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Abstract 

Study Objectives:  To develop and validate a Complete Arti�cial Intelligence Sleep Report system (CAISR), a system for comprehensive 
automated sleep analysis, including sleep staging, arousal detection, apnea identi�cation, and limb movement analysis.

Methods:  We utilized a large diverse dataset from four cohorts (MGH, MESA, MrOS, SHHS) comprising 25,749 participants to develop 
CAISR. Following American Academy of Sleep Medicine (AASM) guidelines, CAISR performs four tasks: it stages sleep into �ve cate-
gories (Wake, NREM 1, NREM 2, NREM 3, REM), detects arousals, detects and classi�es breathing events (Obstructive Apnea, Central 
Apnea, Mixed Apnea, Hypopnea, and RERA), and detects limb movements and categorizes them as periodic or isolated. We tested 
CAISR against multiple datasets independently annotated by multiple experts, including UPenn (69 subjects, 6 experts), BITS (98 sub-
jects, 3 experts), and Stanford (100 subjects, three experts). Sleep staging and arousal detection were accomplished using customized 
deep neural networks, while breathing event detection and classi�cation and limb movement analysis were accomplished using rule-
based signal processing approaches. We quanti�ed CAISR performance with three metrics: Cohen’s Kappa, area under the receiver 
operating characteristic curve (AUROC), and area under the precision-recall curve (AUPRC). To determine whether CAISR performed 
on par with human experts, we compared expert inter-rater reliability (IRR) with algorithm-expert IRR.

Results:  The CAISR model showed strong overall performance across the four tasks: sleep staging, arousal detection, apnea detec-
tion, and limb movement detection. In sleep staging, the model achieved AUROC values ranging from 0.82 to 0.97 and AUPRC values 
between 0.63 and 0.90 across the BITS, Stanford, and Penn datasets, indicating high classi�cation accuracy. The Kappa agreement 
analysis showed that in the BITS and Stanford datasets, CAISR outperformed human experts, with non-overlapping con�dence inter-
vals indicating superiority (Kappa values around 0.7 to 0.8 for CAISR vs. experts). In the Penn dataset, the model’s performance was 
comparable to experts, with overlapping con�dence intervals suggesting non-inferiority. For arousal detection, the model maintained 
reliable performance, with AUROC values ranging from 0.83 to 0.94 and AUPRC values from 0.67 to 0.85, and Kappa analysis show-
ing overlapping con�dence intervals, indicating comparable performance to experts in both the BITS and Stanford datasets (Kappa 
values for CAISR around 0.6 to 0.75). In apnea detection, including the detection of obstructive, central, and mixed apnea, the CAISR 
model achieved competitive results in the BITS dataset with AUROC values between 0.81 and 0.95 and AUPRC values between 0.58 and 
0.82, but in the Stanford dataset, it underperformed compared to human experts, as shown by non-overlapping con�dence intervals 
and lower Kappa values (around 0.55 to 0.65). Finally, in limb movement detection, the model demonstrated superior performance 
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in the BITS dataset, with AUROC values of 0.9 to 0.96 and AUPRC values between 0.75 and 0.85, and Kappa analysis indicating signif-
icantly higher reliability compared to experts (CAISR Kappa around 0.8, with non-overlapping con�dence intervals). In the Stanford 
dataset, CAISR’s performance was comparable to experts, with overlapping con�dence intervals suggesting non-inferiority (Kappa 
values around 0.65 to 0.7). Overall, the CAISR model consistently exhibited high classi�cation performance and reliability across tasks, 
often matching or surpassing expert-level performance, with particularly strong results in sleep staging and limb detection.

Conclusions:  The CAISR model demonstrated high classi�cation accuracy and reliability across sleep staging, arousal, apnea, and 
limb movement detection tasks, matching or surpassing human expert performance. Human errors and systematic biases in the 
annotation of micro-events during sleep, such as arousal and apnea detection, likely contributed to variability in expert performance, 
while the CAISR model showed more consistent results, reducing the impact of these biases and increasing overall reliability across 
task.

Key words: sleep staging; arousal detection; apnea detection; limb movement; inter-rater reliability; deep learning; transfer learning; 
rule-based model; few-shot learning

Graphical Abstract 

Statement of signi�cance

 CAISR represents a clinically significant milestone in sleep analysis, demonstrating an automated system that performs 
at or above the level of human experts across all tasks in conventional clinical polysomnography analysis. This represents 
the first model to comprehensively match or outperform human review across sleep staging, arousal detection, 
apnea identification, and limb movement analysis. CAISR has the potential to standardize sleep scoring across institutions could lead 
to more consistent patient care and accelerate sleep research by providing a reliable, scalable tool for large-scale data analysis.

Introduction

Sleep is a vital biological process for maintaining health [1–4]. 
Sleep plays numerous health-restorative functions, including 
memory consolidation, immune system regulation, and hormo-
nal regulation [5–7]. Analysis of sleep physiological signals is 
essential for diagnosing and managing a range of medical condi-
tions, including sleep disorders, neurological diseases, and men-
tal health disorders [1, 8–10].

The conventional clinical approach to sleep analysis 
involves manual examination by technician or physician 
experts of polysomnography (PSG) recordings, which include 

electroencephalography (EEG), electrooculography (EOG), elec-
trocardiography (ECG), electromyography (EMG), and respiratory 
signals [11, 12]. Conventional PSG analysis includes four tasks: 
Sleep staging (classifying each 30-second epoch Wake, N1, N2, N3, 
or REM) [11, 13]; detecting the onset and offset times of arous-
als (brief awakenings or shifts to lighter sleep stages); detecting 
and classifying �ve types of breathing disturbances (obstructive 
apnea, central apnea, mixed apnea, hypopnea, and respiratory 
effort-related arousal [RERA]); and detecting and classifying limb 
movements and limb-movement patterns (periodic limb move-
ments [PLMs] vs. isolated limb movements). Detailed rules for 
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scoring each of these tasks are provided in scoring guidelines 
from the American Academy of Sleep Medicine (AASM) [14, 15].

However, manual PSG scoring has signi�cant limitations. 
Scoring is labor-intensive, requiring about 2 hours to score a typi-
cal overnight PSG recording [16, 17]. This creates an access bottle-
neck, as the demand for sleep studies outstrips the availability of 
trained sleep specialists and clinics. Manual scoring is also prone 
to inter- and intra-rater variability, leading to inconsistencies in 
diagnosis and treatment recommendations [18–20]. These also 
impede the development and clinical application of novel auto-
mated methods that require accurate event labels as training 
data. These challenges highlight the need for reliable automated 
scoring methods that can increase ef�ciency and consistency, 
and expand access to sleep diagnostics [21–24].

Automated systems have the potential to standardize sleep 
analysis across institutions, reduce healthcare costs, and improve 
patient care by providing more timely and accurate sleep assess-
ments [25–27]. Previous studies on automated sleep analysis, uti-
lizing a range of models, have demonstrated high accuracy on 
isolated tasks on selected datasets but have not integrated all 
tasks into a single system [16, 22, 28, 29]. MSED [30] proposed 
a multi-task model for detecting arousal, limb movement, and 
apnea. However, their approach for apnea detection was limited 
to a binary classi�cation, focusing solely on detecting apnea and 
hypopnea, without incorporating respiratory events, including 
various clinically meaningful phenotypes, such as obstructive, 
central, mixed apnea, hypopnea, and respiratory effort-related 
arousals (RERAs). Additionally, MSED did not integrate sleep stag-
ing into its system. The model was trained and validated using 
the all-male MrOS dataset, which may limit its generalizability 
to broader clinical populations. Here, we present the Complete 
Arti�cial Intelligence Sleep Report (CAISR) system, incorporating 
sleep staging, arousal detection, apnea identi�cation, and limb 
movement analysis in one uni�ed system (Figure 1) trained on 
a considerably larger/diverse dataset. We rigorously evaluate 
CAISR against multiple large, independently annotated datasets, 
demonstrating its ability to achieve and surpass expert-level 
accuracy in comprehensive sleep analysis. This comprehensive 
approach is a major step forward in automating sleep diagnostics.

Methods

Ethical approval
This retrospective data analysis study was conducted under IRB 
protocol number (BIDMC: # 2016P000058, MGH: # 2013P001024), 
with the MGH and BIDMC IRBs granting a waiver of consent.

