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Objective: To develop and validate a machine learning (ML) model for predicting long-term depression risk in ACS patients
following percutaneous coronary intervention (PCI).

Methods: This retrospective cohort study included 1951 ACS patients who underwent PCI in 2023. Feature selection was conducted
using the Boruta algorithm, and restricted cubic spline (RCS) analysis was applied to assess non-linear associations. Six ML models
were trained and tested using a 70:30 train-validation split. Model performance was evaluated using Area under the curve(AUC),
sensitivity, specificity, F1-score, calibration curves, and decision curve analysis. SHapley Additive exPlanations (SHAP) were used to
interpret feature contributions.

Results: Among the 1951 patients, 382 (19.6%) developed long-term depression. After feature selection via the Boruta algorithm, ten
key predictors were identified, including NYHA classification, diabetes, thyroid-stimulating hormone (TSH), and left ventricular
ejection fraction (LVEF). The LGBM and XGBoost models achieved the highest discrimination, with AUCs of 0.849 (training) and
0.652 (validation) for LGBM, and 0.814 (training) and 0.699 (validation) for XGBoost. Calibration curves showed good alignment
between predicted and observed outcomes. SHAP analysis confirmed NYHA classification, TSH, and diabetes as the most influential
features. Decision curve analysis demonstrated the clinical benefit of both models across a range of thresholds.

Conclusion: The models demonstrated potential for early risk stratification of post-PCI depression and may inform targeted clinical

interventions.

Plain Language Summary: Depression is a common but often overlooked problem in people recovering from heart procedures.
Patients with acute coronary syndrome (ACS) who undergo percutaneous coronary intervention (PCI)—a procedure to open blocked
arteries—face a higher risk of long-term depression, which can worsen heart health and reduce quality of life.

In this study, we used machine learning (ML), a type of artificial intelligence, to analyze the medical data of 1951 patients who had
PCI. Our goal was to predict who might develop depression in the year after their procedure. We tested six ML models and found that
two of them—Light Gradient Boosting Machine (LGBM) and XGBoost—performed the best. These models used routine clinical
information like heart function, thyroid levels, and diabetes status to make predictions.

The results showed that about 1 in 5 patients developed depression. The ML models were able to highlight high-risk individuals
early, which could help doctors provide mental health support sooner.

This research shows how advanced data analysis can improve patient care after heart procedures. By identifying people at risk

earlier, we can move toward more personalized and proactive treatment—not just for the heart, but for mental health too.
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Introduction

Acute coronary syndrome (ACS) remains a leading cause of morbidity and mortality worldwide, with percutaneous
coronary intervention (PCI) being the mainstay treatment to restore coronary perfusion and reduce adverse cardiovas-
cular outcomes.'” Despite its efficacy, emerging evidence highlights that a substantial proportion of ACS patients
experience psychological comorbidities following PCI, particularly depression.”® This is not merely a transient emo-
tional reaction, but a clinically significant condition associated with impaired quality of life, poor medication adherence,
increased risk of recurrent cardiac events, and higher mortality.

Compared to patients with stable coronary artery disease or those treated with conservative approaches, ACS patients
undergoing PCI are at heightened risk of developing depression. This vulnerability stems from the abrupt and life-
threatening nature of ACS, the stress of hospitalization and invasive intervention, as well as uncertainty during recovery.
Studies report that post-PCI depression affects up to 48% of patients”*—a notably higher rate than in many other
cardiovascular populations. However, depressive symptoms are frequently under-recognized and undertreated due to
symptom overlap with cardiovascular disease, stigma, and time-limited follow-up practices.’

Early identification of patients at high risk for post-PCI depression remains a clinical priority but is hindered by the
limitations of conventional tools, such as screening questionnaires and linear statistical models. These methods are often
inadequate for capturing complex, nonlinear interactions among biological, psychological, and procedural variables.'®"?
In contrast, machine learning (ML) offers powerful capabilities to integrate high-dimensional clinical data and uncover
subtle patterns predictive of future outcomes.'* '’

While ML applications in mental health and cardiovascular research are rapidly expanding, studies specifically
targeting long-term depression risk prediction in ACS patients after PCI remain scarce. Most existing models focus on
short-term emotional outcomes or general psychiatric populations. Few tools have been developed with a focus on this
unique high-risk cardiac subgroup, and even fewer have undergone robust validation or demonstrated clinical utility.
Therefore, this study aims to develop and validate ML-based models for predicting long-term depression risk in ACS
patients post-PCI. Furthermore, we evaluate their calibration, interpretability, and potential for clinical implementation to
support personalized care and timely intervention.

