Development and Interpretation of an Explainable Machine Learning Model Based on Routine Clinical and Laboratory Parameters for Early Differentiation of Non-ST-Segment Elevation Myocardial Infarction and Unstable Angina
Abstract
Background Early differentiation of non-ST-segment elevation myocardial infarction (NSTEMI) from unstable angina (UA) remains challenging at initial presentation despite the use of high-sensitivity cardiac troponin I (hs-cTnI). We aimed to develop an explainable machine learning model integrating routinely available clinical information for individualized NSTEMI diagnosis and to investigate complementary predictor contributions across hs-cTnI-defined categories.
Methods A total of 3,723 consecutive patients with suspected non-ST-segment elevation acute coronary syndrome admitted to Beijing Jishuitan Hospital between June 2021 and June 2025 were retrospectively included, comprising 3,262 patients with UA and 461 with NSTEMI. After multistep feature selection, 16 clinical and laboratory variables were selected from 124 candidate predictors. Nine machine learning algorithms were developed and evaluated using discrimination, calibration, reclassification, and decision curve analysis. SHapley Additive exPlanations (SHAP) were applied to interpret model predictions and assess predictor contributions across three hs-cTnI-defined categories.
Results The gradient boosting decision tree (GBDT) model achieved the best performance, with an area under the receiver operating characteristic curve of 0.927 in the independent test cohort. Compared with hs-cTnI alone, the complete model improved probability estimation, reclassification, calibration, and clinical utility. SHAP analysis demonstrated that complementary predictors contributed differently across hs-cTnI-defined categories, indicating context-dependent interpretation of hs-cTnI using routine clinical information. A web-based calculator was developed to provide individualized NSTEMI probability estimates and model explanations.
[bookmark: OLE_LINK19]Conclusion An explainable machine learning model integrating routine clinical information improved individualized early differentiation of NSTEMI from UA and provided transparent interpretation of prediction results. This approach may support personalized diagnostic assessment in patients with suspected non-ST-segment elevation acute coronary syndrome and warrants prospective multicenter validation.
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Research Insights 
	Question
	Response

	What is currently known about this topic?
	Early NSTEMI diagnosis remains challenging despite hs-cTnI testing.

	What is the key research question?
	Can explainable machine learning better contextualize hs-cTnI for NSTEMI diagnosis?

	What is new?
		Explainable ML revealed dynamic biomarker contributions beyond hs-cTnI alone.




	How might this study influence clinical practice?
	Supports individualized early diagnosis in patients with suspected NSTE-ACS.


Background
Acute coronary syndrome (ACS) remains a major contributor to cardiovascular morbidity and mortality worldwide, with non-ST-segment elevation myocardial infarction (NSTEMI) representing a substantial proportion of ACS presentations[1-3]. Unlike patients with ST-segment elevation myocardial infarction, patients with NSTEMI often present with heterogeneous clinical manifestations and variable degrees of myocardial injury, making early differentiation from unstable angina (UA) challenging[2, 4, 5]. Accurate identification of NSTEMI at initial presentation is essential for timely risk stratification, appropriate treatment selection, and prevention of adverse cardiovascular events[2].
Although high-sensitivity cardiac troponin (hs-cTn) assays have substantially improved the early detection of myocardial injury and have become the cornerstone of NSTEMI diagnosis, interpreting hs-cTn values within the broader clinical context remains challenging, particularly among patients with mild or intermediate troponin elevations[4, 6, 7]. A single biomarker measurement may not fully capture the heterogeneous biological processes underlying NSTEMI, as myocardial injury occurs within a broader context of inflammatory activation[8], coagulation responses[9], neurohumoral stress, and systemic physiological changes[2, 4]. Routinely available clinical and laboratory parameters may provide complementary information reflecting diverse biological domains associated with myocardial ischemia and systemic responses. Integrating these multidimensional features may enable a more comprehensive assessment of NSTEMI probability at initial presentation and improve early differentiation from unstable angina beyond conventional single-marker evaluation.
Recent studies have highlighted the clinical value of routinely available laboratory biomarkers for risk assessment in acute coronary syndromes. Cardiac injury-related markers, including high-sensitivity cardiac troponin I (hs-cTnI), creatine kinase-MB (CK-MB), and myoglobin, provide important information regarding cardiomyocyte injury, whereas natriuretic peptides reflect cardiac stress and hemodynamic burden[4, 10]. In addition, inflammatory and coagulation-related biomarkers, such as high-sensitivity C-reactive protein (hs-CRP), fibrinogen, and composite inflammatory indices[8, 11], have been associated with adverse cardiovascular outcomes and may provide complementary information beyond myocardial injury markers. However, previous studies have primarily focused on individual biomarkers or conventional scoring systems, and the complex interactions among multiple routinely available clinical variables remain insufficiently explored. Therefore, an integrated predictive framework capable of incorporating heterogeneous clinical information may provide additional value for early differentiation between NSTEMI and unstable angina. 
Furthermore, patients with suspected NSTE-ACS exhibit substantial heterogeneity in clinical presentation and underlying biological responses[12]. The extent of myocardial injury, systemic inflammation, cardiac stress, and coagulation activation may vary considerably among individuals, particularly across different levels of high-sensitivity cardiac troponin I. Although hs-cTnI concentration is central to current diagnostic algorithms[2, 4, 6, 13], whether the relative contribution of routinely available clinical and laboratory predictors varies across different hs-cTnI-defined categories remains unclear. Understanding these heterogeneous contribution patterns may provide additional insights into individualized risk assessment and contextualized interpretation of hs-cTnI-based diagnosis.
Compared with conventional statistical approaches, machine learning methods can integrate multiple clinical variables and capture complex nonlinear relationships that may otherwise remain undetected[14]. This advantage is particularly relevant in NSTEMI, where diagnosis relies on the combined interpretation of clinical presentation and laboratory findings. Moreover, interpretable machine learning approaches, such as SHapley Additive exPlanations (SHAP)[15, 16], provide insights into how individual predictors contribute to model decisions, thereby improving the clinical understanding and potential application of predictive models.
Although previous studies have investigated individual biomarkers associated with myocardial injury and cardiovascular risk in acute coronary syndromes, most have focused on isolated markers or conventional statistical models, limiting the ability to capture the complex interactions among multiple clinical variables[17, 18]. In addition, the contribution patterns of routinely available predictors across different hs-cTnI-defined categories remain insufficiently explored, and the interpretability of machine learning-based approaches has not been fully addressed. Therefore, there is a need for robust and clinically applicable predictive models that integrate routine clinical and laboratory information while providing transparent interpretation of individual predictor contributions. Instead of treating hs-cTnI as an isolated biomarker, we hypothesized that machine learning could contextualize hs-cTnI interpretation by integrating complementary routinely available clinical information and that predictor contributions would vary across hs-cTnI-defined categories.
In this study, we aimed to develop an explainable machine learning model for early differentiation of NSTEMI from unstable angina and to investigate whether the contributions of complementary clinical predictors varied across hs-cTnI-defined categories.
Methods
Study Population
This retrospective observational study was conducted at Beijing Jishuitan Hospital, Capital Medical University. Consecutive patients with a final discharge diagnosis of UA or NSTEMI between June 2021 and June 2025 were screened for eligibility. A total of 4,494 patients were initially identified. Patients were excluded if they met any of the following criteria: (1) history of malignancy; (2) autoimmune diseases, including systemic lupus erythematosus, rheumatoid arthritis, Sjögren syndrome, ankylosing spondylitis, systemic sclerosis, dermatomyositis, polymyositis, or vasculitis; (3) acute fracture; or (4) a missing data rate exceeding 50%. Demographic characteristics, clinical information, and laboratory parameters obtained at admission were extracted from the electronic medical record system for subsequent analyses. The study protocol was approved by the Ethics Committee of Beijing Jishuitan Hospital, Capital Medical University. The requirement for informed consent was waived because of the retrospective study design. The study was conducted in accordance with the Declaration of Helsinki.

