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Abstract

Cognitive impairment is often diagnosed years after
symptoms begin, motivating earlier, noninvasive risk as-
sessment. We investigated whether multimodal features
derived from overnight polysomnography can predict cog-
nitive impairment 1-6 years after a sleep study. Each 30-
second epoch was represented by 105 features, including
EEG, EMG, SpOs, heart-rate variability, and automated
sleep annotations. We then fused the epoch-level features
with whole-night aggregated features and demographics
using a temporal convolutional network for binary pre-
diction of cognitive impairment. As part of the George
B. Moody PhysioNet Challenge 2026, our team (CLE-
CLINIC) achieved an age-conditioned AUROC of 0.696
and a prevalence-weighted reward of 0.125 on the official
validation set. These results support the potential of rou-
tine polysomnography for opportunistic cognitive-risk as-
sessment.

1. Introduction

Cognitive impairment (CI) is a clinical spectrum charac-
terized by difficulties in thinking, learning, remembering,
or making decisions. As cognitive deficits progress, they
can increasingly interfere with functional independence
and, in some individuals, progress into dementia. De-
mentia, including Alzheimer’s disease, vascular dementia,
and dementia with Lewy bodies, is the most severe stage
of cognitive impairment and affects an estimated 57 mil-
lion people worldwide, a number projected to nearly triple
to 153 million by 2050 [1]. Despite this growing bur-
den, diagnosis is often delayed, with symptoms preceding
formal diagnosis by an average of 3.5 years [2]]. Exist-
ing approaches to early detection face a tradeoff between
accessible but nonspecific cognitive screening (Montreal
Cognitive Assessment) and more definitive but costly and
specialist-dependent biomarker testing—including cere-
brospinal fluid analysis and neuroimaging such as amy-
loid positron emission tomography—motivating the need

for accessible, noninvasive approaches that can identify CI
earlier [3}4].

Polysomnography (PSG) offers a potential source of
such information by capturing a range of physiological
signals, including electroencephalography (EEG), elec-
tromyography (EMG), electrocardiography (ECG), respi-
ratory effort and airflow, and blood oxygen saturation.
These signals provide measures of sleep architecture and
physiology that have been associated with subsequent cog-
nitive decline [5]. Specifically, reduced rapid eye move-
ment (REM) sleep and longer REM latency have been as-
sociated with incident dementia over follow-up periods of
up to 19 years [6]], while longitudinal reductions in slow-
wave sleep have also been associated with increased de-
mentia risk [7]]. Together, these findings suggest that PSG
contains information relevant to cognitive decline beyond
any single sleep measure, providing a basis for automated,
noninvasive risk assessment.

The George B. Moody PhysioNet Challenge 2026 builds
on these findings by proposing a prediction task: given a
single PSG, a model should predict whether a patient will
receive a diagnosis of CI 1-6 years later [8]. As part of
the Challenge, our team, CLECLINIC, developed a deep
learning approach that leverages multimodal physiologi-
cal features derived from polysomnography to address this
prediction task. This work presents our proposed frame-
work and evaluation.

2. Methods

The following subsections present the model architecture
and evaluation approach for CI prediction.

2.1. Data

The training set contains 6,600 patients (62.0 + 8.5 years;
53.0% male, n=3,501; 47.0% female, n=3,099), with one
PSG session per patient. The data originate from the Hu-
man Sleep Project (HSP) [9] and were adapted for the
George B. Moody PhysioNet Challenge 2026 [8]. In the
cleaned, multi-site training dataset, CI prevalence is 7.55%
with 498 positive and 6,102 negative cases. We applied a



smaller 200 GB subset for internal cross-validation across
780 patients (70.4 £ 8.3 years old; 60.4% male).

2.2.  Feature representation

Traditional sleep analysis often relies on whole-night mea-
sures of sleep macroarchitecture, such as the total time
spent in stages N1, N2, N3, and REM sleep. Although
these measures provide useful summaries of overall sleep
structure, they may overlook finer-grained physiological
patterns that are also associated with cognitive impairment.
We therefore construct epoch-level representations from
clinically motivated features derived from EEG, EMG,
Sp02, ECG, and sleep and event information derived from
the Complete Al Sleep Report (CAISR) [10].

