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Background: ST-segment elevation myocardial infarction (STEMI), the most severe form of acute coronary syndrome (ACS), 
requires timely percutaneous coronary intervention (PCI) to restore coronary blood flow. However, contrast-induced acute kidney 
injury (CI-AKI), the third most common cause of hospital-acquired renal failure, remains a critical complication of PCI.
Objective: To develop a machine learning model predicting CI-AKI risk in elderly patients with STEMI patients using clinical 
features.
Methods: Data from 2120 elderly patients with STEMI treated with PCI at Xuzhou Medical University Affiliated Hospital (2019
–2023) were used for model development and testing. An external validation cohort, comprising 236 individuals, was derived from the 
Medical Information Mart for Intensive Care-IV (MIMIC-IV) database (2008–2019). Lasso regression selected predictors, and nine 
Machine Learning (ML) algorithms were evaluated via Receiver Operating Characteristic (ROC) analysis. Overlapping top-ranked 
features from high-performing models (AUC >0.8) informed a nomogram. Performance was assessed using AUC and decision curve 
analysis (DCA).
Results: The final model included five independent predictors: lymphocyte-to-monocyte ratio, diuretic use, residual cholesterol, serum 
creatinine, and blood urea nitrogen. This model was developed as a simple-to-use online dynamic nomogram. It demonstrated robust 
discrimination, with C-statistics of 0.782 in the testing dataset and 0.791 in the validation dataset. DCA confirmed its clinical utility 
across a wide range of risk thresholds.
Conclusion: A new online dynamic nomogram was developed to provide a practical tool for CI-AKI risk stratification in elderly 
STEMI patients, aiding personalized prevention strategies.
Keywords: contrast-induced acute kidney injury, ST-segment elevation myocardial infarction, remnant cholesterol, lymphocyte to 
monocyte ratio, elderly patients

Background
ST-segment elevation myocardial infarction (STEMI), the most severe manifestation of acute coronary syndrome (ACS), 
necessitates timely revascularization via percutaneous coronary intervention (PCI) to restore coronary blood flow and 
optimize clinical outcomes. A critical complication of PCI is contrast-induced acute kidney injury (CI-AKI), a reversible 
form of acute kidney injury occurring within 72 hours after intravascular contrast agent administration. CI-AKI ranks as 
the third most prevalent cause of hospital-acquired renal failure, surpassed only by hypoperfusion and nephrotoxic 
medications.1 In elderly STEMI patients, CI-AKI is associated with prolonged hospitalization, elevated healthcare costs, 
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progression to end-stage renal disease, and increased mortality.2 While the pathophysiology of CI-AKI remains 
incompletely understood, proposed mechanisms include contrast-mediated renal ischemia, oxidative stress, and inflam
matory cascades.3 Current prevention strategies are limited to hydration protocols, highlighting the urgent need for early 
identification of high-risk patients to mitigate irreversible renal damage.

Machine learning (ML), a subset of artificial intelligence (AI), has emerged as a transformative tool for analyzing 
complex medical datasets.4 Its capacity to discern nonlinear patterns in clinical variables enables the development of 
predictive models that outperform conventional statistical approaches in accuracy and generalizability. These models are 
increasingly deployed in critical care settings, including coronary care units (CCUs), to guide risk stratification and 
therapeutic decision-making. This study aims to develop an interpretable ML-based model leveraging routine clinical 
features to predict CI-AKI risk in elderly STEMI patients undergoing PCI, thereby facilitating personalized preventive 
interventions.

Existing clinical scoring systems and statistical models for CI-AKI risk assessment often lack generalizability and 
interpretability, especially in older STEMI patients undergoing PCI. They also do not fully utilize the predictive power of 
clinical data available through advanced computational methods. This gap highlights the urgent need for early identifica
tion of high-risk patients to mitigate irreversible kidney damage.

The aim of this study was to develop a machine-learning based interpretable model that uses clinical features to 
predict the risk of CI-AKI in elderly STEMI patients undergoing PCI, thereby facilitating personalized preventive 
interventions. By enabling personalized prevention strategies, the model aims to reduce kidney injury and improve 
clinical outcomes in this vulnerable population.

Materials and Methods
Study Population
This study retrospectively selected patients with STEMI who underwent PCI at the CCU of Xuzhou Medical University 
Affiliated Hospital from 2019 to 2023 and a validation cohort from the MIMIC-IV database who underwent PCI from 
2008 to 2019.