Datasets
CAISR was developed and evaluated using PSG records from 
26,048 participants from 7 independent datasets. Unless other-
wise noted, the PSGs contained at minimum the following sig-
nals: Two EEG, two EOG (E1-M2, E2-M1), one chin EMG, thoracic 
and abdominal inductance plethysmography effort belts, nasal 
pressure, thermistor, oxygen saturation, leg EMG, and electro-
cardiogram (ECG). Except where otherwise noted (MGH dataset 
whereas it is scored with the 4% hypopnea rule), all data were 
scored according to the AASM criteria in effect at the time the 
study was conducted, as the manual scoring guidelines have 
evolved over time [31]; sleep stages were scored for consecutive 
30-second epochs into classes (Wake (W), N1, N2, N3, R); respira-
tory events were marked with the beginning and end of each
event and categorized (obstructive apnea, central apnea, mixed

apnea, hypopnea, respiratory-effort-related arousal [RERA]); 
arousal events and limb movement events were marked with 
the beginning and end of each event. Hypopneas were scored per 
AASM recommendations, that is, a hypopnea event must meet 
a ≥ 3% oxygen desaturation from pre-event baseline and/or the 
event is associated with an arousal. Details of the eight datasets 
used in this study are as follows.

1. The “MGH” cohort comprises 15,003 PSG recordings from
15,003 patients recorded in the Massachusetts General
Hospital (MGH) sleep laboratory. Each recording was scored 
by one of seven sleep technicians and subsequently edited
by a sleep physician as considered needed [32]. The alter-
native AASM-accepted de�nition of hypopneas was used
for scoring, that is, hypopneas need to meet a ≥ 4% oxygen
desaturation from pre-event baseline.

2. The Sleep Heart Health Study (SHHS) is a multi-center
cohort study investigating the health consequences of
sleep-disordered breathing. A total of 6,441 men and
women aged 40 years and older were enrolled between
November 1, 1995, and January 31, 1998 (“Visit 1”). A second 
polysomnogram (“Visit 2”) was obtained from 3,295 partici-
pants [33] between January 2001—June 2003. Each PSG was
scored by one sleep technician. The PSGs do not contain
nasal pressure signals. Of the 6441 total SHHS participants, 
we included data from the 5793 who opted to make their
data available.

3.	 The Multi-Ethnic Study of Atherosclerosis (MESA) includes
6,814 men and women from diverse racial/ethnic back-
grounds. The MESA Sleep ancillary study, conducted
between 2010 and 2013, included one PSG recording from
2,055 individuals [34, 35]. Each PSG was scored by one sleep 
technician.

4. The Osteoporotic Fractures in Men (MrOS) Sleep Study
includes 2,898 participants who underwent in-home PSG
between 2003 and 2005 [36]. Each PSG was scored by one
sleep technician.

5. The Beth Israel Triple Scored (BITS) cohort consists of 98
PSG recordings from 98 subjects evaluated at the Beth
Israel Deaconess Medical Center (BIDMC) sleep laboratory.
All data were independently scored by three experienced
sleep-scoring technicians from the BIDMC sleep laboratory.

6. The UPenn Data cohort comprises 69 research PSGs from
69 individuals, conducted in clinical sleep lab settings [37]. 
Each PSG was independently sleep-staged by seven sleep
technicians from three different sleep labs (University of
Pennsylvania, St. Luke’s Hospital, Stanford University). For
this dataset, only sleep staging annotations were available.

7. The Stanford dataset consists of 100 PSG recordings from
100 individuals from the Stanford sleep lab. Each PSG was
independently scored for all sleep event types (sleep stag-
ing, arousal, apnea events, and limb movements) by three
sleep technicians.

Table 1 summarizes each dataset. The datasets are categorized 
based on the number of independent scorers (single-scored vs 
multi-scored) and by which event types are scored (sleep stages, 
arousals, breathing events, limb movements). Single-scored 
PSGs, annotated by a single rater, include sleep staging (MGH, 
SHHS, MrOS, MESA); arousals (MGH, MrOS, MESA); apnea (MGH, 
MESA, MrOS); and limb movements (MGH). Multi-scored data-
sets, where PSG data were independently annotated by multiple 
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raters, include sleep staging (UPenn, BITS, Stanford), arousals 
(BITS, Stanford), breathing (BITS, Stanford), and limb move-
ment (BITS, Stanford) datasets. Please note that the validation  
datasets (BITS, Stanford, MGH) used six EEG channels (C3, C4, F3, 
F4, O1, O2), which provide at least three EEG leads (frontal, cen-
tral, and occipital) for human experts to classify sleep stages. The 
extra channels, such as frontal and occipital EEG leads in BITS, 
MGH, and Stanford datasets, are utilized when available. For the 

sleep staging task, we used C3-M2 and C4-M1, but these chan-
nels can be randomly selected from the available EEG channels. 
For the arousal task, we randomly chose two EEG channels from 
the available options for model training and evaluation. Similarly, 
for other modalities such as EOG and EMG, we selected channels 
based on availability while ensuring consistency across datasets. 
The MGH, BITS, and Stanford datasets are accessible through The 
Human Sleep Project (HSP) at https://bdsp.io/content/hsp/2.0/. 

Figure 1.  Work�ow of the Complete Arti�cial Intelligence Sleep Report System (CAISR). This �gure illustrates the comprehensive operational process 
of CAISR. The system integrates various physiological sleep signals, including EEG, EOG, EMG, and respiratory signals, to perform sleep staging, arousal 
detection, apnea identi�cation, and limb movement analysis. The �owchart highlights the data processing pipeline, starting from raw PSG data input, 
through preprocessing and feature extraction, to the application of deep neural networks and rule-based algorithms. CAISR’s predictions are then 
validated against expert (gold) and super-expert (platinum) annotations, ensuring robust performance across diverse datasets.
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MESA, MrOS, and SHHS datasets can be accessed via The National 
Sleep Research Resource (NSRR) website [38].

Event labels for model training: single-expert 
labels and enhanced labels
Labels from single-scored datasets were used for training models. 
Here, we describe the training labels for each task. All labels were 
de�ned based on American Academy of Sleep Medicine (AASM) 
guidelines [39].

Sleep staging.

 Thirty-second nonoverlapping epochs of PSG recordings were 
assigned one of 5 mutually exclusive stage labels: W, N1, N2, N3, 
REM. Labels for model training came from single-scored datasets 
and were used as-is; no efforts were made to correct errors in 
data labels.

Arousal detection.

Arousal detection involves identifying the beginning and end 
of each arousal event. We identi�ed systematic inaccuracies 
in the positions and durations of manually scored arousal 
events, attributable to standardized event lengths and mis-
placement of event windows due to the use of “hot keys” in 
conventional sleep scoring software. Additionally, the percent-
age of apneas with related arousals reached percentages as 

low as 45% for certain datasets suggesting a systematic ten-
dency to omit scoring of arousals when paired with apneas. To 
improve label quality for model training, we developed a label- 
adjustment procedure, described in the Supplemental Material. 
Label adjustment was used only to enhance model training 
data; it was not applied to testing data.

Respiratory event detection and classi�cation.

 Respiratory events included obstructive apneas, central apneas, 
mixed apneas, hypopneas, and RERAs. This is both a detection 
task (identifying the beginning and end of each event) and a clas-
si�cation task (identifying the type of event). In the MGH dataset, 
hypopneas were scored according to the 4% desaturation rule. 
Following a recent update to AASM criteria, hypopneas meeting 
the 3% desaturation or arousal criteria were additionally identi-
�ed using an automated method [40]. Scored RERA events that 
overlapped with these newly added 3% desaturation arousal 
hypopneas were subsequently reclassi�ed as hypopneas per 
AASM scoring guidelines. Labels from the MESA, MROS, and SHHS 
datasets remained unchanged.

Limb movement event detection.

For limb movement detection, we identi�ed the start and end 
points of all limb movements and then classi�ed them as isolated 
or periodic limb movements based on AASM scoring guidelines. 

