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Abstract

Smartphones and wearables can capture behavioral and contextual
states that show associations with various mental and affective
health outcomes. Machine learning models have shown promise in
detecting these outcomes, yet current approaches are commonly
designed to generalize across users, often at the expense of cap-
turing individual variability. Behavior varies across people, and
is not always consistent. Over time, there may also be changes
within the individual. Indeed, recent works have explored person-
alized modeling strategies. These approaches, however, often focus
on limiting data to a specific participant, e.g., participant-specific
training or fine-tuning, while keeping the model architecture and
data-processing fixed. In this work, we explore how model design
choices impact detection and prediction at the individual level.
Specifically, we compare variations in class weighting, encoder
design, look-back length, and number of hidden layers to assess
what configurations best capture individual-level patterns. We eval-
uate these personalized models for a stress-prediction task, using
data from a longitudinal study of 12 weeks with 58 participants
undergoing opioid use disorder (OUD) treatment. Our preliminary
results suggest that model configurations differ vastly across par-
ticipants, highlighting the need to move beyond fine-tuning and
participant-specific training to participant specific model design.
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1 Introduction

Smartphones and wearable devices can passively measure several
behavioral and physiological signals without being intrusive or
overly burdensome, e.g., sleep, heart-rate, location, and physical
activity [2—4]. Several prior works have studied the associations
between these behavioral and physiological metrics obtained from
passive sensing with subjective, self-reported outcomes from Eco-
logical Momentary Assessments (EMAs) to measure mental health
outcomes such as stress, craving, depression, and loneliness, and
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have demonstrated feasibility in predicting these subjective out-
comes using passive sensing data [2, 3, 8, 9, 13]. While promising,
moving beyond feasibility and building systems and models that
work reliably using passive sensing data alone is challenging. Pas-
sive sensing provides only a partial and often ambiguous view of a
person’s context, while the outcomes of interest are subjective and
self-reported. For instance, high physiological arousal could be due
to excitement about a new project, exercising, giving a talk, or being
stressed out for a paper submission [4]. Similarly, more time spent at
home and less outdoor mobility could be due to onset of depressive
symptoms, temporary change in work schedule, or winter weather
[2, 3, 11]. A model that simply learns that high arousal indicates
stress, or that low mobility indicates depression, may therefore
capture patterns that are valid for some people in some contexts,
but not for others. These relationships may also shift within the
same person over time, as routines, contexts, and interpretations
of internal states change. Thus, individual heterogeneity, contex-
tual ambiguity, and temporal drift make mental health prediction
inherently personalized, suggesting that models may need to be
tailored to the individual rather than designed only to generalize
across users.

Despite this individual and contextual variability, many current
approaches use machine learning to generalize across users or
across similarly grouped users [3, 9, 15]. These models often learn a
single mapping between passive sensing features and self-reported
outcomes, implicitly assuming that the same behavioral or physio-
logical signals carry similar meaning across people. Prior work has
recognized the limitations of these approaches to capture individ-
ual variability and have explored methods to personalize mental
health predictions. These approaches typically personalize the data
a model sees by crafting individual features, fine-tuning on a user’s
own samples, or defining personal thresholds so that predictions
are relative to the individual than the average [2, 22]. These ap-
proaches, however, often keep the broader model fixed, assuming
that the same architecture, training procedure, data processing,
temporal windows for feature calculation, etc., would work for ev-
eryone. This raises the question: Does one model configuration fit
all individuals, or should the model design itself be personalized?

In this work, we examine how model design choices affect stress
prediction at the individual level. We train and evaluate models
on a per-participant basis, directly addressing the variability that
pooled approaches obscure. Across participants we vary encoder
design, training-window strategy, class weighting, and look-back
length, and we compare what each configuration captures within
and between individuals. We evaluate this approach while predict-
ing stress in a 12-week longitudinal dataset of 58 patients under-
going opioid use disorder (OUD) treatment. Participants provide
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Figure 1: Overall stress response distribution for the entire
study for all participants.

sensor data from smartphones and smart watches along with a max-
imum of three EMA responses throughout the day. Our preliminary
analysis yields three key insights:

e Personalization work often keeps the model architecture,
training procedures, and data processing choices fixed; how-
ever, the variables used to build and train the model are also
unique to each person. The training techniques, not just the
data and feature inputs, varies across people.

e People with similar stress patterns do not necessarily have
the same best-performing model configuration.

o Participant-specific configuration selection improves perfor-
mance compared with any single fixed configuration, espe-
cially by raising performance for participants who perform
poorly under fixed model designs.

