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Background: Excessive daytime sleepiness (EDS) forms a prevalent symptom of obstructive sleep apnea (OSA) and narcolepsy type
1 (NT1), while the latter might always be overlooked. Machine learning (ML) models can enable the early detection of these
conditions, which has never been applied for diagnosis of NT1.

Objective: The study aimed to develop ML prediction models to help non-sleep specialist clinicians identify high probability of
comorbid NT1 in patients with OSA early.

Methods: Totally, clinical features of 246 patients with OSA in three sleep centers were collected and analyzed for the development
of nine ML models. LASSO regression was used for feature selection. Various metrics such as the area under the receiver operating
curve (AUC), calibration curve, and decision curve analysis (DCA) were employed to evaluate and compare the performance of these
ML models. Model interpretability was demonstrated by Shapley Additive explanations (SHAP).

Results: Based on the analysis of AUC, DCA, and calibration curves, the Gradient Boosting Machine (GBM) model demonstrated
superior performance compared to other machine learning (ML) models. The top five features used in the GBM model, ranked by
feature importance, were age of onset, total limb movements index, sleep latency, non-REM (Rapid Eye Movement) sleep stage 2 and
severity of OSA.

Conclusion: The study yielded a simple and feasible screening ML-based model for the early identification of NT1 in patients with
OSA, which warrants further verification in more extensive clinical practices.
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Introduction

Obstructive sleep apnea (OSA) is characterized by reduced (hypopnea) or absent (apnea) airflow during sleep, which
excessive daytime sleepiness (EDS) commonly reported as one of the primary symptoms.'? Globally, there are
approximately 936 million adults with mild to severe OSA and 425 million adults with moderate to severe OSA.>
EDS constitutes one of the primary symptoms of narcolepsy type 1 (NT1) which acts as a main differential diagnosis of
OSA.* It has been reported that approximately 20-30% of patients with narcolepsy coexist with OSA.>” However, for
the patients with OSA with EDS, the comorbid NT1 identification may be delayed. A study has showed that a mean delay
in diagnosis of up to 15 years in these patients with NT1.® Cataplexy is seldom mentioned in patients with doubtful or
atypical cataplexy, so is likely to be overlooked by clinicians other than sleep specialist in neurology. Sometimes,

cataplexy in patients with NT1 may gradually improve and even disappear over time. Given the subjective nature of
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cataplexy, patients with OSA or depression may also claim the attacks. In those cases, the symptoms of EDS failed to be
relieved completely even under continuous positive airway pressure (CPAP) therapy. Patients with undiagnosed with
NT1 were even subject to unnecessary and expensive interventions such as surgery.”’*

With the widespread application of home sleep apnea testing (HSAT) the last decade, OSA diagnosis shifted towards
a more automated approach.'® Machine learning (ML) based models have also been used for mass population screening
among patients with OSA.""'* Compared to traditional logistic regression, ML algorithms can learn more complex
patterns and relationships from data. By using different algorithms, ML can capture more nuanced information in non-
linear features, providing higher prediction accuracy.'*'> In fact, ML-based model has showed significant advantages in
the diagnosis and differential diagnosis of OSA.'" Meanwhile, various kinds of data obtained in clinical practice are
inevitably mixed with noise, and different ML-based models may have different prediction effects. Therefore, the
objective of the present study was to develop and compare ML models for the prediction of comorbid NT1 in patients
with OSA with EDS.

Methods

Experimental Design and Participants

All patients with OSA who underwent PSG were sourced from the Department of neurology, Xijing Hospital,
Encephalopathy Department No.2, Baoji Hospital of Traditional Chinese Medicine and Encephalopathy Department
No.10, Xi’an Hospital of Traditional Chinese Medicine from May 2020 to June 2023. The following clinical data were
collected from electronic medical records system: (1) Demographic features: height, weight, body mass index (BMI),
gender, and age; (2) Symptomatic features: snoring, witnessed apnea, frequent awakening, dry throat at waking, morning
headache; (3) Clinical features: age of onset, course of disease, hypertension, hyperlipidemia, diabetes, coronary heart
disease, cerebrovascular disease, epilepsy, psychiatric disorders; (4) PSG indicators; (5) Clinical diagnosis. Description
and definition of OSA symptoms and PSG indicators were seen in Table S1.