Table 1.  Baseline demographics

MGH SHHS MrOS MESA BITS PENN Stanford

 �N subjects 15003 5793 2898 2055 98 69 100

 �Age (Mean, std) (52, 17) (63, 11) (76, 5) (69, 9) (55, 17) (51, 4) (43, 18)

 �Age 95% CI (18, 81) (42, 83) (68, 88) (56, 88) (23, 83) (41, 58) (40, 47)

  � Sex (% Female) 43 52 0 54 36 100 48

 �Race (White %) 76 85 91 36 32 54 54

Race (Black or 
African American %)

6 9 3 28 4 46 4

 �Race (Asian %) 3 - 3 12 2 - 17

 �Race (Other %) 12 7 3 24 - - 17

   �   Race 
(Unavailable 
%)

3 - - - 61 - 8

 �Type cohort Sleep 
laboratory, 
attended 
PSG

Community-
dwelling, 
home-
recording

Community-
dwelling, 
home-
recording

Community-
dwelling, 
home-
recording

Sleep 
laboratory, 
attended PSG

Sleep 
laboratory, 
attended PSG

Sleep 
laboratory, 
attended 
PSG

  �  N raters 1 1 1 1 3 6 3

  �N EEG Channels 6 2 2 2 6 2 6

  �  Epworth 
Sleepiness Scale 
(Mean, SD)

- - - - 8.1 (5.2) 8.3 (5.5) -

ICD-based 
comorbidities (% of 
subjects)

BITS
Sleep Disorders: 90%, Neuropsychiatric Disorders: 33%, Respiratory Conditions: 12%, Cardiovascular Conditions: 

62%, Endocrine/Metabolic Conditions: 24%, Neurodegenerative Disorders: 14%, Other Neurological Conditions: 
35%, Headache & Migraine Disorders: 12%

Stanford
Sleep Disorders: 98%, Neuropsychiatric Disorders: 29%, Respiratory Conditions: 5%, Cardiovascular Conditions: 29%, 

Endocrine/Metabolic Conditions: 13%, Neurodegenerative Disorders: 15%, Other Neurological Conditions: 46%, 
Headache & Migraine Disorders: 19%, Cognitive Disorders: 6%, Cerebrovascular Disorders: 3%, Neuromuscular 
Disorders: 7%

Seizure & Epileptic Disorders: 5%

*MESA collected race “Chinese,” not “Asian.” MESA collected “Hispanic” as part of race questionnaire.
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This is a detection task, as it involves identifying the beginning 
and end of each event.

Labels for model evaluation: single-expert, multi-
expert, and platinum labels
In cases where human scorers exhibit systematic biases, algo-
rithms that exceed human performance can paradoxically 
appear to perform poorly relative to human experts taken as the 
gold standard. Several factors can compromise the quality of 
sleep data labels, including systematic bias among raters trained 
within the same institution, scoring fatigue, and random varia-
tion in scoring behavior between raters [41]. To address this, we 
created “platinum” labels for each scoring task. Platinum labeling 
is labor intensive; thus, it was feasible to create platinum labels 
only for one of the testing datasets: the BITS dataset. BITS was 
chosen because it had comprehensive labels for all tasks from 
multiple (3) experienced experts, allowing comparison of experts 
and algorithms to platinum labels. Examples of arousals, respira-
tory events, and limb movement that were added to the platinum 
labels are shown in Supplementary Figures S15, S16, and S17 in 
the Supplemental Material, respectively.

Exhaustive platinum labeling was done for arousals, breathing, 
and limb movement events. This was done by members of the 
research team performing multiple manual and visual labeling 
rounds with multiple quality checks. Arousals were reviewed by 
four members of the research team (EJM, SN, MBW, RJT). Breathing 
events were reviewed by three members of the research team (TN, 
MBW, RJT). Limb movement events were reviewed by three mem-
bers of research team (SN, MBW, RJT).

Signal preprocessing
All PSG recordings were resampled to a uniform sampling fre-
quency (fs) of 200 Hz using polyphase �ltering [22]. Further pre-
processing operations speci�c to each analysis task are explained 
in the Supplemental Material.

Model training
Model architecture selection

. The literature was reviewed to select promising candidate 
model architectures [21, 22, 24, 40, 42–44]. The selected models 
were trained from scratch to identify the most promising model 
architecture for further development and inclusion in CAISR. PSG 
recordings from 8000 individuals from the MGH dataset [32] were 
divided into training, validation, and test sets consisting of PSG 
recordings from 5000, 1500, and 1500 distinct individuals, respec-
tively. The held-out testing PSGs were employed to select the 
top-performing model. The best-performing model was selected 
for further development.

Training of the selected model architecture was conducted 
using four single-scored datasets: MGH, SHHS, MrOS, and MESA, 
comprising 25,749 PSGs from 25,749 individuals. Each dataset 
was divided into training (at least 70%), validation (up to 15%), 
and testing (up to 15%) subsets, on a per-subject basis (Figure S1 
in the Supplemental Material). The training subsets were used 
to train the models, while the validation subsets were employed 
to monitor performance throughout training. The datasets rep-
resent a diverse spectrum of people, including healthy individu-
als, patients with sleep-related and non-sleep-related disorders, 
men and women, and individuals from diverse age groups, BMI 
ranges, and ethnic backgrounds. Collected over several decades, 
primarily in the United States, these datasets were gathered from 
various geographical locations and used different hardware, sam-
pling rates, and �lters.

We employed the following techniques to develop models for 
the various sleep analysis tasks. Detailed information on model 
architectures, training procedures, and algorithms is provided in 
the Supplemental Material.

Sleep staging.

After evaluating candidate model architectures, 
ProductGraphSleepNet [21] was selected for further devel-
opment. This model combines several components: Spatial 
Attention (SpAtt), Product Graph Learning (PGL), Attentive Graph 
Convolutional Network (AGC), Bidirectional Gated Recurrent Unit 
(BiGRU), Graph-wise Attention (GwAT), and a fully connected 
layer. The model takes two EEG channels as inputs, such as C3-M2 
and C4-M1, Cz-Oz, or any other two available EEG channels, one 
electrooculogram (EOG, E1-M2), chin electromyogram (EMG), 
abdominal and thoracic respiratory effort, and electrocardiogram 
(ECG).

Arousal detection.

For arousal detection, we developed ArousalNet (A-Net), inspired 
by U-Sleep [22] but with expanded input channels and other 
minor changes for enhanced generalizability. The training uti-
lized a novel batch selection approach to ensure a balanced rep-
resentation of sleep stages and arousal events.

Respiratory event detection.

A rule-based model was developed based on AASM scoring guide-
lines. The model’s hyperparameters were �ne-tuned using ran-
dom search.

Limb movement detection.

The CAISR-PLM automatic detector was adapted from the Ferri 
model [42, 45], which was developed based on AASM rules. Our 
limb movement detection algorithm, named CAISR-PLM, is a rule-
based model that uses unsupervised techniques. This means that 
CAISR-PLM operates purely based on prede�ned rules (the ASSM 
rule) and does not involve any learning process. Since there are 
no parameters to adjust through training, and no loss function to 
optimize, it is entirely rule-based and does not require training 
on data. Unlike the original Ferri model, CAISR-PLM incorporates 
Variable Amplitude Thresholding (VAT) to address signal quality 
issues [46].

Model evaluation
The three multi-scored datasets (UPenn, BITS, and Stanford) 
were used for model evaluation; no data from these sources were 
involved in model building, training, or hyperparameter selection. 
These datasets enabled the estimation of CAISR’s generalizability 
to new clinical cohorts. Inter-rater reliability (IRR) analysis was 
conducted by comparing CAISR to human experts.

Model calibration (“�ne-tuning”)
Model performance can suffer at test time due to differences in 
the nature of the data or scoring procedures used in a particu-
lar test dataset [47]. We applied this approach only to the BITS 
dataset, as the model’s performance matched or outperformed 
human raters for the other datasets. For the UPenn and Stanford 
datasets, we used the model as is, as its performance was com-
parable to or exceeded that of the human raters. The BITS data-
set was the only one where the model’s performance was lower 
than that of the human raters. Fine-tuning addresses this chal-
lenge by allowing a model trained on a broad dataset to adjust 
to the speci�c characteristics of new data [48–50]. This approach 
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requires fewer labeled examples and less computational effort 
than training a new model from scratch. We developed a model 
of a calibration process involving selective adjustment through 
transfer learning utilizing half of the testing dataset, followed by 
testing on the remaining half. This process included �ne-tuning 
speci�c layers, implementing a majority voting mechanism, and 
hyperparameter tuning. Details are provided in the Supplemental 
Material.

