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Purpose: Traditional craniofacial phenotyping of obstructive sleep apnea (OSA) relies on predefined anatomical hypotheses, often 
yielding incomplete assessments. This study aimed to apply multiple explainable deep learning (DL) approaches to explore novel 
craniofacial phenotypes.
Patients and Methods: A multimodal DL model was trained using frontal and lateral facial images, lateral cephalograms, and 
demographic data from 130 participants (65 OSA patients diagnosed by overnight polysomnography, and 65 age- and sex-matched 
controls). Explainability analysis of the model’s prediction was conducted in a subset of 56 participants per group using average face 
analysis, feature importance analysis, and gradient-weighted class activation mapping (Grad-CAM). Targeted measurements were then 
performed on the identified non-traditional regions to validate morphological differences.
Results: The model achieved an area under the curve of 0.87. The explainability analysis identified not only anatomical structures that 
have been confirmed to predict OSA (such as the mandible, chin, and hyoid regions), but also the middle and upper facial third (e.g. 
the forehead, eyebrows, and upper eyelids), which has not been fully emphasized in previous studies. Targeted measurements 
confirmed a significantly smaller inter-eyebrow distance, increased frontal protrusion (p < 0.001) and frontal sinus area (p < 0.001) 
in OSA patients.
Conclusion: Explainable DL expanded OSA-related craniofacial phenotypes. Future studies are needed to validate these upper-face 
traits in larger cohorts and clarify their relevance to OSA subtyping and mechanisms.
Keywords: deep learning, explainable artificial intelligence, obstructive sleep apnea, craniofacial morphology, convolutional neural networks

Introduction
Craniofacial morphology serves not only as an etiological factor in obstructive sleep apnea (OSA),1 but also as a key 
identifier of its phenotypes. Previous studies have shown that individuals with OSA frequently exhibit mandibular 
retrusion, vertical growth tendency, low hyoid position, and maxillary deficiency,2–4 with analyses primarily focusing on 
the upper airway-related structures and the lower third of the face. These structural traits may contribute to OSA by 
promoting upper airway narrowing and airway collapsibility during sleep.5,6 OSA-related craniofacial features also show 
ethnic variability. Chinese patients with OSA tend to show more craniofacial bony restriction compared with 
Caucasians,7,8 supporting the need for population-specific phenotyping in Chinese cohort.

Recently, deep learning (DL) models, particularly convolutional neural networks (CNNs), have shown potential for 
craniofacial image-based OSA screening. CNN models trained on multi-angle 2D or 3D facial images achieved area 
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under the receiver operating characteristic (ROC) curve (AUC) ranging from 0.65 to 0.91.9,10 A Bayesian meta-analysis 
of studies up to 2023 evaluating 10 AI models reported high sensitivity (91.1%) but relatively low specificity (79.2%) for 
DL-based facial recognition in OSA.11 Despite variable performance and limited specificity of current models, these 
studies consistently show that diagnostically meaningful OSA-related information can be extracted from craniofacial 
images. Some DL models even showed performance superior to clinical questionnaires and human experts,9,12 indicating 
that DL models may identify craniofacial features beyond traditional assessments.

Unlike predefined manual measurements, DL operates through data-driven learning, automatically extracting com
prehensive morphological representations.13 However, its black-box nature obscures exactly which features drive its 
predictions, and explainable artificial intelligence (XAI) has therefore been employed to interpret DL models and 
visualize the predictive regions.14 In OSA research, most XAI analyses focused on confirming whether the DL model’s 
attention aligned with established craniofacial features.15,16 Although this enhances clinical trust, constraining interpreta
tions to prior morphological characteristics may limit the identification of more complex or previously under-recognized 
phenotypes.17 By leveraging the powerful image-analysis capacity of DL, XAI holds the potential to serve as a data- 
driven tool for discovering novel morphological features.18

To explore this potential, the present study aimed to apply multiple explainable DL approaches to identify the 
craniofacial regions driving OSA classification, subsequently translating these AI-identified areas into quantifiable 
metrics to evaluate morphological differences. The proposed methodology provides an AI-driven framework for OSA 
phenotype discovery to advance future research, screening strategies, and clinical understanding.

