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Objective: To develop a clinical risk prediction model for depressive disorders using seven machine learning algorithms based on 
routine blood test indicators.
Methods: A retrospective study was conducted, involving 284 patients with depressive disorders and 214 healthy controls recruited 
between January and October 2024. Clinical data, including age, sex, and routine blood test results, were collected. The dataset was 
randomly divided into a training set (70%; n=348) and a test set (30%; n=150). Univariate logistic regression analysis (p<0.1) was 
initially performed to identify potential predictors, followed by feature selection using the Boruta and LASSO algorithms. Seven 
machine learning algorithms were employed to construct predictive models, with their performance evaluated using metrics such as 
AUC, sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), precision, recall, and F1 score. 
A multivariable logistic regression model was subsequently used to develop a nomogram, and its discrimination, calibration, and 
clinical utility were comprehensively assessed.
Results: Four significant predictors (alkaline phosphatase [AKP], serotonin, phenylalanine [Phe], and arginine [Arg]) were identified 
through univariate logistic regression combined with Boruta and LASSO feature selection. Among the seven algorithms, the random 
forest model exhibited the highest AUC, achieving an AUC of 1.000 (95% CI: 1.000–1.000) in the training set and 0.958 (95% CI: 
0.931–0.985) in the test set. However, due to concerns about potential overfitting, the multivariable logistic regression model was 
selected as the final predictive model. A nomogram was constructed based on this model.
Conclusion: This study successfully developed a clinically interpretable risk prediction model for depressive disorders by integrating 
machine learning algorithms and routine blood test indicators. The logistic regression model demonstrated robust performance across 
all metrics and holds potential as a reliable auxiliary tool for the diagnosis of depressive disorders.
Keywords: depressive disorders, machine learn

Introduction
Depressive disorder is a prevalent mental illness with a rapidly increasing global burden, posing a significant public 
health challenge. A study published in The Lancet reported that the COVID-19 pandemic led to a 28% increase in the 
prevalence of major depressive disorder and a 26% increase in anxiety disorders worldwide in 2020, with women and 
younger populations being disproportionately affected.1 Currently, the diagnosis of depressive disorders relies primarily 
on clinical evaluations conducted by psychiatrists, based on criteria outlined in the Diagnostic and Statistical Manual of 
Mental Disorders, Fifth Edition (DSM-5) or the International Classification of Diseases, Tenth Revision (ICD-10). 
However, the absence of objective biomarkers for depressive disorders remains a critical limitation, reducing the 
accuracy and efficiency of diagnosis. Although significant efforts have been made to identify potential biomarkers, no 
widely accepted or reliable objective indicators have been established to date.2,3
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In recent years, machine learning algorithms have emerged as powerful tools, capable of addressing the limitations of 
traditional statistical methods. These algorithms have been successfully applied to various medical scenarios. However, 
existing predictive models for depressive disorders primarily rely on imaging data.4,5 While imaging-based models 
demonstrate strong discriminatory performance, their high costs and technical complexity significantly limit their clinical 
applicability. To address these challenges, this study aims to identify differences in routine blood test indicators between 
patients with depressive disorders and healthy controls, and to develop a cost-effective, accessible, and user-friendly 
clinical prediction model to facilitate early diagnosis and timely intervention.

Methods
Study Design and Participants
A retrospective study was conducted, comprising 284 patients diagnosed with depressive disorders at the Shanghai Mental 
Health Center and 214 healthy controls who underwent routine physical examinations during the same period. Blood test data, 
including the albumin-to-globulin ratio (A/G), low-density lipoprotein (LDL), triglycerides (TG), high-density lipoprotein 
(HDL), γ-glutamyl transferase (GGT), alanine transaminase (ALT), creatinine (CREA), alkaline phosphatase (AKP), blood 
urea nitrogen (BUN), glucose (GLU), total cholesterol (TC), total bilirubin (T-BIL), arginine (Arg), serotonin (5-HT), tryptophan 
(Trp), phenylalanine (Phe), and methionine (Met), were retrieved from the hospital’s information system for analysis.

