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Abstract

Background: Patients with coronary artery calcification exhibit notable sex differences in clinical presentation, particularly
concerning the role of cardiovascul ar-kidney-metabolic (CKM) risk factors and their impact on prognoses. However, the precise
nature of these sex-specific differences remains incompletely understood.

Objective: Thisstudy aimed to investigate sex disparitiesin CKM risk factors among patients with moderate-to-severe coronary
artery calcification (MSCAC) and elucidate their association with adverse clinical outcomes.

Methods: A tota of 2418 patients with MSCAC undergoing their first percutaneous coronary intervention were included.
Hazard ratios (HRs) were computed to evaluate sex differences in the prognostic significance of various CKM risk factors,
including chronic kidney disease (CKD), diabetes mellitus (DM), obesity, hypertension, and hypertriglyceridemia. Four machine
learning models—logistic regression, extreme gradient boosting (XGBoost), random forest, and support vector machine—were
constructed to predict adverse events. The best-performing model was interpreted using Shapley additive explanations (SHAP)
valuesto identify the relative importance of CKM risk factors and clarify potential sex disparities. Mg or adverse cardiovascular
events (MACEs) were defined as all-cause mortality, nonfatal myocardial infarction, and unplanned repeat revascul arization.

Results: Among the participants, 86.9% (2101/2418) had >1 CKM risk factor, while 3.1% (74/2418) had >4 risk factors. CKD
was independently associated with the occurrence of MACEs in both female patients (HR 2.65, 95% CI 1.50-4.69) and male
patients (HR 1.53, 95% Cl 1.02-2.60). Notably, the association was stronger in female patients, with a female-to-male
multivariate-adjusted HR ratio for CKD of 1.68 (95% CI 1.04-2.97). DM was a so associated with MACEs in both sexes, with
adjusted HRs of 1.20 (95% CI 1.02-1.92) in female patients and 1.59 (95% CI 1.19-2.12) in male patients. Among the models
evaluated, X GBoost demonstrated the highest predictive performancein the test set (area under the curve 0.92; average precision
0.92; F;-score=0.86). X GBoost maintained good predictive performance in the external validation cohort (area under the curve
0.86; average precision 0.71; F;-score=0.68). Baseline DM was identified as the CKM risk factor with the highest feature

importance for MACEs, with SHAP values of 0.17 in female patients and 0.23 in male patients. Conversely, CKD emerged as
the most important CKM risk factor in female patients (SHAP value 0.18), while DM ranked highest in male participants.
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Conclusions: This study confirmed that CKM risk factors and their influence on prognosis in patients with MSCAC exhibit
significant sex differences. The application of machine learning, particularly X GBoogt, facilitates a deeper understanding of these
disparitiesand provides abasisfor personalized, sex-specific risk assessment and targeted interventionsfor patientswith MSCAC.

(J Med Internet Res 2026;28:€82742) doi: 10.2196/82742
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Introduction

Moderate-to-severe coronary artery calcification (MSCAC) is
a high-risk, complex form of coronary artery disease (CAD).
Patients with MSCAC often exhibit irreversible vascular
calcification, which complicates percutaneous coronary
intervention (PCI) procedures and is associated with a poorer
prognosis[1,2]. Therefore, the early identification of high-risk
factors in these patients is of crucial importance. Metabolic
disturbances and electrolyte imbalances are key contributorsto
the devel opment of severe coronary artery calcification (CAC).
Dysregulated lipid deposition in the coronary vessel wall can
leed to unstable plagues, while disturbances in
calcium-phosphorus metabolism further exacerbate vascular
calcification [3-6]. Consequently, cardiovascular metabolic
factors, including renal function, are significantly associated
with the occurrence of severe CAC.

This  perspective aigns with the concept of
cardiovascul ar-kidney-metabolic (CKM) health emphasi zed by
the American Heart Association (AHA), which highlights the
importance of multiorgan management, particularly of
cardiovascular, metabolic, and renal conditions[7,8]. According
to AHA reports, multiple risk factors can contribute to the
development and progression of CKM disorders. Theseinclude
chronic kidney disease (CKD), hypertension, diabetes mellitus
(DM), hypertriglyceridemia (HTG), and obesity, all of which
promote excessive lipid accumulation, immune inflammation,
oxidative stress, and insulin resistance, thereby further
accelerating vascular calcification [9,10]. Effective management
of CKM risk factors is essential for reducing adverse
cardiovascular events among patients with MSCAC.