Material and Methods
This study was conducted in accordance with the Declaration of Helsinki and was approved by the ethics committee of Peking 
University Hospital of Stomatology (PKUSSIRB-202388087). Each participant was assigned a unique identification code 
during data processing to protect privacy. An overview of the study methodology is briefly illustrated in Figure 1.

Study Population
The sample size calculation was based on the ROC curve using PASS 16 (NCSS, LLC, Kaysville, Utah, USA).19 We 
aimed for 80% power (1 - β) at a two-sided significance level of α = 0.05 to detect a target AUC of 0.80 against a null 
hypothesis AUC of 0.50. This calculation indicated a minimum of 51 subjects per group was required.

Participants were recruited from the Center for Oral Therapy of Sleep Apnea and the Department of Orthodontics of 
Peking University Hospital of Stomatology between January 2022 and March 2024. OSA patients were diagnosed by 
overnight PSG. All participants had frontal and lateral facial images, lateral cephalograms, or cone beam computed 
tomography (CBCT) scans obtained routinely during clinical visits.

The inclusion criteria for the OSA group were as follows: 1) clinical manifestations consistent with OSA, such as 
snoring; 2) diagnosed with OSA by overnight PSG; 3) age ≥ 18 years; 4) complete demographic data (height, weight, 
age) and imaging records. The control group was individually matched 1: 1 to the OSA group by age and sex, and the 
inclusion criteria included: 1) no sleeping disorders confirmed by overnight PSG, or no snoring witnessed by bed 
partner; 2) complete demographic data and imaging records.

The exclusion criteria for participants in both groups included: 1) presence of other sleep disorders; 2) congenital 
syndromes or craniofacial anomalies (eg., cleft lip/palate); 3) body mass index (BMI) > 32 kg/m2; 4) severe systemic 
diseases, including cardiovascular disease, diabetes, or dyslipidemia; 5) occupational skin color changes (eg., hyperpig
mentation from prolonged outdoor exposure to high temperatures).

A total of 130 participants were recruited, comprising 65 patients with OSA and 65 age- and sex-matched controls (48 
males and 17 females in each group), thus no significant inter-group differences in age and sex. To ensure the precision of 
the subsequent explainability analysis and measurement analysis, participants with unclear visualization of craniofacial 
landmarks (eg., the frontal sinus and surrounding structures) on lateral cephalograms were excluded. This resulted in the 
exclusion of 18 subjects in total (8 males and 10 females), leaving a final subset of 56 subjects per group (44 males and 
12 females), with no significant inter-group differences in age or sex.
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Figure 1 Schematic representation of the research pipeline. The workflow comprises dataset construction, multimodal deep learning model development, and model 
explainability analysis followed by targeted measurement validation. 
Abbreviations: OSA, obstructive sleep apnea; DL, deep learning; CSLCs, cone beam computed tomography (CBCT)-synthesized lateral cephalogram; CNN, convolutional 
neural network; FCN, fully connected network; Grad-CAM, Gradient-weighted Class Activation Mapping.

Nature and Science of Sleep 2026:18                                                                                               https://doi.org/10.2147/NSS.S609113                                                                                                                                                                                                                                                                                                                                                                                                       3

Luo et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Polysomnography (PSG)
Overnight PSG was conducted at accredited sleep centers of the Peking University Health Science Center affiliated 
hospitals. OSA was defined according to the standard American Academy of Sleep Medicine (AASM) criteria,20 with the 
apnea-hypopnea index (AHI) of 5 or more events per hour.

