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Abstract

Mobile stress sensing models are often evaluated under cross-user
generalization, where models trained on one set of users are tested
on unseen users. However, real-world deployment is also longi-
tudinal: models trained on earlier data may be applied later as
users’ behaviors, routines, and stressors change. In this preliminary
study, we examine temporal shift in mobile stress sensing using the
College Experience Study dataset. We compare cross-user 2-fold
evaluation and temporal 50/50 chronological evaluation, while also
reporting a random 2-fold split as an optimistic reference. We eval-
uate a baseline 1-D CNN model together with ten unsupervised
domain adaptation methods. In this deployment-oriented compari-
son, chronological evaluation produced a larger reduction from the
random reference than cross-user evaluation. User-as-domain vari-
ants consistently outperformed their two-domain counterparts, and
all remained above the source-only baseline. Multi-branch adapta-
tion provided further gains, particularly for DANN, although the
best temporal AUROC remained below 0.60. These preliminary
results suggest that temporal drift reveals a deployment challenge
that cross-user evaluation alone may miss.
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1 Introduction

Mobile stress sensing aims to infer stress from passive mobile sens-
ing signals collected in daily life [14]. Much of the robustness con-
cern in this area has focused on cross-user shift [1, 4, 8, 18, 19].
Because users differ in behavior patterns and stress responses, mod-
els trained on one group of users may not transfer well to unseen
users. In addition, the association between sensing features and
self-reported stress or mental states can vary substantially across
individuals [2]. For this reason, leave-user-out and user-disjoint
evaluations have become common protocols for assessing whether
mobile stress sensing models generalize beyond the users observed
during training [19].

Yet deployment introduces another axis of generalization: time. A
mobile human sensing model is often trained from past observations
but used later, when the same user’s behavior patterns or mental
states may have changed [11]. Over time, both the sensing feature
distribution and the behavior-stress relationship may drift, making
later observations difficult to predict from earlier ones. Therefore,
good performance on unseen users does not necessarily imply
reliable performance in longitudinal deployment.

The College Experience Study (CES) provides a useful setting for
studying this problem because it contains longitudinal mobile sens-
ing and mental-health data from college students across multiple
years and COVID-related periods [10]. Whereas prior CES work
characterized longitudinal behavioral and mental-health changes,
we frame its longitudinal structure as a predictive robustness prob-
lem. Using this dataset, we examine temporal shift as a deployment-
oriented robustness problem for mobile stress sensing. We first
compare how a baseline 1-D CNN model performs under random,
cross-user, and temporal evaluation settings, focusing on whether
the performance gap between random and temporal evaluation is
comparable to the gap between random and cross-user evaluation.
We then evaluate whether unsupervised domain adaptation (UDA)
can improve performance under temporal shift.

UDA provides a natural starting point for studying temporal
robustness because it is designed to address source-target distri-
bution mismatch. Methods such as Domain-Adversarial Neural
Networks (DANN) learn a feature extractor, label predictor, and do-
main classifier to reduce domain-specific information in the learned
representation [3]. Prior mobile sensing adaptation work, such as
M3BAT, further shows how adversarial adaptation can be applied
in multimodal mobile sensing settings [9]. These methods motivate
our temporal adaptation analysis, where earlier observations are
treated as the source period and later observations as the target
period.

In this paper, we conduct a preliminary empirical study of tem-
poral shift and adaptation for mobile stress sensing using the CES
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dataset. We report baseline 1-D CNN performance across random
2-fold, cross-user 2-fold, and temporal 50/50 chronological eval-
uation. We then evaluate ten UDA methods under the temporal
setting. Our results show that chronological evaluation produces a
larger reduction from the random reference than user-disjoint eval-
uation in this deployment-oriented comparison. User-as-domain
alignment consistently improves methods with an explicit domain
objective, while multi-branch adaptation provides additional gains,
particularly for DANN.
Our study is guided by two research questions:

e RQ1. Will temporal shift affect model performance like cross-
user shift in mobile stress sensing?

e RQ2. Do UDA methods provide gains in temporal shift set-
tings?