Inclusion criteria included: (1) Diagnosis of OSA based on international classification of sleep disorders-3 (ICSD-3)
diagnostic criteria; (2) Complaints of EDS or Epworth sleepiness scale (ESS) score > 9. Exclusion criteria included: (1)
Clinical data were incomplete or missing; (2) Any drug abuse; (3) Comorbid other severe sleep disorders (narcolepsy
type 2, idiopathic hypersomnia, restless legs syndrome or severe periodic limb movement in sleep).

The eligible patients with OSA were assigned into group 1 (with comorbid NT1) or group 2 (without comorbid NT1).
Diagnosis of NT1 was made by at least two experienced sleep specialist clinicians on the basis of ICSD-3. In addition,
patients with NT1 included in our study had a history of no significant improvement in EDS after CPAP therapy and
significant improvement after anti-cataplectic drugs or stimulants. The whole data acquisition path was summarized in
a flowchart (Figure 1). Written consent was obtained from all participants in the study, and all clinical data underwent
irreversible anonymization. All procedures that contributed to this work are in accordance with the ethical standards set
by the relevant national and institutional committees on human experimentation and comply with the principles outlined
in the Helsinki Declaration. The study was approved by the Medical Ethical Committee of Xijing Hospital
(KY20222053-C-1).

Measurements

The PSG equipment and assessment process were consistent with our previous study.'® Briefly, all patients were admitted
to the separate sleeping ward at 4pm and underwent nocturnal PSG at habitual bedtimes based on their regular sleep—
wake cycle on a XLTEK Natus system (Bio-Logic, USA). Video-PSG included electroencephalograms (EEG), electro-
cardiogram (ECG), electromyography (EMG, surface EMG of chin and limbs), electro-oculogram (EOG). Oro-nasal
airflow was monitored by a nasal cannula connected to a pressure transducer and mouth thermistor. Chest and abdominal
movements were assessed by piezoelectric straps, and arterial oxygen saturation (SaO”) was recorded continuously
monitored by a pulse oximeter. Leg movements were measured using surface EMG-electrodes from bilateral tibial
anterior muscles. Synchronous infrared video recording was conducted to assess the patient’s movements during sleep.
Limb movements were documented as isolated limb movements (ILMs) and periodic limb movements (PLMs).
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Figure | Flowchart.

Respiratory-related limb movements (RRLMs) were typically excluded according to the criteria for PLMs of interna-
tional scoring guidelines.'”'® Beverages such as alcohol, tea and coffee were abstained 24 hours before PSG recording.

Data Cleaning and Standardization
The video-PSG recordings of all patients were evaluated by two experienced technicians to ensure the accuracy and
consistency. A total of 49 clinical variables were collected, among which rapid eye movement (REM) latency from sleep
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onset was not on the variable selection list for the lack of REM sleep in some patients with severe OSA. Similarly, the
course of disease was also not selected for the absence of Clinical application value.

Model Building

The prevalence of patients with OSA with comorbid NT1 was relatively low, so a one-to-two matching was performed to
balance data according to propensity scores.'” By using lasso regression, the study minimized the multicollinearity in
clinical variables’ selection. The study population was randomly divided into training and testing sets (75% of the data as
training set including 5-fold cross-validation and model tuning, the remaining 25% for model validation). The 5-fold
cross-validation is a method that the dataset is divided into five equal-sized subsets, with four subsets used for training
the model and the remaining subset for testing it. This process is repeated five times, each time with a different subset as
the testing set and the others serving as the training set. Nine ML algorithms were utilized to build the prediction models
for NT1 in patients with OSA, including decision tree (DT), rand forest (RF), eXtreme gradient boosting (XGBoost),
lasso and ridge and elastic net, support vector machine (SVM), multilayer perceptron (MLP), gradient boosting machine
(GBM), K-Nearest neighbor (KNN) and logistic regression (LR). To assess the prediction performance and clinical
application value of the models, area under the receiver operating curve (AUC), accuracy, sensitivity, specificity, positive
predictive value (PPV), negative predictive curve (NPV), f-measure, kappa, calibration curve, decision curve analysis
(DCA) curve and precision-recall (PR) curve were performed. DeLong test was used to compare the differences in the
receiver operating curve (ROC) between training and testing set. The feature importance of the models was investigated
by SHapley Additive exPlanations (SHAP), and the interpretability of the models was demonstrated by SHAP
feature importance ranking graph and SHAP summary plot.>° The study utilized R packages tidymodels (1.1.0) to
train and compare different ML models. The whole experimental design was summarized in Figure 2.