Facial Images Collection
The facial images were captured using a camera (Canon EOS 60D, Japan) with a 60 mm prime lens by the same trained 
photographer, blinded to the participant’s group, and the standardized protocol is as follows: 1) reflective umbrellas and 
light shields were arranged to ensure uniform facial illumination and eliminate shadows. 2) The camera was positioned 
150 cm from the subject’s face at mid-facial height. 3) Participants were asked to remove makeup, glasses, and 
accessories, maintain a natural head posture, and keep eyes open, teeth gently clenched, lips relaxed, and forehead, 
neck and ears exposed. 4) For frontal images, subjects looked straight ahead, and the camera viewfinder was aligned 
horizontally with the interpupillary line, centered at the nasal tip; for profile images, subjects maintained a fixed head tilt 
and rotated 90° laterally, with the Frankfort horizontal (FH) plane parallel to the ground. The viewfinder center was 
aligned about 1 cm anterior to the tragus. All images were saved in JPEG format.

Lateral Cephalograms Collection
The lateral cephalograms were obtained using Veraviewepocs 2D (J Morita Corp, Kyoto, Japan), with the following 
settings: tube voltage 90 kV, tube current 5–10 mA, and scan time 4.9 s. Each participant was instructed to maintain 
a natural head posture in an upright standing position, with teeth in centric occlusion, the tongue lightly pressed against 
the palate, and steady, quiet breathing without swallowing. All images were saved in JPEG format.

CBCT and CBCT-Synthesised Lateral Cephalograms Collection
CBCT scans were conducted by NewTom VG system (Aperio Services, Italy) and the parameters are as follows: tube 
voltage 120 kV, tube current 5 mA, scan time 40s, field of view 13×17 cm, and voxel size 0.25 mm. The participant’s 
position was kept consistent with that used for lateral cephalograms and the image range extended from the eyebrows to 
the laryngeal prominence. For participants without lateral cephalograms, CBCT-synthesized lateral cephalograms 
(CSLCs) were constructed for analysis. CBCT data were stored in DICOM format and reconstructed in Dolphin (version 
11.95, USA) into JPEG images. Previous studies comparing traditional lateral cephalograms and CSLCs found no 
significant differences in most landmarks and in the majority of linear and angular measurements.21–23 Minor statistical 
variations observed in a few landmarks and measurements were not clinically significant.21,24 These findings indicate that 
CSLCs offer diagnostic accuracy and reproducibility comparable to conventional lateral cephalograms.

Data Processing and Deep Learning Model Training Strategy
Data were labeled by group, with 1 assigned to the OSA group and 0 to the control group. The dataset was randomly 
divided into training, validation, and test sets in a 64%, 16%, and 20% ratio, respectively. The training set was used for 
model training, the validation set for CNN hyperparameter tuning, and the test set for final performance evaluation and 
model explainability analysis. For image preprocessing, frontal facial photographs were cropped, uniformly resized to 
224×224 pixels, and normalized (Figure 2A). Lateral facial images and cephalograms were manually segmented into 
distinct anatomical regions for partitioned recognition, resulting in six regions for facial images and four for cephalo
grams (Figure 2A and Table 1).

For the classification task, a multimodal DL model was developed to integrate image and clinical data. The image- 
processing branch utilized a pre-trained GoogLeNet backbone through transfer learning;25–27 while the numerical branch 
processed clinical variables via a fully connected network (FCN). The extracted features from both branches were 
concatenated and fed into a decision network to generate the final binary classification output.
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Figure 2 Illustration of data preprocessing and measurement analysis. (A) Preprocessing and segmentation of frontal facial images, lateral facial images, and lateral cephalograms 
including cone beam computed tomography (CBCT)-synthesized lateral cephalogram. (B) Measurement landmarks of frontal facial images. (C) Quantification of frontal protrusion 
and frontal sinus area on lateral cephalograms. L1 and L2 represent lines perpendicular to the FH plane passing through the nasion and glabella, respectively. (D) Measurement 
landmarks of the lip-chin region on lateral cephalograms. Yellow lables indicate linear measurements, while purple lables indicate angular measurements. 
Abbreviations: G, glabella; N, nasion; P, porion; O, orbitale; S, sella; Go, gonion; Me, menton; Prn, pronasale; Cm, columella point; Sn, subnasale; Ls, labrale superius; Li, 
labiale inferius; Si, sulcus inferius; Pos, pogonion of soft tissue; FH, Frankfort horizontal plane; SN, sella-nasion plane.
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Table 1 Partitioned Recognition of Lateral Facial Images and Lateral Cephalograms