However, the incidence of CAC varies by sex, and the impact
of CKM risk factors may also differ between male patients and
female patients. Limited research has explored the sex-specific
effects of these risk factors on adverse outcomes in patients
with MSCAC.

On the basis of this background, the primary aims of this study
were (1) to assess the distribution of CKM  risk

https://www.jmir.org/2026/1/e82742

factors—including CKD, DM, obesity, hypertension, and
HTG—among male and femal e patientswith MSCAC following
their first PCI; (2) to establish machine learning (ML) models
predicting adverse prognosis in patients with MSCAC based
on these CKM risk factors; and (3) to explore potential sex
differencesin theimpact of these CKM risk factorson prognosis
using the ML models.

Methods

Ethical Considerations

The study was approved by the ethics committee of Fuwai
Hospital (2016-847) and complied with the principles of the
Declaration of Helsinki. The enrolled patients provided informed
consent for their treatment. Participants were assured that their
privacy and confidentiality would be strictly protected, and all
datawere anonymized prior to analysis. No personal identifying
information was collected or stored.

Study Population

This study was aretrospective analysis of a prospective cohort
conducted at Fuwai Hospital. The cohort consisted of patients
with MSCAC who underwent their first PCI between January
2017 and December 2018. All participants provided informed
consent. An external validation cohort, which included patients
with MSCAC who underwent their first PCl from January 2021
to June 2021, was conducted to validate the predictive
performance of the ML model as well. The study design is
illustrated in Figure 1.

Inclusion criteria were (1) a diagnosis of CAD and receipt of
PCI for the first time at this institution and (2) a diagnosis of
M SCAC based on angiography. Exclusion criteriaincluded the
following: prior PCI or coronary artery bypass grafting, missing
baseline serum creatinine or triglyceride data, and in-hospital
death. The detailed inclusion and exclusion criteria for the
development and external validation sets are summarized in
Figures S1 and S2 in Multimedia Appendix 1. All participants
were followed up regularly by trained investigators after
discharge.
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Figure 1. Overview of the study design and workflow. AP: average precision; AUC: area under the curve; CKD: chronic kidney disease; CKM:
cardiovascul ar-kidney-metabolic; DM: diabetes mellitus; HTG: hypertriglyceridemia; HTN: hypertension; MACE: major adverse cardiovascular events;
MI: myocardial infarction; NPV: negative predictive value; PPV: positive predictive value; X GBoost: extreme gradient boosting.
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CKM Risk Factors

In this study, we investigated 5 CKM risk factors following the
AHA Presidentia Advisory, including CKD, DM, obesity,
hypertension, and HTG. Estimated glomerular filtration rate
(eGFR) was calculated using the CKD-EPI equation based on
thefirst serum creatinine measurement at admission[11]. CKD
was defined aschronic renal disease or eGFR <60 mL/min/1.73

m?. DM was diagnosed as hemoglobin A, (HbA ) of 26.5%,

fasting plasma glucose levels of =7.0 mmol/L, or current use
of insulin or antihyperglycemic medications. Obesity was

defined as a BMI of =30 kg/m?. Hypertension was defined as
systolic blood pressure of 2140 mm Hg, diastolic blood pressure
of >80 mm Hg, a history of hypertension, or the use of
antihypertensive medications. HTG was defined astriglyceride
levels of 2150 mg/100 mL (1.69 mmol/L).

Clinical Outcomes

The study’s primary end point was major adverse cardiovascular
events (MACES), defined as acomposite of all-cause mortality,
nonfatal myocardial infarction, and unplanned repeat
revascularization. Thedefinition of each component of MACES
is described in Table S1 in Multimedia Appendix 2.