Definitions and Diagnostic Criteria
The reference standard of NSTEMI or UA was defined according to the Fourth Universal Definition of Myocardial Infarction[4]. Final discharge diagnoses were established by the treating cardiology team through a predefined three-level physician adjudication process, integrating all available clinical information during hospitalization, including serial hs-cTnI measurements, electrocardiographic findings, coronary angiography when available, cardiac imaging, treatment response, and the overall clinical course. These adjudicated discharge diagnoses served as the reference standard for model development and validation. To investigate whether diagnostic determinants varied across different hs-cTnI-defined categories at presentation,  patients were stratified according to admission hs-cTnI concentrations using the assay-specific upper reference limit (URL)[2, 4] and a prespecified threefold URL threshold. Patients were categorized into three predefined subgroups: Class 1 (hs-cTnI < URL), Class 2 (URL ≤ hs-cTnI < 3×URL), and Class 3 (hs-cTnI ≥ 3×URL). These predefined categories were used for subsequent SHAP analyses.
Candidate Variables and Data Collection
A total of 124 candidate variables were collected from the electronic medical record system at admission. These variables encompassed demographic characteristics, cardiovascular risk factors, comorbidities, cardiac biomarkers, inflammatory markers, coagulation indices, renal function indicators, lipid metabolism parameters, electrolyte measurements, and routine biochemical tests. All candidate variables were considered for subsequent feature engineering and selection.
Feature Engineering and Selection
Prior to feature selection, the dataset was randomly divided into training (70%) and testing (30%) cohorts using stratified sampling. All subsequent feature engineering, feature selection, resampling, and model training procedures were performed exclusively within the training cohort. To reduce feature redundancy and improve model robustness, a multistep feature selection strategy was implemented. First, multicollinearity among candidate variables was assessed using the variance inflation factor (VIF), and variables with a VIF ≥10 were excluded from following analyses[19]. Subsequently, variables were categorized according to their predictive relationship with the outcome. For each candidate variable, predictive performance was assessed using both univariate logistic regression and XGBoost models. Variables demonstrating a discriminatory ability with an AUC ≥0.60 in at least one modeling approach were retained for subsequent feature evaluation. Variables showing better discrimination in logistic regression were assigned to the linear feature selection pathway, whereas those achieving superior performance in XGBoost models were assigned to the nonlinear feature selection pathway[20]. This procedure yielded linear and nonlinear informative variables. To further identify robust predictors, different feature selection approaches were applied according to feature characteristics. For linear features, Spearman correlation analysis, univariate analysis of variance (ANOVA), and least absolute shrinkage and selection operator (LASSO) regression were performed. For nonlinear features, recursive feature elimination (RFE), mutual information (MI), and AdaBoost feature importance analysis were conducted. Variables identified by at least one feature selection method were retained as candidate predictors for subsequent evaluation. Finally, Leave-One-Feature-Out (LOFO) analysis was performed to quantify the contribution of each feature to overall model performance. Features with minimal or negative contributions were removed, resulting in final predictors for subsequent model development.
Model Development and Internal Validation
The final feature set identified through the feature engineering workflow was used for machine learning model development.Missing values were imputed using the k-nearest neighbors (KNN) algorithm (k = 5) to maximize data utilization while preserving underlying variable relationships[21]. To address class imbalance between UA and NSTEMI, the SMOTETomek algorithm was applied exclusively to the training set[22].[22].  Imputation was performed to maximize data utilization while preserving underlying variable relationships. Nine machine learning algorithms were evaluated, including Logistic Regression (LR), Support Vector Machine (SVM), Gaussian Naïve Bayes (GNB), Decision Tree (DT), Random Forest (RF), Adaptive Boosting (AdaBoost), Gradient Boosting Decision Tree (GBDT), Extreme Gradient Boosting (XGBoost), and Light Gradient Boosting Machine (LightGBM). Model training and hyperparameter optimization were performed using 5-fold cross-validation within the training set. The cross-validation results were used for model comparison and hyperparameter optimization. Model performance was evaluated using the area under the receiver operating characteristic curve (AUC), together with sensitivity, specificity, accuracy, positive predictive value (PPV), negative predictive value (NPV), and the F1 score. Based on overall performance in the training cohort, the best-performing algorithm was selected and subsequently evaluated in the independent testing cohort. Model discrimination, calibration, and clinical utility were assessed using ROC analysis, calibration curves, the Brier score, and decision curve analysis (DCA). To evaluate the incremental diagnostic value of integrating complementary clinical information beyond hs-cTnI alone and to assess the potential influence of target leakage, three paired models were compared using the identical independent testing cohort: (1) an hs-cTnI-only logistic regression model, (2) the final 16-feature GBDT model, and (3) a GBDT model excluding hs-cTnI. Differences in discrimination were assessed using the paired DeLong test, whereas improvements in probability estimation and patient reclassification were evaluated using the Brier score, integrated discrimination improvement (IDI), and continuous net reclassification improvement (continuous NRI).
Model Interpretation Using SHAP
SHAP values were calculated for the final model to quantify the contribution of individual predictors to model output. Global feature importance was assessed using mean absolute SHAP values, and SHAP summary and dependence plots were generated to visualize feature effects. Additional SHAP analyses were performed within Class 1, Class 2, and Class 3 to evaluate variations in predictor contributions across hs-cTnI-defined categories.
Statistical Analysis
Continuous variables were expressed as median and interquartile range (IQR), whereas categorical variables were presented as counts and percentages. Comparisons between the UA and NSTEMI groups were performed using the Mann–Whitney U test for continuous variables and the chi-square test or Fisher’s exact test for categorical variables, as appropriate. Spearman correlation analysis was conducted to assess relationships among clinical predictors in the overall cohort, UA and NSTEMI groups, and hs-cTnI-defined subgroups. Differences in SHAP value distributions among the three groups were evaluated using the Kruskal–Wallis H test, with false discovery rate (FDR) correction applied for multiple comparisons. All statistical analyses were performed using Python (version 3.11.6) and R (version 4.4.3). A two-sided P value <0.05 was considered statistically significant.
Results
Baseline Characteristics
Of the 4,494 patients initially screened, 3,723 were included in the final analysis after exclusion of 70 patients with malignancy, 78 with autoimmune diseases, 51 with acute fractures, and 572 with excessive missing data. The final cohort comprised 3,262 patients with UA and 461 patients with NSTEMI. The patient selection process is illustrated in Figure 1. The baseline characteristics of the study population are presented in Table 1. No significant difference in age was observed between the two groups. However, male sex was more prevalent in patients with NSTEMI than in those with UA (72.9% vs. 62.9%, P < 0.001). NSTEMI patients also had a higher prevalence of diabetes mellitus and current smoking. Furthermore, a substantially greater proportion of NSTEMI patients presented within one week of symptom onset and exhibited higher Killip and NYHA classifications, indicating more severe clinical status. Compared with UA patients, those with NSTEMI demonstrated markedly elevated levels of myocardial injury and cardiac stress biomarkers, including hs-cTnI, CK-MB, myoglobin, α-hydroxybutyrate dehydrogenase (α-HBDH), lactate dehydrogenase (LDH), CK, and NT-proBNP (all P < 0.001). Inflammatory biomarkers, including hs-CRP, C-reactive protein-to-albumin ratio (CAR), neutrophil-to-high-density lipoprotein cholesterol ratio (NHR), and homocysteine, were significantly increased in the NSTEMI group (all P < 0.001). Coagulation-related parameters, including fibrinogen (Fib), international normalized ratio (INR), PT, and FDP, were significantly higher in NSTEMI patients (all P < 0.001). In addition, NSTEMI patients exhibited higher glucose, creatinine, NT-proBNP/eGFR, Lp(a), potassium, and triglyceride levels, accompanied by lower eGFR and sodium concentrations (all P < 0.05). Overall, NSTEMI was associated with a distinct clinical and biochemical profile characterized by greater myocardial injury, enhanced inflammatory activation, increased coagulation activity, and more pronounced metabolic and renal dysfunction. 
Figure 1. Flowchart of patient selection and cohort construction. A total of 4,494 patients with suspected NSTE-ACS admitted between June 2021 and June 2025 were screened. After excluding patients with missing key variables (>50%), autoimmune diseases, malignancies, or acute fractures, 3,723 patients were included in the final analysis, including 3,262 patients with UA and 461 patients with NSTEMI.




Table 1. Baseline Characteristics of Patients With UA and NSTEMI
	Characteristics
	Overall
(N=3723)
	UA
(N=3262)
	NSTEMI (N=461)
	P value

	Demographic Characteristics
	
	
	
	

	Age, years
	66 [59,72]
	66 [59,72]
	67 [58,74]
	0.356

	Male sex, n (%)
	2387 (64.1)
	2051 (62.9)
	336 (72.9)
	<0.001

	Cardiovascular Risk Factors
	
	
	
	

	Hypertension, n (%)
	2677 (71.9)
	2346 (71.9)
	331 (71.8)
	1.000

	Diabetes mellitus, n (%)
	1611 (43.3)
	1390 (42.6)
	221 (47.9)
	0.035

	Hyperlipidemia, n (%)
	3329 (89.4)
	2927 (89.7)
	402 (87.2)
	0.116

	Current smoking, n (%)
	913 (24.5)
	747 (22.9)
	166 (36.0)
	<0.001

	Clinical Characteristics
	
	
	
	

	Time from symptom onset, n (%)
	
	
	
	<0.001

	<1 week, n (%)
	2113 (56.8)
	1717 (52.6)
	396 (85.9)
	

	1 week–1 month
	1038 (27.9)
	984 (30.2)
	54 (11.7)
	

		>1 month
	572 (15.4)
	561 (17.2)
	11 (2.4)
	

	Killip class II–IV, n (%)
	20 (0.5)
	4 (0.1)
	16 (3.5)
	<0.001

	NYHA class III–IV, n (%)
	211 (5.7)
	133 (4.1)
	78 (16.9)
	<0.001

	Myocardial Injury and Cardiac Stress Biomarkers
	
	
	
	

	hs-cTnI, pg/mL
	6.70 [3.60,27.25]
	5.60 [3.40,13.20]
	726 [103,3298]
	<0.001

	CK-MB, ng/mL
	1.60 [1.10,2.50]
	1.50 [1.10,2.20]
	4.20 [1.999,13.30]
	<0.001

	Myoglobin, ng/mL
	27.50 [20.70,39.54]
	26.50 [20.20,36.60]
	41.60 [26.70,88.48]
	<0.001

	α-HBDH, IU/L
	129 [116,146]
	127 [115,142]
	159 [133,210]
	<0.001

	LDH, IU/L
	175 [158,198]
	172 [157,193]
	212 [178,277]
	<0.001

	CK, IU/L
	78.28 [59.84,109]
	76.63 [58.00,103]
	110 [73.56,208]
	<0.001

	NT-proBNP, pg/mL
	145 [61.33,413]
	124 [54.68,312]
	794 [279,3654]
	<0.001

	Inflammatory Biomarkers
	
	
	