Statistical Analysis
The dataset was randomly divided into a training set (70%) and a test set (30%). Normally distributed data were presented as 
mean ± standard deviation (�x� s), while non-normally distributed data were expressed as medians with interquartile ranges (M 
[P25–P75]). Univariate logistic regression analysis was performed to identify potential predictors (p<0.1). Significant variables 
were subsequently subjected to LASSO regression with 10-fold cross-validation and the Boruta algorithm to determine the 
optimal combination of predictors. The overlapping subset of variables identified by these methods was utilized to construct 
predictive models using seven machine learning algorithms. Given its high interpretability and simplicity, the logistic regression 
model was ultimately selected to develop a nomogram. The model’s performance was evaluated based on its discrimination, 
calibration, and clinical utility. All statistical analyses were conducted using the R software package (version 4.2.1).

Ethical Statement
This was a retrospective study that adhered to the guidelines outlined in the Declaration of Helsinki and was approved by 
the Ethics Committee of the Shanghai Mental Health Centre under approval number 2024 KY-190. All study participants 
gave informed consent.

Results
Baseline Characteristics
The dataset was randomly divided into a training set (70%) and a test set (30%). Baseline characteristics of the two 
groups are summarized in Table 1, with no statistically significant differences observed between the training and test sets, 
ensuring the comparability of the data.

Univariate Logistic Regression Analysis
Univariate logistic regression analysis identified the following blood indicators as significant predictors (p<0.1): arginine (Arg), 
methionine (Met), phenylalanine (Phe), serotonin, tryptophan (Trp), glucose (GLU), uric acid (UA), alkaline phosphatase (AKP), 
γ-glutamyl transferase (GGT), high-density lipoprotein (HDL), and the albumin-to-globulin ratio (A/G) (Table 2).

Feature Selection: LASSO and Boruta
LASSO regression identified arginine (Arg), alkaline phosphatase (AKP), phenylalanine (Phe), and serotonin as the 
optimal predictors at Lambda.1se (Figure 1). Similarly, Boruta analysis confirmed Arg, AKP, Phe, and serotonin as 
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Table 1 Analysis of Baseline Data for Training and Validation Sets

ALL N=498 Test N=150 Train N=348 p.Overall

Gender 0.909
Male 165 (33.13%) 72 (33.64%) 93(32.75%)

Female 333(66.87%) 142 (66.36%) 191 (67.25%)

Age 38.54 (16.41) 36.60 (16.67) 39.37 (16.25) 0.084
A/G 1.52 [1.39;1.69] 1.54 [1.40;1.69] 1.51 [1.39;1.68] 0.317

LDL (mmol/L) 2.51 [2.04;3.01] 2.49 [1.97;3.02] 2.53 [2.09;3.00] 0.679

TG (mmol/L) 1.08 [0.80;1.58] 1.05 [0.78;1.52] 1.10 [0.81;1.59] 0.337
HDL (mmol/L) 1.13 [0.97;1.35] 1.17 [1.02;1.39] 1.12 [0.96;1.33] 0.071

GGT (IU/L) 20.00 [14.00;30.75] 20.00 [14.00;28.00] 20.00 [14.75;32.00] 0.411
ALT (IU/L) 17.00 [12.00;26.00] 17.00 [11.25;24.00] 17.00 [12.00;27.00] 0.456

Crea (umol/L) 63.00 [56.00;74.00] 63.00 [55.00;75.00] 63.00 [56.00;73.25] 0.925

AKP (IU/L) 64.00 [52.25;76.00] 63.00 [52.00;74.00] 64.50 [53.00;77.00] 0.334
BUN (mmol/L) 4.46 [3.77;5.36] 4.64 [3.88;5.37] 4.40 [3.70;5.32] 0.159

UA (umol/L) 318.00 [262.00;392.00] 317.50 [262.25;381.00] 318.00 [262.00;393.25] 0.575

GLU (mmol/L) 5.08 [4.68;5.61] 5.03 [4.64;5.50] 5.10 [4.72;5.72] 0.374
TC (mmol/L) 4.80 [4.13;5.57] 4.78 [4.08;5.52] 4.83 [4.16;5.58] 0.859

T-BIL (umol/L) 11.98 [9.29;15.73] 11.96 [9.30;15.27] 11.98 [9.27;15.80] 0.511

Trp (μg/mL) 9.01 [7.64;11.05] 9.43 [7.78;11.16] 8.90 [7.58;10.97] 0.109
5HT (ng/mL) 69.47 [10.26;141.54] 69.16 [11.80;144.62] 69.97 [9.84;140.29] 0.564