Performance evaluation: event-level and 
aggregated metrics
Event classi�cation metrics.

We used two approaches to evaluate model performance: sample- 
based and event-based evaluations. The sample-based 
approach treats every data point at the original sampling 
frequency as possessing a label. The event-based approach 
groups contiguous samples into single events. For instance, a  
10-second apnea event is treated not as multiple individ-
ual samples but as one event. The analysis then focuses on
whether events overlap between different raters. In our anal-
ysis, we consider any overlap as a true positive. This means
that for a given predicted event, if it exhibits any degree of
overlap with a true event, it is classi�ed as a true positive. This
approach is more lenient compared to stricter criteria where a
higher Intersection over Union (IoU) threshold is required for a
prediction to be considered a true positive. By considering any
overlap, we aim to capture all potential true events, which can
be particularly useful in scenarios where even partial detection 
of an event is valuable. This method may increase the sensi-
tivity of the detection system, ensuring that fewer true events
are missed, although it may also result in a higher number of
false positives depending on the context and application. True
negatives in this approach are de�ned by the average duration
observed for such events. The main text reports result from
event-based evaluations. Sample-based evaluation results are
provided in the Supplemental Material.

To assess model performance, we employed the following 
event-level performance metrics, which focus on the detection 
and classi�cation of individual events such as respiratory events, 
arousal events, or sleep stage classi�cations every 30 seconds, as 
opposed to aggregate metrics, which summarize statistics across 
an entire night:

• Confusion matrix: Quanti�es how well two raters agree
when classifying events. For PSG data scored by multiple
human experts, we also use confusion matrices to com-
pare model-expert agreement against inter-expert agree-
ment [48–50]. Please note that similar to any overlap was
considered a true positive.

• Cohen’s κ: Quanti�es the level of agreement between two
raters, while accounting for the possibility of chance agree-
ment. We calculate κ both among all pairs of experts and
between each expert and the model outputs [51–54].

• Receiver operating characteristic (ROC) curves and
precision-recall curves (PR): Quantify the ability of a model 
to discriminate between classes. We compute ROC and PR
curves for each expert’s scoring regarded as ground truth.
We also calculate “Experts Under the Curve (EUC)”: The
percentage of experts’ ROC or PR operating points that
fall below the model’s curve. EUC measures the degree to
which a model matches or exceeds expert performance
[55–57].

Aggregate metrics.

We also use aggregate metrics, including the arousal index, 
apnea-hypopnea index (AHI), and limb movement index, which 
summarize the frequency of speci�c events (events per hour of 
sleep). These metrics count the number of events, regardless 
of their timing or duration, and are not event-level measures. 
These aggregated measures are evaluated using the intraclass 
correlation coef�cient (ICC) between experts with experts and 
between experts with algorithm. Additionally, we conducted 
a Bland-Altman analysis to evaluate the agreement between 
CAISR and expert annotations across different datasets. This 
method assesses systematic bias by comparing the mean differ-
ence between CAISR and expert annotations against their aver-
age values. It helps identify potential over- or underestimation of 
event counts by the model and highlights variations in agreement 
across different event types.

Statistical analysis
To estimate the precision of both event-level and aggregate per-
formance metric measurements, we calculated 95% con�dence 
intervals (CIs) using 10,000 rounds of bootstrapping. We employed 
the following criteria to summarize the performance of CAISR 
compared to expert raters:

• Superiority: The entire 95% CI of the algorithm-expert
metric exceeds that of the expert-expert metric.

• Equivalence (Non-inferiority): The 95% CI of the algorithm- 
expert metric overlaps with that of the expert-expert
metric.

• Inferiority: The entire 95% CI of the algorithm-expert met-
ric lies below that of the expert-expert metric.

Results

Overall performance
Figure 2 summarizes overall agreement results between CAISR 
and human scorers across cohorts and tasks.

For sleep staging (Figure 2A), the median agreement with 
experts exceeded 0.8 for single-scored datasets. CAISR outper-
formed experts across all multi-scored datasets and demon-
strated higher agreement than two experts on the BITS dataset, 
matching the level of another rater in that dataset.

For arousal detection (Figure 2B), CAISR’s ICC ranged between 
0.6 and 0.72 for single-scored datasets. On the BITS multi-scored 
data, algorithm-expert agreement was below expert-expert 
agreement, while CAISR exceeded experts when judged against 
the platinum-standard, suggesting that experts achieve high 
agreement in part because of systematic errors which CAISR does 
not share. The performance of CAISR on arousal detection for the 
Stanford multi-scored dataset was comparable to human experts.

For respiratory event detection, CAISR’s ICC on the apnea- 
hypopnea index (Figure 2C) ranged between 0.68 and 0.89 for 
single-scored datasets, matched or exceeded experts on the BITS 
multi-scored dataset, and on the Stanford multi-scored data was 
comparable to one expert and inferior to two.

For limb movement detection (Figure 2D), CAISR had an ICC 
of 0.36 for single-scored datasets and showed varying levels of 
agreement with experts on the BITS and Stanford datasets, with 
κ values ranged from 0.40 to 0.52, compared to an inter-expert 
agreement of 0.87 for the BITS dataset and 0.76 for the Stanford 
dataset. When evaluated against the platinum labels, CAISR 
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Figure 2.  Summary of CAISR results across all cohorts and tasks (A) Kappa for CAISR sleep staging across all cohorts, showing the distribution 
for each subject within each cohort. Boxplots depict data distribution, with boxes extending from the �rst (Q1) to the third quartile (Q3), a median 
line, whiskers up to 1.5x the interquartile range (IQR), and �iers beyond the whiskers. (B) CAISR results across all cohorts, detailing performance 
in detecting arousal events (C) CAISR results across all cohorts for detecting apnea events (D) CAISR results across all cohorts for detecting limb 
movements. Bar plots show median ICC values with 95% con�dence intervals, comparing CAISR performance against experts. The hatched-�lled bars 
represent results against the platinum labels.
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signi�cantly outperformed the experts, achieving a κ of 0.89, 
while median expert-platinum agreement is 0.41. This indicates 
that CAISR is more accurate in detecting limb movements, while 
the expert agreement is in�uenced by systematic errors that 
CAISR overcomes.

To assess the impact of participant covariates (e.g. age, sex, 
and clinical indicators) on model performance, we conducted 
separate univariate ordinary least-squares regression analyses. 
We categorized ICD codes into clinically relevant groups (e.g. cer-
ebral degeneration, headache disorders) based on our classi�ca-
tion schema (see Table S1 in the Supplemental Material). In each 
model, the mean Cohen’s kappa (expert-agreement score) served 
as the dependent variable, while each covariate (plus an inter-
cept) was included as a predictor. This analysis was performed 
across four tasks (stage, respiration, arousal, limb) and multiple 
cohorts (BITS, Penn, Stanford). To correct for multiple compari-
sons, we applied the Benjamini–Hochberg procedure to control 
the false discovery rate, considering adjusted p-values < 0.05 sta-
tistically signi�cant. Out of the 78 regressions performed (four 
tasks × cohorts × covariates), 12 exhibited a nominally signi�cant 
p-value before correction. However, after applying the Benjamini–
Hochberg procedure, only �ve comparisons remained signi�-
cant. Notably, age showed a small but statistically signi�cant
positive association (corrected p < 0.05) with model performance
(respiratory-event classi�cation) in both the BITS and Stanford
cohorts, as well as with arousal classi�cation in the BITS cohort.
In the Stanford data, cardiovascular conditions and diabetes
were additional signi�cant covariates. The corresponding coef�-
cients were modest in magnitude (e.g. 0.002–0.005 for age, 0.13
and 0.19 for cardiovascular and diabetic conditions respectively), 
and the R2 values for these regressions did not exceed 0.21. All
other covariates, including sex, Epworth sleepiness scale (ESS),
and various clinical indicators, failed to reach signi�cance once
multiple-testing corrections were applied. Overall, these results
suggest that although certain participant characteristics (espe-
cially age) may in�uence model performance, the strength of
these effects is relatively small. All results are reported in Table 2. 
Strati�ed analyses revealed three key deviations: (i) respiratory- 
event κ was lower in the youngest age tertile at Stanford, (ii) res-
piratory performance was modestly reduced in females within
the Stanford cohort, and (iii) sleep-staging κ was higher in Black
compared to White participants in the UPenn cohort. All other
strata—age, Epworth Sleepiness Scale (ESS), sex, race, and comor-
bidities—showed no signi�cant differences, highlighting the mod-
el’s overall robustness across diverse demographic and clinical
groups (see Tables S2–S6 in the Supplementary Material).

