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Abstract 

Study Objectives:  This study aimed to (1) improve sleep staging accuracy through transfer learning (TL), to achieve or exceed human 
inter-expert agreement and (2) introduce a scorability model to assess the quality and trustworthiness of automated sleep staging.

Methods:  A deep neural network (base model) was trained on a large multi-site polysomnography (PSG) dataset from the United 
States. TL was used to calibrate the model to a reduced montage and limited samples from the Korean Genome and Epidemiology 
Study (KoGES) dataset. Model performance was compared to inter-expert reliability among three human experts. A scorability assess-
ment was developed to predict the agreement between the model and human experts.

Results:  Initial sleep staging by the base model showed lower agreement with experts (κ = 0.55) compared to the inter-expert agree-
ment (κ = 0.62). Calibration with 324 randomly sampled training cases matched expert agreement levels. Further targeted sampling 
improved performance, with models exceeding inter-expert agreement (κ = 0.70). The scorability assessment, combining biosignal 
quality and model confidence features, predicted model-expert agreement moderately well (R² = 0.42). Recordings with higher scora-
bility scores demonstrated greater model-expert agreement than inter-expert agreement. Even with lower scorability scores, model 
performance was comparable to inter-expert agreement.

Conclusions:  Fine-tuning a pretrained neural network through targeted TL significantly enhances sleep staging performance for an 
atypical montage, achieving and surpassing human expert agreement levels. The introduction of a scorability assessment provides 
a robust measure of reliability, ensuring quality control and enhancing the practical application of the system before deployment. 
This approach marks an important advancement in automated sleep analysis, demonstrating the potential for AI to exceed human 
performance in clinical settings.
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Graphical Abstract 

Statement of Significance

This work represents an important milestone in deployable sleep analysis, with our automated system surpassing human experts 
through targeted deep learning. We demonstrate state-of-the-art performance by pretraining a model on diverse polysomnography 
data and then fine-tuning it to home sleep studies. Notably, model-expert agreement exceeds inter-expert agreement across vari-
ous scorability scores, which reflect both signal quality and model confidence. To the best of our knowledge, this is the first model 
to conclusively outperform human review for sleep staging. By covering real-world training strategies, direct clinician benchmark-
ing, and reliability assessments, our study defines best practices for clinical validation of AI in sleep medicine. The presented sys-
tem paves the way for broad access to accurate sleep analysis, with implications for precision diagnostics and treatments.

Sleep is a fundamental physiological process that plays a crucial 
role in maintaining health [1, 2] Sleep serves numerous restora-
tive processes, including memory consolidation, immune system 
regulation, and hormonal balance [3]. Consequently, accurate 
analysis of sleep has implications for diagnosing and treating var-
ious medical conditions, including sleep, neurological, and men-
tal health disorders [4, 5] A critical facet of sleep analysis is sleep 
staging: categorization of different sleep stages based on charac-
teristic electroencephalographic (EEG) patterns, eye movements, 
muscle tone, and other physiological signals [6–8].

The current gold standard for sleep staging is the manual anal-
ysis of polysomnography (PSG) recordings following American 
Academy of Sleep Medicine (AASM) guidelines [6]. These guide-
lines classify each 30-second epoch into wake (W), rapid eye 
movement (REM), and non-REM stages 1 to 3 (N1, N2, and N3). 
However, manual sleep staging methods are labor-intensive and 
time-consuming. Inter-expert variability is problematic [9, 10], 
with agreement ranging from 60% between experts from differ-
ent institutions to 80% within the same institution. Studies have 
investigated interrater reliability (IRR) in sleep staging, revealing 
that variability is primarily due to epochs that are difficult to clas-
sify and that agreement varies by scorer, diagnosis, and record, 
with inter-laboratory variability often exceeding that within a 

single laboratory [11–14]. AI-based automated sleep staging is a 
potential solution.

Impressive automated sleep staging has been achieved in mul-
tiple recent publications by utilizing large expert-annotated data-
sets to train neural network models, including extreme learning 
machines [15], convolutional neural networks (CNNs) [16, 17], 
CNNs + recurrent neural networks [18–24], and graph neural net-
works [25–28] However, performance can suffer when applying a 
sleep staging neural network trained on one population to a new 
population.