Region Superior Inferior Anterior Posterior

Lateral facial images Upper third of the face Hairline horizontal Brow ridge horizontal Pronasale vertical Preaurale vertical
Middle third of the face Brow ridge horizontal Subnasale horizontal Pronasale vertical Preaurale vertical

Lower third of the face Subnasale horizontal Soft tissue menton horizontal Pronasale vertical Preaurale vertical
Occipital region Hairline horizontal Superaurale horizontal Preaurale vertical Posterior contour of the occipital scalp

Auricular region Superaurale horizontal Subaurale horizontal Preaurale vertical Postaurale vertical

Cervical region Soft tissue gonion horizontal Hyoid level Anterior neck border Posterior neck border

Lateral cephalograms Upper third of the face Superior margin of the frontal sinus Nasion horizontal Glabella vertical Porion vertical

Middle third of the face Nasion horizontal Subnasale horizontal Pronasale vertical Porion vertical
Lower third of the face Subnasale horizontal Soft tissue menton Lips Mandibular ramus plane

Hyoid region Encompassing the hyoid bone and surrounding airway and soft tissues

https://doi.org/10.2147/N
SS.S609113                                                                                                                                                                                                                                                                                                                                                                                                                                                                  

N
ature and Science of Sleep 2026:18 

6

Luo et al                                                                                                                                                                      

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



The model was trained for 50 epochs (batch size 8) using an Adam optimizer and cross-entropy loss. The learning 
rate was fixed at 0.0003. Model performance on the test set was evaluated by accuracy, precision, sensitivity (recall), 
specificity, and AUC.

Model Explainability Analysis
A multi-faceted model explainability analysis was conducted to visualize the model’s prediction process. First, to 
evaluate the relative importance of each modality and feature, the feature importance analysis was performed using 
the feature ablation strategy. Specifically, each feature in the test set was individually zeroed out, and the absolute 
difference between the initial model outputs and ablated outputs served as its feature importance score. This procedure 
was repeated across all features to produce a ranked list reflecting their contribution to prediction. Additionally, a heat 
map was generated using Gradient-weighted Class Activation Mapping (Grad-CAM),28 which visually highlighted the 
regions most influential for the OSA classification.

To examine the facial features captured by the DL model, the average face analysis was performed on the model- 
predicted OSA group and the model-predicted control group. For each group, an average face was generated based on 68 
facial landmarks automatically extracted using Dlib. This method was derived from our previously optimized model for 
automated disease diagnosis from facial images.29 These average faces were quantitatively compared through geometric 
and texture overlay analyses. The geometric overlay analysis quantified shape deviation via Euclidean distance between 
corresponding landmarks; while the texture overlay analysis highlighted textural variations (eg., brightness, color, and 
fine texture) through pixel-wise difference heatmaps.

Measurement Analysis
The measurement analysis of facial images and lateral cephalograms was conducted using Image J (version 1.54, USA) 
by a single experienced orthodontist. To ensure scale invariance, the facial measurements were converted to ratios by 
normalizing against the facial height, including inter-eyebrow distance, facial width, lower lip–chin distance, lip 
thickness, and mid-facial length (Figure 2B and Table 2).

