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Abstract—Improved prediction of personalized health
outcomes—such as sleep quality and stress—from multimodal
lifelog data could have meaningful clinical and practical
implications. However, state-of-the-art models, primarily deep
neural networks and gradient-boosted ensembles, sacrifice
interpretability and fail to adequately address the significant
inter-individual variability inherent in lifelog data. To overcome
these challenges, we propose the Subject-Adaptive Sparse
Linear (SASL) framework, an interpretable modeling approach
explicitly designed for personalized health prediction. SASL
integrates ordinary least squares regression with subject-
specific interactions, systematically distinguishing global from
individual-level effects. We employ an iterative backward feature
elimination method based on nested F'-tests to construct a
sparse and statistically robust model. Additionally, recognizing
that health outcomes often represent discretized versions of
continuous processes, we develop a regression-then-thresholding
approach specifically designed to maximize macro-averaged
F1 scores for ordinal targets. For intrinsically challenging
predictions, SASL selectively incorporates outputs from compact
LightGBM models through confidence-based gating, enhancing
accuracy without compromising interpretability. Evaluations
conducted on the CH-2025 dataset—which comprises roughly
450 daily observations from ten subjects—demonstrate that
the hybrid SASL-LightGBM framework achieves predictive
performance comparable to that of sophisticated black-
box methods, but with significantly fewer parameters and
substantially greater transparency, thus providing clear and
actionable insights for clinicians and practitioners.

I. INTRODUCTION

Sleep is fundamental to physical health, emotional stability,
and overall quality of life [1]-[3]. Chronic sleep deprivation
has been linked to severe health consequences, including
hypertension, diabetes, obesity, depression, and heightened
stress, which further exacerbates sleep issues, forming a
detrimental cycle [4], [5]. Thus, accurately monitoring and
predicting both daily sleep quality and fatigue could deliver
substantial clinical and health benefits.

Recent advancements in wearable technology and
smartphone-based sensing have enabled continuous, fine-

* These authors contributed equally to this work and are listed in alpha-
betical order.
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grained lifelogging, transforming everyday activities into
high-resolution digital phenotypes [6]-[8]. These multimodal
streams—including accelerometry, geolocation, app usage
logs, and physiological signals—have shown significant
promise in modeling and predicting emotional states, physical
activities, sleep quality, and stress [9].

However, two key challenges remain: (1) lack of inter-
pretability and (2) inter-individual variability. For lack of
interpretability, state-of-the-art methods predominantly rely on
deep neural networks and gradient-boosted ensembles [10]-
[14]. Although these models can achieve strong predictive
accuracy, their complexity often renders predictions uninter-
pretable, limiting practical utility in clinical settings where
understanding why a prediction was made is crucial. For
inter-individual variability, sensor—outcome relationships vary
markedly across individuals; as a result, population-level mod-
els may miss subject-specific patterns, reducing accuracy and
reliability in personalized contexts.

Furthermore, many health outcomes derived from lifelog
data, such as sleep quality and fatigue levels, represent dis-
cretized forms of continuous states, naturally placing them
within the scope of ordinal regression [15], [16]. Treating such
outcomes as standard classification problems may ignore their
underlying continuous structure, while conventional regression
methods fail to align with discrete evaluation metrics such
as macro-averaged F1 (macro-F1), thus motivating a hybrid
modeling approach.

To address these challenges, we propose the Subject-
Adaptive Sparse Linear (SASL) framework. SASL retains
ordinary least squares regression (OLS) at its core, ensuring
interpretability, while incorporating only minimal complex-
ity to achieve competitive predictive performance. The pro-
posed framework explicitly models inter-individual variabil-
ity through subject-specific interactions, differentiating global
effects from personalized signals. An iterative nested F'-test
procedure [17], designed to be statistically rigorous, ensures
a parsimonious feature set by systematically removing statis-
tically insignificant predictors.

Specifically, SASL employs a regression-then-thresholding
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strategy, first predicting continuous latent scores, and then
deciding thresholds that maximize macro-F1 score, preserving
the ordinal characteristics of the target variables. Moreover,
recognizing that certain outcomes (e.g., sleep efficiency, S2)
pose inherently greater modeling challenges, SASL selectively
integrates predictions from a compact LightGBM [18] model,
invoked via confidence-based gates, thereby improving overall
accuracy without significantly compromising transparency.

