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Abstract

Predicting cognitive impairment before clinical diagno-
sis may support earlier assessment, monitoring, and in-
tervention. We, team OOM finder, investigated whether
overnight polysomnography (PSG) contains information
predictive of cognitive impairment diagnosed 1-6 years
later. We compared three levels of PSG representation:
strongly regularized logistic regression using demographic
and sleep-summary features, a hierarchical transformer
operating on temporally resolved algorithmic sleep anno-
tations, and a pretrained multimodal encoder of raw phys-
iological signals. The raw-signal approach achieved the
strongest internal discrimination with an age-conditioned
AUROC of 0.804. However, this advantage did not
transfer to the official hidden validation set, where the
compact sleep-summary model achieved the highest age-
conditioned AUROC of 0.703 and a reward of 0.157. The
annotation-based and raw-signal models achieved hidden-
validation age-conditioned AUROCs of 0.562 and 0.612,
respectively. These results suggest that increased represen-
tational complexity does not necessarily improve cross-site
generalization and that compact, clinically interpretable
sleep features may help predict future cognitive impair-
ment.

1. Introduction

Cognitive impairment can affect memory, attention, ex-
ecutive function, language, and other cognitive abilities
that are essential for independent daily life. As impairment
progresses, the need for assistance, supervision, and long-
term care increases, with consequences extending beyond
the affected individual to family members and other care-
givers. Dementia represents one of the most severe mani-
festations of cognitive decline and is a major and increas-

ing cause of disability and dependency worldwide, with
approximately 57 million people affected in 2021 [1}2].
Although Alzheimer’s disease (AD) is the most common
cause of dementia, cognitive decline can arise from a broad
range of pathological processes or is the consequence of
long-term alcohol abuse[/1].

A major clinical challenge is that effective treatment
options remain limited, while opportunities for interven-
tion are generally greatest before substantial and irre-
versible functional decline has occurred. Recently intro-
duced disease-modifying therapies for AD target selected
patients in early symptomatic stages and slow rather than
reverse disease progression [3,/4]. For many other causes
of cognitive impairment, no disease-modifying therapy is
currently available. However, early identification is es-
sential even when an immediate causal treatment cannot
be offered: Recognizing individuals at increased risk can
motivate a more targeted diagnostic work-up, identify po-
tentially modifiable or treatable contributors, enable closer
longitudinal surveillance, and allow identifying patients
who are eligible for etiology-specific therapies.

Achieving early risk stratification remains difficult be-
cause cognitive impairment is often recognized only after
cognitive, behavioral, or functional changes have become
clinically apparent, whereas the underlying disease pro-
cesses may begin years earlier. Although disease-specific
biomarkers can improve diagnostic precision, specialized
neuroimaging, cerebrospinal-fluid analysis, and molecular
testing are not equally accessible or appropriate for broad
screening. This motivates the search for routinely ob-
tainable physiological markers that may indicate increased
vulnerability before overt clinical manifestation.

Sleep is particularly attractive in this context because
it integrates neurological, respiratory, cardiovascular, and
autonomic physiology.  Alterations in sleep architec-
ture, fragmentation, rapid-eye-movement (REM) sleep,



sleep-disordered breathing, and sleep microstructure have
been associated with subsequent cognitive decline [5, /6]
Polysomnography (PSG) captures these processes simul-
taneously across an entire night, including sleep-stage dy-
namics, arousals, respiratory events, oxygen saturation,
cardiac activity, and movement. The combination of these
signals may therefore contain information about future
cognitive risk.

The 2026 George B. Moody PhysioNet Challenge in-
vestigates whether future cognitive impairment can be pre-
dicted 1 — 6 years before clinical diagnosis [7,8]l.

2. Methods

We submitted three approaches with varying model
complexity to predict future cognitive impairment from
overnight PSG and basic demographic data. Approach 1
(A1) employs a lightweight logistic regression model us-
ing demographic variables and PSG features derived from
algorithmic sleep annotations. Approach 2 (A2) uses a hi-
erarchical transformer architecture on the derived algorith-
mic sleep annotations. Approach 3 (A3) leverages a pre-
trained multimodal PSG encoder that processes raw physi-
ological signals, followed by a downstream classifier with
demographic fusion via feature-wise linear modulation.

Al: Demographic + PSG-feature Logistic Re-
gression

This entry takes a lightweight approach, relying on de-
mographic variables and PSG features derived from the
CAISR [9] calculated sleep annotations, rather than using
the raw PSG signals.