	

	hs-CRP, mg/L
	1.45 [0.69,3.54]
	1.26 [0.63,2.76]
	6.24 [2.10,20.70]
	<0.001

	CAR
	0.020 [0.010,0.068]
	0.019 [0.010,0.050]
	0.160 [0.030,0.680]
	<0.001

	NHR
	0.091 [0.070,0.126]
	0.090 [0.070,0.120]
	0.135 [0.097,0.174]
	<0.001

	Homocysteine, μmol/L
	13.40 [11.09,16.62]
	13.19 [10.87,16.30]
	15.16 [12.73,18.32]
	<0.001

	Coagulation Biomarkers
	
	
	
	

	Fibrinogen, mg/dL
	304 [265,351]
	300 [262,344]
	341 [293,404]
	<0.001

	INR
	0.990 [0.950,1.030]
	0.990 [0.950,1.030]
	1.010 [0.966,1.080]
	<0.001

	PT, s
	12.60 [11.60,13.30]
	12.55 [11.60,13.30]
	12.73 [11.80,13.60]
	<0.001

	FDP, μg/mL
	1.880 [1.465,2.454]
	1.860 [1.441,2.382]
	2.083 [1.600,3.713]
	<0.001

	Metabolic, Renal, and Electrolyte Biomarkers
	
	
	
	

	Glucose, mmol/L
	5.70 [4.90,7.05]
	5.60 [4.81,6.90]
	6.70 [5.58,8.40]
	<0.001

	Creatinine, μmol/L
	72.00 [61.00,84.00]
	70.60 [61.00,82.00]
	79.18 [68.90,100.0]
	<0.001

	eGFR, mL/min/1.73m²
	88.74 [76.55,96.32]
	89.46 [78.10,96.68]
	81.11 [62.08,91.89]
	<0.001

	NT-proBNP/eGFR
	1.67 [0.66,5.36]
	1.36 [0.60,3.89]
	11.38 [3.18,70.77]
	<0.001

	Lp(a), mg/L
	223 [127,393]
	216 [121,393]
	273 [176,394]
	<0.001

	Sodium, mmol/L
	143 [141,144]
	143 [141,144]
	142 [140,143]
	<0.001

	Potassium, mmol/L
	4.00 [3.77,4.20]
	4.00 [3.74,4.20]
	4.03 [3.80,4.29]
	<0.001

	Triglycerides, mmol/L
	1.36 [1.04,1.85]
	1.35 [1.03,1.84]
	1.46 [1.11,1.88]
	0.004

	Data are presented as median [interquartile range (IQR)] or n (%). Comparisons were performed using Mann–Whitney U test, or Fisher’s exact test as appropriate. UA, unstable angina; NSTEMI, non-ST-segment elevation myocardial infarction; NYHA, New York Heart Association; hs-cTnI, high-sensitivity cardiac troponin I; CK-MB, creatine kinase-MB; α-HBDH, α-hydroxybutyrate dehydrogenase; LDH, lactate dehydrogenase; CK, creatine kinase; NT-proBNP, N-terminal pro-B-type natriuretic peptide; hs-CRP, high-sensitivity C-reactive protein; CAR, C-reactive protein-to-albumin ratio; NHR, neutrophil-to-high-density lipoprotein cholesterol ratio; PT, prothrombin time; INR, international normalized ratio; FDP, fibrin degradation products; eGFR, estimated glomerular filtration rate; Lp(a), lipoprotein(a).


Feature Selection Results
The feature selection workflow is illustrated in Figure 2. All feature selection steps were restricted to the training cohort to avoid information leakage. A total of 124 candidate variables were initially collected from the electronic medical record system. After multicollinearity assessment using variance inflation factor analysis, 76 variables remained for subsequent evaluation. To capture both linear and nonlinear relationships between predictors and outcome, we adopted a previously published feature categorization strategy based on comparative predictive performance between logistic regression and XGBoost models[20]. Using this approach, 34 variables demonstrating potential predictive value were retained for subsequent feature selection, including 24 linear features and 10 nonlinear features. Separate feature selection procedures were then conducted for the linear and nonlinear feature subsets. For linear features, Spearman correlation analysis, univariate ANOVA, and LASSO regression were conducted, whereas recursive feature elimination, mutual information analysis, and AdaBoost importance ranking were applied to nonlinear features. Candidate predictors identified by at least one selection method were retained for further evaluation. Finally, Leave-One-Feature-Out (LOFO) optimization was performed to quantify the incremental contribution of each candidate predictor to overall model performance and to eliminate redundant features. After LOFO optimization, 16 variables were selected for model development, including hs-cTnI, α-HBDH, CK-MB, hs-CRP, NT-proBNP, NHR, myoglobin, fibrinogen, homocysteine, NT-proBNP/eGFR, Lp(a), INR, sodium, CAR, LDH, and symptom onset time. These variables represented multiple biological domains, including myocardial injury, inflammation, coagulation, metabolic dysfunction, and clinical presentation, and were subsequently used for machine learning model construction.  
[image: ]Distinct biomarker interaction networks in UA and NSTEMIFigure 2. Workflow of feature engineering and selection. A total of 124 candidate variables were initially collected. After multicollinearity assessment using VIF analysis, 76 variables remained. Linear and nonlinear feature identification yielded 34 informative variables. Multiple feature selection approaches, including Spearman correlation analysis, ANOVA, LASSO regression, recursive feature elimination (RFE), mutual information (MI), and AdaBoost importance analysis, were subsequently applied. Leave-One-Feature-Out (LOFO) optimization was finally performed, resulting in 16 predictors retained for machine learning model development.

To characterize diagnosis-specific relationships among the selected clinical predictors, Spearman correlation analyses were performed in the overall cohort and separately in patients with UA and NSTEMI (Figure 3A–C). In the overall cohort, myocardial injury biomarkers were strongly intercorrelated, with the highest correlations observed between α-HBDH and LDH (ρ = 0.78) and between CK-MB and hs-cTnI (ρ = 0.72). In contrast, inflammatory, coagulation-related, and metabolic markers exhibited greater variability in their correlation patterns. Comparison of the subgroup-specific matrices showed clear differences in biomarker correlation structures between UA and NSTEMI. Within the myocardial injury cluster, correlations between α-HBDH and CK-MB (ρ = 0.54 vs. 0.30, P < 0.001), α-HBDH and LDH (ρ = 0.81 vs. 0.67, P < 0.001), CK-MB and LDH (ρ = 0.49 vs. 0.29, P < 0.001), LDH and Myo (ρ = 0.60 vs. 0.25, P < 0.001), and α-HBDH and hs-cTnI (ρ = 0.49 vs. 0.30, P < 0.001) were consistently stronger in NSTEMI, reflecting tighter coherence among conventional markers of myocardial injury. The most striking differences were observed in correlations between NHR and myocardial injury biomarkers. Correlations between NHR and myocardial injury biomarkers were markedly stronger in NSTEMI than in UA, including LDH (ρ = 0.74 vs. 0.13, P < 0.001), α-HBDH (ρ = 0.65 vs. 0.07, P < 0.001), CK-MB (ρ = 0.45 vs. 0.11, P < 0.001), and Myo (ρ = 0.57 vs. 0.12, P < 0.001). In contrast, changes involving coagulation-related markers were less pronounced. Although CAR showed a stronger correlation with Fib in NSTEMI than in UA (ρ = 0.47 vs. 0.32, P < 0.001), and the correlation between Fib and INR increased from 0.03 to 0.25 (P < 0.001), these changes were smaller than those observed for the myocardial injury–inflammation axis. Not all biomarker relationships were strengthened in NSTEMI. For example, the correlation between hs-cTnI and CK-MB remained slightly stronger in UA than in NSTEMI (ρ = 0.77 vs. 0.69, P < 0.001). Overall, compared with UA, NSTEMI showed stronger correlations within the myocardial injury biomarker cluster. Correlations between inflammatory markers and myocardial injury biomarkers were also strengthened, with the largest increases observed for NHR.  Figure 3. Spearman correlation matrices of the 16 selected clinical predictors in the overall cohort and diagnostic subgroups. (A) Overall cohort. (B) Unstable angina (UA). (C) Non-ST-segment elevation myocardial infarction (NSTEMI). Heatmaps display pairwise Spearman correlation coefficients (ρ) among the 16 selected predictors, with color intensity indicating the strength and direction of the correlations. Positive correlations are shown in red and negative correlations in blue. Correlation coefficients are presented within each cell. Differences in correlation coefficients between the UA and NSTEMI subgroups were further evaluated using pairwise comparison of independent correlation coefficients.
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Machine learning model development and performance comparison
Nine machine learning algorithms were developed and compared for discrimination between NSTEMI and UA, including GBDT, AdaBoost, XGBoost, LightGBM, Random Forest, Decision Tree, Logistic Regression, SVM, and Gaussian Naïve Bayes (Table 2). Overall, boosting-based ensemble models demonstrated superior discrimination compared with conventional classification approaches. Among the evaluated models, GBDT achieved the highest AUC in the independent test cohort (AUC = 0.9266), followed by AdaBoost (AUC = 0.9253), XGBoost (AUC = 0.9230), and LightGBM (AUC = 0.9203). At the optimized threshold, GBDT achieved an accuracy of 91.7%, sensitivity of 65.2%, specificity of 95.4%, F1-score of 0.6593, and Cohen’s kappa coefficient of 0.6119. Given its overall performance, GBDT was selected as the final model for subsequent analyses. In contrast, conventional classification approaches showed lower discriminative performance. Logistic regression achieved an AUC of 0.8495, with an F1-score of 0.5153 and a Cohen’s kappa coefficient of 0.4625. Collectively, these results identified GBDT as the optimal model for subsequent interpretation and validation analyses. 
Table 2. Performance comparison of machine learning models for differentiating NSTEMI from UA in the test cohort
	Model
	AUC
	Cutoff
	Accuracy
	Sensitivity
	Specificity
	F1-score
	Cohen's Kappa