The analysis of lateral cephalograms focused on the frontal region and the lip-chin region. Frontal measurements were 
based on the methods of Zheng et al and included forehead protrusion and frontal sinus area30 The former was defined as 
the distance between two lines perpendicular to the FH plane: L1 at the nasion and L2 at the glabella, the most prominent 
point of the soft-tissue forehead (Figure 2C). The latter was defined as the area of the manually delineated frontal sinus 

Table 2 Measurements on Frontal Facial Images and Lip-Chin Region of Lateral Cephalograms

Measurements Definition

Frontal facial images Facial height Distance from the trichion to the menton
Inter-eyebrow distance Distance between the medial points of both eyebrows

Facial width Distance between the bilateral zygion
Lower lip–chin distance Distance from the labiale inferius to the menton

Lip thickness Distance from the labiale superius to the labiale inferius

Mid-facial length Distance from the glabella to the subnasale

Lip-chin region of 

lateral cephalograms

Lip thickness The vertical distance between Ls and the perpendicular line from N to the FH plane

Lip–FH plane distance The vertical distance from Ls to the FH plane
Chin protrusion distance The vertical distance between Pos and the perpendicular line from Me to the FH plane

Mentolabial sulcus depth The vertical distance between Sia and the perpendicular line from Pos to the FH plane

Upper lip protrusion distance The vertical distance between Ls and the perpendicular line from Pos to the FH plane
Lower lip protrusion distance The vertical distance between Li and the perpendicular line from Pos to the FH plane

Nasolabial angle The angle formed by the Cm, Sn, and Ls
SN–FH The angel between the SN plane and the FH plane

Notes: aSi presents the deepest point of the mentolabial sulcus. 
Abbreviations: Ls, Labrale superius; N, Nasion; FH plane, Frankfort horizontal plane; Pos, Pogonion of soft tissue; Me, menton; Si, Sulcus inferius; Li, Labiale inferius; Cm, 
Columella point; Sn, Subnasale; SN plane, Sella–nasion plane.
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on the radiograph (Figure 2C). For the lip-chin region, the analysis included lip thickness, lip–FH plane distance, chin 
protrusion distance, mentolabial sulcus depth, upper and lower lip protrusion distances, nasolabial angle, and the SN–FH 
angle (the angle between the sella–nasion plane and the FH plane), as detailed in Figure 2D and Table 2.

Statistical Analysis
Statistical analysis were performed in SPSS (version 27.0, IBM). Normality was assessed using the Kolmogorov– 
Smirnov test. Continuous variables are presented as mean ± standard deviation for normally distributed data and as 
median (interquartile range) for non-normally distributed data. Between-group comparisons were performed using 
independent-samples t-tests when groups satisfying normality and homoscedasticity; otherwise, Wilcoxon rank-sum 
tests were applied. A p-value less than 0.05 was considered statistically significant.

Results
The trained DL model achieved an accuracy of 87.0%, precision of 87.5%, sensitivity of 93.3%, specificity of 75.0%, and 
an AUC of 0.87 for OSA classification on the test dataset (Figure 3A), indicating reliable performance for subsequent 
explainabiltiy analysis.

XAI Identified Predictive Craniofacial Regions Driving OSA Classification
Feature importance analysis was first conducted to identify the primary predictive factors (Figure 3B). The upper third of 
the face in lateral cephalograms emerged as the most influential input for prediction (importance score = 1.43), 
substantially outweighing all other regions and traditional clinical variables. Within the cephalometric modality, 
importance scores sharply dropped beyond this region, with the hyoid area ranking a distant second (score = 0.43), 
followed by middle third of the face (score = 0.3) and lower third of the face (score = 0.18). In contrast, importance 
scores in lateral images were more evenly distributed, including the upper and middle thirds of the face (scores = 0.65 
and 0.48, respectively), the occipital (score = 0.38), and auricular regions (score = 0.37). Clinical variables such as age, 
BMI, and sex made only minor contributions to the classification.

Grad-CAM further localized the craniofacial regions that the model relied on during prediction (Figure 3C). In lateral 
cephalograms, high activation was primarily concentrated in the hyoid region, middle third of the face, posterior 
mandibular teeth region, and mandibular body, with additional activation around the frontal sinus and chin region. In 
lateral images, prominent activation appeared in the forehead, occipital region, anterior cervical contour, accompanied by 
secondary activation in the auricular region and eyes (particularly the upper eyelids).