Overall, this work argues that temporal shift should be treated
as a first-class evaluation setting in longitudinal mobile stress sens-
ing, rather than as a secondary robustness check after cross-user
evaluation.

2 Dataset and Task

2.1 Dataset

We use the College Experience Study (CES), a longitudinal mobile
sensing dataset collected from college students [10]. The origi-
nal data contain 32,234 stress EMA observations from 161 users,
spanning September 10, 2017 to June 25, 2022. During sequence
construction, we excluded 370 observations whose 14-day windows
contained fewer than four days with available sensing data. We fur-
ther excluded one user with 238 observations for not satisfying the
minimum requirement of 40 observations with both stress classes.
The final analysis set therefore contains 31,626 prediction instances
from 160 users.

Each instance is represented as a 14-day sequence of 17 daily
sensing features, yielding an input of shape 14 X 17. Users con-
tributed a median of 186 instances (IQR: 157-215; range: 101-440).
In the fixed temporal evaluation, each user’s chronologically or-
dered observations were divided into 15,806 source-period instances
and 15,820 target-period instances. We verified that the observa-
tions of every user were strictly ordered by time before applying
the chronological split.

A preliminary baseline screening across hourly, epoch-level, 7-
day, and 14-day representations selected the 14-day daily input,
which was fixed for all subsequent experiments.

2.2 Prediction Task

The prediction target is stress_binary_personal, a personalized
binary stress label derived from the original self-reported stress
score. Responses strictly above the applicable median are labeled as
high stress. In all settings, each user’s observations are divided into a
calibration or training portion and a held-out evaluation portion. In
the random setting, these portions are randomly sampled, whereas
in the temporal setting the earlier observations form the source
portion and the later observations form the target portion. In the
cross-user setting, source and target users are disjoint for model
training, but each target user retains a non-test calibration portion
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that is used only to estimate that user’s stress threshold and feature-
normalization statistics; the classifier is evaluated on the remaining
held-out observations. Stress labels from the final test portion are
never used to estimate thresholds or train the model. Each input
instance is represented as a 14-day daily sequence of mobile sensing
features with shape 14 X 17, and we report AUROC as a threshold-
independent metric under label imbalance.

Under the fixed temporal split and the train-only label rule used
in the experiments, 30.67% of source-period observations and 38.45%
of target-period observations were labeled as high stress. This 7.78-
percentage-point increase indicates a substantial temporal label-
prevalence shift that may contribute to the observed performance
degradation.

3 Evaluation Settings and Methods
3.1 Evaluation Settings

We evaluate three settings to distinguish an optimistic random
reference, cross-user generalization, and longitudinal temporal gen-
eralization.

Random 2-fold split. We report a random 2-fold split as an
optimistic reference. In this setting, samples are randomly divided
into two folds, so the same users can appear in both training and
testing, and temporal order is also mixed across the split. Therefore,
this setting should not be interpreted as deployment performance.
Instead, it provides an i.i.d.-style reference for the baseline model
when both user identity and chronological ordering are mixed.

Cross-user 2-fold evaluation. In the cross-user setting, we
use a user-disjoint 2-fold split. Training and testing users do not
overlap, so this setting evaluates zero-shot generalization to unseen
users. We use 2-fold evaluation to make the train/test proportion
more comparable to the temporal 50/50 setting. This setting reflects
a common mobile stress sensing scenario where a model trained
on one group of users is evaluated on held-out users.

Temporal 50/50 chronological evaluation. In the temporal
setting, each user’s timeline is split chronologically. The first half of
each user’s timeline is used for training or adaptation, and the latter
half is used for evaluation. Unlike the random split, this setting
preserves temporal ordering. Unlike the cross-user setting, the eval-
uation data come from later observations in the same longitudinal
cohort. We use this setting to examine whether models trained
on earlier data remain predictive as users’ routines, contexts, and
stressors change over time.