Statistics

Continuous variables were expressed as median (P25, P75) and categorical variables were expressed as counts and
percentages. Mann—Whitney U-test and Fisher exact test were performed to compare the baseline characteristics between
the two groups. A significance level of p < 0.05 was used to determine statistical significance. Statistical analyses were
performed using R (4.3.0).

Results

In the present study, out of 2645 patients with OSA, 82 individuals were found to have comorbid NT1, resulting in
a prevalence rate of 3.1%. For the 1076 patients with OSA with EDS, a total of 987 patients were eligible. After
performing a one-to-two propensity score match based on age between the two groups, 246 patients were selected for
model building (82 with and 164 without comorbid NT1 respectively). Data of pre- and post-treatment sleepiness of the
patients had been provided in the Table S2.

Demographic, Symptomatic and Clinical Features

The study sample included 215 (87.4%) males and 31 females (12.6%), with the median age of 38 years (18 to 69
years). The difference in both age distribution and symptomatic features were not statistically significant between the
two groups. The median age of onset was 26.5 and 32 years while the disease course was 8.5 and 3 years in patients
with OSA with and without comorbid NT1. Comorbidities’ incidence except for hypertension were not statistically
significant between the two groups. Table 1 provided detailed information about demographic, symptomatic and
clinical features.

Feature Selection

Five demographic features, 5 symptomatic features, 9 clinical features and 30 PSG indicators were candidates for
variables selection by lasso regression. Age, course of disease and REM latency from sleep onset were excluded.
Eventually, 11 variables were retained and used as input for model design (Figure 3), which was listed in Table 1.
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Figure 2 Experimental design.

Multiple ML Models Comparison

Among the nine machine learning models used for predicting comorbid NT1, DT showed the lowest AUC value (AUC =
0.8293), while GBM had the highest AUC value (AUC = 0.8792) (Figure 4A). GBM also performed the best in the
calibration curves, which shown fitted the ideal calibration curve (gray dotted line) better than other ML models
(Figure 4B). The DCA curve revealed that the net benefit did not differ significantly between the nine ML models
within the threshold probability of 0%25%. However, from 26% to approximately 37% and 68% to 75%, GBM
exhibited the greatest net benefit. From 75% to 100%, the net benefit of GBM was second only to logistic regression
(Figure 4C). GBM has the second-highest PRAUC (0.8257), just behind RF (0.844) (Figure 4D). The performance of
ML models was seen in Table 2. The difference in ROC was not statistically significant between training and testing set
of GBM model (Figure 5A), and 5-fold cross validation was shown in Figure 5B.

Model Interpretability

The SHAP feature importance ranking graph for GBM revealed that the top four important features were age of onset,
total limb movements index, sleep latency and non-REM sleep stage 2 (Figure 6A). The SHAP summary plot evinced
that each feature contributed positive or negative effects to predicting comorbid NT1 (Figure 6B). Each dot represented
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Table | Comparison of the Clinical Characteristics and PSG Indicators Between Patients with OSA with Comorbidity of
NTI and Without Comorbidity of NT1

Variables Total Without NT1 (n=164) NTI (n=82) P
Demographic features
Height (cm)® 172.7 (167.6, 175.3) 172.7 (169.55, 175.3) 171.45 (165.1, 177.8) 0.571
Weight (kg)* 79.9 (69.9, 87.65) 79.9 (73.9, 87.15) 74.9 (68, 87.4) 0.042
BMI? 26.75 (24.5, 29.4) 27.05 (24.6, 29.5) 26.1 (24.2, 28.7) o0.101
Gender® 0.634

Male 215 (87) 145 (88) 70 (85)