Inclusion criteria: (1) Diagnosis of STEMI, confirmed by: Persistent chest discomfort and/or ischemic symptoms 
(>20 minutes at rest); Electrocardiographic evidence of ST-segment elevation (≥2 mm in contiguous chest leads or 
≥1 mm in limb leads) corresponding to the infarct location, or new left bundle branch block; Elevated cardiac biomarkers 
(eg, troponin) confirming myocardial necrosis. (2) PCI treatment during hospitalization; (3) Complete clinical records; 
(4) Age ≥ 60 years.

Exclusion criteria: (1) Missing preoperative/postoperative renal function parameters including serum creatinine; (2) 
severe valvular heart disease necessitating surgical intervention; (3) Active systemic infection; (4) History of malig
nancies; (5) Severe hepatic dysfunction.

A total of 2120 patients from the Affiliated Hospital of Xuzhou Medical University and 236 patients from the 
MIMIC-IV database were ultimately included in this study. The flowchart outlining patient selection is provided in 
Figure 1.

Definition
CI-AKI is diagnosed when acute kidney injury (AKI) develops within 72 hours after contrast agent administration, 
following the exclusion of other causes of renal impairment. Diagnosis requires either a serum creatinine (Scr) increase 
of ≥0.3 mg/dL (26.5 μmol/L) or a rise to ≥1.5 times the baseline Scr level.5 Residual cholesterol acts as a significant 
indicator of cardiovascular disease risk. It denotes the cholesterol component present within lipoproteins that have a high 
triglyceride content, such as very-low-density lipoproteins (VLDL), intermediate-density lipoproteins (IDL), and 
chylomicrons.6 Residual cholesterol (RC) = total cholesterol (TC) – high density lipoprotein cholesterol (HDL-C) – 
low density lipoprotein cholesterol (LDL-C). The Mehran score, a validated risk stratification tool, categorizes patients 
into low-, moderate-, or high-risk groups based on clinical variables, enabling personalized risk assessment and 
management strategies.
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Clinical and Laboratory Data Collection
Clinical data for patients from Xuzhou Medical University Affiliated Hospital were sourced from the institution’s 
electronic medical records. For patients in the MIMIC-IV database, the PostgreSQL database management system 
(version 14.5–1) and Navicat Premium database management tool (version 15) were used to access the MIMIC-IV 
database, with Structured Query Language (SQL) employed for data extraction. Data for all study subjects were collected 
at a point within 24 hours before the start of PCI in elderly STEMI patients, as close as possible to the actual start time of 
the PCI. Clinical data encompassed age, gender, smoking history, and additional demographic information; laboratory 
indices comprising white blood cell (WBC) count, red blood cell (RBC) count, hemoglobin, platelets, total bilirubin, 
albumin, glucose, creatinine, blood urea nitrogen (BUN), and others. RC and the lymphocyte-to-monocyte ratio (LMR), 
among other composite indices, were calculated. Variables with >30% missing data were excluded to preserve dataset 
integrity. For retained variables, missing data were imputed using the Multiple Imputation by Chained Equations (MICE) 
algorithm, ensuring robust handling of incomplete data.

Statistical Analysis
Patients from Xuzhou Medical University Affiliated Hospital were divided into training (70%) and testing (30%) cohorts, 
while the MIMIC-IV database cohort served as the external validation set. Continuous variables were presented as 
medians with interquartile ranges (IQRs) to summarize central tendency and dispersion, whereas categorical variables 
were expressed as frequencies and percentages. Differences between cohorts were analyzed using the Wilcoxon rank-sum 
test for continuous variables and Fisher’s exact test for categorical variables. Variables with statistically significant 
differences were incorporated into LASSO regression prior to the application of machine learning techniques to construct 
a model for predicting CI-AKI. The machine learning algorithms used encompass Extreme Gradient Boosting 

Figure 1 The flowchart describes the selection and statistical analysis of elderly patients undergoing PCI for ST-elevated acute myocardial infarction.
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(XGBoost), Light Gradient Boosting Machine (LightGBM), Random Forest, Gradient Boosting Decision Trees (GBDT), 
Adaptive Boosting (AdaBoost), Gaussian Naive Bayes (GaussianNB), Multilayer Perceptron (MLP), Support Vector 
Machine (SVM), and k-Nearest Neighbors (KNN). Model performance was assessed using metrics such as the area under 
the receiver operating characteristic curve (AUROC), accuracy, sensitivity, and specificity. The optimal model was 
selected based on these criteria.

