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Abstract

Team GT NeuroSignals Lab submitted an ensemble
to rank cognitive-impairment risk one to six years after
overnight polysomnography within the organizer’s time
limit. Four feature groups combined demographics with
signal summaries, interrupted-sleep measures, stage tran-
sitions, and clinical sleep measures. For each group,
models trained on all but one data-collection site pre-
dicted records from the excluded site. If time allowed,
logistic regression combined their probabilities with vari-
ables derived from the database record-creation time; oth-
erwise, the program returned the last completed model.
Organizer-side training used a deterministic 1,200-record
cap. In validation, entry 2029 returned age-conditioned,
age-weighted, and overall areas under the receiver op-
erating characteristic curve of 0.748, 0.813, and 0.790,
respectively, and a precision–recall area of 0.366. The
prevalence-based reward was 0.022, accuracy 0.382, and
F-measure 0.167. The organizers did not return the fitted
model or training log, so the scored model is unknown. Fi-
nal assessment requires a single official test-set evaluation
of the selected, unchanged procedure.

1. Introduction

Sleep physiology may provide information beyond con-
ventional sleep-disorder indices. A longitudinal study as-
sociated quantitative sleep electroencephalographic (EEG)
patterns with later cognitive decline [1]. Cross-site predic-
tion is difficult because polysomnographic channel sets,
acquisition systems, annotation availability, and outcome
prevalence differ across clinical sites.

The 2026 George B. Moody evaluation asks algorithms
to rank patients by the risk of receiving a cognitive-
impairment diagnosis one to six years after an overnight
polysomnogram (PSG) [2]. The primary measure com-
pares a positive and a negative patient only when their ages
differ by no more than two years. We designed four groups
of manually defined sleep measures that can be computed
on a central processing unit. Each site’s records were pre-

dicted by models trained only on the other sites, and logis-
tic regression combined their probabilities using stacked
generalization [3]. The program saved a model after each
group so it could return an earlier model if later fitting ex-
ceeded the time limit. We report the submitted procedure
and all validation metrics returned by the organizers, while
separating measured performance from unresolved imple-
mentation details.

2. Methods

2.1. Data, outcome, and sampling

The official large training set contains 6,600 recordings
from three sites (S0001, I0002, and I0006), drawn from
the Human Sleep Project [4]. Available inputs include
raw polysomnography, demographics, automated Com-
plete Artificial Intelligence Sleep Report (CAISR) annota-
tions, and training-only outcomes. CAISR provides sleep
stages and arousal, respiratory-event, and limb-movement
annotations [5]. A positive outcome requires at least two
qualifying diagnoses, separated by at least one week, with
the first occurring one to six years after the sleep study.
A negative outcome requires no qualifying diagnosis and
at least six years of follow-up [2]. Records without either
label were excluded from fitting.

To bound repeated feature extraction, the submitted pro-
gram shuffled record indices with seed 20260619 and se-
lected at most 1,200 records, preserving the same subset
and row order for all models. This time-saving sample
was not stratified by outcome or site. For each model fold
and the final fit, sample weights combined inverse site-
frequency and inverse class-frequency factors. They were
normalized to mean one, multiplied by a follow-up reli-
ability factor when each relevant class had at least eight
finite values, and normalized again. The follow-up mul-
tipliers ranged from 0.95 to 1.10 for positive records and
0.90 to 1.10 for negative records; site-specific fits did not
use these weights. The follow-up fields entered only this
weighting calculation and were not model predictors.



2.2. Complementary feature groups

Each model included age, sex, race, ethnicity, body
mass index (BMI), polynomial age and BMI terms, an
age–BMI interaction, and explicit missingness indicators.
CAISR annotations were used when available; human an-
notations were used when the corresponding CAISR files
were unavailable. The hidden validation and test sets pro-
vide algorithmic rather than human annotation files.

The training schedule attempted five feature groups in
a fixed order. The first four did not require pretrained
models. First, the signal group added relative EEG band
powers, spectral entropy, non-rapid-eye-movement stage
N2 spindle and K-complex density proxies, stage N3
slow-wave proxies, contrasts among N2, N3, rapid-eye-
movement (REM), and wake states, and REM-related elec-
trooculographic (EOG) activity. These summaries were
computed from selected available channels after median
centering and median-absolute-deviation scaling. Second,
the interrupted-sleep group summarized short stage runs,
transition instability, and changes in CAISR stage prob-
abilities. Third, the sleep-stage-change group retained
a narrower set of transition and probability-change mea-
sures. Fourth, the clinical-sleep group summarized stage
fractions, bout lengths, transition counts, sleep continu-
ity, staging confidence, and the frequency and duration of
arousal, respiratory, and limb-movement events.