Failure to generalize can arise from biological differences (e.g. 
different distribution of pathology, race, sex, or medication use), 
or technical differences (e.g. different signal quality, montage, or 
recording equipment). Training a new neural network for each 
new cohort is infeasible because scoring 1000s of new PSGs is 
labor-prohibitive. An effective solution in other domains has been 
TL: fine-tuning (calibrating) a model trained on a large set of data 
using a small number of labeled samples from the new domain. 
This is done by holding constant or freezing most neural network 
parameters while adjusting a small number of parameters, typi-
cally from the final few layers of the network [29–32].

Transfer learning (TL) has been applied in sleep staging 
before—for instance [33] introduced RobustSleepNet to address 
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PSG montage variability [34] utilized deep TL to mitigate data 
variability and inefficiency [35] adapted ECG-trained models 
to photoplethysmography for home monitoring, and Van et al 
[36] examined the performance differences between pretrain-
ing, training on a new target dataset only, and applying transfer 
learning.

In this study, we build on these works by (1) investigating dif-
ferent TL approaches to determine which strategies yield bet-
ter results, (2) utilizing a dataset independently scored by three 
experts, enabling us to directly measure TL success through a 
comparison of ML-expert to expert-expert agreement, a novel 
aspect of our research, and (3) extending sleep staging research 
with a new scorability model to assess output reliability. This 
comprehensive approach ensures that our findings are robust 
and applicable across various settings and model architectures, 
thereby advancing practical sleep staging in clinical care.

Specifically, we applied a base model trained on a diverse set 
of PSGs from the United States of America to a new international 
PSG dataset from the Korean Genome and Epidemiology Study 
(KoGES). KoGES PSGs present technical challenges (only one EEG 
electrode compared to at least two for base model training) and 
biological challenges (demographic differences since the base 
model relied heavily on Western/Caucasian cohorts, while the 
KoGES cohort is Korean). As expected, the base model performs 
less well on KoGES data than on the model development cohort. 
We hypothesized that TL with a small number of labeled PSGs 
could improve the base model to exceed human reliability. To 
test this, we recruited multiple experts to score KoGES PSGs. We 
examined various strategies for TL to calibrate the base model, 
employing new approaches for strategically using the training 
data. We demonstrate that TL improves the base model such that 
it exceeds the reliability of experts.

We noticed that expert staging reliability varied across PSGs, 
and wondered if this reflected difficulties from poor signal data 
quality in these unattended polysomnograms. It was therefore 
possible that TL only outperforms experts on certain cases, which 
we hypothesized would be cases with high signal quality. To test 
this, we developed an automated “scorability index.” We find that 
expert reliability is indeed strongly dependent on signal qual-
ity. Contrary to expectation, the calibrated model outperformed 
experts even on signals with low scorability.

Methods
Sleep staging base model
As a base model, we used a previously published neural network, 
ProductGraphSleepNet [25] with the following layers: spatial 
attention (SpAtt), product graph learning (PGL), attentive graph 
convolutional (AGC), bidirectional gated recurrent unit (BiGRU), 
graph-wise attention network (GwAT), and a fully connected 
layer. Channels included as inputs to the base model (“base 
model input signals”) include two EEG (C3-M2 and C4-M1 or 
Cz-Oz), one electrooculogram (EOG, E1-M2), chin electromyogram 
(EMG), abdominal and thoracic respiratory effort, and electrocar-
diogram (ECG).

To select the base model for our sleep staging task, we con-
ducted a thorough literature review to identify state-of-the-art 
models known for their strong performance in sleep analysis. 
We evaluated five leading models, including a hybrid CNN and 
LSTM model by Biswal et al. [28], SleepFCN by Goshtasbi et 
al. [37], U-Sleep by Perslev et al. [17], U-NET by Zhang et al. 
[38], and ProductGraphSleepNet by Einizade et al. [25]. These 

models were trained from scratch on consistent datasets, and 
their performance was compared using PSG recordings from 
8000 individuals divided into training, validation, and test sets. 
ProductGraphSleepNet emerged as the top performer.