Detailed performance evaluation on multi-scored 
datasets
Sleep staging.

Figures 3 presents inter-rater reliability analysis (IRR) results of 
CAISR sleep staging on the UPenn, Stanford, and BITS datasets, 
compared to human experts. The top section shows ROC and 
PR curves, with CAISR achieving AUC-ROC values ranging from 
0.82 to 0.97 and AUC-PR values between 0.63 and 0.9. The bottom 
section shows a bar plot summarizing the median κ agreement: 
the blue bars represent the median Kappa agreement between 
rater pairs across different sleep stage, while the black bars rep-
resent the median Kappa agreement between CAISR and each 
human scorer. 95% con�dence intervals were calculated using 
10,000 bootstrap samples. On all datasets, CAISR outperformed 
experts (CAISR ≥ Experts). The heatmaps of Cohen’s κ values 

(Figures S2A, S3A, and S4A in the Supplementary Material) show 
substantial agreement between CAISR and experts, with κ val-
ues ranging from 0.66 to 0.91 across datasets, similar to experts’ 
agreement with each other. Box plots (Figures S2B, S3B, and S4B 
in the Supplementary Material) highlight CAISR’s narrower dis-
tribution of κ values, underscoring the model’s reliability, while 
the experts display more variability. The ROC and precision-recall 
curves (Supplementary Figures S2C, S3C, and S4C) for different 
sleep stages (Wake, REM, N1, N2, N3) reveal CAISR’s high AUC val-
ues (ranging from 0.82 to 0.99) and AUC-PR values (from 0.39 to 
0.97), along with high EUC values, indicating excellent accuracy 
and reliability.

Arousal detection.

Figure 4 presents IRR results for arousal event detection, overall 
and strati�ed by sleep stage. The top section shows ROC and PR 
curves across sleep stages for the BITS and Stanford multi-scored 
datasets. The bottom section shows a bar plot for the median 
agreement (κ) between CAISR and experts. In both datasets, the 
performance of CAISR and experts is comparable (AI ~ Experts). 
These �ndings indicate that CAISR performs similarly to human 
experts in detecting arousal events, across sleep stages and data-
sets. Supplementary Figures S5 (BITS Cohort) and S6 (Stanford 
Cohort) in the supplementary material present the detailed IRR 
analysis of the CAISR arousal detection model compared to mul-
tiple human experts across two datasets. In Panels S5A and S6A, 
the distributions of Cohen’s κ values across subjects show that 
the agreement between the platinum label and CAISR of 0.78 
[0.56, 0.91] matching the expert—platinum label performance 
range of 0.76-0.79 for the BITS dataset. The Cohen’s κ values for 
expert-CAISR and expert-expert comparisons on the Stanford 
Cohort are overlapping with the respective ranges of 0.61-0.67 
and 0.63-0.77. Panels S5B and S6B show the subject-wise Cohen’s 
κ distributions, with CAISR outperforming experts when com-
pared to the platinum labels on the BITS cohort and showing 
on-par performance on the Stanford Cohort. Panels S5C and S6C 
show the ROC and PR curves per Sleep stage for arousal detection, 
displaying an area under the curve ranging from 0.96-0.98 in the 
ROC curves and 0.74–0.88 for the PRC curves of the BITS Cohort. 
The area under the curve for the Stanford cohort ranged respec-
tively from 0.81–0.98 and 0.48–0.82, all displaying comparable 
performance between CAISR and the experts. Panels S5D and 
S6D show the intra-class correlation coef�cient for the Arousal 
index. S5D shows a higher platinum label—expert agreement. 
The platinum-CAISR agreement of 0.92 [0.85,0.92] overlaps with 
the platinum-expert range of 0.81–0.94 for the BITS Cohort. For 
the Stanford Cohort, expert-CAISR performance (0.61–0.72) over-
laps with expert–expert performance (0.62–0.68).

Supplementary Figure S11 and S12 present inter-rater relia-
bility analyses for arousal detection across two independent PSG 
datasets (BITS: N = 98; Stanford: N = 100), comparing three human 
experts with the CAISR Arousal detector. In these �gures, we 
employ a sample-based approach, treating each data point at the 
original sampling frequency as an independently labeled instance. 
Supplementary Figure S11A shows the confusion matrix quantify-
ing inter-rater agreement for arousal detection in BITS PSG record-
ings (N = 98) using Cohen’s Kappa (95% CI), while S12A presents 
analogous results for the Stanford dataset (N = 100). Both S11B 
and S12B display the distribution of Cohen’s Kappa values when 
alternately treating each rater (including CAISR) as ground truth, 
demonstrating consistent agreement patterns across datasets. The 
ROC/PR curves in S11C and S12C further validate CAISR’s detection 
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performance, with the sample-based analysis con�rming relia-
ble arousal detection at the original sampling resolution. Together, 
these results establish CAISR’s robustness as an automated detector 
across independent PSG datasets.

Respiratory event detection and classi�cation
Figure 5 compares CAISR and human experts in detecting respiratory 
events, including obstructive apnea (OA), central apnea (CA), mixed 

apnea (MA), hypopnea (HY), and respiratory effort-related arousal 
(RERA). The top section presents ROC and PR curves for the BITS 
and Stanford datasets. The bottom section compares the reliability 
of CAISR and experts using median agreement (κ). On the Stanford 
dataset, CAISR-expert agreement is lower than expert-expert agree-
ment (CAISR < Experts). On the platinum-labeled BITS dataset, CAISR 
and experts show comparable reliability with overlapping con�dence 
intervals (CAISR ~ Experts), indicating non-inferiority.

Table 2.  Effects of participant covariates on model performance across tasks and cohorts

Task Cohort Covariate Coef�cient Model �t (R^2) p-value (uncorrected) p-value Signi�cant

