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Table 1 TRIPOD checklist for prediction model development and validation
	Section/Topic
	Item
	
	Checklist Item

	Title and abstract
	
	
	

	Title
	1
	D;V
	Auxiliary identification of depression patients using interpretable machine learning models based on heart rate variability: a retrospective study

	Abstract
	2
	D;V
	Objective
Depression has emerged as a global public health concern with high incidence and disability rates, which are timely imperative to identify and intervene in clinical practice. The objective of this study was to explore the association between heart rate variability (HRV) and depression, with the aim of establishing and validating a machine learning model for the auxiliary diagnosis of depression.
Methods
The data of 465 outpatients from the Affiliated Hospital of Southwest Medical University were selected for the study. The study population was then randomly divided into training and validation sets in a 7:3 ratio. Logistic regression (LR), support vector machine (SVM), random forest (RF) and eXtreme gradient boosting (XGBoost) algorithm models were used to construct risk prediction models in the training set, and the model performance was verified in the test set. The four models were evaluated by the area under the receiver operating characteristic curve (ROC) calibration curve and the decision curve analysis (DCA). Furthermore, we employed the SHapley Additive exPlanations (SHAP) method to illustrate the effects of the features attributed to the model.
Results
There were 237 people in the depressed group and 228 in the non-depressed group.  In the training set (n=325) and test set (n=140), the AUC values of the XGBoost model are 0.92 [95% confidence interval (CI) 0.888,0.95] and 0.82 (95% CI 0.754,0.892)] respectively, which are higher than the other three models. The XGBoost model has excellent predictive efficacy and clinical utility. The SHAP method was ranked according to the importance of the degree of influence on the model, with heart rate, Standard deviation of the NN intervals(SDNN),Standard deviation of the distances of the points from the major axis(SD2), sex and Relationship between SD1 and SD2 (SD1/SD2) considered to be the top 6 predictors.
Conclusion
This study provides a reference for the feasibility of heart rate variability as a potential biomarker for depression. The XGBoost model based on SHAP provides clinicians with a quantitative auxiliary diagnostic tool, which is conducive to improving the accuracy and efficiency of diagnosis, and can also be used for the monitoring and prevention of depression.

	Introduction
	
	
	

	Background and objectives
	3a
	D;V
	Currently, the traditional diagnosis of depression usually adopts clinical symptoms and depression scale for qualitative diagnosis, and cannot be quantitatively evaluated, which may lead to missed diagnosis or misdiagnosis. In order to overcome the limitations of traditional diagnostic methods, researchers are constantly exploring new diagnostic models for depression, which have been developed based on markers such as magnetic resonance imaging (MRI), electroencephalography (EEG), and serotonin levels.These models can avoid the subjectivity of traditional diagnostic methods to some extent. However, these machine learning models based on imaging and biological indicators still have problems such as high cost, invasiveness and complexity, so it is urgent to find a biomarker with real-time monitoring, non-invasiveness and low cost.

	
	3b
	D;V
	Although previous studies have compared some HRV indicators between depressed people and healthy people, few studies have comprehensively compared the differences in the time domain, frequency domain and nonlinear parameters of HRV between depressed people and healthy people, and established a depression diagnosis model based on heart rate variability.
In this study, we aimed to investigate the correlation between HRV and depression, determine the predictive factors of the depression model, and explore the feasibility of HRV as a potential biomarker for depression. At the same time, we established a clinical prediction model based on heart rate variability to assist clinicians in more accurately identifying depression patients, thereby enabling timely optimization of diagnostic and treatment strategies.

	Methods
	
	
	

	Source of data
	4a
	D;V
	This retrospective study was approved by the Institutional Review Board of the Southwestern Medical University Hospital (No. KY2020221), and the requirement for written informed consent was waived. This study protocol complies with the principles of the Declaration of Helsinki.All patients were randomly divided into a training set (n = 325) and a validation set (n=140), with a ratio of approximately 7:3. 

	
	4b
	D;V
	This is a retrospective study. We collected outpatient who underwent depression examination between November 2021 and March 2022. 

	Participants
	5a
	D;V
	The initial data for this study came from Department of Psychiatry, the Affiliated Hospital of Southwest Medical University. A total of 621 outpatients who underwent depression examination were enrolled in the study. 

	
	5b
	D;V
	The inclusion criteria were as follows: (i) participants were 14 years of age and older; (ii) participants were required to complete both the Depression Assessment Scale and HRV tests. The exclusion criteria were as follows: (i) patients who did not follow the requirements of the HRV test; (ii) patients with irregular heart rhythm, arterial fibrillation or atrioventricular conduction block; (iii) pregnant women.

