observations
highlight the importance of personalized modeling to improve
predictive performance.

Bivariate regression analysis

Our longitudinal design involves repeated measurements per
participant, which violate independence assumptions of stan-
dard methods like correlation or ordinary regression. To
account for within-subject correlations when examining re-
lationships between behavioral features and SRL/AER, we
employ Generalized Estimating Equations (GEE), a robust
marginal modeling approach that estimates regression param-
eters while handling correlated responses through specified
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working correlation structures.
The GEE framework models the marginal expectation of
SRL/AER scores Y;; for participant i at time ¢ as

E(Yit) = Mit, 2

Table 2: Bivariate regression results.

Di i Associated Behavior

Self-Regulated Learning (SRL)

Higher duration in “studying” activity state (+)

Longer time connected to top education-related SSIDs (+)
Higher usage of education category apps (+)

Higher screen-on ratio during late-night periods (-)
Frequent visits to entertainment-related places (-)

Longer stay in study room or classroom locations (+)
More consistent SSID connection to study-related APs (+)

Goal Setting

g::“::?:::gm Regular dgvice c.hargi_ng. pattern (+)
Lower variance in activity states (+)
Irregular changes in screen usage (-)
Scheduled and repeated use of education apps (+)
Regular sleep onset and wake-up times (+)
Task Strategies Longer periods of stationary or “studying” states (+)

Frequent use of entertainment or social apps during study hours (-)
High variance in screen-on duration (-)

Stable sleep duration (+)

Early morning walking or on-foot activity (+)

App usage transitions aligned with class schedule (+)
Frequent screen-on during sleep intervals (-)

High variability in call or SMS times (-)

Higher frequency of outgoing calls to Top 5 contacts (+)
Frequent SMS with Top 5 contacts (+)

Longer duration in library or social locations (+)
Increased communication app usage (+)

Fewer calls/SMS to known contacts (-)

Consistent studying activity state during the day (+)

Less night-time app usage (-)

lation (AER)

Frequent visits to quiet study areas (e.g., library) (+)

Less time spent at canteen or entertainment areas (+)
Lower use of entertainment/social apps during academic hours (+)
Higher noise/light levels in dorm during sleep (-)
Repeated use of education apps (+)

Increased time in academic locations (+)

Fewer screen-on events during sleep intervals (+)

High entertainment app usage during productive hours (-)
Short screen-on bursts followed by “studying” activity (+)
Less frequent interruptions by calls/SMS (+)

Periodic on-foot activity between sessions (+)

Frequent multi-app switching or usage of unrelated apps (-)
Moderate music app use during breaks (+)

Presence in parks or outdoors during stress periods (+)
Stable sleep duration (+)

Irregular light/noise patterns during sleep (-)

Less social app use during high academic demand (+)
Longer stationary time blocks (+)

Low variance in screen usage at night (+)

Frequent social app switching or late-night activity (-)
Not measurable from current sensor features

Increased SMS or call frequency during stressful times (-)
Unusual increases in noise or movement at night (-)
Rapid transitions between locations and app categories (-)
Frequent use of communication apps (+)

High frequency of calls with Top 5 contacts (+)

More time spent in group or social locations (+)

Longer durations in dorm alone (-)

Time Management

Help Seeking

Self-Evaluation

Academic Emotion R

Situation Selection

Ability Development

Attention Redirection

Reappraisal

Suppression

Breathing

Venting

Social Support

linked to the feature vector X;; via

g(pir) = Po + X P, 3
where g is the link function. Based on distributional tests, we
use a Poisson distribution with log link. Coefficients S quan-
tify the direction and magnitude of each feature’s association,
with By as the intercept; significance is assessed via p-values
testing 5 = 0.

We examine all 1,526 associations between 109 behav-
ioral features and 14 SRL/AER dimensions, applying the

Benjamini-Hochberg procedure to control the False Discov-
ery Rate at 5% (Benjamini & Yekutieli, 2001). Table 2 shows
the positive coefficients indicate features associated with bet-
ter SRL/AER outcomes, while negative coefficients indicate
detrimental associations.

SRL dimension: Subcomponents exhibited distinct behav-
ioral signatures. Goal Setting and Environment Structuring
corresponded with consistent learning spaces (frequent class-
room/library visits, stable academic WiFi connections, regu-
lar device charging). Task Strategies and Time Management
were reflected in aligned temporal rhythms, including sched-
uled educational app use, regular sleep-wake patterns, and
app-switching matching class timetables. Help Seeking man-
ifested via frequent communication with core contacts and ac-
tive use of learning/social spaces, while Self-Evaluation was
associated with sustained daytime study and limited nighttime
app activity.

AER dimension: Situation Selection involved preference
for quiet environments and minimal use of entertainment lo-
cations/apps. Attention Redirection and Ability Develop-
ment appeared in short, focused study sessions, repeated ed-
ucational app usage, and limited nighttime screen activity.
Strong Reappraisal and Suppression corresponded to stress-
relieving activities (outdoor time, music) and lower variabil-
ity in nighttime digital behavior. Social Support was reflected
by stable interactions with close contacts and moderate social
space use, whereas Venting involved increased communica-
tion, higher nighttime ambient noise, and frequent location
changes under stress. Breathing could not be measured due to
sensor limitations.

Additionally, risk-related behaviors—excessive nighttime
screen use, frequent entertainment app switching during
study, and irregular communications—were linked to lower
SRL and may signal suboptimal learning states. Moderate so-
cial interactions supported AER, but excessive social app use
during study hours impaired focus and learning efficiency.

Prediction analysis

We evaluate two supervised learning approaches for predict-
ing aggregated SRL and AER scores. The first examines the
amount of personal data needed for accurate predictions by
training models with varying proportions of target-individual
data combined with population data, then testing on that in-
dividual. The second focuses on fully personalized models,
comparing performance on smoothed versus raw scores and
assessing how temporal distance between training and testing
affects prediction accuracy.