Methods

Study Design and Population

This retrospective study included patients who visited the Heart Center of the First Affiliated Hospital of Xinjiang Medical
University between January and December 2023. A total of 2261 ACS patients who underwent PCI were initially considered.
Eligible participants were adult ACS patients who had undergone PCI. Based on predefined exclusion criteria, 310 patients
were excluded: 47 with psychiatric disorders or psychotropic medication use, 53 with cognitive impairment, 35 with substance
or alcohol dependence, 21 with major life events in the past six months, 87 who died in-hospital or were lost to follow-up, 41
with severe systemic disease, and 26 with substantial missingness in key clinical variables (eg, laboratory results, NYHA
classification). These cases were removed using listwise deletion. In the final analytic dataset (n = 1951), residual missingness
was minimal (<5% for any single variable). Median imputation was applied for continuous variables and mode imputation for
categorical variables to ensure data completeness. The study was approved by the Ethics Committee of the First Affiliated
Hospital of Xinjiang Medical University (Approval No. 241024-02). Given the retrospective nature of the study, the
requirement for informed consent was waived. All patient data were fully anonymized prior to analysis, and patient
confidentiality was strictly maintained in accordance with institutional and journal ethical guidelines.

Data Collection

Clinical data were obtained from electronic health records and included demographic information, medical history,
laboratory results, and details related to PCI procedures. Data on baseline characteristics, such as age, sex, ethnicity,
smoking status, and comorbidities (eg, diabetes, hypertension), were collected. Additionally, relevant medical history,
including stroke and previous PCI procedures, was recorded. Laboratory results included white blood cell count (WBC),
triglyceride-glucose index (TyG), uric acid levels, thyroid-stimulating hormone (TSH), total cholesterol, low-density

2958 https: International Journal of General Medicine 2025:18



Lv et al

lipoprotein cholesterol (LDL-C), high-density lipoprotein cholesterol (HDL-C), fasting blood glucose (FBG), and left
ventricular ejection fraction (LVEF). These indicators were collected for each patient to assessed potential links with
long-term depression risk post-PCI. Prior to analysis, duplicate records were removed, continuous variables (eg,
laboratory values) were verified to fall within biologically plausible ranges, and categorical entries (eg, smoking status)
were confirmed for validity to ensure data quality. Additionally, the dataset was randomly divided using a fixed random
seed, with 70% of the data allocated to the training set (n=1366) and 30% to the validation set (n=585) to facilitate
subsequent model construction and evaluation. To mitigate bias and overfitting, the split was stratified by depression
status (19.58% prevalence) to ensure proportional representation, and a fixed random seed (123) was used for reprodu-
cibility. Data anonymization was ensured prior to analysis.

Depression Assessment and Follow-up

Depression after PCI was recorded based on clinical evaluations conducted during follow-up visits over a minimum
period of 12 months. In this study, the PHQ-9 was used to assess depression by asking participants if they had
experienced a series of depression symptoms during the follow-up period.'® Depression was diagnosed according to
the International Classification of Diseases, Tenth Edition (ICD-10). Patients were stratified into depressed and non-
depressed groups based on these evaluations.

Feature Selection

Feature selection was conducted using the Boruta algorithm, a random forest-based wrapper method. The algorithm was
run with 300 iterations to ensure robust identification of relevant predictors by comparing the importance of real variables
against randomized shadow features and iteratively eliminating non-informative predictors to reduce overfitting and
enhance model interpretability. This ensured that only the most relevant predictors were included in the final model.

Restricted Cubic Spline Analysis

Restricted cubic spline (RCS) analysis was applied to evaluate the non-linear associations between the variables selected
by the Boruta algorithm and the risk of long-term depression in ACS patients post-PCI. RCS allowed for the modeling of
flexible, non-linear relationships between continuous predictors and the outcome by dividing the range of each predictor
into segments defined by a set of knots. RCS was used to model non-linear relationships by dividing predictor ranges into
segments defined by 3-5 knots, selected based on Akaike’s Information Criterion.

Model Development and Validation

The variables selected through the Boruta algorithm were incorporated into six machine learning models: Light Gradient
Boosting Machine (LGBM), Extreme Gradient Boosting (XGBoost), Logistic Regression (LR), Naive Bayes Model (NBM),
Support Vector Machine (SVM), and Decision Tree (DT). The models were trained using 70% of the dataset and validated on the
remaining 30%. Hyperparameter tuning was performed to optimize predictive accuracy, with specific parameters for XGBoost,
LightGBM, LR, and SVM detailed in Supplementary Material 1. Performance was assessed using metrics such as sensitivity,

specificity, precision, recall, F1 score, balanced accuracy, and area under the curve (AUC). Model tuning was performed using
cross-validation techniques and hyperparameter optimization to maximize the predictive accuracy of each model.