	GBDT
	0.9266
	0.690
	0.9167
	0.6522
	0.9540
	0.6593
	0.6119

	AdaBoost
	0.9253
	0.505
	0.9006
	0.7246
	0.9254
	0.6431
	0.5862

	XGBoost
	0.9230
	0.645
	0.9069
	0.6667
	0.9408
	0.6389
	0.5856

	LightGBM
	0.9203
	0.625
	0.9078
	0.6667
	0.9418
	0.6411
	0.5883

	RF
	0.9186
	0.545
	0.9087
	0.6884
	0.9397
	0.6507
	0.5983

	DT
	0.9022
	0.785
	0.8953
	0.5362
	0.9459
	0.5585
	0.4992

	LR
	0.8495
	0.650
	0.9006
	0.4275
	0.9673
	0.5153
	0.4625

	SVM
	0.8472
	0.505
	0.8791
	0.5217
	0.9295
	0.5161
	0.4471

	GNB
	0.8088
	0.235
	0.8818
	0.3768
	0.9530
	0.4407
	0.3767

	Abbreviations: AUC, area under the receiver operating characteristic curve; NSTEMI, non-ST-segment elevation myocardial infarction; UA, unstable angina; SVM, support vector machine.


Discrimination performance assessed by ROC and precision–recall analysis
 ROC curve analysis was performed to evaluate model discrimination in both the training and independent test cohorts (Figure 4A–B). In the training cohort, ensemble learning models demonstrated high discriminative performance, with consistently elevated AUC values. Importantly, the GBDT model maintained strong discrimination in the independent test cohort, achieving an AUC of 0.9266, indicating 
preserved predictive performance in unseen data. Because the dataset exhibited class imbalance between NSTEMI and UA patients, precision–recall curve analysis was further performed in the test cohort (Figure 4C). The GBDT model achieved a PR-AUC of 0.676, demonstrating favorable precision–recall performance for identifying NSTEMI cases under imbalanced conditions. Comparable PR-AUC values were observed among other ensemble learning models, including Random Forest (PR-AUC = 0.681) and XGBoost (PR-AUC = 0.672), indicating that multiple tree-based models maintained robust positive-case detection ability. Collectively, ROC and precision–recall analyses demonstrated consistently strong performance among ensemble-based models, with GBDT selected as the final model based on its overall performance profile. Having established GBDT as the final model, we next assessed whether its superior performance was primarily driven by hs-cTnI alone or by the integration of additional routinely available clinical variables. To this end, paired comparisons were performed using the identical independent test cohort. Although the complete GBDT model achieved a slightly higher ROC-AUC than the hs-cTnI-only logistic model (0.927 vs. 0.919), the difference did not reach statistical significance (ΔAUC = 0.007, DeLong P = 0.217). However, removal of hs-cTnI reduced the ROC-AUC to 0.872, indicating that hs-cTnI remained the principal contributor to overall model discrimination (Supplementary Figure S1).Figure 4. Discrimination performance of machine learning models. (A) Receiver operating characteristic (ROC) curves in the training cohort. (B) ROC curves in the test cohort. (C) Precision–recall curves in the test cohort.
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Calibration and clinical utility assessment
Calibration analysis and decision curve analysis (DCA) were performed to evaluate the reliability and potential clinical utility of the final GBDT model (Figure 5). The calibration curve demonstrated good agreement between predicted and observed probabilities, with a Brier score of 0.071 (Figure 5A). Predicted probabilities closely followed the ideal calibration line, indicating accurate probability estimation across most of the risk range. Minor deviations from the ideal line were observed only at higher predicted probabilities. Decision curve analysis further demonstrated the potential clinical utility of the GBDT model (Figure 5B). Across threshold probabilities below approximately 0.60, the model consistently provided greater net benefit than either the treat-all or treat-none strategies, indicating improved clinical decision-making across a wide range of clinically relevant thresholds. To further compare probability prediction between the complete GBDT model and the hs-cTnI-only model, paired analyses were performed using the identical independent test cohort. Compared with the hs-cTnI-only model, the complete GBDT model achieved a markedly lower Brier score (0.071 vs. 0.106), indicating more accurate individualized probability estimation. This improvement was further supported by significant gains in integrated discrimination improvement (IDI = 0.388) and continuous net reclassification improvement (continuous NRI = 1.166), demonstrating enhanced patient-level probability estimation and risk reclassification. Consistent with these findings, decision curve analysis demonstrated greater net benefit for the complete model than for the hs-cTnI-only model across clinically relevant threshold probabilities. At a matched specificity of 85%, the complete GBDT model increased sensitivity from 72.5% to 85.5% (Supplementary Table S1)..

Global and diagnosis-specific feature contributions revealed by SHAP analysisA
B
Figure 5 Calibration and clinical utility assessment of the final GBDT model. (A) Calibration curve showing the agreement between predicted and observed probabilities. (B) Decision curve analysis demonstrating the net benefit of the GBDT model compared with treat-all and treat-none strategies.

Global SHAP feature importance analysis identified hs-cTnI as the dominant predictor in the GBDT model, with a mean absolute SHAP value of 1.337, approximately fivefold greater than that of the second-ranked predictor, SOT (0.268) (Figure 6A). Hcy (0.180), NT-proBNP/eGFR (0.167), hs-CRP (0.163), α-HBDH (0.131), and NT-proBNP (0.125) ranked next, whereas the remaining predictors, including Na⁺, CK-MB, CAR, NHR, Lp(a), INR, Fib, LDH, and Myo, showed comparatively smaller contributions.
To examine whether predictor importance differed according to the final clinical diagnosis, mean absolute SHAP values were compared between patients with UA and NSTEMI (Figure 6B). In both groups, hs-cTnI remained the highest-ranked predictor and exhibited larger SHAP values in NSTEMI than in UA. SOT consistently ranked second, followed by Hcy, NT-proBNP/eGFR, hs-CRP, α-HBDH, CK-MB, and NT-proBNP, all of which showed higher SHAP values in NSTEMI. By contrast, Na⁺ and CAR exhibited only modest differences between the two groups. The overall ranking of the major predictors remained largely unchanged, whereas their contributions were consistently greater in NSTEMI.
The SHAP beeswarm plot summarized the distribution of feature effects across individual patients (Figure 6C). Higher hs-cTnI values were predominantly associated with positive SHAP values. Similar patterns were observed for α-HBDH and CK-MB, with higher values generally corresponding to positive SHAP values. hs-CRP and Fib also displayed predominantly positive contributions, whereas Hcy and NHR exhibited relatively broad bidirectional SHAP distributions across patients. In contrast, Na⁺ and Lp(a) were characterized mainly by negative SHAP values, indicating contribution patterns distinct from those of the principal myocardial injury biomarkers.
The SHAP decision plot illustrated the cumulative contribution of individual predictors to patient-level model predictions (Figure 6D). Across individual prediction trajectories, hs-cTnI accounted for the largest shifts in model output, while SOT, Hcy, α-HBDH, Fib, hs-CRP, and CK-MB further modified individual prediction scores. Patients with higher predicted probabilities of NSTEMI generally accumulated positive SHAP contributions from multiple predictors, whereas those with lower predicted probabilities exhibited fewer positive contributions. Collectively, SHAP analysis identified hs-cTnI as the dominant predictor of model output, while also highlighting contributions from multiple additional clinical variables. A
D
C
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Nonlinear predictor contributions revealed by SHAP dependence analysisFigure 6. SHAP-based interpretation of the final GBDT model. (A) Global SHAP feature importance ranked by mean absolute SHAP values in the independent test set, showing the overall contribution of each predictor to the GBDT model. (B) Mean absolute SHAP values stratified by clinical outcome (UA and NSTEMI), comparing the relative contribution of each predictor between the two diagnostic groups. (C) SHAP beeswarm plot summarizing the distribution, magnitude, and direction of feature effects across individual patients. Each point represents one patient. Point color indicates the feature value (red, higher values; blue, lower values). Positive SHAP values indicate contributions toward NSTEMI prediction, whereas negative SHAP values indicate contributions toward UA prediction. (D) SHAP decision plot showing the cumulative contribution of individual predictors to patient-level model predictions. Each trajectory represents one patient and illustrates how successive feature contributions combine to generate the final model output.