Stage BITS age 0.001 0.023 0.136 0.483 FALSE

BITS sex −0.027 0.009 0.364 0.804 FALSE

BITS ess 0.001 0.002 0.634 0.908 FALSE

BITS Sleep Disorders −0.082 0.025 0.119 0.442 FALSE

BITS Neuropsychiatric Disorders 0.0 0.0 0.99 0.999 FALSE

BITS Respiratory Conditions −0.045 0.008 0.37 0.804 FALSE

BITS Cardiovascular Conditions −0.023 0.005 0.49 0.852 FALSE

BITS Endocrine/Metabolic Conditions −0.033 0.008 0.379 0.804 FALSE

BITS Neurodegenerative Disorders −0.043 0.009 0.351 0.804 FALSE

BITS Other Neurological Conditions 0.008 0.001 0.82 0.959 FALSE

BITS Headache & Migraine Disorders −0.026 0.003 0.603 0.908 FALSE

PENN age 0.002 0.011 0.39 0.804 FALSE

PENN ess −0.004 0.066 0.033 0.286 FALSE

Stanford age 0.0 0.001 0.75 0.932 FALSE

Stanford sex 0.032 0.017 0.204 0.637 FALSE

Stanford Neuropsychiatric Disorders −0.019 0.005 0.502 0.852 FALSE

Stanford Cardiovascular Conditions −0.025 0.008 0.368 0.804 FALSE

Stanford Endocrine/Metabolic Conditions −0.051 0.018 0.184 0.597 FALSE

Stanford Neurodegenerative Disorders 0.005 0.0 0.895 0.968 FALSE

Stanford Other Neurological Conditions −0.043 0.03 0.088 0.428 FALSE

Stanford Headache & Migraine Disorders −0.001 0.0 0.966 0.999 FALSE

Resp BITS age 0.004 0.16 0.0 0.002 TRUE

BITS sex 0.058 0.027 0.109 0.442 FALSE

BITS ess −0.003 0.007 0.424 0.804 FALSE

BITS Sleep Disorders 0.148 0.056 0.02 0.224 FALSE

BITS Neuropsychiatric Disorders −0.02 0.002 0.629 0.908 FALSE

BITS Respiratory Conditions −0.035 0.003 0.572 0.908 FALSE

BITS Cardiovascular Conditions 0.058 0.022 0.15 0.509 FALSE

BITS Endocrine/Metabolic Conditions −0.011 0.001 0.802 0.959 FALSE

BITS Neurodegenerative Disorders 0.026 0.002 0.646 0.908 FALSE

BITS Other Neurological Conditions 0.016 0.002 0.699 0.908 FALSE

BITS Headache & Migraine Disorders −0.053 0.008 0.383 0.804 FALSE

Stanford age 0.005 0.21 0.0 0.0 TRUE

Stanford sex 0.07 0.04 0.048 0.312 FALSE

Stanford Neuropsychiatric Disorders 0.075 0.038 0.055 0.328 FALSE

Stanford Cardiovascular Conditions 0.127 0.104 0.001 0.022 TRUE

Stanford Endocrine/Metabolic Conditions 0.186 0.118 0.0 0.013 TRUE

Stanford Neurodegenerative Disorders −0.02 0.002 0.694 0.908 FALSE

Stanford Other Neurological Conditions 0.025 0.005 0.49 0.852 FALSE

Stanford Headache & Migraine Disorders −0.072 0.026 0.113 0.442 FALSE
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In the BITS cohort (Figure S7A in the Supplementary Material), 
CAISR achieved an overall Cohen’s κ of 0.74 [0.53–0.83] when 
compared to platinum-labeled data, closely aligning with expert 
performance values (range: 0.76–0.79). In the Stanford cohort 
(Supplementary Figure S8A), CAISR’s median Cohen’s κ was 
0.58 [0.13–0.73], slightly lower but still comparable to experts. 
Figures S7B and S8B in the Supplementary Material highlight the 
inter-subject agreement between CAISR and experts, showing a 
strong agreement between CAISR and experts in both cohorts. For 
Figure S7C and Figure S8C in the Supplementary Material, the 

ROC curves show that both CAISR and experts’ operating points 
are tightly clustered near the upper left corner, indicating high 
sensitivity and speci�city across event types such as obstructive 
apnea, central apnea, and hypopnea. Similarly, in the PR curves, 
the CAISR black square is near the upper right corner, closely 
aligned with the experts’ markers, signifying comparable preci-
sion and recall. The exception is in the detection of mixed apnea, 
where CAISR shows slightly lower PR performance, and RERA 
detection, where accuracy varies more widely. The high intraclass 
correlation coef�cients for AHI, approximately 0.95 in the BITS 

Task Cohort Covariate Coef�cient Model �t (R^2) p-value (uncorrected) p-value Signi�cant

Arousal BITS age 0.002 0.088 0.003 0.049 TRUE

BITS sex 0.025 0.008 0.369 0.804 FALSE

BITS ess −0.005 0.033 0.074 0.412 FALSE

BITS Sleep Disorders 0.008 0.0 0.865 0.963 FALSE

BITS Neuropsychiatric Disorders −0.025 0.006 0.433 0.804 FALSE

BITS Respiratory Conditions 0.032 0.005 0.499 0.852 FALSE

BITS Cardiovascular Conditions 0.032 0.011 0.308 0.804 FALSE

BITS Endocrine/Metabolic Conditions −0.004 0.0 0.91 0.968 FALSE

BITS Neurodegenerative Disorders −0.019 0.002 0.666 0.908 FALSE

BITS Other Neurological Conditions 0.003 0.0 0.919 0.968 FALSE

BITS Headache & Migraine Disorders −0.074 0.026 0.113 0.442 FALSE

Stanford age 0.001 0.007 0.424 0.804 FALSE

Stanford sex 0.056 0.043 0.038 0.3 FALSE

Stanford Neuropsychiatric Disorders −0.005 0.0 0.856 0.963 FALSE

Stanford Cardiovascular Conditions 0.01 0.001 0.753 0.932 FALSE

Stanford Endocrine/Metabolic Conditions −0.006 0.0 0.891 0.968 FALSE

Stanford Neurodegenerative Disorders −0.104 0.073 0.007 0.091 FALSE

Stanford Other Neurological Conditions 0.013 0.002 0.627 0.908 FALSE

Stanford Headache & Migraine Disorders −0.06 0.031 0.081 0.419 FALSE

Limb BITS age 0.003 0.053 0.024 0.232 FALSE

BITS sex 0.103 0.042 0.045 0.312 FALSE

BITS ess 0.003 0.004 0.52 0.863 FALSE

BITS Sleep Disorders 0.04 0.002 0.66 0.908 FALSE

BITS Neuropsychiatric Disorders 0.001 0.0 0.991 0.999 FALSE

BITS Respiratory Conditions −0.019 0.001 0.824 0.959 FALSE

BITS Cardiovascular Conditions 0.03 0.003 0.598 0.908 FALSE

BITS Endocrine/Metabolic Conditions −0.027 0.002 0.68 0.908 FALSE

BITS Neurodegenerative Disorders 0.036 0.002 0.65 0.908 FALSE

BITS Other Neurological Conditions −0.016 0.001 0.785 0.957 FALSE

BITS Headache & Migraine Disorders −0.135 0.026 0.118 0.442 FALSE

Stanford age 0.001 0.007 0.418 0.804 FALSE

Stanford sex 0.06 0.011 0.294 0.804 FALSE

Stanford Neuropsychiatric Disorders 0.0 0.0 0.999 0.999 FALSE

Stanford Cardiovascular Conditions 0.012 0.0 0.847 0.963 FALSE

Stanford Endocrine/Metabolic Conditions 0.072 0.007 0.415 0.804 FALSE

Stanford Neurodegenerative Disorders 0.097 0.014 0.238 0.715 FALSE

Stanford Other Neurological Conditions 0.062 0.012 0.279 0.804 FALSE

Stanford Headache & Migraine Disorders 0.025 0.001 0.731 0.932 FALSE

Table 2. Continued
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Figure 3.  Inter-rater reliability analysis results for sleep staging. Top: ROC and precision-recall curves for the CAISR sleep staging model and six 
experts across different sleep stages (Wake, REM, N1, N2, N3). The CAISR model achieves high AUC values (0.82 to 0.97) and AUC-PR values (0.63 
to 0.9), indicating robust performance. Bottom: Barplot summarizing the median Kappa agreement between rater pairs across different sleep per 
dataset. 95% con�dence intervals were computed using 10,000 bootstrap samples. Non-overlapping CIs indicate superiority of either the AI model or 
the expert, while overlapping CIs suggest non-inferiority of the AI model compared to the expert.
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cohort (Figure S7D in the Supplementary Material) and 0.8 in the 
Stanford cohort (Figure S8D in the Supplementary Material), fur-
ther support CAISR’s comparable performance to expert scorers.

Supplementary Figures S13 and S14 show the inter-rater reli-
ability analysis for respiratory event detection in BITS (N = 98) 
and Stanford (N = 100) PSG recordings, respectively. Both �g-
ures demonstrate: (1) moderate to strong agreement between 
three human experts and the CAISR breathing detector (Cohen’s 
κ = 0.33–-0.67), with CAISR maintaining κ ≥ 0.39 against all 
experts; (2) consistent performance when alternately treating 
each rater as reference (Panel B); and (3) comparable detection 
capability through ROC/PR curve analyses (Panel C). The sample- 
based approach, analyzing each data point at original sampling 
frequency, con�rms CAISR’s reliability as an automated respira-
tory event detector across independent datasets.

Limb movement detection task
Figure 6 compares CAISR with experts in detecting limb move-
ments. The top section shows ROC and PR curves for the BITS 
and Stanford datasets. On the Stanford dataset, expert-expert 
agreement is higher than expert-CAISR agreement. However, on 
the platinum-labeled BITS data, CAISR outperformed experts 
(AI > Experts).

Supplementary Figures S9 and S10 in the supplementary 
material present the inter-rater reliability results for CAISR on 
limb movement detection across the BITS and Stanford datasets, 
respectively. In both cases, CAISR shows moderate agreement 
with most experts, with Cohen’s κ values ranging from 0.43 to 
0.58, as seen in Supplementary Figures S9A and S10A. The dis-
tribution of κ values across subjects (Supplementary Figures S9B 
and 10B) reveals a slightly lower median agreement between 
CAISR and the experts on the Stanford dataset. The ROC and 
PR curves (Supplementary Figures S9C and S10C) also indicate 
that CAISR’s performance is comparable to that of the experts, 
albeit with mildly lower agreement for individual limb move-
ment events. The intraclass correlation coef�cient (ICC) values 
(Supplementary Figures S9D and S10D) further con�rm moder-
ate reliability, with values ranging from 0.43 to 0.52.