ML Models

Four ML agorithmsfor binary classification were established,
including logistic regression, extreme gradient boosting
(XGBoost), random forest, and support vector machine. These
classifiers were chosen for their potential strong performance
with imbalanced data categorization, scalability, and resilience.
The predictor variables were selected based on the Boruta
algorithm and clinical significance. Prior to the development
and internal validation of the ML models, the dataset was
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randomly partitioned into a training set (70%) and an
independent holdout test set (30%). To address classimbalance
in the binary composite outcome, the synthetic minority
oversampling technique (SMOTE) with
sampling_strategy="auto’ was applied exclusively to thetraining
set. SMOTE was not applied to the validation folds or the
independent test set to prevent data leakage. Hyperparameter
optimization was performed using an adaptive resampling
technique. Full details of the hyperparameter search space and
the best parameters selected for the final model are providedin
Table S2 in Multimedia Appendix 2.

Statistical Analysis

Patient characteristics are summarized using medianswith IQRs
for continuous variables and frequencies with percentages for
categorical variables. Missing data in baseline covariates were
visually explored using the Visualization and Imputation of
Missing Values package (Figure S3 in Multimedia Appendix
1) and assessed with the Little missing completely at random
test (P<.05), supporting the assumption of missing at random.
Multipleimputation by chained equationswas performed using
the mice package.

Several performance metrics were calculated and derived from
each set of ML models, including the area under the curve
(AUC), average precision (AP), positive predictive value (PPV),
negative predictive value (NPV), and F;-score. To quantify
uncertainty, 95% Cls for al metrics were calculated using
bootstrap resampling with 2000 iterations. Calibration was
assessed both visualy (using calibration plots) and quantitatively
by calculating the calibration slope, intercept, and Brier score.
Cdlibration curves were aso used to evaluate the
best-performing model. The best-performing ML model was
selected for subsequent analyses. Decision curve analysis was
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conducted to evaluate its clinical utility by quantifying the net
benefit at various threshold probabilities. The interpretation of
the predictive model was facilitated by Shapley additive
explanations (SHAP), a comprehensive methodology designed
to accurately quantify the contribution and influence of each
feature on the final predictions. The importance of CKM risk
factors within the dataset was interpreted using their
corresponding SHAP values.

Multivariable Cox proportional hazards models were further
used to calculate hazard ratios (HRs) and 95% Clsfor MACEs
associated with each CKM risk factor stratified by sex.
Restricted cubic spline analysis was performed for eGFR,
HbA,., BMI, triglyceride, and systolic blood pressure. All
models were adjusted for age, smoking status, history of CAD,
acute coronary syndrome, BMI, low-density lipoprotein
cholesterol, number of stents, and the SYNTAX (synergy
between PCI with TAXUS and cardiac surgery) score. To
formally assess sex differences, thefemale-to-maleratio of HRs
with 95% Cls was calculated for each CKM risk factor. In
addition, the overall CKM burden was categorized into 3 levels
(0-1, 2-3, and 4-5), and the interaction term (sexxCKM
category) was tested in the multivariable Cox model.

A 2-sided P value <.05 was considered statistically significant.
All statistical analyses and calculations were conducted using

Yeetd

R software (version 4.1.3; R Foundation for Statistical
Computing) and Python (version 3.9.12; Python Software
Foundation).

Results

Characteristics of Patients With MSCAC

A total of 2418 patients with MSCAC were included in this
study, of whom 647 (26.8%) were female. The median age was
62.4 (IQR 54.7-68.9) years. Regarding comorbidities, 156
(6.5%) patients had CKD, 1092 (45.2%) patients had DM, 210
(8.7%) patients were obese, 1573 (65.1%) patients had
hypertension, and 875 (36.2%) patients had HTG. The
distribution of the number of CKM risk factors—0, 1, 2, 3, 4,
or 5—was 13.1%, 35.1%, 32.1%, 16.7%, 3%, and 0.1%,
respectively. The prevalence of specific CKM risk factorsamong
male and female patients, as well as in the overall cohort, is
shown in Figure 2 and Figure $4 in Multimedia Appendix 1.
Female patients with MSCAC exhibited higher rates of CKD
and hypertension than male patients, and the overall number of
CKM risk factors was also greater in female patients (Table 1).
The median follow-up duration was 3.1 (IQR 2.9-3.2) years.
During this period, 263 (10.9%) patients experienced MACES,
including 71 (11%) female patients and 192 (10.8%) male
patients.