To further characterize how individual predictors influenced GBDT predictions across their observed value ranges, SHAP dependence analysis was performed using the independent test set (Figure 7). Distinct contribution patterns were observed across predictors, indicating substantial heterogeneity in their relationships with model output. Notably, several predictors exhibited transition points, nonlinear responses, and plateau regions rather than simple linear effects. Detailed SHAP transition points and contribution patterns are summarized in Supplementary Table S3
















[image: ]Stage-specific remodeling of biomarker correlation networks according to hs-cTnI-defined myocardial injury categories
To examine whether relationships among routinely available clinical biomarkers varied across hs-cTnI-defined myocardial injury categories, Spearman correlation analyses were performed separately in Class 1, Class 2, and Class 3. Correlation heatmaps revealed distinct interaction patterns across the three groups (Figure 8A–C), indicating increasing complexity of biomarker interactions across hs-cTnI categories. Within the myocardial injury biomarker network, several established cardiac injury markers remained consistently correlated across all three categories. α-HBDH showed a strong correlation with LDH in Class 1, Class 2, and Class 3 (ρ = 0.83, 0.60, and 0.75, respectively). Likewise, CK-MB maintained moderate positive correlations with Myo throughout the three groups (ρ = 0.54, 0.39, and 0.45, respectively). More substantial changes were observed in correlations linking myocardial injury biomarkers with inflammatory markers. The correlation between LDH and NHR increased from 0.05 in Class 1 and 0.03 in Class 2 to 0.73 in Class 3. Similar changes were observed for α-HBDH–NHR (ρ = −0.04, 0.04, and 0.57), CK-MB–NHR (ρ = 0.04, −0.08, and 0.45), and Myo–NHR (ρ = 0.07, 0.14, and 0.56). Correlations within the myocardial injury biomarker network also became stronger in Class 3. The correlation between CK-MB and hs-cTnI increased from 0.13 in Class 1 and −0.03 in Class 2 to 0.70 in Class 3. Likewise, correlations between CK-MB and LDH increased from 0.22 and 0.25 to 0.51, while those between LDH and Myo increased from 0.15 and 0.24 to 0.60. Correlations involving coagulation-related biomarkers also changed across myocardial injury categories. The correlation between CAR and Fib increased from 0.29 in Class 1 to 0.35 in Class 2 and 0.45 in Class 3. A similar trend was observed for Fib and INR, with correlation coefficients increasing from 0.003 to 0.14 and 0.22, respectively. By comparison, some biomarker relationships showed little variation across the three categories. For example, the correlation between hs-CRP and Fib remained relatively stable (ρ = 0.39, 0.47, and 0.38, respectively). Overall, biomarker correlation networks differed substantially across hs-cTnI-defined myocardial injury categories. Stable correlations among conventional myocardial injury biomarkers were preserved throughout the three groups, whereas interactions linking myocardial injury, inflammatory, and coagulation-related biomarkers became more prominent in patients with marked hs-cTnI elevation. Notably, NHR showed progressively stronger correlations with multiple myocardial injury biomarkers across hs-cTnI categories, emerging as the marker most consistently linked to the evolving myocardial injury network. Figure 7. SHAP dependence analysis of the 16 predictors in the final GBDT model. SHAP dependence plots demonstrate how individual predictor values influence the GBDT model output across the test cohort. The x-axis represents the original feature values, and the y-axis represents corresponding SHAP values. Each point corresponds to an individual patient, colored according to feature magnitude (blue indicates lower values and red indicates higher values). Positive SHAP values indicate increased contribution toward NSTEMI prediction, whereas negative SHAP values indicate decreased contribution. The dependence plots reveal nonlinear, threshold-dependent, and heterogeneous contribution patterns among the selected predictors. Detailed SHAP transition regions and inflection points for all predictors are provided in Supplementary Table S2
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Stage-specific remodeling of diagnostic information according to hs-cTnI-defined myocardial injury categories
[bookmark: OLE_LINK4]To examine whether diagnostic information utilized by the GBDT model varied across different stages of myocardial injury, SHAP feature importance was evaluated separately within the three hs-cTnI-defined categories (Figure 9A–C). Although hs-cTnI remained the dominant predictor in all categories, its relative contribution was lowest in Class 2 and highest in Class 3. In contrast, complementary predictors, particularly SOT, hs-CRP, Hcy, and NT-proBNP/eGFR, contributed proportionally more in Class 2 than in the other categories. These findings suggest that the GBDT model dynamically reweighted complementary clinical information according to different hs-cTnI-defined myocardial injury stages rather than relying on a fixed predictor hierarchy (Figure 9A-C).
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Redistribution of feature contributions across hs-cTnI-defined categories
To assess whether predictor contributions varied across hs-cTnI-defined myocardial injury categories, patient-level SHAP value distributions of the 16 predictors were compared among Class 1, Class 2, and Class 3 using the independent test set (Figure 10). Most predictors showed significant differences in their SHAP distributions across categories, suggesting that the relative contribution of clinical variables to GBDT predictions changed across the hs-cTnI spectrum. As expected, hs-cTnI showed the most pronounced redistribution pattern. Its SHAP values were predominantly negative in Class 1, shifted toward positive values in Class 2, and showed substantially higher positive contributions in Class 3. Because hs-cTnI was used to define the three categories, this pattern mainly reflects the expected relationship between the stratification criteria and model prediction. Beyond hs-cTnI, myocardial injury-related predictors showed category-dependent changes in their contribution patterns. α-HBDH and CK-MB exhibited a shift toward more positive SHAP values in Class 3, although considerable variability remained among individual patients. This pattern suggests that the contribution of conventional myocardial injury markers to NSTEMI classification differed according to hs-cTnI-defined injury categories. Inflammation-related and metabolic predictors also demonstrated distinct SHAP redistribution. hs-CRP showed a broader range of SHAP values in Class 3, with a larger proportion of positive contributions compared with lower hs-cTnI categories. NHR displayed increased dispersion of SHAP values in Class 2 and Class 3, reflecting greater variability in the contribution of inflammatory-metabolic information across different injury categories. Hcy showed heterogeneous positive and negative SHAP contributions across the three groups, suggesting that metabolic information was incorporated differently among patients. Cardiorenal- and coagulation-related variables exhibited additional category-specific patterns. NT-proBNP/eGFR showed partially overlapping but differently distributed SHAP values across categories, indicating variation in the contribution of cardiorenal-related information. Fib also demonstrated differences in SHAP distribution across groups, whereas INR remained relatively unchanged without significant differences. Lipid-related and electrolyte-related variables, including Lp(a) and Na⁺, displayed significant differences in SHAP distributions, although their contribution patterns did not show a consistent monotonic direction across categories. In contrast, LDH and INR showed relatively stable SHAP distributions among the three categories, with no statistically significant differences observed. Taken together, the redistribution of SHAP values across hs-cTnI-defined categories indicates that the GBDT model did not rely on a fixed predictor structure across different myocardial injury profiles. While hs-cTnI remained the dominant contributor in patients with marked myocardial injury, additional information from myocardial injury, inflammatory, metabolic, coagulation-related, lipid-related, and cardiorenal-related variables contributed differently across categories.
[image: ]Figure 10. Redistribution of predictor SHAP values across hs-cTnI-defined myocardial injury categories. Patient-level SHAP value distributions of the 16 predictors were compared among the three hs-cTnI-defined categories to illustrate how feature contributions varied across different myocardial injury strata. Each dot represents an individual patient, and the y-axis indicates the SHAP value of the corresponding predictor. Positive SHAP values indicate contributions toward NSTEMI prediction, whereas negative SHAP values indicate contributions toward UA prediction. Statistical differences in SHAP distributions among the three categories were assessed for each predictor (***P < 0.001; ns, not significant).