Average Face Analysis Further Visualized DL-Identifed Morphological Deviations
To complement these findings, average faces were generated within the model-predicted OSA and control groups across 
gender (male, female, overall) (Figure 3D). Geometric overlay analysis of these average faces revealed distinct group 
differences mainly in the brow, mandible, and chin regions, consistent with the feature importance and Grad-CAM 
findings that emphasized the upper and lower third of the face. These variations were sex-specific: in males, the most 
pronounced differences appeared in the chin area; whereas in females, differences were most evident in the brow region 
and facial contour. Further texture overlay analysis corroborated these observations at the pixel level, showing that 
differences were predominantly located along the facial contour, mandible, brow, and upper eyelids. The shaded regions 
indicating morphological differences were more extensive in males than in females.

Targeted Measurements Validated AI-Driven Craniofacial Features
To validate these AI-identified regions, targeted manual measurements were performed in lateral cephalograms and frontal facial 
images (Table 3). Cephalometric measurements focused on the upper face (especially the forehead) and lip-chin region. In the 
upper face, patients with OSA exhibited significantly greater frontal protrusion (p < 0.001) and a larger frontal sinus area (249.49 
± 81.79 vs. 189.02 ± 97.18 for controls, p < 0.001). In the lip-chin region, the OSA group was characterized by a more retruded 
chin (p < 0.001), a greater lip–FH plane distance (p = 0.002), a deeper mentolabial sulcus (p = 0.006), and a more prominent 
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upper lip (p = 0.001) compared with controls. In contrast, no significant differences were found for other conventional metrics 
such as lip thickness, nasolabial angle, lower lip protrusion, and the SN–FH angle.

The results of facial measurements were shown in Table 3. Compared with controls, subjects in OSA group exhibited 
a significantly smaller inter-eyebrow distance ratio (0.175 ± 0.383 vs. 0.205 ± 0.328, p < 0.001), a reduced lower lip–chin 
distance ratio (0.263 ± 0.031 vs. 0.282 ± 0.028, p < 0.001), and a larger mid-facial length ratio (0.467 ± 0.383 vs. 0.451 ± 
0.033, p < 0.05). No significant differences were observed in the facial width ratio or lip thickness.

Figure 3 Model classification performance and explainability analysis results. (A) Receiver operating characteristic (ROC) curves of the deep learning model. (B) Feature 
importance ranking across different input modalities. (C) Representative Gradient-weighted Class Activation Mapping (Grad-CAM) heatmaps visualizing discriminative 
regions for OSA classification in lateral facial images and lateral cephalograms. Warmer colors (red or yellow) indicate regions with higher contribution to the model’s 
prediction. (D) Average face analysis. Average faces were generated for the OSA and control groups, stratified by sex (male, female, and total). The color maps of the 
average face geometric overlay analysis reflect the magnitude of geometric deviation, with low deviation values encoded as bright white or yellow and higher deviations 
represented by increasingly warm colors, from red to near-black. Areas exhibiting the most intense warm colors highlight regions with pronounced geometric differences. 
The color maps of the average face texture overlay analysis reflect the magnitude of morphological differences, ranging from blue (minimal) to red (maximal). 
Abbreviation: AUC, the area under the ROC curve.
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Discussion
The Clinical Relevance of XAI
This study proposed an explainable DL-based framework for exploring craniofacial features in OSA. Importantly, the 
significance of our work lies not only in interpreting the black-box DL model, but also in translating model predictions 
into clinically understandable and verifiable imaging cues. Through XAI, we identified previously under-recognized 
regions relevant to OSA. Our strictly age- and sex-matched design minimized related morphological confounders and 
strengthened the specificity of the identified features.