Demographic features (13 dimensions): age, BMI,
and one-hot encoded sex (female, male and other-
unknown), self-reported race (Asian, Black, other, unavail-
able, white) and ethnicity (Hispanic, not Hispanic, unavail-
able).

PSG features (36 dimensions) derived from the CAISR
annotation channels:

« Event indices (apnea-hypopnoea index, arousal index
and limb movement index) as events per hour of sleep

« Sleep stage percentages (W, N1, N2, N3 and REM sleep)
and sleep efficiency

o The mean and standard deviation of the per-epoch model
probability traces for each sleep stage

« Total sleep time, REM latency and stage transition index
as events per hour of sleep

« Arousal count, mean/maximum duration and percentage
of sleep time with arousal

e Limb movement/PLM index and mean/maximum PLM
duration

o Apneaindex, AHI and RDI, computed from discrete res-
piratory events, restricted to sleep epochs.

Missing values (e.g. when a channel is unavailable) are
imputed using the median of the training set. The fea-
tures are standardised and then passed to an elastic-net-
regularised logistic regression using the scikit-learn
saga solver with an ¢; ratio of 0.4 and a C' value of 0.03.
The class weights are balanced to correct for the low preva-
lence of cognitive impairment.

A2: Hierarchical Transformer with Algorith-
mic Sleep Annotations

Our second approach uses a hierarchical transformer ar-
chitecture to predict cognitive impairment based on sleep
annotations generated by the CAISR model [9].

The model ingests multiple annotation streams at vari-
ous temporal resolutions:

o Sleep stage class and probabilities at a 30-second reso-
lution

o Arousal class and probabilities at a 0.5-second resolu-
tion

« Respiratory event class at one-second resolution

« Limb movement class at 1-second resolution

The architecture comprises three micro-encoders that
process each annotation stream in 30-second intervals.
This is followed by a global transformer encoder that mod-
els the entire sequence of the night. Age and sex are ex-
plicitly supplied to the final cognitive impairment predic-
tion head.

The training objective combines binary cross-entropy
with an age-matched pairwise ranking loss.  Posi-
tive/negative pairs contribute to the ranking term if they are
no more than two years apart in age, in line with the com-
parison rule of the Challenge’s primary age-conditioned
AUROC metric. The final model is trained for a fixed four
epochs on all labelled training data using the median best
epoch identified during 5-fold cross-validation.

A3: Pretrained Multimodal PSG Encoder +
Downstream Classifier

Our third approach builds on a pretrained multimodal
PSG sleep scoring model that was trained to classify five
sleep stages, binary arousal, binary leg movement, and
five classes of respiratory events (obstructive, central and
mixed apnea, hypopnea, respiratory effort related arousal)
from raw signals on seven public PSG datasets (SHHS,
MESA, MrOS, PhysioNet Challenge 2018, CFS, WSC,
and SOF).

All available PSG channels are resampled to 64 Hz, and
grouped by modality, with a maximum of four EEG chan-
nels, three EOG channels, six EMG channels, three res-
piratory effort channels, four airflow channels, two SpOq
channels, two ECG channels, and one PPG channel per
group. Named leads such as “C4-M1” are prioritised and



the remaining channels are dropped. Each channel group is
downsampled by a shared convolutional feature extraction
through a stack of eight layers (with the following feature
dimensions: 64, 64, 64, 64, 64, 64, 64, 128). Each layer
comprises three parallel convolutions with kernel sizes of
7, 15, and 35, which capture multiple temporal scales.
The resulting embeddings from the pre-trained encoder are
frozen and used as fixed input features for the downstream
classifier.

The embedding sequence is processed by a downstream
classifier, which is a four-layer, state-space, bidirectional
temporal encoder with a state size of 16 and a dropout
rate of 0.3, implemented as an FFT-based causal convo-
lution. Demographic variables are fused with the pooled
signal representation via feature-wise linear modulation
(FILM). A learned attention-pooling layer then reduces the
sequence to a single embedding. This is followed by a lin-
ear classification head, which is trained using binary cross-
entropy, AdamW and a cosine-annealed learning rate (with
apeak of 0.004). The batch size is set to 32 and the training
continues for up to 50 epochs.

We evaluated two data-splitting strategies for this entry:

1. Patient-wise holdout: 6581 patients, split into training
data (75%) and validation data (25%).
2. Leave-one-site-out cross-validation: patients grouped
by site into three folds, each fold holding out one site for
validation. The final prediction is the average of the three
fold-specific models. This was motivated by the observa-
tion that the patient-wise split did not transfer well to the
unseen hidden validation site.