Together, these settings allow us to compare the baseline model
under three different assumptions: random sample mixing, unseen-
user generalization, and future-time generalization. In particular,
we compare the performance gap between random and temporal
evaluation with the gap between random and cross-user evaluation,
rather than treating the random split as a deployment setting.

The baseline comparison in Table 1 uses two folds with one
training run per fold and fixed seed 42. The reported mean and sam-
ple standard deviation therefore summarize two fold-level pooled
AUROCs.

The UDA comparison in Table 2 uses one deterministic tempo-
ral 50/50 split and five paired repetitions with seeds 42-46. For
each repetition, 20% of the labeled source observations are selected
as a stratified source-validation set. Each method independently
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performs 30 Optuna trials. Hyperparameter optimization, early
stopping, and checkpoint selection use source-validation AUROC,
with a patience of 15 epochs and a maximum of 50 epochs. UDA
training uses labeled source observations and unlabeled target fea-
tures. Target labels are accessed only after checkpoint selection for
final AUROC evaluation.

3.2 Baseline 1-D CNN Model

All experiments use a compact 1-D CNN sequence model as the
shared backbone. Each input instance has shape (B, T = 14, F = 17),
where B is the batch size, T is the number of daily time steps, and F
is the number of daily features. The input is transposed to (B, 17, 14)
before being passed to the temporal convolutional encoder.

The encoder consists of one or two Conv1d blocks with batch
normalization, ReLU activation, and dropout, followed by adaptive
average pooling. The pooled representation is passed through a
single linear projection to obtain a 128-dimensional embedding,
followed by a single linear classifier for binary stress prediction.
The number of convolutional blocks, hidden dimension, dropout,
learning rate, and weight decay are selected using source-validation
HPO. We refer to this model as the baseline 1-D CNN.

3.3 UDA Methods

After comparing the baseline 1-D CNN across the three evaluation
settings, we focus on the temporal setting to test whether UDA
methods can improve longitudinal generalization. In this setting,
the first chronological half of each user’s data is treated as the
source period, and the latter half is treated as the target period.
Target labels are used only for evaluation.

We evaluate DANN [3], CDAN (7], DeepCORAL [15], ADDA [16],
MCC [5], MCD [13], SHOT [6], CBST [20], DANN-M3BAT, and
CDAN-M3BAT [9]. For methods with an explicit domain objec-
tive, we treat individual users as domains. DANN and CDAN use
multiclass user discriminators, with CDAN operating on class-
conditioned features; DeepCORAL aligns per-user feature statis-
tics; and ADDA uses multiclass user discrimination with uniform-
confusion training. The M3BAT variants additionally use high-,
medium-, and low-shift feature branches weighted by source-target
Cohen’s d. MCC, MCD, SHOT, and CBST remain unchanged be-
cause their objectives contain no domain variable.

4 Results

4.1 RQ1: Temporal Shift Substantially Affects
Baseline Performance

Table 1 summarizes the baseline 1-D CNN performance across the
three evaluation settings using leakage-free personalized stress
labels. The random 2-fold split achieves the highest AUROC of
0.6606 + 0.0027. However, this setting mixes both user identity and
temporal order across train and test, so it should be interpreted as
an optimistic reference rather than deployment performance.
Compared with the random 2-fold split, the baseline AUROC
drops to 0.6081 + 0.0044 under cross-user 2-fold evaluation, cor-
responding to a decrease of 5.25 percentage points. Under tem-
poral 50/50 chronological evaluation, the AUROC further drops
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Table 1: Baseline 1-D CNN performance across evaluation
settings. Means and sample standard deviations summarize
two fold-level pooled AUROCSs with one run per fold. With
only two observations, the dispersion estimates are descrip-
tive. The random split is an optimistic reference rather than
a deployment setting.