To ensure the TL studies were broadly applicable, we also 
employed SleepNet, a model combining CNN and LSTM archi-
tectures introduced by Biswal et al. [28] This model uses CNNs 
to extract spatial features from raw EEG signals and RNNs to 
capture temporal dependencies across sleep epochs. We tested 
this model with six EEG signals from the MGH cohort, using 
spectrogram representations and applying the Adam optimizer 
with a learning rate of 10−4. The results from this model were 
compared to ensure consistency with the primary base model, 
ProductGraphSleepNet.

Datasets used to train the base model
The base model was trained with a large (N = 21 764 participants) 
multicenter dataset that included PSGs from one clinical sleep 
center (MGH) and three large epidemiological cohorts (SHHS, 
MESA, and MrOs), Table 1. These data were recorded between 10 
(respiratory signals) and 512 Hz (ECG and EEG signals) and resa-
mpled to 200 Hz for analysis.

Dataset used for TL
KoGES.
The KoGES dataset included PSGs from 800 participants with EEG 
channel C4-M1, one EOG E2-M1, chin EMG, abdominal and tho-
racic respiratory effort, and ECG. To match the number of chan-
nels required by the base model, we duplicated the EEG channel. 
We resampled all signals to 200 Hz.

Six hundred and forty-eight out of the KoGES recordings were 
staged by a single expert, and 152 were scored independently 
by three experts. All experts are AASM-certified sleep technolo-
gists working in the Beth Israel Deaconess Medical Center sleep 
laboratory.

The triple-scored KoGES data was used to evaluate model 
performance.

Base model training
Preprocessing consisted of notch filtering (60 Hz) and band-
pass filtering with the following passbands: EEG, EOG, and chin 
EMG: [0.1–25 Hz]; thoracic and abdominal effort: [0–10 Hz]; and 
ECG [0.3–40 Hz]. The filter settings were chosen based on a pri-
ori knowledge and preliminary analyses, which suggested that 
these specific ranges best capture the salient features for effec-
tive sleep stage classification by our model. The model follows 
the AASM sleep stage standard, which includes stages W, N1, N2, 
N3, and REM. When data was originally scored using the Kales 
and Rechtschaffen manual, stages S3 and S4 were merged into a 
single stage labeled as N3.

We trained the model with data from all cohorts (MGH, SHHS, 
MROS, and MESA), with 70% allocated for training, 15% for valida-
tion, and 15% for testing within each cohort, ensuring no overlap 
of participants. This process leverages PSG data from 25 749 par-
ticipants to develop the final sleep staging model that we used as 
our base model.

During model training, we used an early stopping mecha-
nism, which monitored the validation Sørensen–Dice coefficient 
[17, 39]. We configured a patience value of 100 training epochs. 
Optimization was done using the Adam optimizer with a learning 
rate of 10−5 [40].
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It is important to note that the evaluation of the base model 
on the development cohort is outside the present study. Here we 
focus on evaluating and improving the base model using TL in the 
KoGES dataset.

TL experiments
Here we describe our strategy for transferring knowledge from 
the large multi-cohort training cohort to KoGES PSGs using a 
small number of training samples. The transfer is achieved by 
freezing specific layers within the pretrained base model and 
fine-tuning the remaining layers using annotated PSGs from 
KoGES. In our base model, ProductGraphSleepNet [25], we froze 
the Spatial Attention layer, PGL, AGC, and BiGRU layers, and 
trained the remaining layers until reaching the stopping crite-
rion. Subsequent training exclusively fine-tuned the last two 
layers: the GwAT layer and fully connected layers. The same 
early-stopping strategy used for base model training was used 
for TL training; however, due to the limited number of partici-
pants, fine-tuning was stopped when the validation Sørensen–
Dice coefficient showed no improvement for 30 consecutive 
fine-tuning epochs.

To investigate how different TL choices influence model per-
formance on the evaluation dataset (triple-scored KoGES data-
set), we conducted 6 experiments:

•	 Experiment 1: no fine-tuning (use base model).
•	 Experiment 2: TL with a random subset of 324 single-scored 

KoGES PSGs.
•	 Experiment 3: TL with 324 single-scored KoGES PSGs that 

were “difficult.” These samples had lower scorability scores 
(see below) than the second half of the single-scored 
dataset.

•	 Experiment 4: TL with all 648 single-scored KoGES PSGs.
•	 Experiment 5: TL with half of the triple-scored KoGES 

PSGs in a 2-fold cross-validation approach (76 for 

training + internal validation, 76 for testing). To train the 
model, the majority vote of the three scorers for each 
epoch was used (with a random selection of the three votes 
if the three votes were all different).