Phe (μg/mL) 9.29 [6.97;12.15] 9.79 [7.19;11.92] 9.20 [6.88;12.23] 0.742

Met (μg/mL) 3.75 [3.12;4.51] 3.80 [3.22;4.54] 3.75 [3.09;4.47] 0.45
Arg (μg/mL) 17.27 [14.18;20.81] 17.64 [14.04;21.53] 17.16 [14.23;20.45] 0.489

Table 2 Univariate Logistic Regression Analysis

Characteristics B SE OR (95% CI) P

Arg (μg/mL) −0.098 0.02156 0.907(0.868–0.944) 0
Met (μg/mL) 0.197 0.09893 1.218(1.006–1.484) 0.046
Phe (μg/mL) 0.274 0.0404 1.315(1.218–1.428) 0
Serotonin (ng/mL) −0.028 0.00278 0.973(0.967–0.978) 0
Trp (μg/mL) 0.1 0.04189 1.106(1.02–1.203) 0.017
T-BIL (umol/L) −0.005 0.01753 0.995(0.961–1.03) 0.778

TC (mmol/L) −0.142 0.10056 0.868(0.711–1.056) 0.159
GLU (mmol/L) 0.213 0.08403 1.237(1.062–1.477) 0.011
UA (umol/L) −0.003 0.00107 0.997(0.995–0.999) 0.013
BUN (mmol/L) 0.1 0.068 1.105(0.971–1.27) 0.142
AKP (IU/L) 0.026 0.00632 1.026(1.014–1.039) 0
Crea (umol/L) 0.002 0.00642 1.002(0.99–1.015) 0.743

ALT (IU/L) 0.003 0.00523 1.003(0.993–1.014) 0.611
GGT (IU/L) 0.011 0.00587 1.011(1–1.024) 0.059
HDL (mmol/L) −0.908 0.36257 0.403(0.195–0.812) 0.012
TG (mmol/L) −0.036 0.12798 0.965(0.75–1.244) 0.779
LDL (mmol/L) −0.095 0.14372 0.91(0.685–1.206) 0.51

A/G 1.257 0.49295 3.516(1.358–9.438) 0.011

Note: Bold values indicate variables with P<0.1 in univariate logistic regression 
analysis.
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significant predictors, while additionally identifying methionine (Met), tryptophan (Trp), glucose (GLU), and the 
albumin-to-globulin ratio (A/G) as relevant variables (Figure 2).

Machine Learning Model Evaluation
After performing LASSO regression and Boruta feature selection, predictive models were constructed and evaluated 
using seven machine learning algorithms: decision trees (DT), random forests (RF), extreme gradient boosting 

Figure 1 Lasso Screening. (a) Lasso log-lambda and (b) Lasso cross-validation.

Figure 2 Bourta Screening.
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(XGBoost), k-nearest neighbors (KNN), light gradient boosting machines (LightGBM), support vector machines (SVM), 
and logistic regression (LR). A comprehensive model incorporating all selected variables was developed, and the 
performance of each algorithm was evaluated based on metrics such as AUC, sensitivity, specificity, positive predictive 
value (PPV), negative predictive value (NPV), precision, recall, and F1 score (Table 3). Confusion matrices for all seven 
models are shown in Figure 3.

Among the seven models, the random forest (RF) algorithm achieved the highest AUC in both the training and validation 
sets, as shown in Figure 4. The variable importance rankings and SHAP interpretation plots for the RF model are presented in 
Figures 5 and 6. Although the RF model demonstrated the best AUC performance on the validation set (AUC = 0.958), 
concerns about potential overfitting prompted further evaluation. A comparison between the AUC of the RF model (0.958) 
and the logistic regression (LR) model (0.914) on the validation set revealed no statistically significant difference (P = 0.105). 
Consequently, the logistic regression model was selected as the final model due to its superior interpretability and robustness.