	
	5c
	NA
	No intervention was involved in this study

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

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

	Predictors
	7a
	D;V
	A total of 17 characteristic variables were extracted from the medical case reports of outpatients with depression, respectively, including 2 demographic characteristic variables (sex, age), 2 clinical characteristic variables (body mass index (BMI), heart rate) and 13 HRV characteristic variables.Ultimately, a total of 6 characteristic variables were used to develop prediction models. 

	
	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 142 subjects who lacked complete heart rate variability reports. There is no missing data from the study,

	Statistical analysis methods
	10a
	D
	All statistical analysis and calculations were performed using R (v. 3.6.1, R Foundation for Statistical Computing), Python (version 3.11.7) and SPSS 26.0. Continuous variables are expressed as medians and interquartile ranges, and categorical variables are expressed as frequency (percentage). Continuous variables between groups were compared using Mann-Whitney U test, and categorical variables between groups were compared using Chi-square test. All P values were two-tailed, and P < 0.05 was considered statistically significant.

	
	10b
	D
	The models established in this study are predictive diagnostic models. LR makes predictions by learning the relationship between data features and target variables, and the output result can be expressed as probability. SVM maps vectors into a higher-dimensional space and is able to handle the interaction of nonlinear features . RF combines different decision trees, and the algorithm is generally stable. The XGBoost model uses the gradient enhancement framework, which is also an integrated method based on decision trees, and has the characteristics of high efficiency and flexibility. We adopted a methodology that combines bootstrap validation with 10-fold cross-validation, utilizing grid search to determine the optimal parameters. 

	
	10c
	V
	Within each fold of the 10-fold cross-validation, we employed resampling techniques on the original training set to generate bootstrap training sets. Subsequently, we trained the machine learning model on these bootstrap sets and evaluated its predictive performance on a separate test set[A3-A4]. This resampling and model validation process was meticulously repeated 1000 times to ensure thorough validation of the model. The results obtained in this manner provide stronger evidence of the model's stability and reliability, adhering to academic rigor and precision.

	
	10d
	D;V
	The prediction performance of these model was evaluated by calculating the area of ROC curve, sensitivity (SEN), specificity (SPE), positive predictive value (PPV) , negative predictive value (NPV), F1 score respectively and calibration curve. The DCA of all models was performed to quantify the net benefit of patients under different threshold probabilities in the cohort to assess the clinical value of the prediction models in our study.

	
	10e
	V
	Through the combination of 10-fold cross-validation and bootstrap validation, our model prediction index has been improved. The details are shown in Table 2.

	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 465 outpatients were included in this study, with 237 in the depression group and 228 in the non-depression group. The specific baseline characteristics of all patients are shown in Table 1. The median age was 20 (17,36) years, with 60.6% females and 39.4% males. The median heart rate in the depressed group was 85, higher than 76.09 in the non-depressed group. There were significant differences in sex, age, heart rate and HRV characteristics ( SDNN, SDNN5, pNN50, rmsSD, SDSD, SD1, SD2, VLF, LF ) between the two groups ( P＜0.05).

	
	13c
	V
	The training set included 162 depressed patients and 163 non-depressed patients. The test set consisted of 75 depressed patients and 65 non-depressed patients.

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

	
	14b
	D
	The unadjusted associations between each candidate predictor and the results are shown in Table 1 and supporting table 2.

	Model specification
	15a
	D
	Since we have generated a logistic regression nomogram, here we use the logistic regression model as an example.For binary classification problems, we have a dependent variable y that can only take two values, such as 0 and 1, representing negative and positive results respectively. We also have a series of independent variables x1,x2,... ,xm, they are the factors that affect the dependent variable. Logistic regression models try to find relationships between these independent and dependent variables.
[image: ]
Here, P(y=1) _ x1,x2... ,xm) represents the probability that the dependent variable takes on the value of 1 given the independent variable. And beta 0, beta 1, beta 2... Beta m are model parameters that need to be estimated from the data.

	
	15b
	D
	We construct a nomogram based on logistic regression(Supporting Figure 1). Users can enter a number based on their condition to obtain a probability score for depression.

	Model performance
	16
	D;V
	The performance indicators of all Prediction Models are described in 3.2 Development and Validation of Prediction Models.

	Model-updating
	17
	V
	The current performance indicators of the model were obtained by using bootstrap verification, and the specific indicators are shown in Table 2.

	Discussion
	
	
	

	Limitations
	18
	D;V
	This was a single-center retrospective study, and the results were dependent on the composition of these limited data, which may have biased the results. Therefore, further prospective studies in multicenter populations are needed, and more factors that influence the occurrence of depression can be incorporated to build a comprehensive model combined with heart rate variability.

	Interpretation
	19a
	V
	For validation, discuss the results with reference to performance in the development data, and any other validation data.

	
	19b
	D;V
	The test set performance of the four predictive models is lower than that of the training set, but the AUC of the four test sets is above 0.7, and all have good calibration and clinical utility.