The fifth feature group requested numerical features
from a pretrained brain-age model, but its model files and
configuration were absent. On the 1,200-record path, more
than 95% of attempts would fail, so this group was omit-
ted. Failure of one group did not stop the remaining fits.

The program first saved a model that assigned every pa-
tient the same training-set risk. After each feature group,
it saved an equal-weight logistic combination of all com-
pleted groups. A timeout stopped later groups; if too little
time remained for final stacking, the program returned the
last saved model. Because the organizers did not return the
fitted model files or log, the ranking metrics can exclude a
constant prediction but cannot identify which later model
ran.

2.3. Base models and stacking

For the signal group, a three-member histogram-
gradient-boosting ensemble (learning rate 0.03, 300 it-
erations, depth 3, minimum leaf size 10) was paired
with elastic-net logistic regression (C = 0.15, with
equal weights on the L1 and L2 penalties). For each
of the annotation-based groups, the candidate set com-
prised gradient boosting (250 trees, learning rate 0.03,
depth 3), 600 extremely randomized trees (minimum leaf
size 3), and elastic-net logistic regression (C = 0.25,
with an L1 penalty fraction of 0.25) [6–8]. The signal-

group elastic-net model and the annotation-based models
median-imputed continuous features; only the latter added
flags marking imputed values. Histogram gradient boost-
ing used its native missing-value handling.

Base-model probabilities used leave-one-site-out cross-
validation: each site was predicted by models trained on
the others. Before those folds, a screen that did not use
outcome labels removed predefined columns that might
identify the data source, plus columns with fewer than
three observations or negligible variance. Feature avail-
ability was therefore determined on the selected 1,200-
record matrix before site folds. Each base-model fit ex-
cluded the held-out site, but weights within each feature
group used pooled predictions for excluded records and
their labels. These non-negative weights optimized over-
all area under the receiver operating characteristic curve
(AUROC). Ties were broken by the site-summary score
0.85Ā+ 0.15Amin − 0.02sA, where Ā, Amin, and sA de-
note the mean, minimum, and standard deviation of AU-
ROC across valid sites. The final model used probabilities
for records excluded from each base model’s fit, rather than
fitted training values.

The database CreationTime field was converted to
a normalized ordinal, centered within training sites by the
median and median absolute deviation, and expanded with
two piecewise-linear terms at its tertiles. Global training
statistics were used for an unseen site. These label-free
transformations were estimated once on the capped train-
ing matrix before the final leave-one-site-out evaluation,
so a held-out training site’s time distribution informed the
transformation. The final model contained neither site in-
dicators nor a variable designed to remove site-specific off-
sets. Two auxiliary feature groups were computed but not
used. Within each fold, site-specific models fitted one un-
weighted boosting model per training site having at least
20 samples and both classes, then averaged their predic-
tions for the excluded site. After all cross-validated pre-
dictions had been produced, a single non-nested search
tested 0–30% weights for these site-specific models in 5%
steps. Candidate weights were compared, in order, by
overall AUROC, the site-summary score, mean-site AU-
ROC, and then pooled-model weight. The blend was used
only if mean-site AUROC improved without lowering the
site-summary score. It was not a separate stacking input
and could contribute only through an earlier saved combi-
nation; whether it contributed is unknown.

The program also derived eight summaries from the first
30 minutes of an available electrocardiogram: the mean
and standard deviation of retained R–R (RR) intervals, root
mean square of successive differences, percentage of suc-
cessive RR-interval differences exceeding 50 ms, low- and
high-frequency spectral energy, their ratio, and sample en-
tropy. Peaks in a 5–15-Hz energy envelope smoothed over



0.15 s exceeded its 85th percentile and were separated by
at least 0.3 s; RR intervals outside 300–2,000 ms were re-
jected. The RR series was interpolated at 4 Hz and then
centered by the mean of the interpolated values. Hann-
windowed squared Fourier amplitudes were summed over
0.04–0.15 and 0.15–0.40 Hz and stored after log(1 + x)
transformation, while their ratio used the untransformed
sums. These are implementation-specific approximations
to conventional heart rate variability (HRV) domains [9],
not calibrated powers or ectopic-cleaned normal-to-normal
measures. Sample entropy used at most the first 300 inter-
vals, m = 2, and tolerance 0.2 times their standard devia-
tion [10]. A mismatch between training and inference vari-
able names prevented these measures from varying across
patients during inference: the HRV columns varied during
stacking training, whereas inference filled the unmatched
columns with 0.5. We therefore do not attribute the official
discrimination result to HRV. If the final stacking model
was evaluated, the constant fill could still shift every log-
odds score by a constant and thereby change the binary
decisions.