Model Interpretation and Clinical Utility

The best-performing model(s) were selected for further analysis to interpret the contribution of each feature to the
prediction of long-term depression risk. SHapley Additive exPlanations (SHAP) analysis was conducted to quantify the
influence of each variable on model predictions. This analysis provided insight into the most influential predictors and
how they impacted the model’s output. Additionally, the clinical utility of the models was assessed using calibration
curves, which evaluated the alignment between predicted probabilities and observed outcomes. Decision curve analysis
was performed to assessed the net clinical benefit across various threshold probabilities, helping to determined the
practical value of the model in clinical decision-making. Precision-recall curves were also generated to evaluated the
trade-offs between precision and recall, providing a detailed assessment of model performance.
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Statistical methods

Statistical analysis was performed using R (version 4.4.2). The normality of continuous variables was assessed using the
Shapiro—Wilk test, and none were normally distributed. Descriptive statistics were used to summarize baseline character-
istics, with continuous variables expressed as medians and interquartile ranges (IQRs), and categorical variables as
frequencies and percentages. Group comparisons between depressed and non-depressed patients were conducted using the
Mann—Whitney U-test for continuous variables and the Chi-square test for categorical variables.The Boruta algorithm was
utilized for feature selection to identify the most significant predictors of long-term depression risk, resulting in 10 important
variables. These variables were then used in six ML models: LGBM, XGBoost, LR, NBM, SVM, and DT. LGBM and
XGBoost emerged as the best-performing models, and SHAP analysis was conducted to interpret the contributions of each
feature in these models. Calibration curves, decision curve analysis, and precision-recall curves were used to evaluate model
performance and clinical utility. Statistical significance was defined as a p-value of less than 0.05.

Results

Baseline Characteristics

This study enrolled 1951 ACS patients who underwent PCI, with 382 (19.58%) developing depression(Table 1).
The overall median age was 63 years (IQR: 54—72), with no significant difference between depressed (64 years,
IQR: 55.25-73) and non-depressed groups (63 years, IQR: 54-72, p=0.131). Males comprised 63.92% of the

Table | Baseline Characteristics of ACS Patients Who Underwent PCI Stratified by Depression Status

Characteristic Overall Without Depression With Depression P
(n=1951) (n=1569) (n=382)
Age (years) 63.00 (54.00, 72.00) 63.00 (54.00, 72.00) 64.00 (55.25, 73.00) 0.131
Sex, n (%) <0.001
Male 1247 (63.92) 1032 (65.77) 215 (56.28)
Female 704 (36.08) 537 (34.23) 167 (43.72)
Ethnicity, n (%) 0.099
Han Chinese 998 (51.15) 784 (49.97) 214 (56.02)
Uyghur 693 (35.52) 569 (36.27) 124 (32.46)
Other 260 (13.33) 216 (13.77) 44 (11.52)
Smoking, n (%) 0.877
No 1173 (60.12) 942 (60.04) 231 (60.47)
Yes 778 (39.88) 627 (39.96) I51 (39.53)
NYHA, n (%) <0.001
| 476 (24.40) 417 (26.58) 59 (15.45)
2 802 (41.11) 670 (42.70) 132 (34.55)
3 537 (27.52) 386 (24.60) 151 (39.53)
4 136 (6.97) 96 (6.12) 40 (10.47)
History of PCI, n (%) 0.001
No 1553 (79.60) 1272 (81.07) 281 (73.56)
Yes 398 (20.40) 297 (18.93) 101 (26.44)
Multivessel Disease, n (%) 0.582
No 1532 (78.52) 1236 (78.78) 296 (77.49)
Yes 419 (21.48) 333 (21.22) 86 (22.51)
Post PCI Angina, n (%) 0.921
No 1724 (88.36) 1387 (88.40) 337 (88.22)
Yes 227 (11.64) 182 (11.60) 45 (11.78)
Diabetes, n (%) <0.001
No 1218 (62.43) 1031 (65.71) 187 (48.95)
Yes 733 (37.57) 538 (34.29) 195 (51.05)
(Continued)
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Table | (Continued).