Multivariate Logistic Regression and Model Construction
A multivariate logistic regression model was developed with disease diagnosis as the dependent variable. The resulting 
logistic regression equation is as follows:

Table 3 Predictive Performance Comparison of the Seven Types of Machine Learning Algorithms

model dfclass AUC Sensitivity Specificity Pos Pred Value Neg Pred Value Precision Recall F1

LR Dev 0.930 0.862 0.902 0.918 0.836 0.918 0.862 0.889
DT Dev 0.948 0.937 0.898 0.918 0.922 0.918 0.937 0.927

RF Dev 1.000 1 1 1 1 1 1 1

XGB Dev 0.984 0.944 0.941 0.953 0.929 0.953 0.944 0.948
SVM Dev 0.929 0.851 0.908 0.922 0.827 0.922 0.851 0.885

KNN Dev 1.000 1 1 1 1 1 1 1

LGBM Dev 0.939 0.795 0.922 0.928 0.779 0.928 0.795 0.856
LR vad 0.914 0.798 0.902 0.922 0.753 0.922 0.798 0.855

DT vad 0.901 0.929 0.846 0.888 0.902 0.888 0.929 0.908
RF vad 0.958 0.91 0.803 0.871 0.86 0.871 0.91 0.89

XGB vad 0.950 0.91 0.918 0.942 0.875 0.942 0.91 0.926

SVM vad 0.920 0.787 0.902 0.921 0.743 0.921 0.787 0.848
KNN vad 0.930 0.798 0.885 0.91 0.75 0.91 0.798 0.85

LGBM vad 0.922 0.787 0.951 0.959 0.753 0.959 0.787 0.864

Figure 3 Confusion matrices for seven models. (a) Illustrates the machine learning confusion matrix for the training set and (b) presents the machine learning confusion 
matrix for the validation set.
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Figure 4 Machine learning ROC curve. (a) The ROC curves of seven machine learning models for the Training Set and (b) shows the ROC curves of seven machine learning 
models for the Validation Set.

Figure 5 Variable importance in Random Forest.

https://doi.org/10.2147/IJGM.S524016                                                                                                                                                                                                                                                                                                                                                                                                                                        International Journal of General Medicine 2025:18 2466

Jin et al                                                                                                                                                                               

Powered by TCPDF (www.tcpdf.org)



LogitP ¼ 1:133 þ 0:022 � AKP � 0:024 � Serotonin þ 0:257 � Phe � 0:155 � Arg (Table 4), indi
cating that alkaline phosphatase (AKP) and phenylalanine (Phe) were positively associated with the likelihood of 
depressive disorders, while serotonin and arginine (Arg) were negatively associated. No multicollinearity was observed 
among the variables, ensuring the stability and reliability of the model.

Performance Evaluation of the Prediction Model
The predictive model’s performance was primarily assessed based on discrimination and calibration. After 500 bootstrap 
resampling iterations, the area under the ROC curve (AUC) was 0.9508 (95% CI: 0.9274–0.9741) for the training set and 

Figure 6 SHAP diagram in Random Forest.

Table 4 Multivariate Logistic Regression Analysis in the Training 
Cohort

characteristics B SE OR (95% CI) P

(Intercept) 1.133 0.79928 3.105 (0.654–15.22) 0.156

AKP 0.022 0.00807 1.022 (1.006–1.039) 0.006

Serotonin −0.024 0.00291 0.976 (0.970–0.981) 0
Phe 0.257 0.05546 1.292 (1.162–1.446) 0

Arg −0.155 0.03245 0.856 (0.801–0.910) 0
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0.9429 (95% CI: 0.9092–0.9766) for the validation set, demonstrating outstanding discriminatory power in differentiating 
depressive disorder patients from healthy controls (Figure 7).

The model’s prediction accuracy was further evaluated using the Brier score, which was 0.100 for the training set and 
0.119 for the validation set, indicating minimal prediction error and high accuracy. Calibration curves generated after 500 
bootstrap resampling iterations revealed strong concordance between predicted probabilities and observed outcomes 
(Figure 8). Moreover, the Hosmer-Lemeshow goodness-of-fit test produced p-values of 0.104 for the training set and 
0.072 for the validation set, suggesting no statistically significant differences between predicted and actual probabilities. 
These findings confirm the model’s excellent calibration performance.

Nomogram Construction and Clinical Utility Evaluation
A nomogram was developed based on the significant predictors identified in the multivariate analysis, including four key 
variables (AKP, Serotonin, Phe, and Arg). The nomogram provides a visual representation of the predictive model 
(Figure 9).