Category-specific nonlinear contribution patterns revealed by SHAP dependence analysis
To further investigate whether the GBDT model utilized clinical predictors in the same manner across different stages of myocardial injury, SHAP dependence plots were generated separately for the three hs-cTnI-defined categories using the independent test cohort (Figure 11). Unlike global SHAP analysis, which summarizes overall feature importance, category-stratified dependence plots illustrate how predictor-response relationships vary under different hs-cTnI backgrounds. Overall, several predictors retained similar transition ranges across the three categories, whereas the magnitude and distribution of their SHAP contributions differed, indicating that the model dynamically reweighted complementary clinical information according to hs-cTnI-defined categorie rather than applying a fixed predictor-response relationship. Among myocardial injury-related biomarkers, hs-cTnI showed the most pronounced stage-dependent pattern. In Class 1, SHAP values crossed from negative to positive at approximately 15.8 pg/mL, whereas SHAP values remained predominantly positive in Classes 2 and 3, reaching the highest plateau in Class 3. Because hs-cTnI was also used to define the three categories, this pattern primarily reflects the consistency between the stratification strategy and model prediction. Beyond hs-cTnI, α-HBDH retained a highly consistent transition point across all three categories (approximately 132–136 U/L), suggesting that the model recognized a similar informative range regardless of hs-cTnI-defined categorie. CK-MB reached its highest positive SHAP plateau in Class 3, indicating greater incremental contribution once myocardial injury became established, whereas LDH showed only limited marginal effects throughout the observed range. Inflammation-related predictors displayed a different pattern. The principal SHAP transition ranges remained highly consistent for hs-CRP (approximately 2.26–3.48 mg/L), CAR (0.028–0.039), and NHR (0.094–0.111) across the three categories, indicating that similar value ranges were informative regardless of hs-cTnI status. However, the magnitude of their positive SHAP contributions was greater in Classes 2 and 3 than in Class 1, with the largest positive plateaus generally observed in Class 3，suggesting that inflammatory information became increasingly influential once myocardial injury was established, while the informative ranges of these biomarkers remained largely unchanged. Importantly, these results describe how the model utilized inflammatory biomarkers and should not be interpreted as evidence of increasing inflammatory activity. Coagulation-related predictors were comparatively stable across hs-cTnI-defined categories. Fibrinogen demonstrated nearly identical SHAP transition points (approximately 275–287 mg/dL) and maintained a monotonic positive contribution pattern in all three categories, although its positive SHAP plateau was modestly higher in Class 3. By contrast, INR showed relatively small and largely overlapping dependence patterns, indicating only limited stage-dependent redistribution of its contribution. Cardiorenal predictors demonstrated greater stage dependence. NT-proBNP/eGFR showed substantially larger positive SHAP contributions in Classes 2 and 3 than in Class 1 despite broadly similar nonlinear response patterns, whereas the contribution of NT-proBNP became less pronounced after marked hs-cTnI elevation. Metabolic predictors exhibited more heterogeneous nonlinear behaviors. Hcy maintained a highly consistent SHAP transition point near 13 μmol/L across all three categories, whereas Lp(a) and Na⁺ displayed more complex non-monotonic contribution patterns that were largely confined to sparsely populated value ranges and therefore should be interpreted cautiously. Taken together, these findings demonstrate that the GBDT model did not simply rely on hs-cTnI or apply identical predictor-response relationships throughout the spectrum of myocardial injury. Instead, the relative contribution of myocardial injury, inflammatory, coagulation, cardiorenal, and metabolic information was dynamically reweighted according to the hs-cTnI background. Notably, several non-troponin biomarkers retained highly similar informative ranges across all three categories despite stage-dependent differences in SHAP magnitude, indicating that improved NSTEMI discrimination resulted primarily from dynamic redistribution of complementary diagnostic information rather than recruitment of different predictors at different stages. These SHAP dependence patterns describe how the trained model utilized clinical variables and should not be interpreted as evidence of biological causality or clinically validated diagnostic thresholds.
[image: ]Figure 11. Stage-specific SHAP dependence patterns across hs-cTnI-defined myocardial injury categories. SHAP dependence plots were generated using the independent test cohort to characterize whether predictor contributions differed across hs-cTnI-defined categories. Each point represents an individual patient, and colors indicate Class 1 (hs-cTnI < URL), Class 2 (URL ≤ hs-cTnI < 3×URL), and Class 3 (hs-cTnI ≥ 3×URL). The x-axis represents the original predictor value, and the y-axis represents the corresponding SHAP value. Positive SHAP values indicate increased contribution toward NSTEMI prediction, whereas negative SHAP values indicate reduced contribution. These analyses demonstrate category-dependent nonlinear contribution patterns and dynamic redistribution of clinical information utilization across different degrees of myocardial injury.

Stage-specific risk–response relationships revealed by stratified restricted cubic spline analysis
To further determine whether the heterogeneous predictor contributions identified by the SHAP dependence analysis were accompanied by differences in clinical risk, restricted cubic spline (RCS) analyses were performed for the 15 continuous predictors across the three hs-cTnI-defined categories (Figure 12). All predictors demonstrated significant overall associations with NSTEMI probability (all overall P < 0.001). Significant nonlinear associations were observed for all predictors except fibrinogen, which retained a significant overall association but showed no evidence of nonlinearity (nonlinear P = 0.33) (Supplement table S3). Overall, substantial differences in the shapes and magnitudes of the risk–response curves were observed across the three hs-cTnI-defined categories. For most biomarkers, Class 3 consistently exhibited higher predicted NSTEMI probabilities than Class 1 and 2 across comparable biomarker values, whereas Class 1 generally maintained relatively low predicted probabilities with only modest variation throughout the observed concentration ranges. Among myocardial injury-related biomarkers, α-HBDH, CK-MB, LDH, myoglobin, and hs-cTnI all demonstrated significant positive nonlinear associations with predicted NSTEMI probability. Overall RCS analysis identified distinct risk elevation thresholds for several clinically important biomarkers, including 87 U/L for α-HBDH, 0.5 ng/mL for CK-MB, and 1.03 pg/mL for hs-cTnI, after which predicted NSTEMI probability increased rapidly before gradually approaching plateau regions (Table Sx). Across increasing biomarker concentrations, Class 3 consistently exhibited steeper risk–response curves and higher predicted probabilities than Class 1 and 2. Inflammation-related biomarkers, including hs-CRP, CAR, and NHR, also demonstrated significant nonlinear associations with predicted NSTEMI probability. The corresponding risk elevation thresholds were approximately 0.13 mg/L for hs-CRP and 0.01 for CAR, after which predicted NSTEMI probability increased rapidly before reaching relatively stable plateau regions. Compared with Class 1 and B, Class 3 consistently exhibited steeper risk–response curves and higher predicted probabilities throughout increasing biomarker concentrations. Cardiorenal-related biomarkers also exhibited heterogeneous nonlinear risk–response relationships. NT-proBNP and NT-proBNP/eGFR both showed significant nonlinear associations (both nonlinear P < 0.001), although the curve configurations differed among the three hs-cTnI-defined categories. Across most of the observed value ranges, predicted NSTEMI probabilities remained consistently higher in Class 3 than in Class 1 and B. Among the remaining predictors, homocysteine, Lp(a), INR, and serum sodium also retained significant nonlinear associations with predicted NSTEMI probability, whereas fibrinogen demonstrated an approximately linear positive association. Detailed risk elevation thresholds, rapid risk-increase intervals, plateau regions, and maximum adjusted odds ratios for all predictors are summarized in Table Sx. Collectively, the stratified RCS analyses demonstrated that the associations between routinely available clinical biomarkers and predicted NSTEMI probability were not constant across hs-cTnI-defined myocardial injury categories. For identical biomarker values, predicted NSTEMI probabilities differed according to the underlying hs-cTnI category, with the greatest predicted risks consistently observed in Class 3.



[image: ]

Clinical Probability Stratification and Online CalculatorFigure 12. Stage-specific restricted cubic spline (RCS) curves and distributions of routine clinical predictors. Restricted cubic spline (RCS) curves illustrate the associations between predictor values and NSTEMI risk across the three hs-cTnI-defined myocardial injury categories (Class 1: hs-cTnI < URL; Class 2: URL ≤ hs-cTnI < 3×URL; Class 3: hs-cTnI ≥ 3×URL). Shaded areas indicate 95% confidence intervals, and histograms below each curve show the distribution of observed values. Distinct stage-specific nonlinear risk–response patterns were observed for most predictors, indicating that the associations between routine clinical biomarkers and NSTEMI risk varied according to the background level of myocardial injury.


To facilitate the clinical interpretation of model predictions, the predicted probabilities generated by the final GBDT model were further categorized into three probability groups using two prespecified probability thresholds that were determined in the training cohort and fixed before evaluation in the independent test cohort. The lower threshold (0.20) was selected to prioritize high sensitivity and negative predictive value, thereby defining a low-probability group for NSTEMI, whereas the upper threshold (0.80) was selected to prioritize high specificity and positive predictive value, thereby defining a high-probability group. Patients with predicted probabilities between 0.20 and <0.80 were classified as having an intermediate probability of NSTEMI, representing a diagnostic uncertainty zone in which serial hs-cTnI measurements, electrocardiography, imaging findings, and comprehensive clinical assessment remained necessary according to current clinical practice. In the independent test cohort, 822 patients (73.6%) were assigned to the low-probability group, 188 (16.8%) to the intermediate-probability group, and 107 (9.6%) to the high-probability group (Table 3). The observed prevalence of NSTEMI increased progressively across the three probability categories, from 1.7% in the low-probability group to 26.1% in the intermediate-probability group and 70.1% in the high-probability group, demonstrating good agreement between model-predicted probabilities and observed NSTEMI prevalence. At the lower probability threshold of 0.20, the model achieved a sensitivity of 89.9% and a negative predictive value of 98.3%, supporting low-risk stratification. At the upper probability threshold of 0.80, the model achieved a specificity of 96.7% and a positive predictive value of 70.1%, supporting high-risk stratification. Overall, 83.2% of patients were classified into either the low- or high-probability category, whereas 16.8% remained in the intermediate-probability category and may require further clinical evaluation. To facilitate clinical translation, the final GBDT model was implemented as a publicly accessible web-based prediction calculator that generates individualized NSTEMI risk estimates together with patient-specific SHAP explanations using routinely available clinical variables. The calculator is freely available at https://model.xsmartanalysis.com/online/predict

Table 3 Distribution of patients according to probability-based stratification of the final GBDT model
	Probability category
	Threshold
	Patients, n (%)
	NSTEMI / Total
	NSTEMI (n% )