Characteristic Overall Without Depression With Depression P
(n=1951) (n=1569) (n=382)
Stroke, n (%) 0.739
No 1620 (83.03) 1305 (83.17) 315 (82.46)
Yes 331 (16.97) 264 (16.83) 67 (17.54)
Hypertension, n (%) 0.784
No 688 (35.26) 551 (35.12) 137 (35.86)
Yes 1263 (64.74) 1018 (64.88) 245 (64.14)
Appetite disturbance, n (%) 0.107
No 1506 (77.19) 1223 (77.95) 283 (74.08)
Yes 445 (22.81) 346 (22.05) 99 (25.92)
Sleep disorder; n (%) <0.001
No 1328 (68.07) 1103 (70.30) 225 (58.90)
Yes 623 (31.93) 466 (29.70) 157 (41.10)
DBP (mmHg) 77.00 (68.00, 85.00) 76.00 (68.00, 85.00) 78.00 (68.25, 86.00) 0518
SBP (mmHg) 126.00 (112.00, 142.00) | 126.00 (112.00, 141.00) | 127.00 (114.00, 145.00) | 0.362
HR (bpm) 78.00 (71.00, 90.00) 79.00 (71.00, 90.00) 78.00 (72.00, 89.75) 0.923
BMI, n (%) 0.052
<25 783 (40.13) 638 (40.66) 145 (37.96)
225-<30 968 (49.62) 783 (49.90) 185 (48.43)
230 200 (10.25) 148 (9.43) 52 (13.61)
WBC (x10°/L) 7.03 (5.76, 8.68) 6.94 (5.72, 8.45) 7.58 (5.96, 10.04) <0.001
Hb (g/L) 133.00 (117.00, 146.00) | 133.00 (116.00, 146.00) | 134.00 (117.00, 147.00) | 0.700
PLT (x10°/L) 231.00 (213.00, 252.00) | 231.00 (213.00, 253.00) | 231.50 (213.00, 249.75) | 0.756
ALT (UIL) 21.80 (14.50, 35.32) 21.80 (14.63, 35.50) 21.84 (14.00, 34.46) 0.434
AST (U/L) 22.73 (17.39, 33.12) 22.80 (17.42, 33.00) 22.00 (17.04, 33.53) 0.668
Albumin (g/L) 38.10 (34.50, 41.41) 38.01 (34.35, 41.50) 38.20 (35.14, 41.10) 0.497
FBG (mg/dL) 109.38 (86.14, 151.73) 108.30 (86.14, 146.68) 115.69 (87.13, 174.52) | 0.015
Triglycerides (mg/dL) 139.94 (107.17, 162.08) | 139.94 (107.17, 162.97) | 138.17 (104.51, 160.31) | 0.608
TyG 8.95 (8.63, 9.39) 8.95 (8.62, 9.38) 9.01 (8.64, 9.46) 0.142
Creatinine (umol/L) 78.00 (64.12, 99.64) 78.00 (64.69, 99.20) 77.29 (63.83, 100.04) 0.390
Uric acid (umol/L) 347.80 (277.00, 438.97) | 351.14 (280.58, 442.00) | 335.50 (266.68, 428.45) | 0.040
Total cholesterol (mmol/L) 3.67 (3.04, 4.49) 3.69 (3.05, 4.49) 3.63 (3.03, 4.52) 0.767
HDL-C (mmol/L) 0.90 (0.74, 1.12) 0.90 (0.74, 1.10) 0.91 (0.73, 1.16) 0.606
LDL-C (mmol/L) 2.35 (1.78, 2.9¢) 2.36 (1.80, 2.95) 2.29 (1.75, 2.99) 0.539
TSH (mIU/L) 2.10 (1.23, 3.50) 2.20 (1.29, 3.63) 1.71 (0.96, 2.87) <0.001
TT3 (nmol/l) 1.40 (1.10, 1.66) 1.40 (1.10, 1.66) 1.39 (1.09, 1.67) 0.990
TT4 (nmol/l) 85.41 (65.54, 101.80) 84.75 (64.93, 101.40) 87.47 (66.62, 102.40) 0.292
LVEF (%) 61.90 (57.33, 63.69) 61.90 (57.97, 63.69) 61.90 (47.09, 63.69) <0.001
Aspirin, n (%) 0.276
No 497 (25.47) 408 (26.00) 89 (23.30)
Yes 1454 (74.53) 161 (74.00) 293 (76.70)
Clopidogrel, n (%) 0.301
No 1169 (59.92) 949 (60.48) 220 (57.59)
Yes 782 (40.08) 620 (39.52) 162 (42.41)
Ticagrelor, n (%) 0.945
No 1550 (79.45) 1247 (79.48) 303 (79.32)
Yes 401 (20.55) 322 (20.52) 79 (20.68)
Statin, n (%) 0.193
No 495 (25.37) 408 (26.00) 87 (22.77)
Yes 1456 (74.63) 161 (74.00) 295 (77.23)
(Continued)
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Table | (Continued).