Setting Baseline AUROC Drop from Random

0.6606 % 0.0027 -
0.6081 % 0.0044 —5.25 pp
0.5801 % 0.0051 —8.05 pp

Random 2-fold split
Cross-user 2-fold
Temporal 50/50

to 0.5801 + 0.0051, corresponding to a decrease of 8.05 percent-
age points from the random reference. Thus, the performance gap
between random and temporal evaluation is larger than the gap
between random and cross-user evaluation. This suggests that tem-
poral shift can introduce degradation comparable to, or larger than,
the standard unseen-user generalization challenge.

Importantly, the random split is not a no-shift condition and does
not provide a causal decomposition of user and temporal effects. It
only serves as an optimistic reference. Under this interpretation,
temporal evaluation reveals a substantial longitudinal deployment
challenge that would be missed by reporting only random or cross-
user performance.

4.2 RQ2: UDA Provides Limited Gains under
Temporal Shift

Table 2 reports five paired repetitions on one fixed temporal split,
with hyperparameter optimization, early stopping, and checkpoint
selection based exclusively on source-validation AUROC. DANN-
M3BAT achieves the highest mean AUROC of 0.5921 + 0.0060,
followed by CDAN-M3BAT at 0.5897 + 0.0056. These correspond
to numerical gains of 1.20 and 0.96 percentage points over the
source-only baseline of 0.5801 + 0.0045.

All six methods using users as domains remain above the baseline.
Compared with their binary source—target reference implementa-
tions, ADDA improves from 0.5648 to 0.5846 (+1.98 pp), CDAN
from 0.5800 to 0.5871 (+0.71 pp), DeepCORAL from 0.5807 to 0.5838
(+0.31 pp), and DANN from 0.5822 to 0.5835 (+0.13 pp). In contrast,
none of the methods without an explicit domain term provides a
meaningful gain over the baseline.

The ablation further shows that the two adversarial families ben-
efit differently. For CDAN, most of the improvement comes from us-
ing individual users as domains (+0.71 pp), while the multi-branch
encoder adds another 0.26 pp. For DANN, the user-as-domain for-
mulation adds only 0.13 pp, whereas multi-branch processing con-
tributes a further 0.86 pp.

Because all repetitions share the same temporal boundary, tar-
get observations, and participant cohort, the reported variability
reflects source-validation splitting, hyperparameter optimization,
and initialization rather than uncertainty across temporal periods
or populations. Overall, user-as-domain alignment consistently im-
proves methods with explicit domain objectives, but the remaining
longitudinal performance gap is still substantial.
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Table 2: Temporal 50/50 AUROC over five paired repetitions
on one fixed chronological split. Methods with an explicit
domain objective use individual users as domains; M3BAT
variants additionally use multi-branch encoders. A is relative
to the source-only baseline.

Method Temporal AUROC A

DANN-M3BAT 0.5921 £0.0060  +1.20 pp
CDAN-M3BAT 0.5897 + 0.0056 +0.96 pp
CDAN 0.5871+£0.0040  +0.70 pp
ADDA 0.5846 + 0.0064 +0.45 pp
DeepCORAL 0.5838 + 0.0045 +0.37 pp
DANN 0.5835 + 0.0091 +0.34 pp
SHOT 0.5806 + 0.0048  +0.05 pp
Baseline 1-D CNN 0.5801 + 0.0045 -

MCC 0.5782 = 0.0043 —0.19 pp
MCD 0.5781 + 0.0041 —0.20 pp
CBST 0.5710 = 0.0121 —0.91 pp

5 Discussion
5.1 Temporal Shift as a Deployment Challenge

Our results suggest that temporal shift is not a secondary detail in
mobile stress sensing. Relative to the random 2-fold reference, the
baseline 1-D CNN shows a larger performance drop under temporal
50/50 evaluation than under cross-user 2-fold evaluation. This does
not mean that the random split is a no-shift condition, nor does it
causally decompose user shift and temporal shift. Rather, it shows
that when temporal order is respected, longitudinal deployment can
reveal a degradation that is comparable to, or larger than, the degra-
dation observed under standard unseen-user evaluation. Therefore,
cross-user evaluation alone may miss an important failure mode of
mobile stress sensing systems.