	Low
	<0.20
	822 (73.6)
	14 / 822
	1.7% 

	Intermediate
	0.20–<0.80
	188 (16.8)
	49 / 188
	26.1% 

	High
	≥0.80
	107 (9.6)
	75 / 107
	70.1% 



Discussion
Early differentiation between NSTEMI and UA remains clinically challenging because patients often present with heterogeneous symptoms and varying degrees of myocardial injury[4, 23]. Among the nine evaluated machine learning algorithms, GBDT achieved the most favorable overall performance. Although the complete model provided only a modest improvement in ROC discrimination compared with the hs-cTnI-only model, it yielded more accurate risk estimation, improved patient reclassification, and better classification performance at clinically relevant operating points. SHAP analysis further demonstrated that hs-cTnI remained the dominant predictor, whereas the contributions of symptom onset time, myocardial injury biomarkers, inflammatory markers, and cardio-renal indicators varied across different hs-cTnI-defined myocardial injury categories. These findings suggest that the principal strength of the proposed model lies in integrating complementary clinical information to generate more individualized risk estimates and support early diagnostic decision-making, rather than in markedly enhancing conventional discrimination metrics.
Although the complete model provided only a modest improvement in ROC discrimination compared with the hs-cTnI-only model, this finding should be interpreted in the context of the inherently high diagnostic performance of hs-cTnI. As the cornerstone biomarker for myocardial infarction[2, 4], hs-cTnI alone already provides excellent discrimination, leaving limited room for further improvement in global ROC-AUC. However, discrimination represents only one aspect of model performance[24, 25]. Current methodological frameworks recommend that evaluation of clinical prediction models should also consider probability estimation, calibration, patient reclassification, and clinical utility rather than relying solely on ROC-AUC. From this perspective, the additional value of the complete model became more apparent. The model yielded lower prediction error, improved patient reclassification, and, importantly, achieved substantially higher sensitivity at matched specificity (85.5% vs. 72.5% at 85% specificity), indicating that more NSTEMI cases could potentially be identified without increasing the false-positive rate. These findings suggest that the principal contribution of the additional clinical variables was not to substantially alter overall patient ranking, but to refine hs-cTnI-based risk assessment by integrating complementary clinical information, thereby providing more individualized support for early diagnostic decision-making.
The complementary contribution of non-troponin predictors was further supported by the observation that the model retained meaningful discriminatory ability even after exclusion of hs-cTnI (AUC = 0.872), although discrimination declined compared with the complete model. Rather than indicating that individual biomarkers can replace cardiac troponin, this finding suggests that routinely available clinical variables provide complementary diagnostic information beyond myocardial necrosis alone. From a pathophysiological perspective, hs-cTnI is a sensitive marker of cardiomyocyte injury, whereas NSTEMI is defined by acute myocardial injury occurring in the presence of clinical evidence of myocardial ischemia. The underlying pathophysiology is heterogeneous and may involve plaque rupture or erosion, endothelial perturbation, innate immune activation, thrombo-inflammatory responses, coronary thrombosis, myocardial ischemia, and subsequent systemic and hemodynamic stress[4, 26-28]. These biological processes are incompletely represented by any single biomarker but collectively leave measurable signatures in routinely available laboratory tests. Consequently, the proposed model should be viewed not simply as integrating multiple biomarkers, but as reconstructing the multidimensional clinical context in which hs-cTnI elevation occurs. Within this framework, conventional myocardial injury markers, including CK-MB, myoglobin, α-HBDH, and LDH, may provide complementary information regarding the extent and temporal evolution of myocardial injury beyond that reflected by hs-cTnI alone[29]. In contrast, inflammatory markers represent a distinct biological dimension. Increasing evidence indicates that innate immune activation contributes to plaque destabilization and thrombus formation during acute coronary syndromes through coordinated interactions among neutrophils, inflammatory cytokines, platelets, and the coagulation system, highlighting the central role of immunothrombosis in disease progression[26, 30, 31]. Accordingly, hs-CRP reflects systemic acute-phase activation, whereas CAR incorporates the simultaneous reduction in albumin, a multifunctional protein with antioxidant, anti-inflammatory, and endothelial-protective properties. CAR may therefore reflect inflammatory burden in relation to endogenous protective capacity[32-34]. Likewise, NHR integrates information related to neutrophil-mediated innate immunity and HDL-mediated vascular protection. Beyond its established role in reverse cholesterol transport, HDL exerts anti-inflammatory, antioxidative, endothelial-protective, and antithrombotic effects. NHR may therefore reflect the combined influence of innate immune activation and impaired vascular protective capacity, rather than isolated changes in neutrophil count or lipid metabolism alone.[30, 35, 36]. Coagulation-related variables provide another complementary source of diagnostic information. Fibrinogen is both a key substrate for fibrin formation and an acute-phase reactant, linking inflammatory activation with thrombus development. Accumulating evidence indicates extensive crosstalk among inflammation, platelet activation, coagulation, and immunothrombosis during acute coronary syndromes, suggesting that coagulation-related markers primarily capture thrombo-inflammatory processes accompanying myocardial ischemia rather than cardiomyocyte injury per se[30, 31, 37]. Cardio-renal information, represented by NT-proBNP interpreted in the context of renal function together with serum sodium, may reflect physiological adaptation to myocardial stress, renal dysfunction, and neurohumoral activation, whereas homocysteine more likely reflects chronic vascular vulnerability through endothelial dysfunction and oxidative stress[38-40]. Importantly, these variables are unlikely to provide independent diagnostic information in isolation. Instead, they represent interconnected manifestations of the complex pathophysiological processes underlying myocardial ischemia and injury. Collectively, these findings suggest that the incremental value of the proposed model arises primarily from its ability to integrate complementary clinical information across multiple biological domains, thereby refining the interpretation of hs-cTnI in heterogeneous clinical presentations rather than substantially improving discrimination through any single predictor. This biological framework also provides the mechanistic basis for the stage-specific SHAP analyses presented below.
Stage-specific SHAP analyses further demonstrated that the contribution of complementary clinical variables was not constant across different hs-cTnI-defined myocardial injury categories. Although hs-cTnI remained the dominant predictor throughout all categories, the magnitude and distribution of contributions from other clinical variables varied according to the myocardial injury context. These findings suggest that the model did not simply aggregate multiple biomarkers using a fixed diagnostic strategy, but rather interpreted complementary clinical information within the biological context represented by hs-cTnI. This context-dependent utilization of clinical information may reflect the heterogeneous nature of NSTEMI diagnosis[4]. hs-cTnI provides direct evidence of cardiomyocyte injury; however, the diagnostic significance of a given hs-cTnI value is influenced by the overall clinical context, including symptom characteristics, additional myocardial injury markers, inflammatory status, coagulation activity, and cardio-renal conditions[4, 23]. Consistent with this concept, several non-troponin predictors demonstrated different patterns of contribution across hs-cTnI categories. In patients with intermediate hs-cTnI concentrations, where diagnostic uncertainty is often greatest, the model appeared to rely more heavily on complementary clinical information to refine individualized risk estimates.[2, 4]. Conversely, in patients with marked hs-cTnI elevation, myocardial injury-related markers and thrombo-inflammatory indicators showed stronger contributions, suggesting that the model place greater emphasis on additional biological information beyond the presence of troponin elevation itself. Importantly, the intermediate hs-cTnI range may represent a clinically relevant setting in which this adaptive information integration is particularly valuable. In this range, hs-cTnI confirms the presence of myocardial injury but may not fully distinguish NSTEMI from other causes of unstable angina or troponin elevation , requiring interpretation within a broader clinical context[2, 4, 28]. The observed redistribution of predictor contributions suggests that the proposed model may partially resemble clinical reasoning, in which the diagnostic relevance of an individual biomarker depends on the overall pattern of available evidence rather than on an isolated measurement. However, these subgroup analyses were designed to characterize model behavior rather than to establish superior diagnostic performance within any specific hs-cTnI category. Further validation in larger cohorts is therefore required to determine whether this context-dependent prediction strategy translates into improved clinical decision-making.
Beyond improving diagnostic classification, an important advantage of the proposed model lies in its ability to generate individualized risk probabilities rather than simply providing binary diagnostic predictions. Patients presenting with suspected NSTE-ACS represent a heterogeneous spectrum of diagnostic uncertainty, and clinical decision-making often requires estimation of disease probability rather than reliance on a single binary classification. In the present study, improved probability estimation, calibration, and patient reclassification suggest that the predicted risks more closely reflected the observed probability of NSTEMI, thereby providing a stronger basis for individualized clinical assessment[24]. Such probability-based prediction may facilitate risk stratification by allowing different diagnostic pathways to be considered according to estimated risk rather than relying on a single decision threshold. Patients with a low predicted probability may be considered for less intensive diagnostic evaluation, whereas those with high predicted probabilities may warrant expedited diagnostic assessment and closer clinical monitoring. Patients with intermediate predicted risks may require serial hs-cTnI measurements, electrocardiographic reassessment, or additional imaging studies before a final diagnosis is established[28]. Consistent with these observations, the favorable decision-curve performance suggests that the proposed model has the potential to improve clinical net benefit across a broad range of decision thresholds[41, 42]. Therefore, rather than replacing clinical judgment, the model should be regarded as an interpretable decision-support tool that complements existing diagnostic pathways by providing individualized probability estimates within the overall clinical context.
Several strengths of this study should be highlighted. First, we addressed an important clinical challenge, namely the early differentiation between NSTEMI and unstable angina using routinely available clinical and laboratory information obtained at initial presentation. Second, beyond conventional discrimination assessment, we performed a comprehensive evaluation of model performance, including calibration, probability estimation, reclassification, decision-curve analysis, and model interpretability, thereby providing a more comprehensive assessment of clinical utility. Furthermore, the application of SHAP-based analyses allowed exploration of how the model incorporated complementary information across different hs-cTnI-defined myocardial injury categories. Several limitations should also be acknowledged. First, this was a retrospective single-center study, and the generalizability of the proposed model requires validation in independent external cohorts with different patient populations and clinical settings. Second, although the intermediate hs-cTnI range represents a clinically important diagnostic scenario, the number of NSTEMI events within this subgroup was relatively limited; therefore, the subgroup-specific findings should be interpreted cautiously and require confirmation in larger populations. Third, although SHAP analysis improved model interpretability by illustrating the contribution patterns of individual predictors, these analyses describe associations between predictors and model outputs rather than establishing causal relationships. Finally, the present model was developed using routinely available clinical and laboratory variables; future studies may further investigate whether integration of additional clinical information, such as electrocardiographic features or imaging characteristics, provides further incremental value beyond the current model.
In conclusion, we developed and evaluated an interpretable machine learning model integrating hs-cTnI with routinely available clinical information for early differentiation of NSTEMI from unstable angina. The model provided incremental value beyond hs-cTnI alone by improving individualized risk assessment and may serve as a decision-support tool for personalized diagnostic evaluation in patients with suspected NSTE-ACS. Prospective multicenter validation is required before clinical implementation.
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Supplementary Figure S4. Stage-specific restricted cubic spline (RCS) curves and distributions of routine clinical predictors.
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Supplementary Figure S4. Stage-specific restricted cubic spline (RCS) curves and distributions of routine clinical predictors. Restricted cubic spline (RCS) curves illustrate the associations between predictor values and NSTEMI risk across the three hs-cTnI-defined myocardial injury categories (Class 1: hs-cTnI < URL; Class 2: URL ≤ hs-cTnI < 3×URL; Class 3: hs-cTnI ≥ 3×URL). Shaded areas indicate 95% confidence intervals, and histograms below each curve show the distribution of observed values. Distinct stage-specific nonlinear risk–response patterns were observed for most predictors, indicating that the associations between routine clinical biomarkers and NSTEMI risk varied according to the background level of myocardial injury.
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Figure: 8.- Stage-specific: remodeling' of- biomarker correlation® structures- across: hs-cTnI-defined-
myocardial injury- categories.- Spearman- correlation- heatmaps- illustrate- the- correlation- structures- among-
routinely-available: clinical biomarkers-across-three hs-c TnI-defined myocardial injury* categories:* (A)- Group*
A (hs-¢TnI* < upper- reference: limit: [URL]); (B) Group* B* (URL- <* hs-¢Tnl* <* 3- x- URL); and" (C): Group* C*
(hs-¢TnI->3-x-URL).-Each-cell-represents-the: Spearman- correlation- coefficient: (p)- between: two- biomarkers,*
with- the color scale- indicating' the* strength: and* direction- of* the* correlation.: The: heatmaps- reveal* selective*
remodeling-of-biomarker-correlation-structures-across-different-hs-c TnI-defined myocardial-injury-categories...
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Figure'9.-Stage-specificremodeling-of predictor-contributions-across-hs-cTnl-defined-myocardialinjury-
categories.. SHAP-based: feature: importance: analysis© was® performed: separately: within- the: three:
hs-cTnl-defined* categories- to* characterize: how- the contribution- of* individual* predictors: changed- across*
different-stages-of'myocardial injury-in‘the-final- GBDT model.*(A)-Class-1:hs-cTnl-below-the-upper-reference
limit: (URL).*(B)- Class*2:*URL- <+ hs-¢TnI*<*3xURL.-(C)- Class- 3:-hs-cTnl->* 3xURL.-Mean- absolute: SHAP*
valuesrepresent-the-average: contribution-of- each-predictor-to: model- output-within-each- category.- The'results:
demonstrate: dynamic- stage-specific: remodeling- of* diagnostic- information, with- the- relative: contribution- of*
clinical'and-laboratory-variables-varying-according-to-myocardial injury-severity..