Our key contributions are as follows:

« We present an interpretable, statistically rigorous, subject-
adaptive linear modeling approach that leverages sparse
and carefully selected predictors to distinguish global
from subject-specific effects.

e We propose a regression-then-thresholding strategy for
ordinal targets that is specifically aligned with macro-F1
evaluation.

e« We develop a selective hybrid scheme that activates
compact black-box components only for intrinsically
challenging predictions, thereby balancing transparency
with state-of-the-art accuracy.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work. Section III presents the proposed
SASL framework. Section IV reports the empirical evaluation
on the CH-2025 dataset [19] and the interpretability analyses.
Finally, Section V concludes.

II. RELATED WORKS
A. Sensor-based Health Monitoring

Recent advances in mobile and wearable sensors have en-
abled continuous, unobtrusive monitoring of human behavior
and physiology in natural settings. Multimodal lifelog data—
comprising physical activity (e.g., accelerometer, step count),
physiological signals (e.g., heart rate), environmental context
(e.g., light, GPS), and mobile usage patterns—offer a rich
foundation for modeling sleep, fatigue, and stress.

Prior studies have applied time-series models to capture
temporal dependencies in lifelog data, addressing predic-
tion tasks such as cognitive impairment, app churn, and
stress detection [20]-[22]. Transformer-based architectures
have demonstrated strong performance in modeling long-range
dependencies and integrating heterogeneous modalities [23],
[24]. In addition, gradient-boosted ensembles have been em-
ployed to model health indicators such as blood glucose and
sleep quality from contextual features [25], [26]. CNN-based
approaches have also been explored, converting sensor signals
into structured or visual representations to enhance activity
recognition and anomaly detection [27], [28]. However, many
of these advances rely on black-box architectures, which can
make interpretability challenging and may limit clinical trust,
actionable insight, and subject-specific personalization.

B. Statistical Modeling

Statistical modeling has played a central role in health
prediction tasks involving behavioral and physiological data,
offering interpretable structures and well-defined inference
procedures. Ordinary least squares (OLS) regression [29],

which models linear relationships by minimizing squared er-
rors, has been widely used in tasks such as fatigue monitoring
and sleep quality estimation, where model transparency and
simplicity are essential [17]. To improve flexibility while
retaining interpretability, recent studies have introduced ex-
tensions such as mixed-effects models and subject-specific
interaction terms [15]. These methods allow statistical models
to account for individual variation while maintaining a global
structure.

In addition, various feature elimination strategies have been
proposed to enhance statistical robustness in high-dimensional
settings. Among them, backward elimination procedures based
on nested F'-tests have been used to construct sparse lin-
ear models with reliable explanatory power [30]. For pre-
diction problems involving ordinal targets, regression-then-
thresholding frameworks have also gained attention, as they
align naturally with metrics such as the classification accu-
racy [31].

Taken together, these strands suggest that integrating ex-
pressive black-box models with sparse, subject-adaptive linear
components and ordinal-aware decision rules may yield accu-
rate, transparent predictions from lifelog data.

III. METHOD

Our proposed SASL pipeline consists of five primary
stages: (III-A) data preprocessing and full model specifi-
cation; (III-B) backward feature elimination; (III-C) time-
aware evaluation and inference; (III-D) special treatment for
S2; and (III-E) confidence-based post-processing. Collectively,
they balance accuracy and transparency by coupling sparse,
subject-adaptive OLS with leakage-aware validation, ordinal-
aware thresholds, and a narrowly applied, high-confidence
LightGBM assist.

A. Data Preprocessing and Full Model Specification

We first summarize each daily observation using inter-
pretable statistical features. These include one-hot encoded
weekdays (Mon, Tue, Wed, Thu, Fri, Sat, Sun), a numeric
day-of-week index (dow: Monday=0 to Sunday=6), the ra-
tio of screen-on time per day, calories expended per day,
smartphone charging duration per day, and the proportions of
each smartphone-detected activity type (e.g., driving, walking,
running, stationary). All continuous variables are standardized
for stable linear regression fitting.

