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Supplementary Appendix S1.  Description of six machine learning algorithms
LR, is a ML model, commonly employed for binary classification tasks, which predicts class probabilities though the sigmoid function and optimizes the model using a logarithmic loss function [1]. RF, an ensemble learning algorithm, constructs multiple decision trees and captures complex nonlinear relationships and interactions through majority voting [2]. SVM is a supervised machine learning algorithm that classifies data by establishing decision boundaries between different categories. Simultaneously, it utilizes kernel functions to a maximum-margin decision boundary and the nearest data instances through kernel functions[3]. XGBoost is a gradient-boosting ensemble algorithm that iteratively trains multiple classifiers using gradient descent to minimize the loss function, achieving high predictive accuracy and generalization capability[4]. KNN is an instance-based, non-parametric classification method that assigns samples to the majority class of their k nearest neighbors based on a selected distance metric[36]. NB is a generative probabilistic classifier grounded in Bayes' theorem, assuming conditional independence among features given the category label[5]. 
Supplementary Appendix S2.  Hyperparameter optimization of the models
The optimal hyperparameter configurations for each model were determined using grid search combined with cross-validation, the details are as follows:
For the Anxiety versus Comorbidity of anxiety and depression，the optimal hyperparameter configuration of the LR model was as follows:{'C': 2, 'class_weight': 'balanced', 'penalty': 'l2', 'random_state': 0, 'solver': 'lbfgs', 'tol': 0.0001}，SVM :{'C': 0.5, 'gamma': 0.4, 'kernel': 'rbf', 'random_state': 0, 'tol': 0.0001}, RF:{'max_depth': 9, 'max_features': 'sqrt', 'min_samples_leaf': 9, 'min_samples_split': 5, 'n_estimators': 199, 'random_state': 0}，XGBoost:{'gamma': 0.7, 'learning_rate': 0.025, 'max_depth': 7, 'min_child_weight': 15, 'n_estimators': 183, 'objective': 'reg:squarederror', 'random_state': 0, 'reg_alpha': 0.1, 'reg_lambda': 1, 'subsample': 0.7}，KNN:{'algorithm': 'auto', 'leaf_size': 50, 'metric': 'minkowski', 'n_neighbors': 5, 'p': 1, 'weights': 'uniform'},NB：{'usekernel': 'FALSE', 'laplace': 0, 'adjust':1} .
[bookmark: _GoBack]For the Depression versus Comorbidity of anxiety and depression，LR: {'C': 5, 'class_weight': 'balanced', 'penalty': 'l2', 'random_state': 0, 'solver': 'lbfgs', 'tol': 0.0001}，SVM:{'C': 0.4, 'gamma': 0.8, 'kernel': 'rbf', 'random_state': 0, 'tol': 0.0001}，RF: {'max_depth': 9, 'max_features': 'sqrt', 'min_samples_leaf': 10, 'min_samples_split': 7, 'n_estimators': 318, 'random_state': 0}，XGBoost:{'gamma': 0.05, 'learning_rate': 0.05, 'max_depth': 9, 'min_child_weight': 6, 'n_estimators': 66, 'objective': 'reg:logistic', 'random_state': 0, 'reg_alpha': 0.01, 'reg_lambda': 1, 'subsample': 0.9}，KNN：{'algorithm': 'auto', 'leaf_size': 50, 'metric': 'minkowski', 'n_neighbors': 5, 'p': 2, 'weights': 'uniform'}，NB：{'usekernel': 'FALSE', 'laplace': 0, 'adjust':1} .
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Supplementary Figures
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Fig.S1 Feature selection using the RFE algorithm with 10-fold cross-validation across two prediction tasks. (A) Top 11 features importance ranking for anxiety vs comorbidity of anxiety and depression; (B) Top 11 features importance ranking for depression vs comorbidity of anxiety and depression.