Figure 2. Distribution of cardiovascular-kidney-metabolic (CKM) risk factors and incidence of major adverse cardiovascular events (MACEs). (A)
Venn diagram illustrating the distribution of CKM risk factors among female patients, (B) the chart of incidence rates of MACEs in female patients
with varying numbers of CKM risk factors, (C) Venn diagram illustrating the distribution of CKM risk factors among male patients, and (D) the chart
of incidence rates of MACES in male patients with varying numbers of CKM risk factors. CKD: chronic kidney disease; DM: diabetes mellitus; HTG:

hypertriglyceridemia; HTN: hypertension.
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Table 1. Baseline characteristics of the participants.
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Characteristics All participants (N=2418)  Female participants (n=647) Male participants (n=1771) P vaue
Age (years), median (IQR) 62.40 (54.70-68.90) 66.60 (61.00-73.25) 60.60 (53.30-67.00) <.001
Smoking status, n (%) <.001
Never 882 (36.5) 560 (86.6) 322(18.2)
Former 824 (34.1) 53(8.2) 771 (43.5)
Current 712 (29.4) 34(5.3) 678 (38.3)
History of coronary artery disease, n (%) 409 (16.9) 81 (12.5) 328 (18.5) .001
Acute coronary syndrome, n (%) 1522 (62.9) 418 (64.6) 1104 (62.3) .33
Physical measures and biomarkers, median (IQR)
BMI (kg/m?) 25.39 (23.44-27.62) 24.97 (22.80-27.24) 25.61 (23.82-27.68) <.001
Systolic blood pressure (mm Hg)  130.00 (120.00-142.00) 131.00 (120.00-147.00) 130.00 (120.00-140.00) <.001
Estimated glomerular filtration rate  88.57 (76.33-98.39) 83.00 (71.58-93.69) 90.43 (78.90-99.88) <.001
(mL/min/1.73 m%)
Hemoglobin A1 (%) 6.10 (5.70-7.00) 6.20 (5.80-7.10) 6.00 (5.60-7.00) <.001
Total cholesterol (mmol/L) 3.95 (3.34-4.69) 4.23(3.62-5.02) 3.85 (3.25-4.57) <.001
Triglycerides (mmol/L) 1.43 (1.06-2.01) 1.49 (1.13-2.09) 1.41 (1.03-1.98) .002
Low-density lipoprotein cholesterol  2.34 (1.82-2.96) 244 (1.97-3.19) 2.30(1.76-2.89) <.001
(mmol/L)
High-density lipoprotein cholesterol  1.09 (0.92-1.30) 1.23 (1.03-1.45) 1.05 (0.89-1.23) <.001
(mmol/L)
Coronary artery angiography and percutaneous intervention
Heavy calcification, n (%) 513 (21.2) 154 (23.8) 359 (20.3) .07
SYNTAX score, median (IQR) 14.00 (8.00-21.00) 14.00 (8.00-21.00) 14.00 (8.00-21.00) 75
CKM?@risk factors, n (%)
Chronic kidney disease 156 (6.5) 61 (9.4) 95 (5.4) <.001
Diabetes mellitus 1092 (45.2) 313 (48.4) 779 (44.0) .06
Obesity 210(8.7) 44.(6.8) 166 (9.4) .06
Hypertension 1573 (65.1) 463 (71.6) 1110 (62.7) <.001
Hypertriglyceridemia 875 (36.2) 252 (38.9) 623 (35.2) 10
Number of CKM risk factors, n (%) .003
0 317 (13.1) 60 (9.3) 257 (14.5)
1 849 (35.1) 218(33.7) 631 (35.6)
2 775 (32.1) 220 (34.0) 555 (31.3)
3 403 (16.7) 122 (18.9) 281 (15.9)
4 72 (3.0) 26 (4.0) 46 (2.6)
5 2(0.2) 1(0.2) 1(0.1)

8CKM: cardiovascul ar-kidney-metabolic.