To model inter-individual variability, subject identifiers
(1dl to id10) are encoded using one-hot vectors. We
introduce interaction terms between subject IDs and each
statistical feature, explicitly capturing subject-specific devi-
ations. For instance, a single observation initially encoded
as {subject id, screen-on ratio} is augmented
to include {idl, id2, screen-on ratio, idl X
screen-on ratio, 1d2 X screen-on ratio}, al-
lowing the regression model to estimate personalized co-
efficients for each individual. The resulting full model is
equivalent to fitting separate linear models for each subject.
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B. Backward Feature Elimination

To prune the inflated design matrix produced by the sub-
ject—interaction terms, we adopt an iterative nested F-—test
elimination scheme detailed in Algorithm 1. Here, F.g¢()
is the cumulative distribution function of an F'-distribution,
cols(X) returns the number of columns of matrix X, and
randChoice(C, -) randomly selects one index from C. The
procedure begins with the full model and evaluates each
candidate predictor by contrasting a reduced specification—
obtained by omitting that single term—against the current
model via the statistic

F = (SSEreduced - SSEt‘ull)/1 (1)
SSEfu/ (N —p)

where SSE, N, and p denote the residual sum of squares,
the number of observations, and the number of features in
the full design matrix. The feature whose associated p—value
exceeds the significance threshold a by the greatest margin
is removed. The model is subsequently refitted, and the test
is repeated. Ties—caused chiefly by multi-collinearity—are
resolved using randomized priority, after which the resulting
specification is vetted on validation data; the tie-breaking seed
that maximizes ROC-AUC is retained. The loop stops once no
term can be removed without violating the « criterion, yielding
a statistically parsimonious predictor set X equceq and an audit
trail ‘H of all deletion steps.

Algorithm 1: Backward Elimination via Nested F-
Tests

Input: Xy € RVXP y e RN, o, s
OUtPUt: Xreduced
1 Helper: SSE(X,y) returns the SSE of the OLS fit on
{x;, 9}, where [x;:;] € [X:y].
2 XX, H<0, t<0

3 while cols (X) > 1 do
4 SSEqu < SSE(X, y)
5 dffy < N — cols (X)

6 foreach predictor index j in X do
7

X_; < X without column j
8 SSEY)  « SSE(X_,,y)
(4)
SSE — SSEs 1
9 Fj s ( reduced tu]])/
SSEgn/dfrun
10 pvalj — 11— chf(Fj; ]., dffull)
1 C < {j : pval; = max; pval; }

12 j* + randChoice(C, seed = s)

13 if max; pval; > « then

14 t+—t+1
15 X X_j»
16 else

17 | break

18 return X, .guceq < X

Figure 1 visualizes how the backward F'-test pares the full
design matrix down to a sparse specification that keeps only
statistically indispensable subject-specific terms. The simple
global model, the unreduced full model, and the SASL fit are
shown against the underlying ground-truth functions for the
four synthetic subjects.

@ idol
A ido2
6] ¥ ido3
@ idoa
—— y =4+ Bx (Simple Model)

4
y=p+Bx+ 3 (i +Bix) (Full Model)
S

4 ==y =p+Bx+Bsx'? (SASL Model)
y=2x+1 (True Function [id1-3])
y =1 (True Function [id4])

Target y

-2 -1 0 1 2 3
Feature value x

Fig. 1. Toy regression example after backward feature elimination. SASL
(red solid) preserves a single subject-specific slope 83 while discarding the
remaining subject ID interactions, striking a compromise between the under-
fitted global model y = p+ Bz (brown dash-dot) and the over-parameterized
full model (orange dashed dot). Here p and S denote the global intercept
and coefficient shared by all subjects, whereas p; and 3; are the additional
intercept and slope for subject ¢. The term z(®) represents the interaction
between the feature = and the one-hot indicator for subject 4, meaning that it
equals x for that subject and O for others.

C. Time-aware Evaluation and Inference

As sleep- and fatigue-related outcomes exhibit strong tem-
poral continuity, random shuffling would introduce temporal
leakage into training, biasing the evaluation and overstating
performance. To avoid this, we employed a chronological
two-fold cross-validation scheme. Specifically, each subject’s
timeline was split at its median timestamp, yielding two
segments: an early segment and a late segment. In fold-1,
we trained on early segments and validated on late segments
across all subjects; fold-2 reversed these roles. Thus, each fold
preserved temporal ordering and subject balance, enabling a
realistic assessment of model performance.

During backward feature elimination, multiple predictors
occasionally exhibited equally non-significant effects, causing
ties. To resolve such ties systematically, we introduced a
priority-tuning step. We considered a set of random seeds S,
each defining a unique priority order for tie-breaking among
predictors. For each seed s € S, we first applied backward
feature elimination to the entire training set, obtaining a
reduced feature subset Xf;guced. Next, for each chronological
fold f € {1,2}, we fit an OLS model using the reduced
subset, evaluated performance via ROC-AUC on the validation
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split of the corresponding fold, and computed the seed-specific
average performance:

1 S S
Score(s) = (RoC_AUC(,, +ROC_AUC(, ). @)
The final seed s* was selected as

*
s" = argmax Score(s), 3)

producing a deterministic and performance-optimized reduced
feature set for subsequent modeling.