Supplementary Tables
Tables S1  TRIPOD checklist for prediction model development and validation
	Section/Topic
	Item
	
	Checklist Item

	Title and abstract
	
	
	

	Title
	1
	D;V
	Development and validation of an interpretable multi-task prediction model based on heart rate variability for discriminating depression, anxiety and comorbidities in patients with psychiatric disorders: a machine learning-driven retrospective study

	Abstract
	2
	D;V
	Objective: Depression and anxiety are significant global public health, their comorbidity share similar clinical symptoms with heterogeneous progression patterns for patients. The early and accurate prediction of anxiety, depression, and comorbidity of anxiety and depression is essential for timely discrimination of high-risk patients, individual treatment strategies, and hierarchical management. This study aimed to develop and validate an interpretable, multi-task prediction model using heart rate variability (HRV) for discriminating anxiety alone, depression alone, and comorbid patients with psychiatric disorders.
Methods: Patients diagnosed with anxiety or depression by trained psychiatrists were retrospectively enrolled from the Department of Psychiatry, the Affiliated Hospital of Southwest Medical University, between March 2024 and April 2025. The Synthetic Minority Over-sampling Technique (SMOTE) was applied to address class imbalance, and the Recursive feature elimination (RFE) was used for feature selection. Six machine-learning algorithms, including logistic regression (LR), support vector machine (SVM), random forest (RF), extreme gradient boosting (XGBoost), k-nearest neighbor (KNN), and naïve Bayes (NB), were adopt to develop multi-task prediction models for discriminating psychiatric comorbidities. Model performances were evaluated by receiver operating characteristic (ROC) curves, accuracy, sensitivity, specificity, F1 score, and Matthews correlation coefficient (MCC). The SHapley Additive exPlanation (SHAP) method was used to visualize the feature contributions and interpret the best model.
Results: A total of 546 patients, 114 with anxiety group(20.88%), 100 with depression group (18.32%), and 332 with comorbidity of anxiety and depression (60.81%), were included in this study. The ML-based models were developed for each task using the eleven contributing features. Among the six ML models, the XGBoost achieved the best performance across all tasks. In the validation set, this model achieved the AUCs of 0.834 (95% confidence interval [CI]:0.761-0.907) for the task of anxiety versus comorbidity of anxiety and depression, and 0.846(95% CI:0.775-0.917) for the task of depression versus comorbidity of anxiety and depression, respectively. The clinical utility was evaluated using Decision curve analysis (DCA) and calibration curves.
Conclusion: The proposed model has potential clinical application prospects and may assist clinicians to improve the accuracy and efficiency of diagnosis, and thereby facilitating timely appropriate intervention measures for patients with psychiatric disorders.

	Introduction
	
	
	

	Background and objectives
	3a
	D;V
	Depression and anxiety are prevalent psychiatric disorders that are associated with high rates of disability and suicide, which have been increasingly becoming a major challenge to global public health [1-3]. According to the 2021 Global Burden of Disease (GBD) Study [4-5], approximately 341 million people worldwide suffer from depression, and about 53.9 million are troubled by anxiety disorders. Despite the availability of evidence-based prevention and treatment interventions, these psychiatric disorder continue to impose great mental stress and heavy economic burdens to patients, and also give rise to numerous social problems. It is noteworthy that comorbidity of anxiety and depression reached as high as 50% to 60% [6]. This comorbidity is associated with a substantially increased risk of suicidal ideation (SID) and suicide attempts, which provide substantial challenges for clinical diagnosis and treatment decisions [7-9]. Therefore, the precise discrimination of depression, anxiety and their comorbidities, along hierarchical management, has received increasing attention and become a research hotspot in the current field of mental health.
Currently, the diagnosis of psychiatric disorders primarily relies on clinical interviews and clinician-administered scales. However, these methods are limited by subjective assessment, clinician-patient communication, and cultural influences, which may lead to diagnostic bias or misdiagnosis [10-11]. Given the substantial overlap in clinical symptoms and the potentially shared neurobiological mechanisms among anxiety, depression, and their comorbidity, traditional symptom-based diagnostic approaches often lack sufficient specificity for differential identification[12-13]. However, Studies in the past have shown depression or anxiety as distinct disorders, whereas relatively few have specifically focused on the differential diagnosis for comorbid of anxiety and depression[14-15]. In addition, some studies rely on complex or less accessible features, and many lack sufficient interpretability or clinically oriented evaluation, which may limit their application in routine clinical practice. Therefore, there is an urgent requirement to develop cost-effective and accurate auxiliary diagnostic tools to improve the identification and risk stratification of anxiety, depression, and their comorbidity.

