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Abstract

Predicting future cognitive impairment from polysomnog-
raphy (PSG) is challenging because sleep physiology
varies strongly with age and across clinical centers. We
integrated pretrained SleepFM representations with com-
pact and extended digital sleep biomarkers, demographic
information, and age-matched pairwise ranking in a uni-
fied prediction framework. The submitted system achieved
an official validation age-conditioned AUROC of 0.626.
Among candidate sleep biomarkers, transition instabil-
ity showed consistent associations with cognitive impair-
ment across all three development centers and a positive
adjusted association after accounting for age, sex, BMI,
and site, whereas the respiratory effort-related arousal
(RERA) index showed marked center dependence. These
results support combining foundation-model representa-
tions with robust digital biomarkers for age-aware mul-
ticenter cognitive-risk prediction.

1. Introduction

Sleep abnormalities have been increasingly associated
with cognitive decline and neurodegenerative disease.
Changes in sleep architecture, arousals, respiratory phys-
iology, and electroencephalographic activity may precede
clinical cognitive impairment, making polysomnography
(PSG) a promising source of prognostic information [1-3].
However, multicenter PSG prediction remains challenging
because sleep physiology and cognitive risk vary strongly
with age, while recording configurations, annotations, and
patient populations vary across centers.

This task therefore requires addressing two related prob-

lems. First, conventional classification may exploit age-
associated differences rather than distinguish participants
with different cognitive outcomes at similar ages. Age-
conditioned AUROC evaluates positive—negative pairs
only when their ages differ by no more than two years,
motivating learning that reflects age-matched discrimina-
tion. Second, sleep biomarkers may not transfer consis-
tently across centers because their measurements depend
on acquisition and scoring procedures. Robust prediction
therefore requires age-aware learning and representations
informative across heterogeneous environments.

PSG contains both high-dimensional physiological pat-
terns and interpretable sleep characteristics. Pretrained
models such as SleepFM capture latent information from
raw recordings [4], while sleep architecture summarizes
clinically meaningful organization associated with cogni-
tive function [5]. Transition-related uncertainty further de-
scribes instability between sleep states. We therefore de-
veloped a framework integrating pretrained PSG represen-
tations, digital sleep biomarkers, and demographic vari-
ables through a gradient-boosted meta-classifier. An age-
matched pairwise ranking model was incorporated to bet-
ter align prediction with age-conditioned discrimination,
while candidate biomarkers were compared across centers
to assess transportability.

2. Methods

The data were derived from the Human Sleep Project
[6], with automated sleep-stage and event annotations pro-
vided by CAISR [7]. Our framework integrates multi-
source sleep representations with a pointwise gradient-
boosted meta-classifier and an age-matched pairwise rank-
ing model, as illustrated in Fig. 1.
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Figure 1. Overview of the prediction framework. (A)
Four branches extract pretrained SleepFM representations,
compact and extended digital sleep biomarkers derived
from CAISR annotations, and demographic information.
(B) Pointwise XGBoost combines branch z-scores. (C)
Age-matched pairwise logistic regression uses branch-
score differences from pairs with age difference < 2 years.
(D) The pointwise and ranking scores are fused into the
final risk score. BAS, brain-activity signals; LR, logistic
regression; XGB, XGBoost; HGB, histogram-based gradi-
ent boosting.

2.1.  Multi-Source Sleep Representation and
Pointwise Fusion

As shown in Fig. 1A, four complementary branches
were constructed from raw PSG signals, automated sleep-
stage annotations, and demographic information. The two
annotation-based branches formed compact and extended
digital sleep-biomarker representations.

Pretrained sleep representation. Brain-activity sig-
nals were harmonized toward six canonical deriva-
tion slots: F3-M2, C3-M2, O1-M2, F4-Ml1, C4-Ml,
and O2-M1. Mastoid-referenced derivations were pre-
ferred; auricular-referenced and, when necessary, average-
referenced channels were used as surrogate fallbacks to
improve coverage across heterogeneous montages. At
least three usable channels were required. Signals were
resampled to 128 Hz and processed with the pretrained
SleepFM BAS encoder. Valid 128-dimensional embed-
dings were mean-pooled to a recording-level representa-
tion and mapped to a risk score using standardized logistic

regression (C' = 0.5).