Together, these results suggest that choosing one configuration
for the majority of participants can leave a subset of participants
with substantially worse performance. We found that no single
fixed configuration achieves the same overall AUROC distribution
as the retrospective best-per-participant configuration. The goal
of this work-in-progress paper is not to introduce a novel model or
architecture that can improve stress prediction compared to current
approaches, but to show that model design itself may be an im-
portant aspect of personalization. In particular, participant-specific
model design may improve not only average performance, but also
the lower end of the performance distribution for individuals who
are poorly served by fixed configurations.

2 Related Work

Researchers have trained models with passive sensing from smart-
phones and wearables to detect a variety of mental health out-
comes, e.g., stress, anxiety, depression, substance use, craving, etc.
[1, 2, 5, 8-11, 13, 16] These works primarily rely on self-reports,
often collected through EMAs, as the ground truth to train machine
learning models [8, 17]. As the field has moved from controlled lab
studies to free-living settings, this ground truth has become sparser
and noisier, and reported accuracy has dropped accordingly [14].
Most of these models, however, are still trained to generalize across
users. A single model learns one mapping from sensor features to
an outcome and applies it to everyone in the study. This performs
well on average, but results are often inconsistent across people,
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Reported stress distributions across OUD participants
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Figure 2: Stress response distribution of 8 participants.

and models trained on one population do not always reproduce on
another [20]. These findings indicate that while passive sensing has
potential, generalized models are not able to account for individual
differences.

Prior work has recognized this limitation and responded by per-
sonalizing the data a model sees. Some approaches craft individual-
level features or fine-tune a general model on a user’s own sam-
ples [2, 9, 22]. Others calculate personal thresholds, so that a label
reflects a change from the individual’s own baseline rather than a
population average [18]. A related line of work groups users before
training, clustering people with similar traits or signal patterns and
fitting a model to each group rather than to each person [3, 15].
These methods consistently improve on fully generalized models,
which confirms that individual variability matters [2, 9]. Grouping,
in particular, assumes that people whose data looks similar benefit
from the same model, an assumption we return to in our findings.

These solutions share a further assumption. The architecture,
training window, label scheme, and other design choices are held
fixed and presumed optimal for the given population. Personal-
ization is applied to the input data, not to the model design itself.
Some work does search over these design choices, through hy-
perparameter tuning or architecture search, but the search is run
once and produces a single configuration applied to the larger
group/study [2, 9, 11]. Hyperparameter tuning is not done on the
individual level. Whether the best configuration is also specific to
the individual remains largely unexamined. In this work, we treat
the model design itself as something that may need to vary from
person to person.

3 Methods

To test the effects of different architecture variables on personalized
stress predictions, we apply multiple configurations to each partic-
ipant and compare results. We observe both within and between
patients and find differences in performance.

3.1 Dataset

For this work, we used the data collected by Campbell et al., from
58 patients with OUD over 12 weeks. In the study, the Campbell
et al. provided participants with an Android phone and Garmin
watch. They installed a study app that collected sensor data, e.g.,
GPS, activity, phone usage, ambient audio classifications, Bluetooth
and Wi-Fi scans, step counts, sleep stages, and heart-rate. The study



Beyond Fine-Tuning: Participant-Specific Model Design for Mental Health Prediction

Daily Mean Stress — Participant P5

IS

—e— Daily Mean
---- Total Mean (0.17)

Stress Level
N ow

-

s vwwmw Sod bad uwmmh......
20 80
StudyDay

Individual EMA Stress Responses — Participant P5

EMA Response
---- Total Mean (0.17)