	
	3b
	D;V
	Heart rate variability (HRV) is a non-invasive indicator used to evaluate autonomic nervous system (ANS) function, which objectively reflects the dynamic balance between sympathetic and parasympathetic activity [16-17]. Previous studies have consistently demonstrated that patients with depression or anxiety exhibit significantly lower HRV, which reflect diminished ability to regulate emotions and physiological responses to stress [18-19]. These findings indicated that HRV is expected to become an important potential biomarker for clinical diagnosis, disease stratification and prognosis assessment of psychiatric disorders [20-22]. With the rapid development of artificial intelligence (AI) technology and data sciences, machine learning (ML) has become widely used in public health and medical research fields [23-25]. In recent years, ML-based models have demonstrated outstanding performance in the early diagnosis and screening of psychiatric disorders such as depression or anxiety, particularly in evaluating treatment response and prognosis [26-27]. Thus, we hypothesize that incorporating HRV features and clinical indicators may yield promising efficiency in distinguishing early-stage depression, anxiety, and psychiatric comorbidities. 
In this study, we aimed to develop and validate an interpretable, multi-task ML prediction model for the early and accurate discrimination of depression alone, anxiety alone, and comorbidity of anxiety and depression. By analyzing the relationship between HRV feature and psychiatric symptoms, we explored how these variables might affect psychiatric disorders. The SHapley Additive exPlanation (SHAP) method was used to visualize feature contributions and enhance the interpretability of models, which is helpful for providing clinical decision-making for clinicians.

	Methods
	
	
	

	Source of data
	4a
	D;V
	This retrospective study was approved by the Institutional Review Board of the Affiliated Hospital of Southwest Medical University (KY2024507), with the requirement for informed consent waived. 

	
	4b
	D;V
	All patient-relevant information was anonymous and de-identified. The study protocol was conducted in accordance with the principles of the Declaration of Helsinki. Data of patients who underwent psychological assessment between March 2024 and April 2025, were obtained from the Department of Psychiatry, the Affiliated Hospital of Southwest Medical University. 

	Participants
	5a
	D;V
	The inclusion criteria were as follows: 1) aged ≥14 years; 2) Cognitive ability to understand and complete assessments of the Depression and anxiety scale, including HRV measuring; 3) No gender restrictions; 4) No severe major cardiovascular diseases, liver or kidney dysfunction.
The exclusion criteria were as follows: 1) Patients with missing HRV data; 2) Presence of other psychiatric disorders, such as bipolar disorder or personality disorders; 3) Patients with severe cardiovascular disease (e.g., heart failure or coronary artery disease), chronic liver or kidney disease, or other diseases potentially affecting HRV (e.g., acute infection or fever); and 4) Pregnant or breastfeeding women.

	
	5b
	D;V
	A total of 546 patients were included, among whom 114 were patients with anxious, 100 were patients with depression , and 332 were patients with comorbidities of anxiety and depression. The task of discriminating psychiatric comorbidities was recast into two binary classification events: anxiety versus (vs) comorbidity of anxiety and depression, depression vs comorbidity of anxiety and depression. According to different tasks, patients were respectively divided into training and validation groups at an approximately 7:3 ratio. Stratified random sampling was adopted to ensure that the proportion of positive and negative samples was consistent in the two groups.

	
	5c
	NA
	No intervention was involved in this study

	Outcome
	6a
	D;V
	In this study, the 24-item Hamilton Depression (HAMD-24) Scale、14-item Hamilton Anxiety Scale (HAMA-14) integrated clinical symptoms were used to diagnose depression、anxiety, which provided clinicians with diagnostic decisions.

	
	6b
	NA
	This study was retrospective and did not involve blindness.

	Predictors
	7a
	D;V
	For the anxiety vs comorbidity of anxiety and depression task, the selected top 11 features were sex, age, HF, VLF, LF/HF, BMI, heart rate, SDNN5, LF, pNN50, and SD1/SD2. For the depression vs comorbidity of anxiety and depression task, the selected top 11 features were LF, sex, SD2, VLF, SDNN, LF/HF, heart rate, TP, HF, SD1/SD2, and BMI .

	
	7b
	NA
	This study was retrospective and did not involve blindness.

	Sample size
	8
	D;V
	As this study is a retrospective study and limited by hospital facilities, we have obtained as much data as possible within the limited scope.

	Missing data
	9
	D;V
	We excluded 332 subjects who lacked complete heart rate variability reports. There is no missing data from the study,

	Statistical analysis methods
	10a
	D
	All statistical analysis were performed using R software (version 4.3.0) and Python (version 3.11.7). Continuous variables were expressed as medians, first (Q1) and third (Q3) quartiles, and ranges, and Categorical variables were expressed in terms of frequencies and percentages (%). Comparisons between groups were calculated using the Chi-square or the Fisher's exact test for categorical variables, and the Kruskal-Wallis rank-sum test for continuous variables. All P values were two-tailed, and P<0.05 was considered statistically significant.