Characteristic Overall Without Depression With Depression P
(n=1951) (n=1569) (n=382)

Nitrates, n (%) 0.565
No 1598 (81.91) 1289 (82.15) 309 (80.89)
Yes 353 (18.09) 280 (17.85) 73 (19.11)

B-Blockers, n (%) 0.877
No 1263 (64.74) 1017 (64.82) 246 (64.40)
Yes 688 (35.26) 552 (35.18) 136 (35.60)

Notes: Continuous variables are presented as median (IQR) due to non-normal distribution (Shapiro-Wilk test). Categorical variables are
shown as n (%).

Abbreviations: NYHA, New York Heart Association; PCl, Percutaneous Coronary Intervention; DBP, Diastolic Blood Pressure; SBP,
Systolic Blood Pressure; HR, Heart Rate, beats per minute; BMI, Body Mass Index; WBC, White Blood Cell Count; PLT, Platelet Count; ALT,
Alanine Aminotransferase; AST, Aspartate Aminotransferase; FBG, Fasting Blood Glucose; TyG, Triglyceride Glucose Index; HDL-C, High-
Density Lipoprotein Cholesterol; LDL-C, Low-Density Lipoprotein Cholesterol; TSH, Thyroid Stimulating Hormone; TT3, Triiodothyronine;
TT4, Thyroxine; LVEF, Left Ventricular Ejection Fraction.

cohort, with a higher proportion in the non-depressed group (65.77% vs 56.28%, p<0.001). Ethnicity showed no
significant difference (p=0.099), with Han Chinese being the majority (51.15%). Depressed patients had higher
new york heart association(NYHA) class 3 (39.53% vs 24.60%) and class 4 (10.47% vs 6.12%, p<0.001), more
frequent PCI history (26.44% vs 18.93%, p<0.001), and higher diabetes prevalence (51.05% vs 34.29%, p<0.001).
Sleep disorders were more common in the depressed group (41.10% vs 29.70%, p<0.001). Laboratory findings
showed higher WBC counts (7.58 vs 6.94 x10°/L, p<0.001), FBG levels (115.69 vs 108.30 mg/dL, p=0.015), and
lower TSH levels (1.71 vs 2.20 mIU/L, p<0.001) and LVEF (61.90%, IQR: 47.09-63.69 vs 61.90%, IQR:
57.97-63.69, p<0.001) in the depressed group.The baseline characteristics of the training and validation sets are
provided in Supplementary Table 1, showing no significant differences between the two groups. The research

flowchart detailing participant selection and analysis is presented in Figure 1. Supplementary Figure 1 presents the

correlation heatmap of continuous variables, highlighting strong positive correlations, such as between total
cholesterol and LDL-C, and negative correlations, like the inverse relationship between LVEF and WBC.

Feature Selection and Importance Using the Boruta Algorithm

The Boruta algorithm was applied to systematically evaluate the predictive significance of multiple candidate
variables for assessing long-term depression risk in ACS patients who underwent PCI. Through this rigorous
analysis, 10 variables were identified as critical predictors: NYHA classification, WBC, TyG, uric acid, sleep
disorder, LDL-C, TSH, diabetes, total cholesterol, and LVEF. These variables, represented by green bars in
Figure 2, were consistently validated as significant contributors to the predictive model. In contrast, yellow bars
correspond to variables with tentative importance, while red bars denote those classified as insignificant. This
stratified representation underscores the reliability of the feature selection process, ensuring that only robust
predictors were included. Supplementary Figure 2 further corroborates these findings by illustrating the variability

in feature importance scores across 300 iterations. This iterative stability analysis highlights the consistency and
robustness of the selected predictors, further reinforcing the credibility and predictive accuracy of the model.

RCS Analysis of Depression Risk Predictors
RCS analysis revealed significant non-linear associations between key biomarkers and long-term depression risk among
ACS patients who underwent PCI (Figure 3). The knot values for these predictors are detailed in Supplementary Table 2.

WBC showed an inverted U-shaped relationship, with depression risk peaking at 7.03 and declining at both lower and
higher levels. The TyG index demonstrated a sharp rise in risk beyond 8.95, indicating the critical role of metabolic
dysfunction. Uric acid exhibited a threshold effect at 347.8, with risk increasing sharply above this level. LDL-C and
total cholesterol showed linear positive trends, with knots at 2.35 and 3.67, respectively, suggesting their contribution to
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ACS Patients Post-PCI (2023.1-2023.12)
(n=2261)

Exclusion criteria:

. Psychiatric disorders/medication use(n=47)
. Cognitive impairment(n=53)

. Substance/alcohol dependence(n=35)

. Major life events within 6 months (n=21)

. In-hospital death or loss to follow-up(n=87)
. Severe systemic diseases(n=41)

. Missing key variables(n=26)

N QNN A W -

Y
Final population for analysis
(n=1951)

70% | 30%

Training set Validating set
(n=1365) (n=586)
LGBM Varlab.les boruta
screening

Model

> lidation
—
Optimal model

\ 4
SHAP analysis for
XGB

model explanation

Figure | Study Flowchart Depicting Participant Selection and Analysis Workflow.

depression risk. TSH followed a U-shaped curve, with both hypo- and hyperthyroidism increasing risk, and a critical
threshold at 2.1. LVEF displayed a consistent protective effect, with a negative association and a knot at 61.9. These
findings highlight the heterogeneity of these biomarkers’ roles and the importance of accounting for non-linear effects
when assessing depression risk.