•	 Experiment 6: TL with two steps, first using all 648 
single-scored KoGES PSGs (as in experiment 4) and 
subsequently 2-fold cross-validation learning with the 
triple-scored PSGs (as in experiment 5).

Model evaluation
To assess model performance, we used the following metrics:

1.	 Confusion matrix: offers a detailed breakdown of how well 
two raters agree on any given sleep stage. For triple-scored 
PSGs, we compute confusion matrices to assess expert-
expert and expert-model agreement.

2.	 Cohen’s Kappa: a summary statistic for agreement between 
two raters. We compute Cohen’s Kappa both among pairs 
of experts and between experts and the model.

3.	 Receiver operating characteristics (ROC) curve and 
precision-recall curve (PRC): The ROC and PRC analyses 
are conducted in a stage-wise manner by consolidating 
expert labels and model probabilities into binary catego-
ries per sleep stage. This enables fine-grained assessment 
of model capabilities by stage. To compute these metrics, 
we treat each expert as ground truth and compare model 
performance to the agreement level between experts. EUC 
and PRC analyses provide insights into whether the model 
reaches human-level performance.

We introduce a metric named “Experts Under the Curve (EUC),” 
which quantifies the percentage of experts’ Receiver Operating 
Characteristic (ROC) or Precision-Recall Curve (PRC) operating 
points that are surpassed by the model’s curve. Specifically, for 

Table 1.   Demographics

MGH SHHS MESA MrOS KoGES 
single-scored

KoGES 
triple-scored

N participants 14 859 5793 2055 2898 648 152

Age (mean, IQR) 52 (41, 65) 63 (55, 72) 68 (62, 76) 76 (72, 80) 61 (56, 65) 62 (57, 64)

N (%) age 0–20 507 (3) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)

N (%) age 20–40 2991 (20) 6 (0) 0 (0) 0 (0) 0 (0) 0 (0)

N (%) age 40–60 6147 (41) 2291 (40) 331 (16) 0 (0) 348 (54) 70 (46)

N (%) age 60–80 4775 (32) 3098 (54) 1399 (68) 2085 (72) 294 (45) 80 (53)

N (%) age 80–100 438 (3) 311 (5) 274 (13) 683 (24) 6 (1) 2 (1)

N (%) sex female 6396 (43) 3033 (52) 1102 (54) 0 (0) 315 (45) 67 (44)

Race/Ethnicity*

  N (%) Asian 486 (3) N/A 250 (12) 85 (3) 648 (100) 152 (100)

N (%) black 913 (6) 514 (9) 571 (28) 99 (3) 0 0

  N (%) white 11390 (75) 4899 (85) 743 (36) 2638 (91) 0 0

  N (%) Hispanic N/A N/A 491 (24) N/A 0 0

  N (%) other 1845 (12) 380 (7) 0 (0) 76 (3) 0 0

Type cohort Sleep laboratory 
attended PSG

Community-
dwelling, 
home-recording

Community-
dwelling, 
home-recording

Community-
dwelling, 
home-recording

Community-
dwelling, 
home-recording

Community-
dwelling, 
home-recording

*MESA collected race “Chinese,” not “Asian.” MESA collected “Hispanic” as part of the race questionnaire. All KoGES participants lived in South Korea and identified 
as “Northeast Asian.”
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each expert rater chosen as the ground truth, other raters are 
evaluated against this reference, generating distinct operating 
points on the curve. Simultaneously, the model generates its own 
ROC curve based on predictions versus the same ground truth. 
This process is repeated for each expert as ground truth, thus 
collecting multiple sets of operating points and ROC curves. The 
EUC metric is then calculated by determining the proportion of 
these expert operating points that fall below the model’s respec-
tive ROC curves. This method effectively measures how often the 
model’s performance matches or exceeds the inter-expert agree-
ment levels across different comparisons.

Scorability model
The scorability model integrates information from the sleep data 
and the model output (but not the expert annotations) to gener-
ate a dimensionless score from −1 to 1 representing the expected 
agreement between the model and experts.