Female 31 (13) 19 (12) 12 (15)
Age™© 38 (32, 45) 38 (33, 45) 36.5 (31, 44) 0.243
Symptomatic features
Snoring® 170 (69) 115 (70) 55 (67) 0.733
Witnessed apnea® 33 (13) 23 (14) 10 (12) 0.843
Frequent awakening® 53 (22) 37 (23) 16 (20) 0.701
Dry throat at waking® 153 (62) 105 (64) 48 (59) 0.486
Morning headache® 39 (16) 28 (17) I (13) 0.579
Clinical features
Age of onset™* 30 (25, 37) 32 (27, 38) 26.5 (16.25, 35.75) < 0.001
Course of disease™ 4 (1.25, 10.75) 3(1,7) 8.5 (3.25, 16.75) <0.001
Hypertension®* 31 (13) 29 (18) 2(2) 0.001
Hyperlipidemia® 10 (4) 9 (5) (1) 0.172
Diabetes® 7 (3) 5(3) 2(2) |
Coronary heart disease® 52 5@3) 0 (0) 0.173
Cerebrovascular disease” 7(3) 74 0 (0) 0.099
Epilepsy® 6(2) 6 (4) 0 (0) 0.183
Psychiatric disorders® 2(I) 1 (1) I (1) |
PSG indicators
Time in bed (min)® 550.95 (542.62, 562.98) | 550.35 (542.22, 562.3) 551.45 (543.07, 563.98) | 0.214
Total sleep time (min)** 458 (393.62, 496.25) 433 (378.38, 487.62) 477 (433.75, 501.88) <0.001
Sleep latency (min)** 11.35 (5.05, 22.4) 13.45 (6.95, 27.48) 7.3 (3.1, 12.7) < 0.001
REM latency from sleep onset (min)>“ | 97.5 (64, 155.75) 117.5 (85.25, 183.5) 64.75 (11.25, 101.25) <0.001
Awakenings index® 3.85 (2.7, 5.47) 3.7 (2.7, 5.3) 4.15 (2.52, 5.8) 0.555
Sleep efficiency (%)** 82.75 (72.08, 89.5) 80 (69.47, 87.88) 87 (78.73, 90.62) < 0.001
Stage | of sleep time (%)* 26.5 (17.8, 35.68) 26.9 (18.15, 35.85) 25.8 (17.8, 35) 0.719
Stage 2 of sleep time (%)™* 41.55 (35.12, 48.58) 43.4 (36.92, 49.73) 37.7 (31.3, 43.58) <0.001
Stage 3 of sleep time (%)* 11.3 (6.3, 16.6) 10 (5.57, 15.1) 14.35 (7.67, 19.12) < 0.001
REM of sleep time (%)* 19.35 (15.22, 23.8) 18.9 (14.12, 23.35) 20.95 (17.02, 25.27) 0.016
Apnea hypopnea index® 15.65 (7.8, 33.15) 20.95 (11.45, 42.05) 8.8 (6.3, 16.48) <0.001
Severity of OSAP* < 0.001

Mild 121 (49) 6l (37) 60 (73)

Moderate 58 (24) 46 (28) 12 (15)

Severe 67 (27) 57 (35) 10 (12)
Average oxygen saturation (%)? 94.4 (93.2, 95.6) 94.15 (92.9, 95.23) 94.9 (93.93, 95.97) <0.001
Minimum oxygen saturation (%)? 82 (77, 87) 81 (74, 85) 86 (81, 89) <0.001
Severity of hypoxemia®* < 0.001

Non- hypoxemia 19 (8) 6 (4) 13 (16)

Mild 82 (33) 42 (26) 40 (49)

Moderate 59 (24) 45 (27) 14 (17)

Severe 86 (35) 71 (43) 15 (18)
Apnea index® 8 (2.62, 21.4) 11.5 (4.42, 27.92) 4 (1.52, 8.1) <0.001
The longest time of apnea (s)* 35.8 (26.47, 53.13) 39.6 (30.45, 57.52) 30.5 (21.4, 38.05) < 0.001

(Continued)
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Table | (Continued).

Variables Total Without NTI (n=164) NTI (n=82) P
Hypopnea index® 5.8 (2.8, 10.6) 5.9 (2.7, 11.75) 5.4 (3.12, 8.05) 0.241
The longest time of hypopnea (s)* 36.9 (30.1, 47.58) 36.2 (30.5, 46.97) 37.8 (28.88, 47.68) 0.964
Arousal index® 12.75 (7.08, 20.98) 14.8 (7.8, 26.65) 10.1 (6.03, 15.88) <0.001
Apnea & hypopnea arousals index® 4.15 (1.4, 12.3) 7.05 (2.58, 17.42) 1.3 (0.1, 3.4) < 0.001
PLM arousals index® 0 (0, 0.2) 0 (0, 0.1) 0.1 (0, 0.5) < 0.001
ILM arousals index™* 0.1 (0, 0.3) 0.1 (0, 0.23) 0.15 (0, 0.7) < 0.001
Spontaneous arousals index® 5.1 (2.92, 8.07) 4.85 (2.77, 7.43) 5.5 (3.7, 9.78) 0.047
ILM index™* 5.6 (2.8,9.1) 4.25 (2.28, 7.53) 7.25 (44, 10.4) <0.001
PLM index® 1.35 (0, 6.95) 0.7 (0, 3.32) 3.65 (1.02, 9.15) <0.001
Total limb movements index™* 7.6 (3.1, 15.97) 5.95 (2.68, 12.53) 12.55 (6.32, 22.08) < 0.001
Average pulse rate® 66.2 (61.5, 70.88) 66.55 (62.2, 72.05) 65.3 (60.3, 69.42) 0.033
Minimum pulse rate® 53 (48, 58) 54 (50, 59) 51 (47, 55) 0.003
Maximum pulse rate® 75 (71, 83) 75.5 (71, 84.5) 75 (70, 82.5) 0.458