AL

w

o
>
4
w2
a
L
a1 . 000 eseo o 3 3 . 3 oo
0 sessessssscesesse PYYYYYYY YN TYYY PYYYYTYYYYY YTy
20 40 60 80
Study Day
o
a
c 333 3 333333 3 3333 3 333 333 333 3 3 33 3 333333 3333 333333
S25{ 2 22 TR R | P iz 1Hili: 2
11
a
2o.0
# 0 20 40 60 80

Best: Encoder, no weights, 12h
Worst: No encoder, weights, 6h
Spread: 0.186 (0.554 - 0.368)

(a) EMA stress responses for example participant 5.
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(b) EMA stress responses for example participant 6.

Figure 3: Daily mean, EMA stress responses, and frequency of responses for two example participants. We observe that the
best configuration for P5 is the worst for P6 and vice versa. The spread is the performance difference in the best and worst
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Figure 4: Rolling-window train/test split for each participant.

app also prompted each participant with three EMAs a day with
multiple mental and behavioral health questions. For the scope of
this work, we focused on the responses to stress. Each EMA prompt
allowed the participants to provide their in-the-moment experience
of stress on a five-point likert scale, ranging from “Not at all” (0) to
“Extremely” (4).

3.2 Data Preprocessing

We preprocessed the sensing and EMA data by combining them
into 15 minute buckets. This is due to the irregular frequencies of
the sensors. Information such as heart rate was collected every 15
seconds, while steps was collected every 15 minutes. We combined
the sensor data based on the smallest common denominator and
created a fixed time series for each participant. Stress data was
binarized as the overall response rate was heavily skewed left as
shown by Figure 1. A response of "Not at all" (0) was considered "No
stress” (0) and any response from 1 to 4 was considered "Some stress"
(1). The data in each bucket was aggregated into simple features

such as mean, median, mode, standard deviation, and other standard
methods [6]. This way, we are able to capture information from all
sensors for each bucket, rather than having multiple different data
points that are not synced to any specific time.

3.3 Model Configurations

In this work, we use a standard Transformer model and adjust a
few basic variables to test our hypothesis. We chose a transformer
over a long short-term memory (LSTM) as they are better at cap-
turing long-term dependencies and global temporal patterns [19].
We emphasize that the goal of this work is not to find the best
performing model, but to highlight how the design and configu-
ration of the model is important for personalization. We envision
our findings would hold across different modeling approaches. For
customization, we chose the following variables:

o Class weights (with or without)

e Feature encoder (with or without)

e Look-back period (6, 12, or 24 hours)
e Number of hidden layers

Class weighting adjusts the training loss so under-represented
classes contribute more than their raw frequency would allow. It is
commonly used when labels are imbalanced. Without weighting,
a model can lower its loss by favoring the common response and
rarely predicting the elevated one, which is the response we most
want to detect. Weighting counteracts this by penalizing those
missed cases more heavily. Given that we have binarized the data,
some participants do not necessarily have a strong skew towards
no stress (0) or some stress (1). Example distributions can be seen
in Figure 2. The same setting that improves one participant’s model
can degrade another, simply because their label distributions differ.
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(a) Distribution of the best and worst configurations over all partici-
pants given two hidden layers in the transformer model.
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Configuration Distribution — AUROC (2 layers)
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(b) Distribution of the best and worst configurations over all partici-
pants given four hidden layers in the transformer model.

Figure 5: Configuration distribution showing the number of participants where the labeled configuration worked the best and
worst for. The graphs are split by the number of hidden layers in the model for clarity.

Having an adjustable weights variable in the model configuration
allows us to determine when having weights is reasonable or not.