o





image21.png
SHAP value

SHAP value

SHAP value

a0 -
s -
00 <

s -

05 -
050 -

oms -

Class 1

Class1

Class 1

hseTnl

Class2

hsCRP

CK-MB

Clas 3

Clas 3

SHAP value

SHAP value

SHAP value

SHAP value

sor Hey NTproBNP/eGFR

0
= i fol @@ .
] e E
® ER 3
02+ ii ;‘”' ;
g . Wl Ca
Dl Pk A
as ] s o
Qi akr ass Gt ame as Gl abr ams
0e

24+
' ' v a4 - v v v
Class 1 Class2 Class 3 Class1 Class2 Classy
NHR
015+
010+
005 -
] z
00 H
-
15+
25— -
Class1 Cluss2 Class3 Class1 Class2 Clas 3 Class Class2 Class3
Fib LDH Myo
B o e
006 -
004 -

SHAP value

iz
wr g%

L. 1. ECTE—— -
o+ R ==
Clast Clas2 Clas Class 1 Class2 Clas 1 Clas3

® Clssl  ® Clss2  ® Clas3




image22.png
SHAP value

SiAPae

Test-set SHAP dependence plots by class

- cxan - won
F E . £ o
i t. i
an 2
- h<Tal CRMB. +HBDH LDH
Moo e— [— crr
= . N
- Class.
T T i T e e e e e E e asiew
o i Ao o P
o e
i e
i E ER
N o e
Sodom sor
ws HrH,
iR
e L .
§ E 1 l
axs - l 1

Lot

Sodium

st




image23.png
—— Class2 —— Class 3

—— Class 1

g g - 2
8 g ] -
~ ©
2 b4
o g g
2 g g
] H 2 3
< ] &
S g2 1= s g o
2 2% H Se g s = kd
Q% & g = 83 ]
RS g T i = g
gz s = g
E o 5 = =
R ] 5 =
] s < 8 = 3
] g 8
Sl ] g 2
= < =
= o ~ =3 —
EEEEE R BN R R TN I I TN NI 2583l sde EEEERE IR
') -— -
eqoid papipald (%) aBejuadad eqoid pawipaid (%) 9beusdiag Aujiqeqoid papipald (%) sbe1uadIad Aungeqoid papipald (%) aBejuadlag eqoid papipald (%) aBeIUaIAd

8
e
2
< g -
3 ® s 8
- g
- g R = =
T A - I= 2 =
2 g H ~NE = -
g H g2 f : 5 s
o 2 H g E
E E = o
H - " g 2
= " E = 8 e | |
3 = ° § H
H H - o H o
— - 2
.- 2 o = - =
2 2 % 4 & g g o 2 & T % g g o 2 ¢ % 4 & g g o & ¥ 4 & g e @ © % N & @ 0o
§ 38 3 3 8 8 s 8§ 3 s 8 8 8§ 3 3 5 8 8 3 3 s 8 & 3§ 3 3 8 8 8%
-] w I X 4
eqoid panipald (%) aBeyuadiad eqoid pawoipaid (%) aBeyusdiag Aujigeqoud papipald (%) sberuadiad eqoid pavaIpaid (%) aBejuadiag jeqoid papipaid (o) abeIuadIRg

| —— 11
100 150 200 250 300 350
a-HBDH
I
150 200 250 300 350 400 450
LDH
(RS T T AR
005 o010 015 0.20 025
NHR
T
0 2500 5000 7500 10000 12500 15000
hs-cTnl
L1 BN LIl
0 200 400 600 800 1000 1200

\y

3 3 >, 9 g o R ® & = N & £ n o S @ & % N o 2o o © < & S S uwo
< 5SS g R g S5 #8 s 3 88" - 3 3 3 s 3 8% = 3 s s &=
-

Angeqoid papipaid  (9) abejuadiad Aiqeqord papipaid (%) abewedIag Aigeqoid papipald (%) sbeiuadIad Aqeqord papipaid (%) abewediag Auigedosd papipald (%) sbeiuadIad

Na

INR

Lp(a)




image24.png
— Css2 — Cass3

— st

= g
B H g B .
] g H & 8 H R
& H e o 3
s H I 4 |
23 f i i %o EH H B
23 g TE o B
N - 8 . H 5
H i 8 & F 2
L B o
D :mz mﬁn = H - mo 8
EEEE RN REEEEE LN HEREEEEEN EEEEEE LN FREEE LN
Auaeqoid paipasg  (5) dbewoniag Anqeqond pavipasd (5) S6erniag T fugeqoid papaid (%) 9Bewaneg Anqegosd pavipasg  (3) abewaniag Auiqegosd pavipasg (3¢) abewaniag
2
® -
g & 3 -
2 8 B
8 2 £ L3S - -
3 #g i2 PR - E =
E = - H 2 H
H # I 2
H ] b 8 ®
. ] 3 FE T - - _ H
-j _m L LER SN
PEE R $%3338%° IR EREEREER P Y §ERc R
w
Aungeqoid paioipaid (1) sBewadiag Aaigeqoid pavipaid  (5) a6ewaiag (5) sbewariag iqeqoid paipaid  (5) 9Bewsdiag Auiqeqoid paipaid () aBerudiag
5 B g
o g - S g
§ -1, 3 g
& 2 = S a H 2
8 E z H]
83 z Iz ve 2z
i 2 A ERC RS % g
i & H & H :
H R — g = H B § §
N H g H
_ H HER E =
IEEEEELE R IR EEEEEEE EEEEENEEE L3N]
< o © =
P — P — P — P R — AP —

[

Lota)




image1.png
Explainable Machine Learning Contextualizes hs-cTnl
Using Routine Clinical Biomarkers for Early NSTEMI Diagnosis
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