The scorability model used sleep features, signal features, as 
well as model output confidence features. Sleep features include 
metrics such as sleep efficiency, sleep fragmentation indices, 
and percentages of various sleep stages calculated from the 
model-predicted hypnogram. Signal features are computed from 
the EEG, EOG, Chin EMG, and respiratory effort signals, captur-
ing key parameters such as signal-to-noise ratio and abiological 
amplitude fluctuations. Additionally, power spectral densities are 
calculated within specific EEG frequency bands—delta, theta, 
alpha, and beta—to analyze brain activity relevant to different 
sleep stages. To represent the model’s confidence in its sleep stage 
classifications, we compute the entropy of the predicted sleep 
stage distributions.

The model employed an Elastic Net linear regression [41] 
approach, combining the penalties of both ridge and lasso regres-
sion to enhance model robustness and prevent overfitting. For 
training, the model used data from the single-scored KoGES 
PSGs, aiming to predict the Cohen’s Kappa statistic, a measure of 
interrater reliability between the model’s predictions and expert 
annotations. The training and evaluation process employed a 
10-fold nested cross-validation scheme, ensuring that predictions 
are made on independent, left-out samples. In each fold, optimal 
Elastic Net parameters, such as the regularization strength and 
the l1-ratio, are independently tuned on the validation subset of 
the training data to maximize model performance before eval-
uation on unseen test data [42, 43]. After the cross-validation 
process, a final model was trained using the same approach but 
incorporating all available training data. This final model was 
then applied to the triple-scored data, and the resulting model 
equation was reported.

Results
TL experiments
Figure 1 shows the interrater analysis results on the triple-scored 
KoGES PSGs (N = 152). The mean expert agreements (Cohen’s 
Kappa) were 0.60 (expert 1 vs expert 2), 0.64 (expert 1 vs expert 
3), and 0.61 (expert 2 vs expert 3). The base model showed sig-
nificantly lower mean agreement with experts compared to 
the expert–expert agreement (Cohen’s Kappa 0.52 vs 0.64). 
Calibration using 324 randomly selected single-scored KoGES 
PSGs (experiment 2) led to a model with similar performance 
to the experts. Fine-tuning experiments 3–6 resulted in models 

Figure 1.  Interrater analysis results on triple-scored KoGES PSGs (N = 152). (A) The agreement matrix depicts the agreement between pairs of two 
raters, quantified by mean Cohen’s Kappa (and 95% confidence interval). The raters include the three human experts, the base machine learning 
model before fine-tuning, and the five machine learning models from the fine-tuning experiments. (B) The distribution of Cohen’s Kappa across all 
participants. All raters (experts and models) are considered as “ground truth” in turn.
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with progressively higher model-expert agreement compared 
with expert–expert agreement. The 2-step fine-tuning approach 
(experiment 6) yielded the highest reliability values with 
model-expert agreements of 0.74 (expert 1), 0.72 (expert 2), and 
0.76 (expert 3).

In Figure 2 and Figure 3, we investigate the experiment-6 
model more closely. Figure 2 shows pairwise classwise agreement 
matrices. Figure 3A shows the distribution of Cohen’s Kappa as 
boxplots. Figure 3B shows ROC and PRC curve analyses. The mean 
ROC AUCs are between 0.84 (stage N1) and 0.96 (stages W and 
R), while mean PRC AUCs are between 0.24 (stage N1) and 0.91 
(stage W). Stagewise ROC and PRC experts-under-the-curve anal-
yses yielded values of 1, demonstrating that the model not only 
showed increased overall reliability compared to expert–expert 
agreement, but this was also true for every sleep stage both in the 
sensitivity-specificity trade-off (ROC) and in precision-sensitivity 
trade-off (PRC).

We observed similar performance when evaluating the alter-
native deep neural network architecture (CNN + LSTM), with 
results slightly lower than those of the graph neural network. 
The 95% confidence intervals for various performance metrics 
often overlapped. This indicates that the results are not due to 

a particular model architecture choice alone but reflect general 
deep learning behavior in sleep staging.

Scorability model
The final scorability model included 60 non-zero coefficients, 
with the most influential variables being the predicted sleep frag-
mentation index, entropy values for wake, N2, N3, and REM stage 
predictions, predicted REM latency, and the standard deviation of 
the EEG signal during the predicted wake. All signal modalities, 
including EEG and non-EEG signals such as EOG, Chin EMG, and 
respiratory effort, contributed to the model. All coefficients of the 
model are listed in Supplementary Material.