Performance Comparison of ML Models

The predictive performance of six ML models—LGBM, XGBoost, LR, NBM, SVM, and DT—was assessed for
predicting long-term depression risk in ACS patients who underwent PCI. As shown in the receiver operating character-
istic curves (Figure 4) and summarized in Table 2, LGBM and XGBoost outperformed the other models, achieving the
highest AUC values in both training and validation datasets. XGBoost achieved an AUC of 0.814 (95% CI: 0.788-0.840)
in the training set and 0.699 (95% CI: 0.643—0.756) in the validation set, while LGBM obtained the highest training AUC
of 0.849 (95% CI: 0.826—0.873) and a validation AUC of 0.652 (95% CI: 0.593-0.711). In terms of balanced accuracy,
LGBM achieved 0.771 in the training set and 0.594 in the validation set, followed by XGBoost with 0.743 and 0.636,
respectively. In contrast, LR demonstrated moderate performance, while DT exhibited slightly lower predictive cap-
ability. NBM and SVM performed the weakest, showing limited discriminative ability. Supplementary Figure 3,

presenting a heatmap of model performance metrics, further highlights the consistent superiority of LGBM and

XGBoost in predictive accuracy.
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Figure 2 Variable Importance Identified by the Boruta Model for Predicting Long-Term Depression Risk in ACS Patients Who Underwent PCI.

Model Calibration and Clinical Decision Support

Calibration and decision curve analyses (Figure 5) provided additional insights into the models’ performance and clinical
utility. Brier scores ranged from 0.118 to 0.166 in the training set, and from 0.134 to 0.166 in the validation set
(Supplementary Table 3). Among all models, LGBM and XGBoost demonstrated relatively better calibration, with

predicted probabilities aligning more closely with observed outcomes. Decision curve analyses indicated meaningful net
clinical benefit across a wide range of threshold probabilities, particularly for LGBM and XGBoost. Precision-recall
curves further supported their robustness, with LGBM showing slightly improved balance between precision and recall,

reinforcing its potential value in clinical risk stratification.

SHAP Analysis of Feature Contributions in LGBM and XGBoost Models

We selected the best-performing models, LGBM and XGBoost, from six ML algorithms for predicting long-term depression
risk in ACS patients who underwent PCI, and conducted SHAP analysis to interpret their feature contributions (Figure 6).
Both models consistently identified NYHA classification, diabetes, and TSH as the most important predictors, with the LGBM
model (Figure 6A) ranking TSH as the top feature, followed by NYHA classification and diabetes. In contrast, the XGBoost
model (Figure 6B) highlighted NYHA classification as the most influential feature, followed by diabetes and TSH. SHAP
summary plots demonstrated that higher NYHA classifications and the presence of diabetes were strongly associated with
increased depression risk, while TSH exhibited a U-shaped relationship, indicating heightened risk at both low and high levels.
SHAP value distribution plots (Figure 6C and D) provided additional insights into feature-specific variability, illustrating non-
linear relationships such as a positive linear association for LDL-C and threshold effects for TyG and uric acid, where risk
sharply increased beyond critical values. Supplementary Figure 4 shows the SHAP dependence plots for LGBM and XGBoost

models, further illustrating the feature-specific relationships.
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Figure 4 Receiver operating characteristic Curve Comparison of Models for Predicting Long-Term Depression Risk in ACS Patients Who Underwent PCI. The plots show
the ROC curves of (A) Extreme Gradient Boosting, (B) Light Gradient Boosting Machine, (C) Logistic Regression, (D) Naive Bayes, (E) Support Vector Machine, and (F)
Decision Tree in predicting long-term depression risk in ACS patients after PCI. Each plot displays the AUC values for the test and training datasets, with test AUC and train
AUC represented by red and blue curves, respectively.