Recently, XAI-driven clinical feature discovery is gaining attention across medicine. In sleep research, explainable 
DL highlighted overlooked electrocardiogram (ECG) waveforms31 and identified novel electroencephalogram (EEG) 
patterns not incorporated into AASM sleep-stage scoring rules.32 In other fields, similar approaches have revealed 
atypical but meaningful features, including weakly correlated skin microbes,33 previously overlooked risk factors for 
heart failure,34 and subtle motor control features predictive of cognitive decline.35 Our work echoes this trend, supporting 
the value of explainable DL-driven cues for extending disease phenotyping.

Predictive Performance of the Craniofacial Image-Based DL Model
Across multiple XAI techniques, the DL model consistently identified classic craniofacial regions implicated in OSA, 
particularly the mandible and lip-chin area, consistent with prior DL studies.16,36 Targeted quantitative measurements 
confirmed a smaller lower lip-chin distance ratio, a significantly retruded chin, and a deeper mentolabial sulcus in OSA 
(Table 3). These structural deviations aligned with prior reports of mandibular retrusion,4,37,38 indicating that the model 
successfully captured typical and clinically meaningful anatomical features analogous to human expert assessment.

Although the DL model demonstrated high sensitivity (93.3%) for OSA classification, its specificity was relatively 
modest (75.0%), supporting the view that image-based DL models were better suited for screening than for replacing PSG 
as the diagnostic gold standard.36 We argue that this modest specificity may be related to the multifactorial etiology of OSA. 
Given that OSA involves functional and neuromuscular mechanisms in addition to anatomical factors,39 predictions relying 
solely on craniofacial morphology remain inherently limited. Furthermore, by comprehensively extracting morphological 
information, the DL model may identify subtle or atypical craniofacial risk patterns. In other words, individuals exhibiting 
these facial patterns might be classified as positives by the model, yet be considered negatives under PSG standards.

Table 3 Measurement Analysis in Lateral Cephalograms and Frontal Facial Images Between the OSA Group and the Control 
Group

Measurements OSA Group (Mean ± SD) Control Group (Mean ± SD) p-value

Lateral cephalograms Forehead protrusion 10.46 ± 1.74 8.82 ± 1.58 <0.001c

Frontal sinus area 249.49 ± 81.79 189.02 ± 97.18 0.002b

Lip thickness 21.71 ± 3.36 20.33 ± 3.90 0.057

Lip–FH plane distance 51.10 ± 5.16 48.21 ± 4.29 0.002b

Chin protrusion distance −8.32 ± 7.43 −3.64 ± 7.24 <0.001c

Mentolabial sulcus depth 5.16 ± 1.50 4.42 ± 1.30 0.006b

Upper lip protrusion distance 8.52 ± 2.53 7.07 ± 2.08 0.001c

Lower lip protrusion distance 6.62 ± 3.14 5.88 ± 2.56 0.174
Nasolabial angle 93.96 ± 9.19 94.50 ± 8.80 0.749

SN–FH 9.15 ± 1.80 8.48 ± 2.65 0.122

Frontal facial images Inter-eyebrow distance/facial height 0.175 ± 0.383 0.205 ± 0.328 <0.001c

Facial width/facial height 1.058 ± 0.063 1.047 ± 0.061 0.309

Lower lip–chin distance/facial height 0.263 ± 0.031 0.282 ± 0.028 <0.001c

Lip thickness/facial height 0.151 ± 0.025 0.149 ± 0.028 0.670

Mid-facial length/facial height 0.467 ± 0.383 0.451 ± 0.033 0.011a

Notes: ap < 0.05; bp < 0.01; cp < 0.001. 
Abbreviations: FH plane, Frankfort horizontal plane; SN plane, Sella–nasion plane.
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Explainable DL-Driven Expansion of Craniofacial Phenotypes in OSA
A major contribution of this study is that XAI enabled OSA craniofacial phenotyping to move beyond conventional 
morphological assessment. Previous OSA phenotyping studies typically selected measurements based on predefined 
anatomical hypotheses. For instance, investigations of obese individuals with OSA often prioritized upper airway 
dimensions and local soft tissues;40,41 whereas cephalometric analysis adapted from orthodontics emphasized sagittal 
skeletal relationships and the lower third of the face.3,42,43 Even attempts to increase the number of landmarks were 
constrained by manually defined metrics, which may not fully cover the complex OSA-related craniofacial 
morphology.44 Prediction models relying on these parameters exhibited limited accuracy across populations,45,46 further 
suggesting that current assessments of OSA-related craniofacial features remain incomplete.