The cross-validation results showed that the explained variance 
(R-squared value) of the observed agreement between the model 
and experts (Cohen’s Kappa) by the scorability scores was R2 = 0.42 
(Figure 4A). The root mean squared error (RMSE) between observed 
and predicted Kappa values was 0.14. A sensitivity analysis, exclud-
ing any outliers outside the range of one and a half times the inter-
quartile range below the first quartile and above the third quartile 
(removing 32 outliers), resulted in R2 = 0.34 and RMSE = 0.14.

After applying this model to the triple-scored data, we plot-
ted agreement between raters versus the scorability scores per (3 

Figure 2.  Pairwise confusion matrices between experts and the best-performing transfer learning model (experiment 6). Raters in the rows are 
considered “ground truth” while raters in the columns represent “comparative evaluators.” Percentages indicate agreement with the ground truth per 
sleep stage. Numbers in parentheses show epochs per stage.
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data points for the three expert-expert agreements, 3 data points 
for model-expert agreements). We fit second-order linear regres-
sion models to both the expert-expert and model-expert data and 
observed significantly higher model-expert agreement compared 
to expert–expert agreement for scorability scores of 0.55 or higher, 

see Figure 4B, whereas confidence intervals overlapped for scora-
bility scores below 0.55. Together, the scorability results show 
that (1) the expected agreement between the model and experts 
can be inferred with moderately good accuracy from scorability 
scores and (2) for PSGs with scorability 0.55 or higher, the scoring 

Figure 3.  (A) Distribution of Cohen’s Kappa, depicted as boxplots with individual data points. (B) ROC and PRC curve analyses. Mean ROC AUCs range 
from 0.84 (stage N1) to 0.96 (stages W and R), while mean PRC AUCs range from 0.24 (stage N1) to 0.91 (stage W). Stagewise ROC and PRC experts-
under-the-curve analyses consistently yield values of 1, indicating the model’s significantly increased overall agreement compared to expert–expert 
agreement. This holds true for every sleep stage in both sensitivity-specificity tradeoff (ROC) and precision-sensitivity tradeoff (PRC).

Figure 4.  (A) The scorability model achieved an explained variance (R2) of 0.42 and a root mean squared error of 0.14 in predicting the agreement 
(Cohen’s Kappa) between the model and experts (N = 648 participants). (B) Agreement between experts and machine learning model stratified by 
scorability index for the triple-scored data (N = 152). Scatter plots show agreement (Cohen’s kappa) between pairs of experts (circles) and between the 
machine learning model and individual experts (diamonds) on the y-axis versus the scorability index on the x-axis for each PSG. Solid lines indicate 
quadratic fits for inter-expert agreement and model-expert agreement with 95% confidence intervals shaded. Recordings with scorability ≥ 0.55 
demonstrated significantly higher model-expert agreement than inter-expert agreement. The scorability index, combining automated EEG signal 
quality and model confidence assessments, accurately predicts the reliability of the model sleep staging. This enables quality control thresholds to 
determine which recordings have suitably high accuracy for clinical or research use. The figure highlights how targeted transfer learning allows deep 
neural networks to match or surpass human experts for automated sleep analysis on all signal- and model confidence levels.
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Figure 5.  Eight sample recordings from the triple-scored KoGES PSGs, including sleep stage annotations produced by the three experts and the 
experiment 6 machine learning model. The mean agreement between experts, model-expert agreement, and scorability scores are indicated at the 
top of each EEG spectrogram. The selected samples span the distribution of kappa values among experts, showcasing a spectrum of recordings with 
varying levels of scorabilty and agreement.