The discrepancy in IRR between data with standard expert 
labels vs platinum labels underscores a critical issue: human 
raters are systematically poor at accurately marking limb move-
ments. The tedious nature of manually reviewing full PSGs 
makes limb movement detection prone to variability and sys-
tematic errors. As shown in Supplementary Figure S18, experts 
frequently miss events or incorrectly mark boundaries. CAISR’s 
rule-based model demonstrates higher accuracy and consistency 
in identifying the start and end points of limb movement events. 
Thus, the lower performance does not represent a weakness but 
re�ects the dif�culty of the task and limitations of human raters.

The Bland-Altman analysis in Supplementary Figure S22 
revealed that while agreement for respiratory events and arous-
als remained relatively stable, discrepancies increased at higher 
event counts, suggesting a potential bias in detecting frequent 
events. Limb movement detection exhibited greater variability, 
likely due to differences in scoring methodologies (movements 
near respiratory events depend on the accuracy of respiratory 
annotation) across datasets, including variations in event de�ni-
tions and thresholds used by different annotators.

Competing models
We evaluated CAISR against published state-of-the-art models 
using the BITS and Stanford triple-scored datasets; the results 
are presented in Table 3 for BITS and Table 4 for Stanford, respec-
tively. On the BITS dataset, CAISR outperformed the U-Sleep 
[22] on sleep staging (κ: 0.88–0.90 vs. 0.70–0.71), WaveNet [40]

Figure 4.  Inter-rater reliability analysis results for arousal event 
detection. Top: ROC and precision-recall curves for the CAISR arousal 
event detection model, overall and strati�ed by sleep stage. Bottom: 
Barplot summarizing the median Kappa agreement between rater pairs 
across different arousal classes per dataset. 95% con�dence intervals 
were computed using 10,000 bootstrap samples. Non-overlapping 
CIs indicate superiority of either the AI model or the expert, while 
overlapping CIs suggest non-inferiority of the AI model compared to the 
expert.
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on respiratory event detection (ICC: 0.83–0.93 vs. 0.38–0.50), and 
the Multimodal Arousal Detector (MAD) by Brink-Kjaer et al 
[58] on arousal detection (ICC: 0.81–0.85 vs. 0.35–0.56). For limb

movement detection, CAISR achieved comparable results on the 
BITS dataset to the Ferri Original model [42] (ICC: 0.45–0.52 vs. 
0.46–0.51). On the Stanford dataset, CAISR demonstrated supe-
rior performance in sleep staging (κ: 0.77–0.80 vs. 0.74–0.76) and 
respiratory event detection (ICC: 0.76–0.83 vs. 0.62–0.71). For 
limb movement detection the original Ferri model was superior 
(ICC: 0.31–0.43 vs. 0.55–0.68). As platinum labels for the Stanford 
dataset are not available, we randomly selected 10 examples to 
investigate why CAISR shows lower performance compared to 
the original Ferri algorithm [42, 45]. As shown in Supplementary 
Figure S18, many limb movement annotations are incorrectly 
placed, and experts often miss events.

Discussion

In this study, we developed and validated CAISR, the �rst model 
trained and tested on diverse data sets capable of fully automated 
comprehensive scoring of clinical polysomnography (PSG). CAISR 
achieves or exceeds human expert-level performance across all 
major PSG scoring tasks, including sleep staging, arousal detec-
tion, respiratory event detection and classi�cation, and limb 
movement analysis. By addressing key challenges such as inter-
rater variability and the labor-intensive nature of manual scor-
ing, CAISR holds signi�cant potential for clinical application. Its 
deployment could particularly bene�t remote and underserved 
regions where access to sleep testing services is limited, while 
also helping to alleviate the workload of sleep specialists in 
high-demand tertiary care centers. Moreover, CAISR’s scalability 
can advance sleep research by enabling the analysis of sleep on a 
larger scale than ever before.

The design and validation of CAISR were undertaken with 
care to avoid common sources of bias and error [54, 59, 60]. We 
employed a large and diverse dataset comprising 25,749 PSGs, a 
subset annotated by seven independent human experts repre-
senting a wide range of health conditions and pathologies. This 
rigorous methodology ensures that CAISR’s generalizability to 
real-world clinical scenarios is robust. The validation dataset, 
independent from the training data, included 3,860 individuals 
and was representative of diverse clinical conditions and popula-
tions. Additionally, the experts who participated in the validation 
process were different from those involved in the model’s devel-
opment, further reducing potential biases. Platinum-standard 
labels, developed for each task, helped address systematic 
errors commonly seen in clinical annotations. The model was 
tested using multi-center datasets, with data scored by different 
experts and using various equipment con�gurations. To enhance 
its adaptability, we explored model �ne-tuning with small sets 
of target-domain samples (the BITS dataset), improving CAISR’s 
ability to conform to speci�c clinical environments. Speci�cally, 
we applied this method on the BITS dataset, using a two-fold 
cross-validation strategy where each fold included 49 subjects. 
This was done across all tasks—sleep staging, arousal, apnea, 
and limb movement detection. After �ne-tuning, CAISR’s perfor-
mance improved by 2–5%, allowing it to surpass human experts, 
despite the high agreement among the three independent human 
raters in the BITS dataset. While this approach helps CAISR adapt 
to different clinical environments, it also raises the question of 
whether matching lab-speci�c scoring is always the best practice. 
Thus, �ne-tuning not only provides a clear performance boost 
but also highlights the need for careful consideration of stand-
ardization across clinical scoring. Although performance showed 
some variation across different cohorts, there was no consistent 

Figure 5.  Inter-rater reliability analysis results for respiratory 
event detection. Top: ROC and precision-recall curves for the CAISR 
respiratory event detection model per respiratory class (obstructive 
apnea, central apnea, mixed apnea, hypopnea, RERA). Bottom: Barplot 
summarizing the median Kappa agreement between rater pairs across 
different apnea classes per dataset. 95% con�dence intervals were 
computed using 10,000 bootstrap samples. Non-overlapping CIs indicate 
superiority of either the AI model or the expert, while overlapping CIs 
suggest non-inferiority of the AI model compared to the expert.
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evidence of superior or inferior performance in laboratory-based 
versus home-based PSG data. The lack of a standardized set of 
expert scorers across these cohorts complicates direct compari-
sons. Additionally, variable inter-rater agreement underscores the 
dif�culty of establishing a uniform ground truth in different scor-
ing environments. Overall, our �ndings did not reveal a system-
atic advantage or disadvantage for CAISR in either setting.

CAISR is the �rst AI system to offer a fully automated, clini-
cally relevant assessment of PSG data, providing more nuanced 
and complete analyses than previous models. It detects and cate-
gorizes sleep-disordered breathing events, aiding in the diagnosis 
of different subtypes of sleep apnea. Furthermore, CAISR’s ability 
to identify arousals and limb movements offers crucial insights 
into sleep quality and potential causes of sleep fragmentation. 
This level of granularity and comprehensiveness has not been 
achieved by any prior system, making CAISR a groundbreaking 
tool in automated sleep analysis.