Compact digital-biomarker representation. The dig-
ital biomarkers used in the prediction branches were de-
rived from CAISR-generated automated sleep-stage out-
puts rather than manually scored annotations. The compact
representation included N2 fraction and the 90th percentile
of stage-probability entropy. For epoch ¢,
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where p, , is the normalized probability of stage k. The
two features were modeled using a robust scaler and logis-
tic regression (C' = 1.0).

Extended digital-biomarker representation. The ex-
tended representation combined broader sleep-architecture
biomarkers with transition-related measures of sleep-state
instability. It included N1 and REM duration, N2 fraction,
a sleep-efficiency proxy defined as the proportion of valid
staged epochs not labeled as Wake, mean stage-probability
entropy, and the mean and maximum entropy computed
separately over the first and second halves of the record-
ing.

Because CAISR stages are defined at 30-s resolution, for
a temporal neighborhood of w seconds we set r,, = w/30
epochs and defined

T =1 ({y, : |7 —t] <o} > 1). )

Thus, w = 30 and 60 s correspond to one and two neigh-
boring epochs on each side, respectively. Two transition
measures were retained: the fraction of 30-s transition-
related epochs with H; > 1.0 nat,
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and the maximum entropy among 60-s transition-related
epochs, Hrep,max. Features that could not be computed
were treated as missing. The complete feature set was
modeled by a shallow XGBoost classifier (maximum depth
2, learning rate 0.05, 100 trees).[8]

Demographic representation. Age, sex, and body
mass index (BMI) were modeled using histogram-based
gradient boosting (maximum depth 2, learning rate 0.05,
200 iterations).

Each branch produced a raw score and a standardized z-
score. The four z-scores and four corresponding missing-
ness indicators were combined using a shallow XGBoost
meta-classifier (maximum depth 2, learning rate 0.03, 100
trees). Missing standardized scores were set to zero. All
feature-scaling and score-standardization statistics were
estimated from the training data and applied unchanged at
inference.
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To reduce imbalance across centers, age groups, and
outcome classes, participants were grouped by site, out-
come label, and four age intervals: younger than 55, 55—
64, 65-74, and 75 years or older. The sample weight was

defined as i

VATR
where Ny is the number of training participants in the
site—age-group—class stratum containing participant ¢.

For the submitted system, the branch models were refit-
ted on the full training cohort and the meta-classifier was
subsequently trained on their branch scores. Its standard-
ized output is denoted zpgint.
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2.2. Age-Matched Pairwise Ranking and
Score Fusion

The pointwise model does not explicitly optimize dis-
crimination between participants of similar ages. We
therefore constructed an age-matched pairwise ranking
model using the four raw branch scores,

S = [SSleepFM7 Scompact Sextended Sdemo]~ (5)

A cognitively impaired participant 4 and control partici-
pant j formed an eligible pair when

la; —aj| <2, (6)

where a denotes age in years. Pairwise logistic regres-
sion was trained on

Asy; = si+ — sy, @)

with the reverse difference assigned to the opposite
class. Eligible pairs could span training centers and were
randomly subsampled to at most 50,000 pairs.

At inference, the learned linear function was applied
directly to each participant’s four raw branch scores and
standardized to obtain z,,,. The final score was

Zfinal = O~5zpoint + O-5Zrank- (8)

Global permutation importance was evaluated under
three-site LOSO by permuting each interpretable feature
within the held-out site and recomputing the affected
branches and final Age-AUROC. SleepFM was treated as
one 128-dimensional feature group, and N2 fraction was
permuted jointly in the compact and extended branches.

2.3. Candidate Sleep Biomarkers

To examine cross-site transportability, we evalu-
ated conventional physiological biomarkers together with
algorithm-derived digital sleep biomarkers. Conventional
biomarkers included RERA and arousal indices, defined as

event counts per hour of sleep; REM fraction, defined as
the proportion of valid staged epochs in REM; RMSSD,
defined as the root mean square of successive normal-to-
normal interval differences; and T90, defined as the pro-
portion of valid overnight time with SpO, < 90%.

Among the algorithm-derived digital biomarkers, tran-
sition instability was represented by Fygso defined above.
All candidate biomarkers were compared under the same
three-site leave-one-site-out protocol using logistic re-
gression with inverse-square-root site—class weighting and
Age-AUROC.