CKM RIisk Factorsand Poor Prognosis

Multivariate Cox regression analysis revealed that CKD was
independently associated with the occurrence of MACEs in
both female patients (HR 2.65, 95% CI 1.50-4.69) and male
patients (HR 1.53, 95% CI 1.02-2.60). Notably, the association
was more pronounced in femae patients, with a

https://www.jmir.org/2026/1/e82742
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multivariate-adjusted femal e-to-male HR ratio for CKD of 1.68
(95% Cl 1.04-2.97; Table 2). Prevalent DM was al so associated
with MACEs in both sexes, with adjusted HRs of 1.20 (95%
Cl 1.02-1.92) in female patients and 1.59 (95% CI 1.19-2.12)
in male patients. Hypertension was linked to adverse prognosis
infemale patients (HR 1.56, 95% CI 1.08-2.80), but not in male
patients (HR 0.94, 95% Cl 0.71-1.26).
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Table2. Adjusted hazard ratios (HRs) for major adverse cardiovascular events (MACES) associ ated with cardiovascul ar-kidney-metabolic risk factors®,

MACE Female participants, HR (95% CI)

Male participants, HR (95% CI) Female-to-maleratio, HR (95% ClI)

Chronic kidney disease 2.65 (1.50-4.69)

1.53 (1.02-2.60) 1.68 (1.04-2.97)

Diabetes mellitus
Obesity

Hypertension

1.20 (1.02-1.92)
1.45 (0.66-3.18)
1.56 (1.08-2.80)

1.59 (1.19-2.12)
1.03 (0.89-1.20)
0.94 (0.71-1.26)

1.29 (0.87-1.89)
0.76 (0.42-1.37)
1.13 (0.68-1.89)

Hypertriglyceridemia 1.01 (0.63-1.65)

1.08 (0.83-1.32) 0.96 (0.65-1.40)

A1l modelswere adjusted for age, smoking status, history of coronary artery disease, acute coronary syndrome, BMI, low-density lipoprotein cholesterol,

number of stents, and SYNTAX score.

Further anal yses explored the associations between eGFR, BMI,
systolic blood pressure, HbA ., triglycerides, and MACEs, as
well as with other adverse outcomes. In multivariate models,
lower eGFR was significantly associated with increased risks
of MACEs, al-cause mortality, myocardial infarction, and
unplanned repeat revascularization in both sexes. The
relationship between HbA ;. and outcomes was U-shaped for
MACESs and mortality but showed a positive correlation with
myocardial infarction and revascularization (Figures S5-S8 in
Multimedia Appendix 1).

Patients were stratified into 3 groups based on the number of
CKM risk factors: Oto 1, 2 to 3, and 4 to 5. Those with more
CKM risk factors had a significantly higher risk of MACEs
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than thosein the 0 to 1 risk factor group, indicating that the risk
of MACEsincreased with the accumul ation of CKM risk factors
(Figure 3). Multivariate Cox analysis (Table 3) demonstrated
that female patientswith 4 to 5 CKM risk factors had a2.49-fold
higher risk of MACEs than those with only 0 to 1 risk factor
(HR 2.49, 95% CI 1.02-6.09). Similarly, male patients with 4
to 5 CKM risk factors had a 1.48-fold increased risk (HR 1.48,
95% Cl 1.07-3.58). In female patients, CKD was the leading
attributable risk factor for all-cause mortality, whereas HTG
contributed more significantly to mortality in male patients.
Furthermore, the interaction between sex and categorized CKM
burden (0-1, 2-3, and 4-5) was statistically significant (P value
for interaction=.03).
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Figure 3. Performance comparison of machine learning models and calibration curves. Calibration curves were used to evaluate the performance of
different models. Extreme gradient boosting (XGBoost) demonstrated the best performance in both the train and test sets. (A) Comparison of the
performance of multiple machine learning models in the train set, (B) comparison of the performance of multiple machine learning modelsin the test
set, (C) calibration curves of the machine learning models in the train set, and (D) calibration curves of the machine learning models in the test set.
AUC: area under the curve; AP: average precision; NPV: negative predictive value; PPV: positive predictive value; RF: random forest; SVM: support
vector machine.
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Table3. Adjusted hazard ratio (HR) for major adverse cardiovascul ar events (M ACES) according to the number of joint cardiovascul ar-kidney-metabolic
(CKM) risk factors®

CKM risk factors” MACEs Participants, n (%) Adjusted HR (95% ClI) P value P for trend
Female patients .02

0-1 24 278 (43) _c —

2-3 39 342 (52.1) 1.31(0.79-2.18) 30

45 6 27 (4.2) 2.49 (1.02-6.09) .04
Male patients .02

0-1 90 888 (50.1) — —

2-3 95 836 (47.2) 1.13(0.98-1.21) 25

45 7 47 (2.7) 1.48 (1.07-3.58) .03

A1l modelswere adjusted for age, smoking status, history of coronary artery disease, acute coronary syndrome, BMI, low-density lipoprotein cholesterol,
number of stents, and SYNTAX score.