D
ow

nloaded from
 https://academ

ic.oup.com
/sleep/article/47/11/zsae202/7746624 by guest on 26 April 2026



Ganglberger et al.  |  9

produced by the machine learning model is expected to have a 
higher agreement with experts than experts have among them-
selves, whereas for recordings with scorability less than 0.55, 
there is no expected difference between model and expert agree-
ment. Further, scorability scores allow us to predict agreement 
between the model and experts for data not scored by any expert. 
For example, a scorability value of 0.55 predicts a mean kappa 
value of 0.71, while a scorability score of 0.80 predicts a mean 
kappa value of 0.76. As one increases the desired threshold (and 
therefore expected agreement), the proportion of recordings that 
lie above the threshold decreases (e.g. while 98% of the data lie 
above scorability 0.55, only 22% lie above 0.75). Scorability can 
therefore inform about the expected reliability of an automated 
sleep staging output and can help determine which data should 
be trusted in clinical practice or research analyses.

Figure 5 shows eight sample recordings as an EEG spectrogram 
and the accompanying expert and model sleep stage annotations.

Discussion
This study demonstrates the potential of strategically integrat-
ing pretrained deep neural networks with targeted TL to exceed 
human expert reliability in automated sleep staging on new, 
unseen data with different demographics and technical details 
compared to the training data of the base model. Our calibrated 
model not only matched but surpassed human interrater reli-
ability (based on assessments by three experts) across all sleep 
stages, as evidenced by Cohen’s Kappa and the areas under the 
ROC and PRC curves within our dataset. This result is particularly 
notable given the model’s initial underperformance with a new 
cohort that differed demographically and technically from the 
training data.

The practical implications of these findings are significant. 
Prior to this study, there was a wide consensus supported by 
substantial data that automated sleep staging could transform 
clinical settings by enhancing the efficiency, reproducibility, and 
accessibility of sleep diagnostics [44]. This technology is particu-
larly promising for remote sleep studies, where it could facilitate 
more accurate and efficient data analysis without the need for 
human expertise, which is in short supply.

Despite our initial model being trained on multiple large-scale 
cohorts, applying it “out of the box” to a new dataset with dif-
ferent demographics and recording technologies resulted in a 
lower agreement between the ML model and experts compared 
to expert–expert agreement. With the application of differ-
ent TL techniques, two key outcomes were observed: the mean 
ML-expert agreement surpassed the expert–expert agreement, 
indicating the model performed better than experts, and TL was 
more effective with a strategic choice of data type and increased 
data volume.

Therefore, our study adds nuance to the scientific and clinical 
aim of using automated tools established via machine learning in 
clinical practice. To ensure that a given ML model performs as well 
as trained experts, a similar approach to ours, involving both model 
fine-tuning (TL) and model evaluation (comparing model-expert 
agreement to expert-expert agreement), can be used. We ensured 
that these TL results were not only applicable to the primary archi-
tecture chosen (graph neural network) but also held true for more 
traditional deep learning architectures (CNN and LSTM).

The scorability model provides a method to predict the 
expected agreement between automated sleep staging systems 
and expert annotations using only the model output and sleep 
recording data, without needing prior expert scoring. Higher 

scorability indices, which suggest better signal quality and 
greater confidence in the model’s output, correlated with better 
agreement between the model and experts. This functionality is 
beneficial in clinical settings, as it allows for the assessment of 
the reliability and variability of model outputs before involving 
expert review. By enabling the identification of high-confidence 
recordings, the scorability model can help optimize the use of 
expert time and streamline clinical workflows.

Our study has some limitations. The space of deep learning 
architectures and TL strategies is vast. While we believe our 
experimental choices are reasonable, there are more parame-
ters to explore. Additionally, the current study’s cohort was rela-
tively homogeneous, collected in a single country using the same 
equipment. The TL results and scorability analysis need to be rep-
licated in more diverse datasets.

Future research should focus on expanding this technolo-
gy’s applicability to more diverse datasets and clinical settings. 
Investigating the reasons behind human scoring variability 
could also enhance the reliability of automated scoring systems. 
Additionally, examining the ethical and quality control consider-
ations of entirely automated sleep staging in clinical settings is 
essential as this technology advances.

In conclusion, the integration of pretrained deep neural net-
works and TL in our study produced an automated sleep stag-
ing system that surpasses human expert reliability. Moreover, we 
have demonstrated that model-expert agreement can be mod-
eled at least moderately well based on features from biosignals 
and model outputs. This advance holds promise for enhancing 
the research reproducibility, global accessibility of sleep diagnos-
tic tools, and usability in clinical practice, marking a significant 
step forward in the field of sleep medicine.

Supplementary material
Supplementary material is available at SLEEP online.
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