Notes: * median (Q1,Q3); ® n (%); © The data has missing values or variables were not selected for lasso regression; * Variables were selected by lasso regression and used as
input for model design. Footnote: bold font indicates significant results. Comparisons between continuous variables were performed using Mann—Whitney U and categorical
variables were performed using Fisher exact test.

Abbreviations: PSG, polysomnography; OSA, obstructive sleep apnea; NT1, narcolepsy type |; REM, rapid eye movement; PLM, periodic limb movements; ILM, isolated
limb movements.

the feature value (SHAP value) of one individual and colors indicated the level of feature value (red dot meant low and
blue dot meant high feature value). The SHAP method calculated a total SHAP value for each individual. The higher the
total SHAP value means the higher probability of comorbid NT1. Taking the feature of age of onset as an example, the
blue dots were concentrated on the left side of the plot. This indicated that the total SHAP value increased with
decreasing age of onset among patients with OSA (Figure 6B).

Model Application
A web-based tool was developed for clinicians to use the proposed model (https:/xijinghospital.shinyapps.io/NT1
among patients with OSA). A patient with OSA and a patient with OSA with comorbid NT1 were respectively taken as
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examples. For example, age of onset: 30 years, total sleep time: 458 minutes, sleep latency: 11.1 minutes, sleep
efficiency: 82.6%, non-REM sleep stage 2: 41.3%, ILM arousals index: 0.1, ILM index: 5.6, total limb movements
index: 7.3, hypertension: Yes, severity of OSA: moderate and severity of hypoxemia: mild. The model predicted that the
risk of comorbid NT1 in this patient was 17.89% below the cutoff value (0.3938) (Figure 7A), indicating that the patient
was at low risk of comorbid NT1. Age of onset: 10 years, total sleep time: 509 minutes, sleep latency: 11.5 minutes, sleep
efficiency: 88.8%, non-REM sleep stage 2: 40.8%, ILM arousals index: 0.6, ILM index: 4.7, total limb movements index:
5.8, hypertension: no, severity of OSA: mild and severity of hypoxemia: mild. The model predicted that the risk of
comorbid NT1 in this patient was 93.25% above the cutoff value (0.9325) (Figure 7B). Clinicians should consider the
potential risk of comorbid NT1 in this patient.
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Table 2 Comparison of the Prediction Performance of NTI in Patients with OSA Between Nine Machine
Learning Models

Model AUC | Accuracy | Sensitivity | Specificity | PPV | NPV | F-Measure | Kappa
Decision tree 0.83 0.79 0.76 0.80 0.67 | 087 | 0.71 0.55
Rand forest 0.87 0.87 0.8l 0.90 0.8l | 090 | 0.8l 0.71
eXtreme gradient boosting | 0.85 0.76 0.76 0.83 0.71 | 0.90 0.76 0.62
Lasso& ridge and elastic net | 0.88 0.77 0.81 0.76 0.63 | 0.89 0.71 0.53
Support vector machine 0.86 0.8l 0.86 0.80 0.68 | 090 | 0.74 0.59
Multilayer perceptron 0.87 0.84 0.8l 0.85 074 | 090 | 0.77 0.65
Gradient boosting machine | 0.88 0.82 0.76 0.83 071 | 090 | 0.76 0.62
K-Nearest neighbor 0.84 0.76 0.90 0.73 0.6l | 088 | 0.69 0.50
Logistic regression 0.88 0.73 0.86 0.68 0.57 | 0.88 0.67 0.45

Abbreviations: AUC, area under the receiver operating curve; PPV, positive predictive value; NPV, negative predictive curve.

Discussion
EDS appears ordinarily among individuals with sleep disorders, particularly those with OSA and NT1."** Although
several studies have identified differences between OSA and NT1 on symptomatology and objective tests,?""** there
is still no reliable model to predict NT1 in patients with OSA."""* Our study indicated the comorbid NT1 could be
accurately predicted by certain ML models. After comprehensive evaluation, GBM is the optimal algorithm among
the 9 ML models developed from clinical characteristics and PSG indicators. GBM refers to a supervised learning
algorithm which combines boosting and regression trees, functional in exploring the complex relationships between
variables.”® Under a hyperparameter optimization, the GBM model is employed to optimize computational efficiency
and enhance the robustness of detection outcomes,”* which might underlie the satisfying performance of it in the
present study.