	
	10b
	D
	Six machine-learning algorithms, including logistic regression (LR), support vector machine (SVM), random forest (RF), extreme gradient boosting (XGBoost), k-nearest neighbor (KNN), and naïve Bayes (NB) were adopt to develop prediction models for discriminating psychiatric comorbidities, respectively. Then, a comparison of these model was also performed within the training and validation cohort. To ensure the stability and generalization ability of the models, a grid search combined with 10-fold cross validation was used to determine the best hyperparameters.

	
	10c
	V
	The discrimination ability of these models was evaluated using multiple metrics, including the area of receiver operating characteristics curve (AUC), accuracy (ACC), sensitivity (SEN), specificity (SPE), positive predictive value (PPV), negative predictive value (NPV),  F1 score and Matthews Correlation Coefficient (MCC). The 1,000-bootstrap resampling strategy was used for internal validation, and the 95% confidence interval (CI) was calculated. The model calibration was evaluated using the Calibration curves accompanied by Hosmer-Lemeshow goodness-of-fit test (HL test). Decision curve analysis (DCA) were performed to quantify the net clinical benefit across a range of threshold probabilities, thereby evaluating the potential clinical utility of the predictive models.

	Risk groups
	11
	NA
	Provide details on how risk groups were created, if done.

	Development vs. validation
	12
	V
	Our study was an internal validation, so the data inclusion criteria, outcome metrics, predictors, and data sets were identical.

	Results
	
	
	

	Participants
	13a
	D;V
	The participation of the study subjects is shown in Figure 1 and Figure 2.

	
	13b
	D;V
	A total of 546 patients, 114 patients in anxiety group(20.88%), 100 patients in depression group (18.32%), and 332 patients in comorbidity of anxiety and depression (60.81%), were included in this study. The baseline characteristics of all patients are shown in Table 1. Significant group differences were observed in age, heart rate, pNN50, RMSSD, SDSD, SD1, SD1/SD2, VLF, HF, and sex (all P < 0.05), whereas no significant differences were found for BMI, SDNN, SDNN5, SD2, LF, TP and LF/HF (P > 0.05). Among the three groups, the proportion of female patients in the comorbidity group (81.63%) was higher than in the anxiety group (70.18%) and the depression group (72.00%). 


	Model development
	14a
	D
	We have saved the number of participants and outcome events in each analysis.

	
	14b
	D
	The associations between each candidate predictor and the results are shown in Table 1, 2, and 3.

	Model specification
	15a
	D
	In this study, an extreme gradient boosting (XGBoost) classifier was developed for the binary classification tasks. XGBoost is a tree-based ensemble method that builds an additive model by sequentially fitting decision trees to minimize a regularized objective function (logistic loss for binary classification). 
[image: ]





At each iteration, a new tree is trained to reduce the residual errors of the previous ensemble, enabling the model to capture non-linear relationships and feature interactions. Key hyperparameters (e.g., number of trees, learning rate, maximum depth, minimum child weight, subsampling ratios, and L1/L2 regularization) were optimized via cross-validation using grid search to improve generalization and reduce overfitting.

	
	15b
	D
	For new samples, the trained XGBoost model outputs the predicted probability of the positive class by aggregating the scores from all trees and applying a logistic function. The final class label is assigned according to a predefined decision threshold (default 0.5 unless otherwise specified). If probability calibration is required, post hoc calibration methods (e.g., Platt scaling or isotonic regression) can be applied to improve the agreement between predicted probabilities and observed outcomes.

	Model performance
	16
	D;V
	The performance indicators of all Prediction Models are described in section 3.3. Development and Validation of Prediction Models.

	Discussion
	
	
	

	Limitations
	17
	D;V
	Firstly, this retrospective single-center study has a relatively limited-size sample and predominantly adolescent participants (median age 16 years), which may introduce potential selection bias and constrains generalisability to other populations. To address this, future multi-center studies will incorporate prospective data and expand the sample size of different age populations before actual clinical application. Secondly, our findings only included HRV and conventional clinical features, more clinical features such as clinical drug use, follow-up, genes, neuroimaging and inflammatory markers were not included in this study. Thirdly, this study only discriminate psychiatric comorbidity and failed to involve the prediction of treatment responses, thereby preventing the model from accounting for regimen-specific effects. Finally, although HRV serves as a non-invasive indicator of autonomic activity, which represents only an indirect marker of the complex heart-brain interactions for emotional regulation and psychiatric symptoms. In future, we will employ a multimodal approach integrating HRV and electroencephalogram (EEG) signals to conduct comprehensive analyses of individual mental health states. Despite these limitations, our findings provide effective biomarkers for distinguishing individuals with psychiatric disorders, offering valuable support for advancing early prevention and timely intervention.