BFor interaction between sex and the number of CKM risk factors, P=.03.
®Not applicable.

in a 7:3 ratio. Four ML models were developed to predict
ML _M odel Devgl opmgnt o MACEs and compared for their predictive performance. The
The included patients with MSCAC were randomly divided X GBoost model demonstrated the highest predictive accuracy
into a mode! training cohort and an internal validation cohort  in the test set, achieving an AUC of 0.92 (95% CI 0.89-0.95),
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an AP of 0.92 (95% Cl 0.89-0.95), an NPV of 0.93 (95% Cl
0.90-0.96), a PPV of 0.80 (95% CI 0.75-0.85), and an F,-score

of 0.86 (95% CI 0.82-0.90). Figure 4 illustrates the
discriminatory performance of the ML models in the training

Yeetd

and test sets. Table S2 in Multimedia Appendix 2 presents a
comprehensive array of performance metrics for the various
ML models evaluated in this study. Specific details (eg, learning
rate and tree depth) are described in Table S3 in Multimedia
Appendix 2.

Figure 4. Visualization of the importance of various predictors for major adverse cardiovascular events in patients with moderate-to-severe coronary
artery calcification, categorized by sex, using Shapley additive explanations (SHAP) values. (A) Bar plot showing variable importance across the entire
cohort, (B) SHAP swarm plot showing variableimportance across the entire cohort, (C) bar plot showing theimportance of cardiovascul ar-kidney-metabolic
(CKM) risk factors among femal e participants, (D) SHAP swarm plot showing the importance of CKM risk factorsin female participants, (E) bar plot
showing the importance of CKM risk factors among male participants, and (F) SHAP swarm plot showing the importance of CKM risk factorsin male
participants. CKD: chronic kidney disease; DM: diabetes mellitus; HTG: hypertriglyceridemia; HTN: hypertension.
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In the external validation cohort, a total of 127 patients with
MSCAC were included from January 2021 to June 2021 at a
general hospital, of whom 14 (11%) experienced MACEs, and
38 (29.9%) patients were female. Table S4 in Multimedia
Appendix 2 presentstheir baseline characteristics. The XGBoost
model demonstrated good performance with an AUC of 0.86
(95% ClI 0.78-0.94), an AP of 0.71 (95% Cl 0.58-0.84), an NPV
of 0.91 (95% Cl 0.86-0.96), aPPV of 0.72 (95% CI 0.55-0.89),
and an F;-score of 0.68 (95% CI 0.55-0.81). The calibration
curve showed good agreement between predicted and observed
probabilities (calibration dope=0.92, 95% CI 0.71-1.13;
intercept=0.04, 95% CI —-0.12 to 0.20; Brier score=0.09).
Moreover, the decision curve analysis indicated its good
potential clinical utility (Figure SO in Multimedia Appendix 1).

Sex-Specific Importance of CKM Factors

The SHAP algorithm was used to quantify the relative feature
importance of each CKM risk factor in the XGBoost model for
predicting MACEs. Importantly, SHAP values reflect the
contribution of each variable to the model’s predictions and do
not imply causality.

In the overall population with MSCAC, baseline DM ranked
highest in feature importance for MACES, with mean SHAP
values of 0.23 in male patients and 0.17 in female patients. In

https://www.jmir.org/2026/1/e82742
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female patients, CKD demonstrated the highest feature
importance (SHAP value 0.18), followed by DM and
hypertension. In contrast, DM remained the most important
CKM risk factor in male patients, followed by obesity and
hypertension (Figure 4).