3. Results

3.1. Internal validation

Table [T] summarizes the internal validation performance
of the three approaches. The patient-wise raw-signal
model (A3-P), our most complex approach, achieved the
highest age-conditioned AUROC (AUROC-age: 0.804)
and conventional AUROC (0.878). In comparison, Al and
A2 achieved AUROC-age values of 0.662 and 0.673, re-
spectively. F1 scores were similar across Al, A2, and A3-
P.

Table 1. Internal validation performance. Values are aver-
aged across folds where applicable. Best values are shown
in bold.

Model | AUROC-age | AUROC | F1
Al 0.662 0.801 | 0.291
A2 0.673 0.793 | 0.289
A3-P 0.804 0.878 | 0.286
A3-S 0.634 - -

These results indicate that the increased representational

capacity of A3-P was beneficial during internal validation,
particularly for the discrimination-based metrics used for
model selection.

3.2. Official hidden-validation results

Performance on the official hidden validation set
showed a different ordering of the approaches (Table [2).
Despite its comparatively simple feature representation,
Al achieved the highest reward (0.157) and the highest
AUROC-age (0.703). In contrast, the internal advantage
of the more complex A3-P model did not transfer to the
hidden data: its AUROC-age decreased from 0.804 inter-
nally to 0.612 on the official validation set. A2 similarly
decreased from an internal AUROC-age of 0.673 to 0.562.

Table 2. Performance on the official hidden validation set.
Best available values are shown in bold.

Model | Reward | AUROC-age | AUROC | AUPRC| F1
Al 0.157 0.703 TBD TBD | TBD
A2 0.008 0.562 0.695 0.141 [0.000
A3-P | 0.047 0.612 0.785 0.208 [0.226
A3-S 0.054 0.569 0.731 0.226 [0.228

A3-P retained the highest conventional AUROC among
the entries for which this metric was available, but was
not superior on the Challenge’s primary age-conditioned
metric. The leave-one-site-out variant A3-S also did not
improve AUROC-age over the patient-wise A3-P model
(0.569 vs. 0.612), despite slightly higher reward, AUPRC,
and F1 scores. Overall, the performance ranking on
the hidden data did not follow model complexity: the
strongest internal discrimination was obtained with A3-
P, whereas the lightweight A1 model achieved the best
hidden-validation AUROC-age.

4. Discussion

We compared representations of overnight PSG ranging
from compact clinical sleep summaries to temporally re-
solved algorithmic annotations and learned raw-signal rep-
resentations. The main finding was that greater represen-
tational complexity improved internal discrimination but
did not translate into superior performance on the hidden
validation set. The raw-signal model achieved the high-
est internal AUROC-age, whereas the strongly regular-
ized summary-feature model achieved the highest hidden
AUROC-age and reward.

This difference suggests that robustness across clinical
sites may be more important than maximizing represen-
tation complexity. Compact sleep features provide rela-
tively standardized physiological summaries and may be
less sensitive to differences in recording systems, chan-
nel configurations, preprocessing, and patient populations.



Similar losses of performance under institutional distribu-
tion shift have been reported for machine-learning mod-
els in other clinical domains [[10]. Algorithmic annota-
tions provide a clinically interpretable intermediate rep-
resentation that retains temporal sleep information while
reducing direct dependence on raw waveforms. Never-
theless, neither the annotation-based model nor the raw-
signal model generalized better than the summary-based
approach. The leave-one-site-out strategy likewise did
not improve AUROC-age, indicating that the tested form
of site-wise training was insufficient to overcome the ob-
served distribution shift.

Demographic information also contributed complemen-
tary predictive information, including sex in addition to the
strong association between age and future cognitive im-
pairment. This is consistent with reported sex-related dif-
ferences in cognitive decline and neurodegenerative dis-
ease phenotypes [11]. At the same time, the heteroge-
neous etiologies underlying the prediction target may limit
the existence of a single transferable sleep phenotype. To-
gether, these factors may hinder generalization and empha-
size the importance of the age-conditioned evaluation used
in the Challenge [[7,/8]]. Overall, our results indicate that
more detailed physiological representations do not nec-
essarily yield more robust predictions in the investigated
setting. For future cognitive-risk prediction from hetero-
geneous clinical PSG, strong regularization and clinically
meaningful abstraction may be as important as model ca-
pacity.

Code Availability

All Challenge submissions were made under the team
name OOM_finder. The code of all approaches are avail-
able on GitLab https://gitlab.com/sleep—-1i
s—all-you—-need/challenges/physionet
2026—-oomfinder under MIT license. The pretrained
models are also available in the repository under GNU
General Public License.
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