Variables from high-performing models were ranked by feature importance, and commonalities among top-ranked 
variables informed the final predictive model. Statistical analyses were performed using R (v4.2.3), Python (v3.11.4), and 
the Xsmart analytical platform (https://www.xsmartanalysis.com/). In accordance with the Transparent Reporting of 
a Multivariable Prediction Model for Individual Prognosis or Diagnosis (TRIPOD) guidelines, we systematically 
developed and validated the model to ensure methodological rigor and transparency. A P-value of less than 0.05 was 
considered statistically significant.

Results
Information Comparison
According to the CI-AKI diagnostic criteria, patients in the training set were stratified into non-CI-AKI (n =1182) and 
CI-AKI (n = 302) groups. Statistically significant differences were observed in a total of 51 variables, including age, 
smoking status, diastolic blood pressure (DBP), height, weight, and body mass index (BMI) (p < 0.05). The remaining 
indicators showed no significant differences (p > 0.05), with detailed results presented in Table 1.

Table 1 The Comparison of Basic Information Between the Two Groups of Patients

Variables Non-CI-AKI (n=1182) CI-AKI (n=302) p

Basic Information

Female (n%) 266(22.5) 70(23.2) 0.814

Age (years) 70.00[60.00,78.00] 74.00[64.00,80.00] <0.001
Smoke (n%) 548(46.4) 80(26.5) <0.001

Heart rate (times/min) 80.00[70.00,90.00] 81.00[73.00,90.00] 0.242

SBP (mmHg) 127.00[113.00,141.00] 123.00[110.00,138.00] 0.009
DBP (mmHg) 79.00[70.00,87.00] 75.00[69.00,84.00] <0.001

Height (cm) 168.00[160.00,172.0] 165.00[160.00,170.00] <0.001

Weight (kg) 70.00[60.00,78.00] 65.00[60.00,75.00] <0.001
BMI (kg/m²) 24.91[22.84,27.34] 24.39[22.49,26.12] 0.012

LVEF (%) 52.00[49.00,56.00] 50.00[47.00,52.00] <0.001

Hypertension (n%) 523(44.3) 99(32.8) <0.001
Hypotension (n%) 83(7.0) 21(7.0) 0.961

Type 2 Diabetes (n%) 305(25.8) 60(19.9) 0.031

CKD (n%) 23(2.0) 12(4.0) 0.039
History of CABG (n%) 3(0.3) 3(1.0) 0.071

History of Heart Failure (n%) 75(6.4) 20(6.6) 0.866

Laboratory Data
WBC (10^9/L) 9.80[8.00,11.90] 10.40[8.67,12.28] <0.001

Neutrophil (10^9/L) 7.65[5.65,9.72] 8.42[6.81,10.33] <0.001

Lymphocyte (10^9/L) 1.40[1.00,2.00] 1.17[0.80,1.60] <0.001
RBC (10^9/L) 4.59[4.20,4.98] 4.48[4.07,4.89] 0.002

Hemoglobin (g/L) 141.00[129.00,153.00] 137.00[124.00,149.00] <0.001

Hematocrit (%) 42.70[39.30,45.90] 41.90[38.00,45.10] 0.004
RBC distribution width (%) 12.70[12.30,13.20] 12.80[12.30,13.30] 0.009

Platelet distribution width (%) 13.70[11.30,16.20] 14.60[11.70,16.20] 0.12

(Continued)
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Table 1 (Continued). 

Variables Non-CI-AKI (n=1182) CI-AKI (n=302) p

Platelet count (10^9/L) 210.00[175.00,250.00] 202.00[175.00,243.00] 0.197

Hs-CRP (mg/L) 2.80[0.90,8.70] 3.30[1.50,14.90] <0.001
Antithrombin III (%) 87.00[80.00,94.00] 85.60[78.70,91.00] 0.002

Fibrinogen (g/L) 2.72[2.28,3.41] 2.79[2.28,3.57] 0.274

D-dimer (ug/mL) 0.40[0.23,0.79] 0.50[0.32,0.99] <0.001
FDP (mg/L) 2.30[1.70,3.30] 2.60[1.91,4.10] <0.001

BUN (mmol/L) 5.70[4.69,6.99] 6.16[5.15,7.93] <0.001

Serum creatinine (μmol/L) 62.00[53.00,75.00] 65.00[53.00,86.00] 0.017
Serum uric acid (μmol/L) 308.00[251.00,373.00] 297.00[241.00,366.00] 0.112