With the feature subset fixed by s*, we then implemented a
regression-then-thresholding strategy specifically aligned with
the macro-F1 metric. For each candidate threshold 7 (or
threshold pair (71,72) for ternary targets), we separately
computed the macro-F1 score on each chronological fold.
Rather than directly selecting the threshold that maximizes
the average macro-F1, we searched for a stable plateau re-
gion where both folds maintained consistently high macro-F1
scores. Formally, for a binary target, the discretization was
defined as:

g=1[2>71"], )]

where Z denotes the OLS prediction, and 7* denotes the
chosen robust threshold. For the ternary target (S1), the
discretization was defined as:

g=12>7]+1[2>1], (5)

where thresholds 7, 75 were likewise selected based on
plateau stability.

Finally, a single OLS model was fit on the entire training
set, using the finalized reduced feature set to estimate the
regression coefficients (7). Test instances were scored as:

2= (3 X, ©)

which were then discretized using the selected robust
thresholds. These final predictions were then refined via a
confidence-based gating step, incorporating predictions from a
complementary LightGBM classifier, yielding the competition
submission.

D. Special Treatment for S2 (Sleep Efficiency)
Unlike the other five targets, sleep efficiency (S2) captures

nocturnal-only signals that are difficult to infer accurately from
the coarse day-level summaries used in SASL. To address
this inherent complexity, we developed a dedicated pipeline
incorporating detailed temporal features and a robust modeling
strategy specifically for S2. Minute-level sensor data were first
re-indexed into consistent “analysis days” spanning from 16:00
to the following day’s 16:00 (KST) to align with individual
sleep cycles. After appropriate domain-specific imputations,
we computed 172 daily statistical aggregates, including in-
teraction terms (e.g., heart_ratexsteps), individual-specific
baseline deviations, and event flags indicating nocturnal dis-
turbances (night_bright). Additionally, subjects were grouped
into 10 behavioral archetypes using k-means clustering on
key routine features, which were then encoded as categorical
features.

To manage feature dimensionality, we applied Recursive
Feature Elimination (RFE) with a LightGBM classifier, re-
ducing the input set to the top 30 informative features. The
final model was trained via stratified 5-fold cross-validation
repeated over multiple seeds (20 total folds), incorporating
early stopping based on validation ROC-AUC scores to miti-
gate overfitting. Optimal classification thresholds maximizing
macro-F1 scores were identified separately within each fold;
the final threshold was set to the mean of the fold-specific
values.

E. Confidence-based Post-processing
To complement the linear model’s interpretability with nu-

anced non-linear relationships, we implemented a confidence-
based post-processing step that leverages predictions from
a LightGBM classifier. Confidence scores were computed
as the maximum predicted class probability output by the
LightGBM model. When predictions from SASL and Light-
GBM models differed, we selectively adopted the LightGBM
model’s prediction only if it demonstrated exceptionally high
confidence (> 0.97 for all targets except S2, where > 0.943
was used). This hybrid approach preserved overall stability
and interpretability from the linear model while correcting
select predictions where the LightGBM classifier demonstrated
strong confidence, thereby modestly enhancing final predictive
performance.

IV. EVALUATION

Experiments were conducted on the public CH-2025 bench-
mark dataset [19], which consists of approximately 450 daily
records, each summarized into a 2,160-dimensional feature
vector across ten subjects. Following the time-aware evaluation
approach described earlier (Section III-C), we constructed two
chronological folds for each subject by splitting their timeline
at the median timestamp. One fold trained on early segments
and validated on later segments, while the other reversed this
order. All model eliminations—including feature elimination,
priority tuning, and threshold optimizations—were performed
strictly within these folds, ensuring no leakage of temporal
information into training. The final performance results are
based on the competition’s held-out public test set, evaluated
exactly once. Macro-F1 was computed on this public test split.

Table I summarizes the key results. The baseline SASL
framework alone achieved a macro-F1 of 0.6258. Incorpo-
rating a dedicated LightGBM component for the most chal-
lenging target (S2, sleep efficiency) increased performance
to 0.6311. A further improvement to 0.6387 was attained
by selectively integrating high-confidence LightGBM model
predictions for other targets as part of a confidence-based post-
processing step. This final hybrid approach secured the fourth
position among 1,032 participants on the competition’s public
leaderboard.