In contrast, XAI offers a data-driven perspective that is not confined to predefined anatomical assumptions. In our 
study, beyond the lower-face structures, XAI revealed consistent attention to previously under-recognized regions, 
particularly the upper third of the face. Measurement analysis validated the significance of these AI-based cues: 
compared with controls, OSA patients exhibited a reduced inter-eyebrow distance ratio, alongside increased frontal 
protrusion and frontal sinus area (Table 3). Although the upper-face region is less easily modifiable than the lower third 
of the face, it may provide phenotypic markers to delineate anatomical subtypes, guide targeted non-invasive screening, 
and offer morphological clues for pathogenesis.

The model also highlighted the upper eyelid, facial contours, auricular, and occipital regions. While we did not 
quantify these areas due to a lack of well-defined metrics, previous OSA-related DL studies supported their involvement. 
Tsuiki et al reported that their DL model achieved an AUC of 070 when relying exclusively on the partial occipital 
region47 and He et al demonstrated the predictive contributions of the ocular, nasal, and auricular regions via photo
graphic occlusion tests.15 Taken together, these findings suggest that the anatomical phenotype of OSA is a complex 
manifestation involving multiple regions.

Limitation
This study has several limitations that should be acknowledged. First, the sample size was relatively modest, constrained 
by the difficulty of recruiting sex- and age-matched participants. Although the transfer learning strategy was utilized, the 
model’s performance would undoubtedly benefit from a larger and more diverse dataset. Second, since the study included 
only Chinese participants, the findings may not generalize to other ethnic groups. Third, although no evidence of OSA 
was detected among controls at the time of assessment, younger participants may still develop OSA later in life. As OSA 
prevalence increases with age, such potential misclassification could have attenuated group differences and influenced the 
model’s feature learning. Finally, participants with unclear visualization of craniofacial landmarks on lateral cephalo
grams were excluded from the explainability and measurement analyses, which may introduce potential selection bias 
toward better-quality images. Future studies with larger, independent, and ethnically diverse cohorts, including external 
validation, are needed to confirm the robustness and generalizability of the present findings.

Conclusion
Our research presents an AI-driven strategy to explore craniofacial phenotypes in OSA. By combining multiple 
explainable DL approaches with targeted measurements, we identified and validated previously under-recognized 
craniofacial features relevant to OSA classification, expanding OSA-related morphology beyond the lower third of the 
face to the upper face. These findings demonstrate the value of XAI not only for model interpretation but also for image- 
based feature discovery and the expansion of disease phenotypes. Although the identified upper-face structures are not 
readily modifiable, they may still have clinical value for OSA risk stratification and subtype classification. Future studies 
are needed to validate these upper-face traits in larger cohorts and clarify their role in OSA pathogenesis.

Abbreviations
OSA, Obstructive sleep apnea; DL, Deep learning; CNNs, Convolutional neural networks; ROC, Receiver operating 
characteristic; AUC, Area under the ROC curve; XAI, Explainable artificial intelligence; CBCT, Cone beam computed 
tomography; BMI, Body mass index; PSG, Polysomnography; AASM, American Academy of Sleep Medicine; AHI, 
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Apnea-hypopnea index; FH plane, Frankfort horizontal plane; CSLCs, CBCT-synthesized lateral cephalograms; FCN, 
Fully connected network; Grad-CAM, Gradient-weighted Class Activation Mapping; ECG, Electrocardiogram; EEG, 
Electroencephalogram.
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