A noteworthy �nding in this study was the identi�cation of 
substantial systematic errors in clinical scoring, particularly 
in the detection of arousals, breathing events, and limb move-
ments. This was evident when comparing expert-expert agree-
ment against expert-CAISR agreement and by assessing CAISR’s 
performance using platinum-standard datasets. These errors 
likely result from the challenges inherent in manually scoring 
lengthy PSG recordings, a process that is both time-consuming 
and prone to human fatigue. Based on discussions with clinicians, 
this likely re�ects the idea that human scorers do not focus on 
precisely measuring the start and end times; instead, they aim 
to ensure that the event is considered “counted,” regardless of its 
exact timing. While inter-expert agreement on standard clinical 
datasets was high, CAISR initially showed lower agreement with 
experts. However, when evaluated against platinum-standard  
labels—more accurate annotations—CAISR matched or 
exceeded expert performance. This discrepancy reveals a critical  

Figure 6.  Summary results limb movement detection. Top: ROC and precision-recall curves for the CAISR limb movement event detection model 
per limb movement class (limb movement and no-limb movement). Bottom: Barplot summarizing the median Kappa agreement between rater pairs 
across different limb movement classes per dataset. 95% con�dence intervals were computed using 10,000 bootstrap samples. Non-overlapping CIs 
indicate superiority of either the AI model or the expert, while overlapping CIs suggest non-inferiority of the AI model compared to the expert.
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insight: high inter-expert agreement may re�ect shared biases 
rather than actual accuracy. CAISR’s superior performance on the  
platinum-labeled data suggests that it overcomes human limi-
tations, particularly in tasks that are tedious and error-prone. 
This has signi�cant implications for sleep medicine, as CAISR 
could enhance the reliability and quality of sleep study inter-
pretations, especially in high-volume clinical settings where 
human expertise is stretched thin. Besides, the superior per-
formance of rule-based systems for respiratory event and limb 
movement detection can be attributed to their ability to leverage 
domain-speci�c knowledge and well-de�ned heuristics. These 
systems are designed to capture speci�c patterns in physiological 
signals that are strongly associated with events such as apnea, 
hypopnea, or limb movements, based on expert-de�ned thresh-
olds. rule-based systems provide more transparency and inter-
pretability, as the decision-making process is based on explicit, 
prede�ned criteria, which makes it easier to understand why a 
particular event is detected.

CAISR stands out from previous approaches, which typically 
focus on isolated tasks, such as sleep staging [16, 22, 28, 29], 
arousal detection [43, 58, 61], or apnea identi�cation [40, 62, 63]. 
By integrating all major sleep scoring tasks into a single uni�ed 
system, CAISR represents a comprehensive solution for auto-
mated sleep analysis. One of its key strengths is the use of an 
exceptionally large and diverse dataset of over 18,017 PSG record-
ings for training, allowing it to generalize effectively across dif-
ferent populations and clinical environments. It is important to 
consider that, ideally, the models should be periodically retrained 
or �ne-tuned with new data to ensure they remain up-to-date 
and maintain accuracy. The frequency of updates could depend 
on the volume of new data, with updates occurring at regular 

intervals (e.g. quarterly or annually) or triggered when a certain 
amount of newly labeled data is available. This approach would 
help ensure the model stays aligned with current trends and 
patterns in the data. Moreover, CAISR has undergone extensive 
validation on multiple independent datasets, including platinum- 
labeled datasets that address the systematic biases of traditional 
PSG scoring. This rigorous validation, often lacking in other mod-
els, underscores CAISR’s readiness for clinical adoption. Another 
notable innovation is the systematic comparison of expert-expert 
agreement versus expert-CAISR agreement, along with an objec-
tive comparison against platinum-standard labels. This thorough 
methodology ensures that CAISR’s performance is assessed accu-
rately, without merely reproducing the biases of routine clinical 
practices.

Despite its strengths, CAISR has several limitations that warrant 
further exploration. First, pediatric PSGs were not included in this 
study; ongoing work aims to address this gap. Second, although 
CAISR performed well across diverse datasets, it has not been sys-
tematically evaluated in populations with severe neurological or 
psychiatric conditions, such as stroke survivors or patients with 
neurodegenerative diseases. The absence of data from these pop-
ulations may limit its generalizability to such cases. Third, CAISR’s 
reliance on datasets predominantly from North America raises 
concerns about potential regional biases. Further investigation is 
needed to ensure that CAISR performs robustly in underrepre-
sented populations, including those in low-resource settings and 
across different ethnic groups. Fourth, while CAISR was designed 
to handle various channel con�gurations, data quality issues or 
missing channels could impact its performance. In addition, the 
manually added 3%/arousal hypopneas for the MGH datasets 
may have introduced slight variability during the �ne-tuning of 

Table 3.  Comparison of competing models vs. CAISR across tasks for the BITS dataset

Kappa (Sleep Staging), ICC (Resp, Arousal, Limb)

Expert 1 Expert 2 Expert 3

Stage CAISR 0.88 (0.85, 0.90) 0.90 (0.87, 0.92) 0.84 (0.81, 0.86)

U-Sleep22 0.70 (0.67, 0.73) 0.71 (0.69, 0.74) 0.70 (0.66, 0.73)

Resp CAISR 0.92 (0.86, 0.94) 0.93 (0.89, 0.95) 0.83 (0.77, 0.90)

WaveNet40 0.38 (0.18, 0.52) 0.39 (0.31, 0.51) 0.50 (0.31, 0.59)

Arousal CAISR 0.81 (0.78, 0.90) 0.85 (0.74, 0.90) 0.82 (0.71, 0.87)

MAD59 0.35 (0.32, 0.45) 0.36 (0.25, 0.44) 0.56 (0.45, 0.66)

Limb CAISR 0.46 (0.24, 0.66) 0.52 (0.42, 0.58) 0.45 (0.26, 0.65)

Ferri’s Model43 0.46 (0.29, 0.75) 0.51 (0.32, 0.77) 0.46 (0.29, 0.68)

Table 4.  Comparison of competing models vs. CAISR across tasks for the Stanford dataset

Kappa (Sleep Staging), ICC (Resp, Arousal, Limb)

Expert 1 Expert 2 Expert 3

Stage CAISR 0.77 (0.75, 0.78) 0.80 (0.79, 0.82) 0.79 (0.77, 0.80)

U-Sleep22 0.75 (0.73, 0.76) 0.75 (0.74, 0.76) 0.74 (0.73, 0.76)

Resp CAISR 0.76 (0.71, 0.79) 0.82 (0.76, 0.87) 0.83 (0.76, 0.91)

WaveNet40 0.71 (0.55, 0.78) 0.62 (0.51, 0.73) 0.66 (0.50, 0.76)

Arousal CAISR 0.64 (0.50, 0.71) 0.52 (0.32, 0.63) 0.62 (0.50, 0.78)

MAD59 N/A N/A N/A

Limb CAISR 0.31 (0.24, 0.53) 0.42 (0.26, 0.66) 0.43 (0.28, 0.69)

Ferri’s Model43 0.55 (0.43, 0.66) 0.65 (0.38, 0.75) 0.68 (0.45, 0.75)
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the �ow reduction detection parameters. To address this, we opti-
mized these parameters separately from those used for detecting 
desaturation and arousal events. This separation helped main-
tain robust generalizability across datasets as demonstrated in 
the BITS dataset. Fifth, while the model architecture was care-
fully selected based on current best practices, there remains a 
wide range of deep learning models and transfer learning strat-
egies that could enhance performance further. Sixth, while the 
base CAISR model demonstrates strong performance, �ne- 
tuning is necessary for improved accuracy on datasets that were 
excluded during the training of CAISR. Variations in rater bias, 
measurement systems, and internal training/education methods 
introduce bias that requires small adjustments to CAISR to align 
with the scoring styles of different datasets. Future efforts should 
focus on eliminating the need for �ne-tuning to ensure broader 
applicability while omitting the introduction of the systematic 
clinical bias as present in non-platinum-labeled datasets. Finally, 
CAISR follows the American Academy of Sleep Medicine (AASM) 
scoring guidelines, which have their own limitations. For exam-
ple, periodic limb movements associated with respiratory events 
are not scored (and thus is also dependent on precision of scoring 
of respiratory abnormality), while there is some data suggesting 
an independent importance of limb movements [64]. Besides, 
visual scoring of sleep stages must be done in 30-second incre-
ments, as this is the standard method used by human scorers, 
even though the brain state may not change at �xed 30-second 
intervals. Future development could expand beyond these con-
ventional rules to incorporate more advanced, less constrained 
analyses of EEG, EMG, respiratory, autonomic, and oximetry data, 
enhancing its ability to handle diverse sleep data, even in the 
absence of EEG signals.

Conclusions

In this study, the Complete Arti�cial Intelligence Sleep Report 
(CAISR) system demonstrated expert-level performance across 
all domains of clinical polysomnography scoring, including sleep 
staging, arousal detection, respiratory event classi�cation, and 
limb movement identi�cation. CAISR’s ability to integrate and 
automate these tasks marks a signi�cant advancement in the 
�eld, offering a reliable and scalable solution for sleep diagnos-
tics. By minimizing inter-rater variability and accelerating the 
scoring process, CAISR holds promise for improving access to 
accurate sleep diagnostics in both remote areas and high-volume 
clinical settings. Moreover, its rigorous validation on diverse data-
sets underscores its potential to standardize sleep analysis and 
enhance research on sleep disorders at scale.
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