	Implications
	20
	D;V
	The XGBoost model based on SHAP provides a quantitative auxiliary diagnostic tool for clinicians, which is conducive to improving the accuracy and efficiency of diagnosis, and can also be used for the monitoring and prevention of depression.This provides strong support for clinical treatment and disease management.

	Other information
	
	
	

	Supplementary information
	21
	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 results of the optimal model and the other three Delong tests are provided in the support material, which shows that the effect of our XGBoost model is statistically significant.

	Funding
	22
	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) and Health Information Association of Sichuan Province (Grant No. 2022001). 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.

[bookmark: _Hlk156952036]
The Delong test is an essential statistical approach for comparing the AUC values of two models, offering a robust statistical basis for assessing the performance disparities of the models.The DeLong test (Supplemental Table 2) showed that the performance of XGBoost model was better than the other models (p< 0.05).
[bookmark: _GoBack]

Table 2 ROC curve comparison between the three models and XGBoost model (Delong test).

	
	Models
	Difference of AUC
	Z
	P

	XGBoost
	LR
	0.1859
	 -6.5113
	P＜0.0001

	
	SVM
	0.1871
	 -6.2364
	P＜0.0001

	
	RF
	0.0062
	 -2.3496
	0.0188
































In univariate logistic-regression analysis, significant differences were found in sex, age, heart rate, and HRV characteristics (SDNN5, pNN50, rmsSD, SDSD, SD1, SD2, VLF, LF, and TP) between the two groups (P < 0.05). Multivariate logistic regression analysis revealed that significant differences existed in sex, age, heart rate, and HRV characteristic SDNN between the two groups (P < 0.05).

Table 3 Univariate and Multivariate logistic-regression analysis for influenciong factors of depression.

	Variables
	Univariate analysis
	
	Multivariate analysis

	
	P value
	OR (95%CI)
	
	P value
	OR (95%CI)

	Age
	0.007
	0.99 (0.98 ~ 0.99)
	
	0.048
	0.98 (0.97 ~ 0.99)

	BMI
	0.299
	0.98 (0.93 ~ 1.02)
	
	
	

	Heart rate
	<.001
	1.05 (1.03 ~ 1.06)
	
	0.007
	1.03 (1.01 ~ 1.06)

	SDNN
	<.001
	0.97 (0.96 ~ 0.98)
	
	0.001
	0.98 (0.96 ~ 0.99)

	SDNN5
	<.001
	0.96 (0.95 ~ 0.98)
	
	0.588
	1.02 (0.94 ~ 1.11)

	Pnn50
	0.011
	0.98 (0.97 ~ 0.99)
	
	0.592
	1.01 (0.97 ~ 1.06)

	Rmssd
	<.001
	0.98 (0.96 ~ 0.99)
	
	0.834
	2.21 (0.00 ~ 3778.60)

	SD1
	<.001
	0.97 (0.95 ~ 0.99)
	
	0.921
	1.44 (0.00 ~ 1908.30)

	SD2
	<.001
	0.98 (0.97 ~ 0.99)
	
	0.966
	1.00 (0.89 ~ 1.12)

	SD1/SD2
	0.081
	3.46 (0.86 ~ 13.93)
	
	0.026
	7.97 (1.29 ~ 49.26)

	VLF
	<.001
	0.99 (0.99 ~ 0.99)
	
	0.627
	1.00 (1.00 ~ 1.00)

	LF
	<.001
	0.99 (0.99 ~ 0.99)
	
	0.439
	1.00 (1.00 ~ 1.00)

	HF
	0.634
	1.00 (1.00 ~ 1.00)
	
	
	

	TP
	<.001
	0.99 (0.99 ~ 0.99)
	
	0.649
	1.00 (1.00 ~ 1.00)

	LF/HF
	0.801
	1.00 (1.00 ~ 1.00)
	
	
	

	SDSD
	<.001
	0.98 (0.96 ~ 0.99)
	
	0.744
	0.36 (0.00 ~ 164.81)

	Sex
	
	
	
	
	

	  0
	
	1.00 (Reference)
	
	
	1.00 (Reference)

	  1
	<.001
	2.34 (1.60 ~ 3.43)
	
	0.004
	1.86 (1.21 ~ 2.86)

	S.E: Standard Error OR: Odds Ratio, CI: Confidence Interval

	









The logistic regression nomogram enables individualized prediction based on the specific situation of the patient. By assigning scores to each value level of every influencing factor and then adding each score to obtain the total score, the predicted value of the outcome event for the individual can ultimately be calculated through the functional transformation relationship between the total score and the probability of the outcome event. Since the logistic regression model established by us also demonstrates a good predictive effect, the depression nomogram based on logistic regression is hereby established for convenience.

[image: Nomo]

Fig. 1 Normogram for diagnosis of depression based on logistic regression model.The total score is obtained by adding the values of each variable. Where the total score corresponds to the depression probability at the bottom.
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