Similar with the other study, the features reserved for the prediction of NT1 in our study included age of onset, total
limb movements index, sleep latency, non-REM sleep stage 2, severity of OSA and 6 other features.* The risk for

developing OSA increases with age, but that of NT1 typically manifests within the first two decades of life.>> This could
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Figure 5 (A) ROC:s for the training and testing set. (B) 5-fold cross validation in the training set.
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Figure 6 Feature importance. (A) The SHAP feature importance ranking graph. (B) The SHAP summary plot.

explain why the EDS appears earlier in patients with OSA with comorbid NT1 than without. A systematic review and
meta-analysis reported a higher leg movement index in NT1 patients than in healthy controls (HC) or even patients with
NT2,%° consistent with our finding that patients with OSA with comorbid NT1 tended to have a higher total limb
movements index. Several studies have reported differences in sleep architecture between patients with OSA and with
NTI. A shorter mean sleep latency is generally indicative of a potential risk of NT1.%” Patients with NT1 displayed
a lower non-REM sleep stage 2 than HC due to increased REM of sleep time.>¢ Conversely, patients with OSA,
especially those with severe OSA, had a higher N2% due to decreased or absent REM sleep.?*~ In the present study, the
decreased N2% also suggested an increased risk of comorbid NT1 in the GBM model. In summary, younger age of
sleepiness onset, lower degree of OSA severity, shorter sleep latency and higher total limb movements and non-REM
sleep stage 2 had the most predictive value for NT1. The correlation between clinical features and NT1 effectively
demonstrated the reliability and feasibility of the GBM model. Moreover, SHAP overcome the “black box” nature of ML
models, thus strengthening the reliability and interpretability aspect of our GBM model.*°

One of the major advantages of our model should be the utilization of clinical information of three specialized sleep
centers, which ensured the integrity of case data, reduced the risk of selection bias, and increased the representativeness
of the samples. In addition, features such as age of onset and PSG indicators, were routinely collected from patients with
OSA. Low-cost, noninvasive, but objective features are more aligned with actual demand of clinical practice than the
subjective indicators such as scale scores.

Our study was one of the first to use ML to predict comorbidities in patients with OSA, providing guidance and can
be helpful for the diagnosis of NT1.>' If ML of PSG features can be used to help diagnose comorbid NT1 then it may be
a reason to perform PSG rather than HSAT if ESS is high and especially if the individual has experienced an early onset
of EDS. In this way, the combination of HSAT and ML models may be more competitive in evaluation of EDS and
identification of comorbid NT1, which would notify the necessity of the following MSLT or CSF orexin test by lumbar
puncture. In many cases involving chronic diseases, clinicians place significant emphasis on secondary prevention. Using
ML model will significantly save clinicians time and human resources by accurately identifying individuals at high risk

for NT1 and raising awareness about hidden problems.'®*3?
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Limitation

There are several limitations for the present study. First, due to the low prevalence of NT1 in patients with OSA (3.1%),
only internal validation was performed without external validation in order to ensure the required the study dataset for
training the ML model. Our ML model should focus on validation in other sleep centers for clinical practice in the future.
Second, although we reviewed three years of case data from three specialized sleep centers, the sample size of our study
was limited and a higher input sample size would be required to further optimize the ML model. Third, all the patients in
our study received PSG only once, so the influence of night-to-night variability was inevitable Fourth, in this retro-
spective study, only the patients with NT1 were included, but not patients with NT2 or idiopathic narcolepsy in order to
avoid misdiagnosis. The future prospective cohort study needs to be carried out to verify the efficiency and accuracy of
the ML models.
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Conclusion

In conclusion, comorbid NT1 is rare in patients with OSA, so the potential risk of comorbid NT1 may be overlooked by
non-sleep specialist clinicians. ML-based model would be a simple and feasible screening approach for early identifica-
tion of NT1 in clinical practice, which warrants further verification and application.

Highlights
The first study utilizes ML to predict comorbid NT1 in patients with OSA.
GBM model is the best model for prediction.
Age of onset, total limb movements index, sleep latency and stage 2 of sleep time play important role in ML model.
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