Personalized = SRL/AER  predictions We  imple-
ment Gradient-Boosted Regression Trees (GBRT) for
SRL/AER score prediction, using the additive ensemble
F(x) = Z%:l Ymhm(x), where each base learner A,,(x) is
sequentially optimized to minimize the Huber loss. This ap-
proach suits the observed heterogeneity in behavioral patterns
and motivates a three-tiered personalization framework.
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Table 3: Performance comparison of the three-tier personalization framework (MAE as percentage of score range). “Pos”
refers to positive correlation, where behaviors are linked to better outcomes, while "Neg” indicates a negative correlation, with
behaviors associated with poorer outcomes. “Total” combines performance across both positive and negative behaviors.

Model SRL-Pos SRL-Neg SRL-Total AER-Pos AER-Neg AER-Total

MAE% r MAE% r MAE% r MAE% r MAE% r MAE% r
Ridge Regression 18.9 0.20 19.6  0.19 336  0.29 19.5 0.19 214 0.17 389  0.30
Demographic Baselines ~ Gradient Boosting 16.9 0.21 196 020 335 0.30 19.5 020 214  0.18 389 032
Multi-Layer Perceptron  18.8 020 209 0.19 359  0.29 20.3 0.19 22.1 0.17 394 031
Sensor Baselines LOSO 15.5 0.33 18.3 030  30.8 0.43 182 031 199  0.29 36.8 0.40
20% Personal 10.3 0.61 11.9  0.62 222  0.65 12.3 0.58 134 054 264 061
Hybrid 40% Personal 8.9 0.68 104  0.68 192 072 10.7 0.65 1.6 0.61 22.3 0.68
60% Personal 7.2 0.75 8.6 0.73 15.8 0.76 8.8 0.71 9.7 0.68 186  0.75
80% Personal 6.1 0.81 7.1 0.78 132 0381 7.3 0.77 8.0 0.74 154  0.79
Individual Full Personal 5.7 0.84 6.5 0.83 11.7 0.84 6.7 0.80 7.3 0.79 13.5 0.83

We first establish demographic-only baselines: (1) Ridge
Regression with basic demographics, (2) Gradient Boosting
with demographics plus weekly behavioral summaries, and
(3) Multi-Layer Perceptron with demographics and coarse be-
havioral embeddings. These serve as reference points for as-
sessing the contribution of multimodal sensor data.

Our sensor-enhanced framework begins with a Leave-One-
Student-Out (LOSO) population model, trained on all other
students’ data, simulating new student deployment. We then
build hybrid models by progressively adding 20%, 40%, 60%,
and 80% of individual data, evaluating the incremental value
of personalization. Full-personalization models establish up-
per bounds on achievable accuracy.

Evaluation uses a 10-fold block cross-validation with & = 6
block temporal separation (= two weeks), preserving temporal
structure and ensuring independence between training and test
blocks. Individual models train on one block (n =~ 1) and test
on remaining blocks, with 5—13 test observations per student
(median = 9). Hybrid models follow the same protocol, in-
corporating complete group data plus varying individual data
in forward-chaining folds, e.g., 20% personal data trains on
blocks 1-2 plus group data and tests on blocks 3-10, itera-
tively shifting the training window while maintaining tempo-
ral separation.

Prediction performances Table 3 shows the Mean Abso-
lute Error (MAE) and Pearson correlation coefficient r for
all models used to predict the positive, negative, and total
SRL/AER scores. For the best-performing hybrid model on
positive scores, the prediction performance achieved an MAE
of 6.1%, with a strong correlation to the ground truth values
(r = 0.81). In contrast, the leave-one-student-out (LOSO)
model exhibited poorer prediction performance with an MAE
of 15.5%, although the predicted scores were still significantly
correlated with the true values (r = 0.33).

As the training set incorporates more data from the target
student, the model’s prediction performance improves. When
20% of a student’s data is combined with the population-level
data for training, the hybrid model achieves an MAE of 10.3%,
showing a substantial improvement over the LOSO model.

The correlation between predictions and actual scores at this
stage is r = 0.61. With additional student-specific data incor-
porated into training, the MAE further decreases and the pre-
dictive correlation improves. When 80% of the student data
is used, the model attains an MAE of 6.1%, indicating a sig-
nificant performance gain.

For negative and total scores, similar trends are observed
(Table 3). The LOSO model performs poorly, but the hybrid
model with 20% student data achieves MAEs of 11.9% (SRL-
Neg) and 7.3% (AER-Pos) with » = 0.62 and » = 0.77, re-
spectively. Performance improves as more individual data is
added, with the fully personalized model reaching an MAE of
6.5% (r = 0.83) for negative scores.

The total SRL/AER score spans a broader range; the indi-
vidual model achieves an MAE of 5.7%, slightly better than
positive (6.1%) and negative (6.5%) scores, indicating it bet-
ter captures overall SRL/AER state. These results highlight
the importance of personalized modeling: even a small por-
tion of student-specific data (e.g., 20%) combined with popu-
lation data yields reliable, significantly correlated predictions.
Prediction accuracy further improves as more individual data
becomes available.

Conclusion and future work

This study presents iSense, a smartphone-based system for
passive monitoring of SRL and AER in university students.
Over a year, the system collected behavioral data—social in-
teractions, sleep, app usage, and mobility—alongside self-
reported SRL and AER scores. iSense demonstrates that sen-
sor data can effectively predict SRL and AER states with
MAE:s of 7.9% and 9.3%, respectively. Findings highlight
significant associations between digital behaviors and psycho-
logical states, the value of minimal personalized data com-
bined with population patterns.
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