The feature encoder is a small multi-layer perceptron applied to
each 15-minute bucket. Each bucket is a vector of sensor features,
and the encoder maps that vector into one learned representation
before it enters the transformer. This allows the model to first learn
within-bucket relationships among the behavioral features before
modeling temporal relationships across buckets. Without the en-
coder, the transformer receives the raw features across time, and
must learn both feature interactions and temporal dependencies
simultaneously. With the encoder, the features in each bucket be-
comes one composed representation first, and attention then works
over a sequence of distinct moments. This may matter more for
some participants than others. If a participant’s stress is reflected in
combinations of features within a moment, composing the bucket
first may give the model a more useful unit to attend over. If their
signal is carried by one or two features directly, the encoder may
add little and, with sparse data, may instead learn noise. Like class
weights, treating the feature encoder as an adjustable variable lets
us examine when this additional representation-learning step is
useful.

The look-back period sets how much history a tensor in the trans-
former model sees before each prediction, ranging from the most
recent 6 hours to a full 24. A longer window gives the model more
context, which matters when a state, such as stress, builds gradu-
ally. A shorter window focuses the model on recent signal, which
matters when a state is driven by what happened in the last few
hours. Which window is appropriate is specific to the person. Some
participants may show stress that responds to immediate context,
where a short look-back captures the relevant signal and a longer
one only adds noise. Others may show stress that accumulates over
a day, where a short window misses the build-up entirely. The win-
dow length also interacts with data availability: a longer look-back
requires more continuous history per sample, so for a participant
with frequent gaps it yields fewer usable samples even as it asks the
model to learn from more. The best setting balances how far back a
person’s relevant signal extends against how much complete data
they actually have.

Furthermore, we also tested two cases of hidden layers. Looking at
individual data means there is much less for the model to learn from,
thus we first tested n = 2. We also tested n = 4 as the data itself
is very complex and may have multiple correlations that cannot
be captured at lower layer levels. This provides a comparison of
changing model architecture, rather than only looking at varying
training techniques.

Beyond these four variables, there are also factors such as train-
test split. Our design trains on two weeks of data and then tests
on the third week with a one week overlap period. We show this
structure in Figure 4. We did not test different configurations of
the splits, however, it is possible that this is also a variable worth
personalizing. By leaving the split static, we can first observe if the
other common model configurations are unique to each participant.
The best performing configurations and variables in our model are
not necessarily universal.

4 Results

For each participant, we trained 24 configurations: two encoder
settings, two class-weighting settings, three look-back lengths, and
two layer settings, and identified the configuration that produced
the best area under the curve (AUROC) for that person. We then
examined how these best configurations were distributed across
the 58 participants.

No single configuration worked best for a majority of partic-
ipants. The most common configuration with a two layer trans-
former, used an encoder, class weighting, and a 24-hour look-back.
This was optimal for only 10 of the 58 participants, or about 17%
while also simultaniously being the worst for 10% of participants.
The spread across all configurations can be seen in Figure 5a and
Figure 5b. We observe a similar pattern for the four layer trans-
former. The variables also did not show a clear pattern in how often
they mattered. Class weighting, feature encoding, and look-back
length show no setting preferred across all participants. This pat-
tern is what we would expect if the right configuration depends on
the person rather than on the population.

Comparing individuals directly, we see that different configura-
tions have varying results. For Participant 5 (see Figure 3a), the best
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(a) Performance of each configuration given two hidden layers in
the transformer model.
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Figure 6: Distribution of per-participant AUROC for all configurations as well as the distribution of the best configurations per
participant. The graphs are split by the number of hidden layers in the model for clarity.

configuration used an encoder, no weights, and a 12-hour look-back
(AUROC = 0.554), while the worst used no encoder, weights, and a
6-hour look-back (AUROC = 0.368). For Participant 6 (see Figure 3b),
the best configuration used no encoder, weights, and a 6-hour look-
back period (AUROC = 0.657), while the worst used an encoder,
no weights, and a 12-hour look-back period (AUROC = 0.503). The
configuration that was best for Participant 5 was the worst for
Participant 6 and vice versa. The same model design that captured
one participant’s patterns failed to capture the other’s, even though
both participants have similarly shaped stress distributions.