5.2 User-as-Domain Alignment under Temporal
Shift

The ablation suggests that binary source—target alignment is poorly
matched to the per-user temporal setting. Because the same users
appear in both periods, binary alignment pools substantial inter-
user heterogeneity into only two temporal domains. Treating each
participant as a domain instead directly encourages user-invariant
representations, and every method supporting this formulation
improves over its binary source—target counterpart.

ADDA provides the clearest example: its binary-domain refer-
ence performs worst overall, whereas its user-as-domain formula-
tion reaches 0.5846, above the source-only baseline. This recovery
suggests that inter-user variability provides a more useful align-
ment signal than the pooled earlier-versus-later distinction. The
M3BAT ablation further shows that user-as-domain alignment and
multi-branch processing provide complementary benefits, although
their relative importance differs between DANN and CDAN.

Nevertheless, the best temporal AUROC remains below 0.60.
User-as-domain alignment therefore closes only part of the longitu-
dinal gap, and practical deployment would still require recalibration,
sparse user-label collection, uncertainty-aware decision support,
or selective model updating.
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5.3 Limitations

This work has several limitations. First, it is a preliminary poster
study based on the CES dataset and one binary stress label. We focus
on CES because it provides a rare same-user, multi-year longitudinal
mobile sensing setting, which is well suited for studying temporal
shift in deployment. However, results from one longitudinal cohort
should still be interpreted as an initial case study and validated on
additional long-term mobile sensing datasets when such datasets
become available.

Second, the random 2-fold, cross-user 2-fold, and temporal 50/50
settings have different deployment meanings: the random split
mixes both user identity and temporal order, while the cross-user
and temporal settings capture different practical generalization sce-
narios. We therefore interpret the results as a deployment-oriented
comparison, not as a controlled causal decomposition of user shift
and temporal shift.

Third, 2-fold evaluation provides limited variance estimation
and is not sufficient for strong statistical claims. Finally, the cur-
rent analysis does not isolate whether the observed degradation is
primarily associated with feature shift, label-prevalence shift, miss-
ingness, or changes in the behavior—-stress relationship. Although
CES spans COVID-related periods, the present split does not isolate
a causal COVID effect.

5.4 Future Work: Temporal Update Policies

Our results motivate moving from offline temporal benchmarking
to deployment-time update policies. One option is fixed-interval
adaptation, where models are periodically refreshed using newly
collected data. For example, Time2Stop updates adaptive models
at scheduled intervals to account for evolving user behavior [11].
Mobile stress models could similarly be updated after fixed time
windows or a specified number of new ESM responses.

Alternatively, OOD-triggered adaptation could update the model
only when feature, embedding, output, or uncertainty distributions
indicate meaningful shift [12]. Detected shifts could trigger test-
time or source-free adaptation, such as TENT [17] or SHOT [6], or
sparse user-label collection. A hybrid policy could combine periodic
refreshes with earlier OOD-triggered updates and decide when to
retain, adapt, or recalibrate the deployed model.

6 Conclusion

This preliminary study examined temporal shift and adaptation in
mobile stress sensing using the College Experience Study dataset.
Our baseline results show that temporal 50/50 evaluation produces
a larger performance drop from the random 2-fold reference than
cross-user 2-fold evaluation, suggesting that longitudinal drift can
be at least as challenging as unseen-user generalization in this
focused comparison.

Methods supporting user-as-domain alignment consistently out-
perform their binary source—target counterparts, while multi-branch
adaptation provides further gains, particularly for DANN. DANN-
M3BAT achieves the strongest temporal result, but the absolute
AUROC remains below 0.60. These findings suggest that inter-user
variability is an important adaptation signal under longitudinal
deployment, while temporal shift should remain a first-class evalu-
ation setting in mobile stress sensing.
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