Each 30-second epoch is represented by 105 fea-
tures, including 90 physiological features, a 5-dimensional
CAISR sleep-stage encoding, 7 validity indicators, and 3
time-of-night position channels. The physiological rep-
resentation contains 72 EEG features across six bipo-
lar derivations, with each derivation contributing rela-
tive power in six frequency bands, a slowing ratio, an
alpha/theta ratio, Hjorth mobility and complexity [L1],
waveform kurtosis, and line length (12 features per deriva-
tion). The latter two are time-domain components of the
per-epoch feature set behind the Brain Age Index of Sun et
al. [12], which we carry in raw per-epoch form. Here, the
index itself is a whole-night quantity and is handled in the
static vector below. The remaining 18 physiological fea-
tures summarize chin (3) and leg (2) EMG, SpO2 desat-
uration (2), and spindle and slow-oscillation microstruc-
ture (6), alongside CAISR respiratory, arousal, and limb-
movement events (3) [13]. Additionally, 2 heart-rate vari-
ability features were derived using Pan-Tompkins R-peak
detection [14].

A separate 33-dimensional static vector contains whole-
night demographics, sleep macroarchitecture, SpO2 mea-
sures, including hypoxic burden [[15]], whole-night spindle
and slow-wave densities, CAISR event indices, heart rate
variability summaries and dynamics, and the brain age gap.
This brain-gap is the bias-corrected residual of a ridge re-
gression fit out-of-fold on cognitively normal training sub-
jects, which predicts chronological age from each patient’s
night-aggregated EEG microstructure [[16].

2.3.  Preprocessing

PSG recordings differ across sites in channel naming, sam-
pling rate, amplifier gain, and channel availability [17]].
Therefore, we resample signals to 200 Hz and cut into
30-second epochs, capped at 1024 epochs per recording,
with labeling for the six EEG channels, chin and leg EMG,
Sp0O2, and ECG. When a bipolar EEG channel is unavail-
able, it is reconstructed by subtracting the reference from
the exploring electrode on a sample-by-sample basis, so
that C4-M1 is obtained as C4 subtracted from M1. Be-

Table 1: Parameter budget of model implementation.

Stage Configuration Params
Input 105 features X 1" epochs —
Cross-family attention
Family tokenizers 8% Linear 3,296
Self-attention 4 heads 4,224
Layer normalization ~ d=32 64
Family projections 8 Linear 3,135
Residual gates 8 scalars, init. 0.1 8
InceptionTime blocks
Block 1 105 — 128 channels 243,392
Blocks 2-4 128 — 128; 247,808 each 743,424
Fusion head
Hidden layer 1 Linear(929 — 256), ReLU 238,080
Hidden layer 2 Linear(256 — 128), ReLU 32,896
Output Linear(128 — 1) 129
One network 1,268,648
Ensemble 3 networks, averaged 3,805,944

cause absolute amplitude is not comparable across ampli-
fiers, amplitude-sensitive features are normalized within
subject by the median and interquartile range [18]]. Highly
skewed power features are compressed with a log(1 + |z|)
transform. During training, whole modalities are randomly
blanked to expose the model to missing-modality condi-
tions.

2.4. Backbone

We apply a deep learning approach to integrate extracted
clinical features for predictive capabilities. We precede the
temporal blocks with one round of cross-family attention.
The family modality includes EEG, chin/leg EMG, SpO2,
spindle microstructure, CAISR events, heart-rate variabil-
ity, and sleep stage. This is projected into a shared 32-
dimensional token and four-head self-attention that runs
across the eight tokens within each epoch [[19, 20].

The attended sequence passes to InceptionTime blocks,
where each holds three Inception modules [21]. A module
applies a 1 x 1 convolution of width 32, then three parallel
convolutions with kernel sizes 9, 19, and 39 epochs, then
a max-pool branch. Per epoch, these kernels span 4.5, 9.5,
and 19.5 minutes, matching the timescale of sleep-stage
cycling rather than any raw-signal frequency. By pooling
by stage, we identify sleep-localized features, such as re-
duced REM sleep and reduced slow-wave sleep [[7]].

The pooled slots are passed to a two-layer head of 256
and 128 units with ReLU and dropout. We train three net-
works differing only in random initialization and average
their sigmoid outputs [21]. The model is implemented in
Python 3.10 and PyTorch 2.2.0. One network holds 1.27M
parameters, and the three-network ensemble holds 3.81M,
as in Table[l] Table [2| gives the search space and the de-
ployed values.

2.5. Evaluation

The Challenge uses two age-aware evaluation metrics. The
primary ranking metric is the age-conditioned area un-
der the receiver operating characteristic curve (AUROC),
which measures how well the model ranks patients with



Table 2: Hyperparameter search space(with Optuna), max-
imizing age-conditioned AUROC on 200GB data subset.