	Interpretation
	18
	V
	For validation, discuss the results with reference to performance in the development data, and any other validation data.

	Implications
	19
	D;V
	This study reveals the relationship between HRV feature variables and different subtypes of mental disorders, and explores HRV as a potential biomarker for the diagnosis of anxiety disorders, depression, and comorbidities. The SHAP-based XGBoost model provides clinicians with quantitative auxiliary diagnostic tools, which helps to improve the accuracy and efficiency of diagnosis, and thereby enabling timely appropriate intervention measures for patients with mental disorders.

	Other information
	
	
	

	Supplementary information
	20
	D;V
	Because the data set used is a non-public data set, the data cannot be disclosed in order to protect patient privacy. The study design is shown in Figure 1 for reference. The supplementary materials contain the optimal optimization parameters of the model.

	Funding
	21
	D;V
	This research was supported by Sichuan Science and Technology Program (Grant No. 2024NSFSC0491), Central Nervous System Drug Key Laboratory of Sichuan Province (Grant No. 210025-01SZ). Funding is only financial and independent of study design, collection, analysis and interpretation of data, writing the study protocol or decision to submit.


Items relevant only to the development of a prediction model are denoted by D, items relating solely to a validation of a prediction model are denoted by V, and items relating to both are denoted D;V. Some of the items were not applicable (NA) to the current study.
















Tables S2a  Hyperparameter of six models for anxiety vs comorbidity of anxiety and depression

	ML model
	Hyperparameter

	Logistic regression (LR)
	'C': 2, 'class_weight': 'balanced', 'penalty': 'l2', 'random_state': 0, 'solver': 'liblinear', 'tol': 0.0001

	Support Vector Machine (SVM)
	'C': 0.5, 'gamma': 0.4, 'kernel': 'rbf', 'random_state': 0, 'tol': 0.0001

	Random Forest (RF)
	'max_depth': 9, 'max_features': 'sqrt', 'min_samples_leaf': 9, 'min_samples_split': 5, 'n_estimators': 199, 'random_state': 0

	Extreme Gradient Boosting (XGBoost)
	'gamma': 0.7, 'learning_rate': 0.025, 'max_depth': 7, 'min_child_weight': 15, 'n_estimators': 183, 'objective': 'reg:squarederror', 'random_state': 0, 'reg_alpha': 0.1, 'reg_lambda': 1, 'subsample': 0.7

	 K-Nearest Neighbor (KNN)
	'algorithm': 'auto', 'leaf_size': 50, 'metric': 'minkowski', 'n_neighbors': 3, 'p': 1, 'weights': 'uniform'

	 Naïve Bayes(NB)
	usekernel = FALSE, laplace = 0, adjust =1




Tables S2b  Hyperparameter of six models for depression vs comorbidity of anxiety and depression

	ML model
	Hyperparameter

	Logistic regression (LR)
	'C': 5, 'class_weight': 'balanced', 'penalty': 'l2', 'random_state': 0, 'solver': 'lbfgs', 'tol': 0.0001

	Support Vector Machine (SVM)
	'C': 0.4, 'gamma': 0.8, 'kernel': 'rbf', 'random_state': 0, 'tol': 0.0001

	Random Forest (RF)
	'max_depth': 9, 'max_features': 'sqrt', 'min_samples_leaf': 10, 'min_samples_split': 7, 'n_estimators': 318, 'random_state': 0

	Extreme Gradient Boosting (XGBoost)
	'gamma': 0.05, 'learning_rate': 0.05, 'max_depth': 9, 'min_child_weight': 6, 'n_estimators': 66, 'objective': 'reg:logistic', 'random_state': 0, 'reg_alpha': 0.01, 'reg_lambda': 1, 'subsample': 0.9

	 K-Nearest Neighbor (KNN)
	'algorithm': 'auto', 'leaf_size': 50, 'metric': 'minkowski', 'n_neighbors': 5, 'p': 2, 'weights': 'uniform'

	 Naïve Bayes(NB)
	usekernel = FALSE, laplace = 0, adjust =1
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