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Abstract

We examined model selection for polysomnographic
prediction of future coded cognitive-impairment diagnosis
using three systems scored on hidden validation site I0004
after development on three public training sites. Pooled
leave-one-site-out (LOSO) age-conditioned area under the
receiver operating characteristic curve (AUROC) ranked
an N2-epoch system first (0.662), a four-member mixture
second (0.601), and a 186-feature tabular system third
(0.553). After refitting on all public training data, I0004
ranked the mixture first (0.647), the tabular system second
(0.567), and the LOSO-leading N2 system third (0.563).
The I0004 AUROC of the LOSO leader was 0.084 lower
than that of the mixture. Because only three submitted
systems were compared, LOSO folds differed in training
size, and I0004 was available for model selection, this is
a post hoc rank-reversal of point estimates, not evidence
that LOSO generally fails or that the mixture removes site
effects.

1. Introduction

Overnight polysomnography (PSG) records neural ac-
tivity, sleep organization, respiration, oxygenation, and au-
tonomic function. Sleep EEG has been used to predict later
cognitive impairment [1], yet a five-cohort analysis found
no consistent association between conventional sleep-stage
proportions and incident dementia [2]. The endpoint here
is therefore clinically plausible but is not a single estab-
lished sleep biomarker: it is a future coded diagnosis, not
directly measured cognitive decline or neuropathology [3].

Clinical PSG is also heterogeneous: channel availabil-
ity, montage, sampling, equipment, and representation
vary across recording sites, which has motivated multi-
dataset and leave-one-dataset-out evaluation in automated
sleep analysis [4]. For prediction models trained on clus-
tered sites, internal-external validation can expose perfor-
mance heterogeneity that random splits hide [5].

We study a narrower model-selection question. Three
candidate systems were compared by pooled LOSO age-

conditioned AUROC on the public training sites and were
subsequently scored on a hidden validation site. We ask
whether the LOSO point-estimate ranking agreed with that
hidden-site ranking after full-data refitting. We do not use
the comparison to identify a mechanism of site robustness.

2. Data and metric

Positive labels require at least two qualifying diagnosis
codes, with the first 1–6 years after PSG; negatives require
no qualifying diagnosis and sufficient follow-up [3]. We
used the public small training set: S0001 (857 records),
I0002 (54), and I0006 (192), totaling 1,103 records, of
which 84 are positive-labeled. Of 1,103 records, 20 did not
meet the positive or negative scoring definition and were
excluded from the local pair metric, leaving 1,083 records.
Site identity is not an explicit feature; missing channels are
zero-filled, so acquisition patterns may still be implicit.

Age-conditioned AUROC is the probability of ranking
a positive record above an age-matched negative, with el-
igible pairs restricted to an age difference of at most two
years [3]. For each LOSO fold a model was fitted to two
sites and predicted the excluded site. We concatenated the
three out-of-site prediction sets and computed one pooled
age-conditioned AUROC. The corresponding LOSO train-
ing sizes were 246 (hold-out S0001), 1,049 (I0002), and
911 (I0006). Official I0004 scoring refits each submitted
entry on all 1,103 public records. I0004 is organizer-held
validation, not test; I0007 is unused here. Exact I0004 la-
bels and predictions are unavailable; the organizers state
that validation prevalence lies between 5% and 15%. Fig-
ure 1 diagrams those roles: each LOSO row trains on two
public sites and scores the third; official scoring trains on
all three and scores hidden I0004.

3. Systems

System 2125 is an XGBoost model on 186 overnight
features (10 demographic, 137 physiological includ-
ing absolute and relative spectral summaries, 39 sleep-
architecture summaries).

System 2334 trains epoch-level models on 30-s win-



dows labeled N2 by the same automated staging used
at inference, then averages those probabilities over N2
epochs. N2 is a relatively abundant NREM state that con-
tains spindle activity previously linked to cognitive ag-
ing; that motivation does not establish N2 specificity here,
and a prospective EEG study reported its largest effects in
N3/gamma rather than N2 [1].

System 2353 is the submitted mixture: XGBoost on the
186-vector, a frozen SleepFM representation trained for
large-scale PSG disease prediction [6], LightGBM, and
ExtraTrees. Nonnegative mixture weights on a 0.1 sim-
plex were taken from inner out-of-fold scores, applied per
held-out training site, and not changed after I0004 scores.
The members span overnight summaries, a stage-restricted
model family, and a pretrained PSG representation; with-
out member ablation we cannot attribute the I0004 result
to complementary information. A later packaged variant
scored 0.639 on I0004 and did not replace 2353.

4. Results

Table 1 and Figure 2 show the same three systems.
LOSO point estimates ranked 2334 > 2353 > 2125.
I0004 ranked 2353 > 2125 > 2334: the LOSO leader
fell to third and the LOSO runner-up ranked first. The

Public training sites Organizer-held
S0001

857
I0002

54
I0006
192 I0004 I0007

S0001 I0002 I0006

Hold S0001
246 → 857 SCORE train train

Hold I0002
1,049 → 54 train SCORE train

Hold I0006
911 → 192 train train SCORE

I0004 refit
all 1,103 train train train I0004

Concatenate SCORE cells → pooled LOSO AUROC.
Site identity is not an explicit feature.