3. Results

3.1. Official Validation Performance

On the official hidden large validation set, the submit-
ted system achieved an Age-AUROC of 0.626. An ear-
lier submission variant without age-bin reweighting and
the age-matched pairwise ranking component achieved an
Age-AUROC of 0.595, corresponding to an absolute in-
crease of 0.031 in Age-AUROC.

3.2.  Cross-Site Transportability of Sleep
Biomarkers

Candidate biomarkers showed substantial differences in
cross-site transportability under the unified LOSO evalua-
tion (Table 1). Transition instability showed the strongest
overall robustness: its mean Age-AUROC was 0.683 and
its worst-site Age-AUROC was 0.636. Its site-specific
Age-AUROC ranged from 0.636 to 0.756, indicating rel-
atively consistent discrimination across centers.

In contrast, event-based biomarkers were more center
dependent. RERA achieved Age-AUROCs of 0.719 on
10006 and 0.688 on 10002, but only 0.482 on S0001.
Arousal index showed a similar pattern, whereas REM
fraction, RMSSD, and T90 provided weaker or less con-
sistent cross-site discrimination.

Table 1. Cross-site age-conditioned AUROC (Age-
AUROC) of candidate sleep biomarkers under a unified
leave-one-site-out (LOSO) protocol.

Biomarker S0001 10002 10006 Mean
Transition instability  0.636  0.756 0.657 0.683
RERA index 0482 0.688 0.719 0.629
Arousal index 0.554 0.636 0.701 0.631
REM fraction 0.558 0.609 0.595 0.587
HRV (RMSSD) 0.517 0.497 0.532 0.515
Hypoxia (T90) 0481 0.500 0.462 0.481




3.3. Transition Instability and Cognitive
Impairment

We further examined Fygsg, an algorithm-derived dig-
ital biomarker characterizing transition-related sleep-state
instability. The median 30-s high-entropy transition frac-
tion was higher in participants who developed cognitive
impairment in all three centers: 0.300 versus 0.227 in
S0001, 0.325 versus 0.230 in 10002, and 0.386 versus
0.298 in 10006. The corresponding Cliff’s § values were
0.307, 0.470, and 0.338.

In multivariable logistic regression, the adjusted coef-
ficient for transition instability remained positive after ac-
counting for age, sex, BMI, and site (coefficient = 2.65 for
the transition fraction on its original 0—1 scale). Moreover,
among 20,390 positive—negative pairs matched within two
years of age, the cognitively impaired participant had
higher transition instability in 63.2% of pairs. Together,
these analyses indicate that the association between tran-
sition instability and cognitive impairment was not at-
tributable solely to chronological age.

3.4. Global Feature Importance

Permutation analysis ranked SleepFM highest in the fi-
nal model (mean AAge-AUROC = 0.1134). Among inter-
pretable features, Fyg3o ranked highest (0.0234), followed
by age (0.0190), BMI (0.0181), entropy P90 (0.0083), and
second-half mean entropy (0.0068). Negative importance
for lower-ranked features may reflect redundancy or inter-
actions among correlated inputs rather than a lack of pre-
dictive information.

Table 2.  Global feature importance ranked by mean
AAge-AUROC (AAUC). H1/H2, first/second half; SE,
sleep efficiency.

Feature AAUC Feature AAUC
SleepFM 0.1134 Stage Ent. 0.0035
Fugso 0.0234 HI1 Ent. mean 0.0021
Age 0.0190 N1 dur. 0.0013
BMI 0.0181 Sex 0.0003
Ent. P90 0.0083 H2 Ent. max 0.0002
H2 Ent. mean 0.0068 SE 0.0000

N2 frac. 0.0063 HI1 Ent. max -0.0010
REM dur. 0.0059  Ht60,max -0.0023
4. Conclusion

We developed a multicenter PSG-based cognitive-risk
prediction framework combining pretrained SleepFM rep-
resentations, compact and extended digital sleep biomark-
ers, demographic information, and age-matched pairwise

ranking. The system achieved an official validation Age-
AUROC of 0.626, compared with 0.595 for an earlier
submission variant without the age-aware components.
Among sleep biomarkers, transition instability showed
the most consistent cross-site performance and a posi-
tive age-adjusted association with cognitive impairment,
whereas several event-based biomarkers showed center de-
pendence. These results support the importance of age-
aligned learning and biomarker transportability in multi-
center PSG-based cognitive-risk prediction.
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