Figure 7 Logistic regression model ROC curve after 500 Bootstraps. (a) The area of the ROC curve after 500 bootstrap for the Training Set and (b) shows the area of the 
ROC curve after 500 bootstrap for the Validation Set.

Figure 8 Calibration curves of logistic regression model after 500 bootstraps. (a) The calibration curve after 500 bootstrap for theTraining Set and (b) shows the calibration 
curve after 500 bootstrap for the Validation Set.
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The clinical utility of the nomogram was assessed using decision curve analysis (DCA). The results showed that the 
nomogram achieved maximum net benefit within a threshold probability range of 0% to 100% (Figure 10). This indicates 
that the model has strong clinical applicability and can assist in risk stratification and decision-making for depressive 
disorders.

Discussion
A study shows that 30% of patients with depressive disorders globally are missed in primary care, mainly due to the lack 
of cost-effective and objective diagnostic tools.6 Thus, developing a predictive model based on routine blood indicators 
holds urgent clinical value. In recent years, researchers have explored peripheral blood biomarkers. For instance, Guo 
et al found serum proteomic features linked to depression severity, but the complex technology hinders promotion3 Ho 
developed an amino acid metabolite model to distinguish healthy individuals from those with depressive disorders, yet its 
low AUC of 0.68 limits discrimination.7 Also, Erritzoe et al confirmed that reduced central 5-HT release is associated 
with depression, but the link between peripheral serotonin levels and central mechanisms remains controversial.8 So, this 
study, via machine learning algorithms with routine blood indicators, builds a low-cost predictive model for depressive 
disorders with high clinical application value.

Our study developed a clinical risk prediction model for depressive disorders based on the analysis of seven machine 
learning algorithms. Among all algorithms, the random forest model demonstrated the best performance, achieving an 
AUC of 1.00 in the training set and 0.958 in the validation set, indicating exceptional predictive power. Within the 
random forest model, serotonin was identified as the most significant variable, effectively distinguishing depressive 
disorder patients from healthy controls.

Figure 9 Nomogram for predicting depressive disorder.

International Journal of General Medicine 2025:18                                                                             https://doi.org/10.2147/IJGM.S524016                                                                                                                                                                                                                                                                                                                                                                                                   2469

Jin et al

Powered by TCPDF (www.tcpdf.org)



In recent years, the application of machine learning technologies in the field of biomedicine has shown a rapid 
expansion trend, demonstrating significant breakthrough potential in critical areas such as clinical diagnosis, precision 
therapy, and health monitoring. The integration of machine learning algorithms not only enhances diagnostic accuracy 
but also enables dynamic optimization of treatment strategies based on individual characteristics and environmental 
factors, thereby achieving true individualized medicine.9 In this study, we employed LASSO regression and the Boruta 
algorithm for biomarker selection. LASSO regression introduces an L1 regularization penalty to achieve feature sparsity, 
automatically selecting features with significant contributions to the model. This process effectively reduces model 
complexity while significantly improving generalization capability and predictive accuracy. Additionally, LASSO 
regression combines the advantages of subset selection and ridge regression, offering robustness and interpretability, 
which makes it uniquely suitable for feature selection in high-dimensional data.10 The Boruta algorithm, on the other 
hand, dynamically adjusts selection thresholds using random shadow features, enabling the identification of weakly 
correlated but biologically meaningful features.11 It also reduces false-positive rates by dynamically adjusting thresholds 
through shadow features.12 By incorporating biomarkers commonly identified by both methods into machine learning, 
this study enhances the reliability and accuracy of biomarker selection.

The random forest algorithm is an ensemble learning technique that achieves classification or regression tasks by 
constructing multiple decision trees and aggregating their outputs. This algorithm has consistently demonstrated strong 
discriminatory capabilities across various studies. For example, in a study predicting postpartum depression risk, Dayeon 
Shin et al employed nine different machine learning algorithms, with the random forest achieving the highest AUC of 
0.884.13 Additionally, another study comparing three machine learning algorithms for predicting depression risk in 
elderly individuals in South Korea found that random forest outperformed others in terms of sensitivity and specificity.14 

Compared to these studies, our model, which is based on routine blood test indicators, not only demonstrates superior 
discriminatory performance but also offers significant advantages in sample accessibility and model practicality.