Figure 1. Leave-one-site-out protocol. Filled cells are
used in training; hollow SCORE cells are the held-out site.
Pooled LOSO concatenates the three SCORE sets. Official
scoring refits on all 1,103 public records and scores hidden
I0004; I0007 is unused.

change was model-specific: I0004 minus pooled LOSO
was +0.014 for 2125, +0.046 for 2353, and −0.099 for
2334. These differences are descriptive and are not esti-
mates of a pure site effect, because LOSO and I0004 also
differ in training-set composition and size (Fig. 3).

Table 1. Pooled LOSO versus official I0004 age-
conditioned AUROC. ∆ is the arithmetic difference of the
two reported scores, not an isolated site-transfer effect.

ID Role LOSO I0004 L-rk I-rk ∆
2125 186-feature tabular 0.553 0.567 3 2 +0.014
2353 four-member mixture 0.601 0.647 2 1 +0.046
2334 N2-epoch mean 0.662 0.563 1 3 −0.099

On the 2125-versus-2334 comparison, within-site and
cross-site leads were similar; dropping cross-site pairs re-
moved about 1.4% of that local AUROC gap. That au-
dit does not include 2353 and does not isolate site transfer
after full-data refit. No per-record I0004 predictions are
available, so I0004 uncertainty cannot be computed.
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Figure 2. Pooled LOSO versus official I0004 age-
conditioned AUROC for three systems. Ranks are of these
point estimates only (n = 3). The I0004 AUROC of the
LOSO leader (2334) was 0.084 lower than that of the mix-
ture (2353).

5. Discussion

The observed rank reversal of point estimates should
be read as model-selection instability, not as evidence that
LOSO is intrinsically unreliable. These three systems were
not designed a priori to test LOSO ranking; the reversal
was identified after official I0004 scoring. The three LOSO



folds are not interchangeable transfer tasks (Fig. 3). Hold-
ing out S0001 trains on 246 files from I0002 and I0006 and
holds out 857 files; holding out I0002 or I0006 trains on
1,049 or 911 files but holds out only 54 or 192. Concate-
nating those hold-out files places about 78% of the 1,103-
file axis on the smallest-train fold. That 78/5/17 split is a
file share, not a pair share. Age-conditioned AUROC is
then computed on 1,083 eligible records; the 20 records
that do not meet the scoring definition are not shown by
site. For system 2125, the S0001-out fold had the lowest
site-wise age-conditioned AUROC (0.522, versus 0.562 on
I0002 and 0.664 on I0006). Comparable fold scores for
2334 and 2353 are not reported here, so the 2125 pattern
is not a ranking of the other systems. Official I0004 scor-
ing then refits on all 1,103 public files, including the 857
S0001 files that the S0001-out fold never saw. Site compat-
ibility, learning-curve differences, cross-fold score scaling,
and sampling variation therefore remain alternative expla-
nations. Pooled age-conditioned AUROC also ranks some
pairs whose scores came from different fitted models, a
known caveat of pooled cross-validation AUC [7].
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Figure 3. Training composition of each leave-one-site-out
fold and of the I0004 refit, stacked by site. Top: records
available at fit time (S0001-out trains on 246 files; I0004
trains on all 1,103). Numbers at right are 2125 fold AU-
ROCs only; 2334 and 2353 fold scores are not shown.
Bottom: site share of the 1,103 concatenated hold-out
files. The pooled age-conditioned AUROC is computed
on 1,083 eligible records; the 20 records that do not meet
the scoring definition are not shown by site.

For the submission decision we selected 2353 because
it had the highest organizer-reported I0004 score among

these candidates. Because I0004 scores were observed
during iterative submission, we treat I0004 as an organizer-
held selection set rather than an untouched estimate of
transportability [8]. I0007 remains the independent ex-
ternal check. LOSO provided site-structured internal ev-
idence, but its single pooled point estimate did not identify
the highest-scoring I0004 candidate in this three-site sam-
ple.

The I0004 result of 2353 does not identify why that
score was higher. Future analyses on the public sites can
test whether mixture members give complementary pre-
dictions, whether missing-channel patterns encode acqui-
sition site, and whether alternative missing-value treat-
ments change site-wise performance; they cannot iden-
tify the I0004 mechanism. Site-specific LOSO scores and
paired uncertainty on local differences would make the
internal ranking more interpretable than a single pooled
number [5].

6. Conclusion

Among three submitted PSG risk-ranking systems,
pooled LOSO point estimates did not preserve the ordering
observed on hidden validation site I0004: the LOSO leader
became the lowest-scoring candidate, while the LOSO
runner-up ranked first. This observation does not identify a
site-robust representation, and the LOSO-to-I0004 differ-
ences also include full-data refitting and sampling effects.
Model-selection uncertainty across heterogeneous acqui-
sition sites is better examined through site-specific perfor-
mance and sensitivity analyses than compressed into one
pooled internal rank. The selected mixture awaits evalua-
tion on the unused I0007 test site.

Acknowledgments

The authors thank the organizers for official I0004 scor-
ing.

References

[1] Haghayegh S, Herzog R, Bennett DA, Redline S, Yaffe K,
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