Similar sex-specific patternswere observed for other outcomes.
For al-cause mortdity, CKD ranked highest in feature
importance among female patients, whereas HTG showed a
greater predictive contribution in male patients. For myocardial
infarction, DM was the leading CKM risk factor in female
patients, while it ranked second after hypertension in male
patients. For unplanned repeat revascularization, DM was the
primary CKM risk factor in both sexes; however, HTG exhibited
the strongest feature importance in female patients (Figures
S10-S12 in Multimedia Appendix 1).

Discussion

Principal Findings

This retrospective analysis based on prospective cohort studies
highlights significant sex-related differences in the association
between CKM risk factors and MACES among patients with
MSCAC undergoing their first PClI. DM demonstrated high
feature importance for MACESs in patients of both sexes.
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Notably, CKD showed a stronger association with MACEs in
female patients with MSCAC than in male patients. HTG was
more strongly associated with all-cause mortality in male
patientswith M SCAC, while hypertension demonstrated amore
significant association with MACEs in female patients.
Additionally, DM was more strongly associated with unplanned
repeat revascularization in male patientsthan in femal e patients.
These sex-specific differences provide valuable insights for
identifying high-risk patients with MSCAC and may facilitate
more precise, sex-tailored clinical decision-making.

In recent years, there has been growing recognition of the
intricate interconnections among cardiovascul ar, metabolic, and
renal diseases, leading to the conceptualization of CKM
syndrome [7,8]. CKM is considered a systemic disorder
characterized by pathophysiological interactions among
metabolic risk factors, CKD, and the cardiovascular system,
which collectively contribute to multiorgan dysfunction and a
high incidence of adverse cardiovascular outcomes[12]. Inthis
study, we included 5 components: renal function (CKD) and
other metabolic risk factors—specifically obesity, hypertension,
DM, and HTG—in accordance with the AHA-defined CKM
risk factors. A key shared mechanism among these metabolic
risk factors is excess and dysfunctional adipose tissue, which
leads to inflammation, oxidative stress, and insulin resistance
[9,20]. The coexistence of multiple risk factors markedly
increases the risk of cardiovascular disease [13,14]. Although
lifestyle behaviors, such as smoking, diet, and sleep, are also
important determinants of cardiovascular health, they were not
included in this study. These behaviors are considered critical
for early disease prevention, whereas our focus was on
secondary prevention in patients with MSCAC.

CAC has been confirmed to be associated with an increased
risk of adverse outcomes in patients with multiple CKM risk
factors, including CKD [15] and DM [16]. The accumulation
of multiple CKM risk factors accelerates the progression of
CAC. Among patientswith M SCAC, the coexistence of several
metabolic factors further elevates the likelihood of recurrent
adverse events. Therefore, it is crucial to emphasize secondary
prevention strategiestargeting CKM risk factorsin thishigh-risk
popul ation.

The distribution of CAC varies by sex, with male patients
exhibiting higher levels and prevalence of CAC, and with both
calcium content and disease burden increasing steadily with
age[17,18]. Similarly, thedistribution of CKM syndrome shows
marked sex differences. Previous studiesindicate that advanced
CKM syndrome is more prevalent among adult male patients
in the United States (16.9% vs 12.4%) [19] and that in the
Chinese population, the weighted preval ence of advanced-stage
CKM ishigher in male patients than in female patients (24.9%
Vs 22.3%) [20]. Our study comparing CKM risk factorsin male
and femae patients with MSCAC revealed significant
differences: female patients with MSCAC were more likely to
possess multiple CKM risk factors (=4), and the incidence of
MACEswas also higher in these femal e patients. Thesefindings
suggest that more intensive management and control of CKM
risk factors are particularly important for female patients with
MSCAC.
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Furthermore, this study explored the differential importance of
various CKM risk factors between the sexes. Theresultsindicate
that DM ranked highest in feature importance for MACESs in
patients with MSCAC, ranking first in the overall population
and among male patients, and second among female patients.
Previous research has established DM as an independent
predictor of increased atherosclerotic burden [21], with patients
with DM exhibiting a distinctive pattern of coronary artery
atherosclerosis characterized by calcium loads exceeding lipid
loads in culprit vessels [22]. Glycemic variability combined
with systemic inflammation and oxidative stress has also been
shown to be associated with worse clinical outcomesin patients
with MSCAC [23]. Interestingly, in femae patients with
MSCAC, the association between CKD and MACEs was
stronger than that observed in male patients, primarily impacting
the risk of all-cause mortality. Several factors have been
proposed in the literature to explain this observed pattern. For
instance, it has been hypothesized that female patients may
experience more pronounced reductions in vascular elasticity
and calcium salt deposition during vascular calcification,
worsening arterial stiffness and increasing the risk of vascular
events [24-26]. Second, hormonal changes, such as decreased
estrogen levels after menopause, have been suggested to
potentially exacerbate calcification and vascular fragility in
female patients, further increasing the severity of cardiovascular
eventsand mortdlity in patientswith CKD [27,28]. Additionally,
CKD often coexists with metabolic abnormalities and chronic
inflammation, which may be more evident or exert more
significant effects in female patients, amplifying its impact on
all-cause mortality [29,30]. However, these explanationsremain
speculative and are not directly derived from the SHAP analysis,
which only reflects feature importance within the predictive
model rather than causal mechanisms. These findings underscore
the importance of more targeted management of renal function
in female patients with MSCAC. Interventions such as
sodium-glucose cotransporter 2 inhibitors or nonsteroidal
mineralocorticoid receptor antagonists could potentialy help
preserve kidney function and improve long-term prognosis in
this population [31,32]. Future research should further
investigate the biol ogical mechanisms underlying sex disparities
to optimize sex-specific risk assessment and intervention
strategies.