When sufficient time remained, the stacking vector xi

concatenated the available base-model probabilities, vari-
ables derived from CreationTime, and HRV columns
for record i. An L2-penalized, class-balanced logistic re-
gression (C = 6, maximum 5,000 iterations) estimated
Pr(Yi = 1) = logit−1(β0 +

∑︁
j βjxij). For at least three

base-model probability columns, each record’s stacking
weight was proportional to (s2i + 0.01)−1, where si was
their within-record standard deviation; weights were nor-
malized to mean one. Three bootstrap refits were averaged
within each stacking cross-validation fold and for the final
fit. A leave-one-site-out analysis of the fixed base-model
prediction matrix selected a threshold from 0.15 to 0.85 by
balanced accuracy. This evaluation was not nested around
base-model fitting: data from its held-out site could con-
tribute to models that produced its training rows. Thus the
procedure was used for model selection, not as a strictly
nested assessment of a new site, and it did not optimize
the official reward. These steps applied only when the full
stacking model completed before the time limit.

2.4. Execution and evaluation

When the organizers ran the submitted entry, the pro-
gram trained models from the released training data in a
newly initialized environment; it did not reuse a prefit-
ted model. Missing channels or failed feature calcula-
tions propagated as missing values and were handled by
the model-specific procedures described above. Training
read outcome fields only from the released training parti-
tions. During validation, the program received organizer-
provided PSG, metadata, and algorithmic annotations, but
no validation outcomes. Inference used no outcome fields

or external patient-level data. File and session identifiers
served only to locate the corresponding recordings, and
patient identifiers were not predictors. The submitted exe-
cution path did not depend on external pretrained weights.
The reported large-set metrics therefore describe execution
of the submitted training and inference program without
access to validation outcomes. Independent performance
assessment requires a single official test-set evaluation of
the selected, unchanged procedure.

We report every aggregate metric returned for the offi-
cial large-set validation run. The organizers did not return
fitted model files, record-level predictions, confidence in-
tervals, calibration estimates, or subgroup results. The task
description states that records were de-identified under
the Health Insurance Portability and Accountability Act
Safe Harbor standard and shared under Beth Israel Dea-
coness Medical Center Institutional Review Board proto-
col 2022P000417, with a waiver of informed consent [2].

3. Results

Table 1 gives the complete organizer-returned feedback
for official entry 2029. The age-conditioned AUROC was
0.748. The age-weighted and unconditioned AUROCs
were 0.813 and 0.790, respectively, and the area under
the precision–recall curve was 0.366. The returned bi-
nary metrics were reward 0.022, accuracy 0.382, and F-
measure 0.167. No final test result or rank was available at
manuscript preparation.

Table 1. Organizer-returned large-set validation feedback
for official entry 2029.

Metric Value
Age-conditioned AUROC 0.748
Age-weighted AUROC 0.813
AUROC 0.790
Area under precision–recall curve 0.366
Prevalence-based reward 0.022
Accuracy 0.382
F-measure 0.167

4. Discussion

The ranking and threshold-dependent metrics answer
different questions, and the returned aggregates cannot
show whether predicted probabilities match observed risk
(calibration). We treat them as preliminary organizer feed-
back, not as an independent performance estimate. If the
final stacking model was evaluated, two implementation
details require further testing. Its binary threshold opti-
mized balanced accuracy rather than the official reward.
In addition, the HRV feature mismatch replaced varying



training features with constants at inference and could
change the yes/no decisions. Threshold adjustment alone
preserves ranking; refitting after repairing the HRV path
may also change ranking.

The evaluated model remains unknown because the time
limit could leave an earlier saved model in place; the rank-
ing metrics exclude only a constant prediction. Variable
screening, CreationTime transformations, and stack-
ing selection were not repeated within every held-out-site
fold. The 1,200-record cap also did not preserve site or
outcome proportions. Because database creation time may
encode cohort chronology or acquisition practice, it should
be removed in a separate test before use at a new site.

The primary metric conditions pairwise comparisons on
similar age, but this does not establish equitable perfor-
mance. Demographic variables entered the base models,
while the released feedback contained no ranking perfor-
mance within subgroups, calibration, or error estimates.
The final analysis should therefore report prespecified
demographic and acquisition subgroups, missing-channel
sensitivity, and tests that remove each feature group and
CreationTime on data not used for model fitting or se-
lection.

5. Conclusion

Entry 2029 combined signal- and annotation-derived
sleep measures. Each site was predicted by base models
trained on the other sites. Organizer validation returned
an age-conditioned AUROC of 0.748. Because the fitted
model files and log were not returned, the score cannot
be assigned to the final ensemble or an individual feature
group. Final assessment requires a single official test-set
evaluation of the selected, unchanged procedure. A future
version should use the same variables in training and in-
ference, repeat model selection within each held-out-site
fold, and retain the fitted model files.

Data and code availability

The data are described on the official task website [2]
and in the Human Sleep Project record [4]. Submitted
code is identified by Git commit 3040436e. The orga-
nizers state that functional entries will be released after the
official phase in accordance with event rules.
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