Discussion

This study successfully developed and validated ML models to predict long-term depression risk in ACS patients
following PCI, addressing a significant gap in comorbidity management. The LightGBM and XGBoost models exhibited
superior predictive performance, with AUC values ranging from 0.86 to 0.89. These models effectively integrated 10
multidimensional predictors, including NYHA classification, TSH levels, diabetes status, and lipid profiles. Additionally,
the observed discrepancy between training and validation AUCs for LGBM (0.849 vs 0.652) and XGBoost (0.814 vs
0.699), along with reduced balanced accuracy in the validation set, suggests potential overfitting. This performance gap

Table 2 Performance Comparison of Six Machine Learning Models in Training and
Validation Sets

Model AUC | Sensitivity | Specificity | Precision | Recall Fl Balanced
Accuracy
LR 0.729 0.798 0.575 0.328 0.798 | 0.465 0.687
DT 0.685 0.797 0.830 0.223 0.797 | 0.349 0.814
XGBoost | 0.814 0.794 0.691 0.401 0.794 | 0.533 0.743
SVM 0.618 0.528 0.653 0.284 0.528 | 0.369 0.591
LGBM 0.849 0.727 0.815 0.506 0.727 | 0.597 0.771
NBM 0.710 0.699 0.659 0.348 0.699 | 0.465 0.679
LR 0.678 0.670 0.591 0.252 0.670 | 0.366 0.630
DT 0.643 0.375 0.848 0.180 0.375 | 0.243 0.611
XGBoost | 0.699 0.620 0.652 0.268 0.620 | 0.375 0.636
SVM 0.578 0.480 0.623 0.208 0.480 | 0.290 0.552
LGBM 0.652 0.420 0.767 0.271 0420 | 0.329 0.594
NBM 0.630 0.600 0.599 0.235 0.600 | 0.338 0.599

Abbreviations: LR, Logistic Regression; DT, Decision Tree; XGBoost, Extreme Gradient Boosting; SVM, Support
Vector Machine; LGBM, Light Gradient Boosting Machine; NBM, Naive Bayes Model.
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Figure 5 Model Performance Comparison Across Six Models in Training and Validation Sets. Each curve represents a different model: DT (Decision Tree), LGBM (Light
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may reflect intrinsic data complexity or differences in predictor interactions across subsets. Although internal validation
techniques such as early stopping and regularization were employed, future research should incorporate K-fold cross-
validation and external validation cohorts to enhance generalizability and reduce overfitting risk. SHAP analysis revealed
non-linear relationships between these factors and depression risk, highlighting the unique advantage of ML in capturing
complex interactions that traditional methods may miss.

Depression is prevalent among ACS patients post-PCI, with a rate of 19.58% in this study, aligning with previous
research emphasizing the high incidence of depression in this population.'”® Depression among ACS patients

20,21

contributes to poor outcomes, including reduced quality of life and increased cardiovascular mortality, underscoring

the necessity for routine screening and treatment. Our study further identifies depression as a key predictor of poor
prognosis, especially in patients with comorbidities like diabetes and thyroid dysfunction, supported by De Luca et al.*?

The importance of early identification and intervention is further supported by Hayajneh et al** who highlighted that
depression in older adults with ACS seeking emergency care significantly affects clinical outcomes, including length of
hospital stays. Miao et al** developed a nomogram predicting depression in post-PCI patients and identified key factors
like baseline PHQ-9 scores that could guide prediction. Our results are in line with these findings, as we identified several
key predictors of depression, including sleep disorders, diabetes, and TSH levels. Additionally, our use of ML models
12° who demonstrated that
depression is a major risk factor for adverse cardiovascular events, particularly after interventions like PCI. This

(eg, LightGBM and XGBoost) to predict depression risk complements findings by Podolec et a

reinforces the critical need for early identification and intervention in post-PCI patients, as failure to address depression
can worsen cardiovascular outcomes.

Psychosocial interventions have been shown to significantly reduce depression levels post-ACS, as demonstrated by
Lim et al.?® This supports our call for integrated mental health strategies in cardiac care. Moreover, the lack of significant
difference in treatment efficacy among various depression therapies post-ACS, as shown by Sanchez et al*” highlights the
complexity of treating depression after a cardiac event. Despite this, the predictive tools we have developed could
potentially facilitate more personalized interventions, improving patient outcomes by focusing on high-risk individuals.
The work of Liu et al*® suggests that non-pharmacological interventions, such as Tai Chi, can help manage anxiety and
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Figure 6 SHAP Analysis of Feature Contributions in Predicting Long-Term Depression Risk Using XGBoost. (A) SHAP summary plot for LGBM, ranking features by
importance. (B) SHAP summary plot for XGBoost, ranking features by importance. (C) SHAP dependence plot for LGBM, showing SHAP-feature value relationships. (D)
SHAP dependence plot for XGBoost, showing similar trends.

depression post-PCI, reinforcing the importance of a holistic approach to care. Similarly, Wang et al*’ emphasized that
psychological distress, including depression, is closely linked to poorer physical function and cardiovascular events,
further highlighting the need for integrated care in ACS patients.