Furthermore, the gap between the best and worst configuration
was 0.186 for Participant 5 and 0.154 for Participant 6. These differ-
ences show that imposing one configuration across all participants
can lead to suboptimal performance for several participants, es-
pecially those whose best configuration departs from the group
default. Figure 6 shows this relationship directly. Each fixed config-
uration produces a wide spread of per-participant AUROC, with the
lowest values often around 0.30. In contrast, the rightmost boxplot
shows the AUROC each participant reaches under their own best-
performing configuration, with the lower end of the distribution
shifting upward relative to any single fixed configuration.

Importantly, we do not interpret these results as evidence that
model design alone solves stress prediction for every participant.
Some individuals remain difficult to predict, and our best per-
participant results represent a retrospective upper bound rather
than the performance a deployed system would achieve. Instead,
our findings show that being deliberate about model design choices,
even with relatively simple configurations, can improve overall
performance and reduce the number of participants poorly served
by a fixed model design. This suggests that model configuration is
not incidental to personalization: the architecture, training choices,
and temporal assumptions of a model may themselves need to vary
across individuals. We expect this idea of participant-specific model
design to remain relevant for more complex models, but further
evaluation is needed to determine how to identify the right con-
figuration for a new participant without exhaustively testing all
options.

5 Discussion

Our results suggest that model configuration is a meaningful axis of
personalization. Understanding which of these variables are worth
tuning for a dataset can improve results for participants who may
not perform as well under fixed conditions. Prior work has personal-
ized the data a model sees, through individual features, fine-tuning,
or personal thresholds. Our findings indicate that the model de-
sign itself may also need to vary from person to person. The same
configuration that captured one participant’s stress patterns was
the worst choice for another, and no single configuration worked
best for more than about a quarter of our participants. If configura-
tion is treated as fixed, this variability is lost, and any participant
whose best design differs from the default is served by a model that
underperforms for reasons beyond the quality or quantity of their
data.

This may be specific to mental health. Stress is a subjective state,
reported as it is perceived by the participant rather than measured
directly, and it is expressed differently across people and across
time within the same person. A model has to learn not only an
individual’s signal but how that individual translates experience
into a response. Tasks with objective, externally verifiable labels
may not face this. In human activity recognition, walking produces
a similar accelerometer signature across people, so a shared model
design is a reasonable default [7, 12, 21]. Mental states have no such
fixed signature. The added individuality we observe in model design
may be a direct consequence of predicting something subjective,
and we would not necessarily expect it for tasks where the label is
grounded in the physical world.

Our work has several limitations: since we train one model per
participant, the data available to each model is limited, which con-
strains the configurations we can fairly evaluate and likely affects
which one appears best. Models for a participant with sparse data
may favor a simpler configuration not because it suits them but
because the alternatives had too little to learn from. There are also
concerns regarding compute power. Running all permutations of
the model variables to find the best fit structure for a participant
will be taxing. In our results, we notice that there is a significant
improvement for the lower performing participants. One potential
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solution to compute limitations is to find the configuration that
works best for the relative majority and then re-evaluate configura-
tions for the worst performing participants. The best configuration
for a specific participant may also change overtime due to factors
such as temporal drift or changing context, meaning that each
participant would have to have their own, continuously changing
model structure. Another concern regarding mental health repre-
sentation, is that the binarization of subjective feelings like stress,
may not be the best solution. It may be necessary to also personalize
the correlations between stress responses and other data. Finally,
our findings are preliminary and drawn from a single OUD cohort.
We do not claim that these specific configurations generalize; the
claim is that the need to vary configuration does.

These limitations provide a guideline for future work. The cen-
tral question is not only that configurations differ, but when and
how to choose one for a new participant without testing all of them.
A practical system cannot run an exhaustive per-person search, so
future work should examine whether a participant’s data charac-
teristics, such as how skewed or sparse their responses are, can
predict which configuration will serve them. There will also be
differences in relevant variables depending on the base model used,
as well as other variables that may be more relevant to predicting
mental health outcomes. More broadly, these results suggest that
participant-specific model design may be an important next step
for personalized mental health prediction.
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