The optimized decision thresholds identified through the
plateau search (Section III-C) exhibited strong temporal ro-
bustness. Specifically, we adopted thresholds of 7g;1=0.424,
TQ2=0.578, 1703=0.603, T53=0.650 for binary outcomes, and
71=0.900, 7=1.125 for the ternary outcome S1.
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TABLE I
MACRO-F1 PERFORMANCE COMPARISON (PUBLIC TEST SCORE)
Method macro-F1
SASL only 0.6258
SASL + LightGBM(S2) 0.6311
SASL + LightGBM(S2) + Post-processing 0.6387

We closely examined sleep efficiency (S2), an inherently
challenging target, by analyzing disagreements between the
SASL and the LightGBM classifier. Out of 250 test-day
predictions, the two models disagreed on 71 instances. The
Z-score Z is calculated to measure the deviation of a feature’s
mean within a specific group jigroup from the global mean
Hglobal Of the entire dataset, standardized by global standard
deviation 0gjopa. The formula is expressed as:

HMgroup — Hglobal
O global

Z = (N

By computing standardized Z-scores of feature averages
within these conflicting cases, we identified clear behavioral
patterns driving discrepancies. When the LightGBM classi-
fier predicted low efficiency (0) but SASL predicted high
(1) (Figure 2b), the main signal was disrupted smartphone
charging routines (e.g., low m_charging_mean; Z-score:
—0.58). Conversely, when SASL predicted low efficiency and
LightGBM high (Figure 2a), discrepancies were dominated
by excessive screen usage (e.g., high screen_on_sum; Z-
score: +0.91). This implies that the non-linear LightGBM
model successfully captured nuanced contexts—routine dis-
ruptions and compensatory behaviors—that the linear SASL
overlooked or over-penalized.

Top Features for Case 1: LGBM=0 (Low), Linear=1 (High) Top Features for Case 2: LGBM=1 (High), Linear=0 (Low)

H
H
g

Zacore (um o

(a) LightGBM(0), SASL(1)

(b) LightGBM(1), SASL(0)

Fig. 2. Z-score profiles for the two disagreement groups.

Lastly, interpretability remained central to SASL’s practi-
cal appeal. Figures 3a—3e illustrate how each linear model
naturally decomposed into a global backbone that captures
common patterns—such as the negative effects of excessive
screen use and irregular charging on sleep quality (Q1)—
along with subject-specific adjustments reflecting personal
variations. For example, user 1d01 showed a significantly
negative weight for daily calorie expenditure, suggesting that
excessive energy use could reduce this individual’s perceived
sleep quality the following morning. Conversely, a positive
weight for walking activity implies that moderate physical
activity could benefit 1d01’s overall perceived sleep quality.
Thus, the SASL approach consistently enabled clear, action-

able interpretations that linked model predictions directly to
observable daily behaviors.

walking activity [id1]

burned calories [id1]

Fig. 3. Linear coefficient profiles for each target.

V. CONCLUSION

This study introduced the Subject-Adaptive Sparse Linear
(SASL) framework, an interpretable linear modeling approach
tailored explicitly for personalized health prediction tasks
using multimodal lifelog data. By systematically separat-
ing global and subject-specific effects, employing rigorous
backward feature elimination, and utilizing a regression-then-
thresholding strategy optimized for ordinal macro-F1 evalu-
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ation, SASL effectively captured inter-individual variability
while maintaining sparsity and transparency. Additionally,
selectively integrating a compact LightGBM model through
confidence-based gating further enhanced prediction accuracy
without significantly compromising interpretability.

Nevertheless, avenues for future research remain. First,
since the competition provided discretized labels, analyses
using the original continuous or more finely graded ordinal
labels could yield richer insights. Second, the current feature
set predominantly consisted of daily summary statistics; future
models incorporating detailed temporal and sequential dynam-
ics could reveal deeper behavioral insights.

Despite these considerations, SASL exhibited notable
strengths: achieving interpretability comparable to classical
linear models, predictive accuracy on par with sophisti-
cated black-box methods, and significantly fewer parameters.
Achieving a top-1% placement on the public leaderboard fur-
ther underscores the potential of interpretable, sparse modeling
frameworks in personalized health prediction contexts.
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