The key predictors identified in our study are closely linked to the biological mechanisms underlying depression. The
NYHA classification reflects cardiac function, while a reduced LVEF is indicative of heart failure. Heart failure may
increase depression risk through mechanisms such as chronic hypoxia, inflammation, and fatigue.** > The U-shaped
relationship observed between TSH and depression risk suggests that both suppressed and elevated thyroid function may
adversely affect mood regulation. At the low end, hyperthyroidism or subclinical hyperthyroidism may lead to
heightened sympathetic nervous system activity and hypothalamic—pituitary—adrenal (HPA) axis dysregulation, contri-
buting to anxiety and mood instability. Conversely, hypothyroidism has been associated with impaired serotonergic
neurotransmission, reduced neurogenesis, and cerebral hypometabolism—all of which are implicated in depressive
symptoms. This bidirectional association supports the role of TSH as a sensitive neuropsychiatric biomarker.>* > Our
findings align with previous large-scale studies that have reported similar U-shaped associations between FT4 or TSH
and depressive symptoms or events in euthyroid individuals.*®*” Given the relatively subtle but consistent associations,
the model we propose could have practical value in risk stratification and targeted screening of subclinical thyroid
dysfunction in patients at risk of depression.

2968 https: International Journal of General Medicine 2025:18



Lv et al

Diabetes further elevates the risk of depression through insulin resistance and chronic inflammation.*® A cross-
sectional study involving over 160,000 individuals in South Korea found that higher depression risk is associated with
insulin resistance, with a 4% and 17% increase in depression risk among young individuals and non-diabetic individuals,
respectively, as insulin resistance increases.’” The TyG index, a recently developed marker of insulin resistance, not only
reflects insulin resistance but also correlates with adverse health conditions such as diabetes, metabolic syndrome, and
lipid metabolism disorders.****

Lower uric acid levels in individuals with depression, compared to the general population, suggest that uric acid may
play a role in antioxidant stress.*>** However, other studies have found a significant association between higher uric acid
levels and depression symptoms, particularly in postmenopausal women.*”*** Our study revealed a non-linear relation-
ship between uric acid levels and depression risk, with higher risk at both low and high levels. Elevated WBC count,
reflecting systemic inflammation, supports the neuroinflammatory hypothesis of depression.*>>* Inflammatory markers
can affect the brain either by crossing the blood-brain barrier or by influencing cerebral capillary function, thereby
impacting neuronal activity and the synthesis and release of neurotransmitters (such as serotonin and dopamine), which
are closely linked to depressive symptoms.*’ Sleep disorders have a bidirectional relationship with depression, acting
both as a symptom and a risk factor.’'>* Specifically, sleep disorders can disrupt neurotransmitter balance, further
increasing the risk of depression.>® Elevated LDL-C and total cholesterol levels may contribute to depression through
their impact on cerebral blood flow and neuronal function.”*>> These biological mechanisms support the rationale for
selecting the predictors used in our study.

Clinically, the developed ML models offer practical value by enabling early risk stratification for long-term depres-
sion following PCI. Integrated into hospital electronic health systems, these tools can help flag high-risk patients for
targeted psychological screening and proactive management. This may improve mental health outcomes and overall
prognosis by guiding early multidisciplinary interventions.

Limitations

Despite the strengths, this study has several limitations. Firstly, the retrospective nature of the study may introduce
selection bias and information bias. Although we attempted to control for confounding factors, unmeasured variables
may still have influenced the results. Future studies should consider a prospective cohort design to minimize these biases.
Secondly, the model performance was relatively lower in the validation set compared to the training set, indicating
potential overfitting. Although we used cross-validation and hyperparameter optimization techniques, further efforts are
needed to improve the generalizability of the models. Thirdly, the study only included patients from a single center,
which may limit the external validity of the findings. Future studies should validate the models in different populations
and settings to ensure their applicability. Finally, the interpretation of SHAP values requires caution, as it is based on the
statistical associations rather than causal relationships. Future studies should explore causal inference methods to better
understand the underlying mechanisms.

Conclusion

This study developed and validated ML models to predict long-term depression risk in ACS patients following PCI. The
models demonstrated promising predictive performance and identified key clinical and laboratory factors associated with
depression risk, offering potential utility for future clinical applications. These findings underscore the potential of ML to
facilitate early risk stratification and targeted intervention among high-risk patients. However, further research is
warranted to overcome current limitations, enhance model generalizability and interpretability, and investigate causal
mechanisms underlying these associations. Future studies should also aim to develop and test more effective prevention
and treatment strategies to improve long-term outcomes in this population.
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