Cystatin C (mg/L) 0.88[0.79,1.00] 0.93[0.81,1.17] <0.031

eGFR [mL/(min·1.73m²)] 115.70[92.90,136.60] 106.10[74.60,136.40] <0.001
LDH (U/L) 499.00[314.00,736.00] 571.00[361.60,900.20] <0.001

CK (U/L) 301.00[113.00,1002.00] 486.00[148.80,1133.00] 0.011

CKMB (ng/mL) 20.07[3.86,86.25] 39.61[7.01,103.60] <0.001
hsTnT (ng/L) 306.10[40.70,1356.00] 501.00[95.90,1885.80] 0.002

NTproBNP (pg/mL) 331.00[100.00,1201.00] 626.10[201.60,1668.00] <0.001

Glycosylated Hemoglobin (%) 6.00[5.70,6.80] 6.18[5.80,7.14] <0.001
Prealbumin (g/L) 0.21[0.16,0.27] 0.21[0.16,0.27] 0.443

Albumin (g/L) 40.30[37.30,43.00] 39.80[36.99,42.73] 0.159
TBIL (μmol/L) 13.70[9.70,18.40] 13.90[9.30,18.30] 0.768

DBIL (μmol/L) 5.20[4.00,6.90] 5.60[4.28,7.50] 0.027

FBG (mmol/L) 5.94[5.19,7.68] 6.42[5.50,8.58] <0.001
TC (mmol/L) 4.27[3.67,4.91] 4.33[3.70,4.98] 0.337

TG (mmol/L) 1.26[0.91,1.80] 1.28[0.96,1.72] 0.523

HDL (mmol/L) 0.96[0.83,1.15] 1.01[0.87,1.21] 0.001
LDL (mmol/L) 2.67[2.14,3.19] 2.69[2.18,3.24] 0.343

Apolipoprotein A (g/L) 1.08[0.96,1.22] 1.10[1.00,1.25] 0.008

Lipoprotein(a) (mg/L) 228.00[150.00,362.00] 229.90[167.40,306.60] 0.995
Surgical Data

IABP (n%) 111(9.4) 20(6.6) 0.128

Contrast agent dosage>100mL (n%) 285(24.2) 67(22.2) 0.051
Existing Predictive Model

Mehran level (n%) 0.007

Low risk 30(2.5) 26(8.6)
Moderate risk 971(82.3) 237(78.5)

High risk 179(15.2) 39(12.9)

Drug Use
Beta blockers (n%) 998(84.6) 219(72.5) <0.001

Nitrates (n%) 520(44.1) 90(29.8) <0.001

Heparin (n%) 903(76.5) 193(63.9) <0.001
CCB (n%) 344(29.2) 58(19.2) <0.001

Diuretic (n%) 393(33.3) 200(66.2) <0.001

ARNI (n%) 261(22.1) 36(11.9) <0.001
Composite Indicator

RC (mmol/L) 0.41[0.23,0.61] 0.57[0.45,0.73] <0.001

NLR 5.51[3.18,8.90] 7.73[5.33,10.54] <0.001
PLR 147.78[102.92,208.75] 178.57[129.33,246.67] <0.001

LMR 3.36[2.26,4.84] 2.47[1.82,3.38] <0.001

NPR 0.04[0.03,0.05] 0.04[0.03,0.05] <0.001

(Continued)
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LASSO Clinical Feature Selection
We utilized 51 variables as independent predictors and conducted LASSO regression to model the occurrence of CI- 
AKI as the outcome. The optimal penalty coefficient λ was determined via 10-fold cross-validation, with the 
Lambda.1se value being 0.019. This process identified 18 predictive variables: age, height, hypertension, smoking, 
Mehran risk score, beta-blockers, nitrates, low molecular weight heparin, nicorandil, diuretics, high density lipopro
tein, angiotensin receptor neprilysin inhibitor (ARNI), antithrombin III, BUN, creatinine, fasting blood glucose, LMR, 
and RC (Figure 2).

Table 1 (Continued). 