Hyperparameter  Search space Final
Inception blocks {2,3,4} 4
Filters per branch {24, 32,48, 64} 32
Head dropout [0.2, 0.6] 0.51
Pooled dropout [0.0, 0.5] 0.23
Batch size {16, 32,64, 124} 64
Learning rate [3e-4, 3e-3] 2.7e-3
Weight decay [1e-5, 1e-3] 4.3e-4
Rank-loss weight [0, 0.6] 0.43

Table 3: Official results scored by PhysioNet Challenge.

Metric Official validation
Age-conditioned AUROC 0.696
Prevalence-weighted reward 0.125
Age-weighted AUROC 0.679
AUROC 0.758
AUPRC 0.185
Accuracy 0.714
F-measure 0.213

cognitive impairment above patients without cognitive im-
pairment of similar age. The prevalence-based reward
metric evaluates binary predictions while accounting for
the age-specific prevalence of cognitive impairment. Both
metrics compare patients within £2 years of age to reduce
the influence of age on model performance [].

To be consistent with the PhysioNet Challenge frame-
work, we submitted all trained models to the official chal-
lenge organizers. The submitted model performance was
evaluated on a hidden validation and test set. Since the
Challenge setting included multiple competitors and lim-
ited each team to only ten submission attempts, careful
model selection and tuning were necessary.

2.6. Interpretability and Ablation Analysis

We performed complementary ablation and Shapley addi-
tive explanation (SHAP) analyses to assess the contribu-
tion of the physiological feature families to model pre-
dictions [22]. For ablation, EEG, EMG, ECG-derived
HRYV, SpOs, and CAISR features were independently re-
moved, and the model was retrained from scratch under
patient-grouped 3-fold cross-validation. We also com-
puted family-level SHAP values to quantify the direction
and magnitude of each clinical feature family’s contribu-
tion to the model output.

3. Results

On the official validation set, our system reached an age-
conditioned AUROC of 0.696 at a reward of 0.125.
Additional analyses examined the contribution of indi-
vidual feature families to model predictions. As shown in
Figure [T} family-level SHAP values revealed the largest
and most variable contributions from event-related fea-
tures, followed by sleep architecture, HRV, and EEG,
whereas biomarkers, demographics, SpOy, and EMG
showed comparatively smaller effects. The missing-
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Figure 1: Family-level Shapley beeswarm across the nine
clinical feature families. Each point is one patient.
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Figure 2: Missing-modality ablation under patient-
grouped 3-fold cross-validation. Each condition retrains
with one signal family removed.

modality analysis in Figure [2] further demonstrated that
EEG provided the strongest discriminative contribution:
removing EEG reduced the mean age-conditioned AU-
ROC from 0.670 to 0.551 across the three cross-validation
folds. Removal of the remaining modalities produced
substantially smaller changes in AUROC, although larger
variation was observed for the prevalence-weighted re-
ward, particularly following removal of EEG and CAISR-
derived features.



4. Discussion

Our system achieved an age-conditioned AUROC of 0.696
and a prevalence-weighted reward of 0.125 on the official
validation set. Together, these results provide evidence
for the general direction of using clinically derived, mul-
timodal PSG features to identify information associated
with future cognitive impairment. The pronounced EEG-
removal drop seen in Figure [2) is consistent with EEG-
derived sleep architecture’s established link to dementia
risk, suggesting the model relies primarily on EEG-derived
signal [6} [7]].

Events in the PSG exhibited the largest overall contribu-
tion according to the SHAP values analysis. Sleep archi-
tecture and HRV also showed notable contributions, with
higher sleep-architecture values tending toward positive
SHAP values and lower HRV values tending toward posi-
tive contributions. EEG showed a substantial but more het-
erogeneous distribution of contributions, while other fea-
tures had comparatively smaller overall effects.

Several limitations should be considered. Requiring at
least six years of subsequent clinical encounters for neg-
ative cases may preferentially include patients with sus-
tained healthcare access, limiting generalizability to pop-
ulations with less consistent follow-up. Additionally, the
PSG data span multiple clinical sites, with differences in
equipment and channel availability that may influence pre-
dictions despite modality masking during training.

Future work should evaluate the approach on indepen-
dently collected cohorts while assessing robustness across
healthcare systems and PSG acquisition protocols.

5. Conclusion

We demonstrate that clinically derived features from a
single overnight PSG can provide predictive information
about future cognitive impairment. Our approach achieved
an age-conditioned AUROC of 0.696 and a prevalence-
weighted reward of 0.125 on the official validation set,
supporting the potential of routine sleep recordings for op-
portunistic cognitive risk assessment. Further validation
across independent cohorts and clinical settings is needed
to establish its generalizability and clinical utility.
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