Inthefield of cardiovascular research and clinical practice, ML
techniques have demonstrated substantial potential [33,34].
Compared with traditional statistical methods, ML agorithms
can effectively process large-scale, multidimensional datasets
and capture complex nonlinear relationships, thereby improving
the accuracy of disease prediction, risk stratification, and
personalized treatment strategies[35-38]. Notably, the X GBoost
algorithm has shown superior performance in recent
cardiovascular-related studies. Asan efficient gradient boosting
tree method, XGBoost offers advantages in handling missing
values, nonlinear features, and resistance to overfitting. Multiple
previous studies have validated the superiority of XGBoost in
cardiovascular risk prediction—for example, in assessing CAD
risk, evaluating heart failure prognosis, and predicting vascular
events—achieving better performance than traditional statistical
models and other ML techniques [39-42]. In this study, we
compared 4 ML models and identified XGBoost as the
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best-performing model for predicting MACEs based on CKM
risk factors. Using SHAP analysis, we quantified the relative
feature importance of each CKM risk factor and identified
sex-specific patterns of predictive importance. The model was
externally validated in an independent cohort, providing
preliminary evidence of its generalizability. These findings
highlight the utility of ML approaches in elucidating sex
differences in the prognostic importance of CKM risk factors
and supporting more personalized, sex-tailored clinical
decision-making.

Thisstudy has severa limitations. First, although the ML models
were externally validated, thiswasasingle-center retrospective
analysis of prospective cohort data conducted exclusively in
Chinese patients with MSCAC undergoing PCI. This design
may introduce selection bias and limit the generalizability of
our findingsto other ethnic groups, geographic regions, or health
care systems. Second, we evaluated CKM-related indicators
only at baseline. Although this approach enabled timely risk
assessment, it did not account for potential dynamic changesin
these variables over time. Finaly, although we adjusted for

Yeetd

multiple measured confounders, residual confounding cannot
be entirely excluded because of unmeasured or incompletely
documented factors, such as detailed medication regimens,
menopausal statusin female patients, and long-term medication
adherence.

Conclusions

This study systematically evaluated sex differences in the
associations between CKM risk factors and adverse prognosis
among patientswith MSCAC undergoing PCI. Female patients
with MSCAC exhibited a higher prevalence of multiple CKM
risk factors. DM demonstrated high feature importance for
prognosis across both sexes, whereas CK D showed aparticularly
strong association with adverse outcomes in female patients.
By using ML models, particularly XGBoost with SHAP
analysis, this study developed effective prognostic prediction
tools and identified sex-specific patterns of predictive
importance among CKM risk factors. Thesefindingsunderscore
the importance of personalized, sex-tailored management
strategies and provide clinicians with valuable insights to
optimize care for patients with MSCAC.
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