Figure 10 Predictive Modelling Clinical Decision Curve Analysis. (a) Illustrates the DCA for the training set, (b) the validation set, (c) the training set after 5 - fold cross - 
validation, and (d) the validation set after 5 - fold cross - validation.
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The logistic regression results revealed that alkaline phosphatase (ALP) and phenylalanine were positively associated 
with depressive disorders, while serotonin and arginine were negatively associated. We observed that the serum ALP 
levels in patients with depressive disorders were significantly higher than those in the control group. This finding aligns 
with several previous studies. For instance, Xi Tao et al reported that ALP levels increased with the severity of depressive 
symptoms in patients with cerebrovascular disease, particularly in those with vascular depression, where elevated ALP 
levels were independently associated with the severity of depressive symptoms.15 Furthermore, Liang Y et al, in a cross- 
sectional study of US adults, demonstrated that even within the normal range, higher ALP levels were significantly 
associated with an increased risk of depression.16 The serum phenylalanine (Phe) levels in patients with depressive 
disorders remain a subject of debate. Md. Rabiul Islam et al reported that serum Phe levels were significantly reduced in 
patients with depressive disorders.17 However, Linssen AM et al suggested that phenylalanine and tyrosine depletion in 
depressive patients might affect memory consolidation and attention but did not explicitly indicate elevated Phe levels.18 

Another study found that while tryptophan concentrations were lower and glutamate levels were higher in depressive 
patients, the concentrations of Phe and other amino acids did not differ significantly between depressive patients and the 
control group.19 In contrast, our findings are consistent with those of Ho CSH et al, who also observed elevated Phe 
levels in patients with depressive disorders.7 The reduction in arginine (Arg) levels may impair vascular endothelial 
function by decreasing nitric oxide (NO) synthesis. Additionally, it may affect cellular bioenergetics and oxidative stress 
responses through mechanisms involving neurotransmitter release and regulation, thereby contributing to the develop
ment of depressive symptoms and cognitive dysfunction.20 A systematic review further highlighted that, based on 
subgroup analyses of serum samples, arginine concentrations were lower in patients with depressive disorders compared 
to healthy controls. Moreover, the review noted that arginine levels could be influenced by concurrent medication use.21 

Serotonin (5-HT) is a central focus in depression research, with numerous studies demonstrating that serotonin levels in 
patients with depression are significantly lower than those in healthy controls.7,22 The serotonin system plays a critical 
role in the pathogenesis of depression. Depressed patients exhibit reduced neuronal density of serotonin in the brain, and 
the efficacy of serotonin reuptake inhibitors further underscores its pivotal role in the disorder.23,24 Recent studies have 
directly assessed serotonin release capacity in the brains of patients with depression. The findings revealed that patients 
with major depressive episodes (MDE) exhibit significantly lower serotonin release capacity compared to healthy 
individuals, providing clear evidence of serotonin dysfunction in depression.22

In this study, we analyzed independent risk factors in the blood indicators of patients with depressive disorders and 
developed a visualized nomogram model based on these findings. The model demonstrated high predictive value in terms 
of discrimination, calibration, and clinical utility. This study, based on routine blood indicators, offers a cost-effective 
alternative to imaging techniques, making it suitable for promotion in resource-limited regions. The constructed 
nomogram, which visualizes risk scores, serves as an objective diagnostic tool to assist primary healthcare institutions 
in risk screening and helps non-psychiatrists quickly identify potential patients. However, the study has limitations: the 
data were sourced from a single center, and the sample size was relatively small, which may introduce selection bias. To 
further validate the model’s effectiveness, future research will collect data from external medical institutions for external 
validation to better assess model performance.

In summary, this study, based on routine blood indicators and machine learning algorithms, has successfully 
constructed a clinical risk prediction model for depressive disorders. The model, for the first time, integrates liver 
function indicators and amino acid indicators to create a low - cost, high - precision diagnostic tool, breaking free from 
the current technical reliance on imaging or complex omics. Through risk stratification via a nomogram, the model can 
assist primary care physicians in quickly identifying high - risk groups, reducing missed diagnoses and optimizing the 
allocation of medical resources. However, the study is limited by single - center data and issues related to assay 
standardization. Future work should involve multicenter external validation to further enhance the clinical applicability 
of the model.
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