Variables Non-CI-AKI (n=1182) CI-AKI (n=302) p

SIRI 2.45[1.40,4.23] 3.24[1.95,5.23] <0.001

CAR 0.07[0.02,0.23] 0.08[0.04,0.39] <0.001
SII 1127.42[630.00,1818.52] 1549.56[981.01,2277.53] <0.001

Abbreviations: SBP, systolic blood pressure; DBP, diastolic blood pressure; BMI, body mass index; LVEF, left ventricular ejection fraction; 
CKD, chronic kidney disease; CABG, coronary artery bypass grafting; WBC, white blood cell; RBC, red blood cell; Hs-CRP, high-sensitivity 
C-reactive protein; FDP, fibrinogen degradation products; eGFR, estimated Glomerular Filtration Rate; CK, Creatine Kinase; CK-MB, 
Creatine Kinase-Muscle/Brain; NTproBNP, N-terminal pro-B-type natriuretic peptide; BUN, blood urea nitrogen; TBIL, total bilirubin; 
DBIL, direct bilirubin; TC, total cholesterol; TG, triglycerides; HDL, high density lipoprotein; LDL, low density lipoprotein; LDH, lactate 
dehydrogenase; IABP, intra-aortic balloon pump; CCB, calcium channel blocker; ARNI, angiotensin receptor neprilysin inhibitor; RC, residual 
cholesterol; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio; LMR, lymphocyte-to-monocyte ratio; NPR, neutrophil- 
to-platelet ratio; SIRI, systemic immune-inflammation index; CAR, C-reactive protein to albumin ratio; SII, systemic inflammatory index.

Figure 2 This is LASSO regression. (A)This graph shows the coefficient curve of the independent variable. (B)This graph shows the selection of the optimal independent 
variable by LASSO regression and 10-fold cross-validation.
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Analysis of Risk Factors for CI-AKI
After standardizing the 18 selected variables, nine machine learning algorithms were applied to develop predictive 
models. The following figures display the ROC curves for predicting CI-AKI for each model (Figure 3A). Table 2 
outlines the performance of the nine machine learning algorithms on both training and validation dataset, including 
AUC, accuracy, sensitivity and specificity. The comparison of the AUC among nine machine learning models is 
depicted in the forest plot (Figure 3B). Models built using XGBoost, RandomForest, AdaBoost, and SVM had AUC 
scores above 0.8. Feature importance was ranked by four methods, and the top 10 intersecting features were selected 
(Figure 4).

Model Construction
The intersection of the top 10 most important variables across the four machine learning models identified five 
independent predictors of CI-AKI in STEMI patients post-PCI: LMR, diuretic use, RC, serum creatinine, and BUN 
(Table 3). These predictors were incorporated into a nomogram to visualize CI-AKI risk stratification (Figure 5).

In contrast to complex logistic regression models, the nomogram offers a simplified and clinically practical tool for 
risk stratification. Each of the five risk factors is assigned a point value, which users sum to calculate a total score. This 
total score corresponds to a vertical projection on the nomogram’s axis, directly translating to the predicted probability of 
CI-AKI. Higher scores indicate an elevated likelihood of CI-AKI development, enabling clinicians to tailor prevention 
strategies to individual patient profiles. The final model was developed as a simple-to-use nomogram, which is 
illustrated and available online (https://jjk0227.shinyapps.io/dynnomapp/) and presented in Figure 6.

Prediction Analysis
Internal validation demonstrated that the predictive model exhibits strong predictive performance (Figure 7A and B). The 
C-statistic values for the nomogram’s training and internal validation cohorts were 0.794 and 0.782, which were superior 
to the existing Mehran score of 0.632 and 0.588, indicating a high predictive value. As depicted in Figure 7D and E, the 
horizontal line on the decision curve analysis (DCA) curve signifies no intervention with zero net benefit, whereas the 
diagonal line represents intervention for all patients. The analysis revealed a broad range of high-risk threshold 
probabilities in both the modeling and validation cohorts, highlighting the model’s potential utility for guiding clinical 

Figure 3 Prediction of CI-AKI based on selected variables using nine machine learning algorithms: ROC curves for validation set (A); and a forest plot of ROC-AUC across 
methods (B). 
Abbreviations: XGBoost, extreme gradient boosting; LightGBM, light gradient boosting machine; RF, random forest; GBDT, gradient boosting decision trees; AdaBoost, 
adaptive boosting; GNB, gaussian naive bayes; MLP, multilayer perceptron; SVM, support vector machine; KNN, k-nearest neighbors.
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decision-making. The calibration curves show that the model exhibits good fit and prediction accuracy on both the 
training set and the internal validation set. This consistency further confirms the reliability and generalizability of the 
model, making it highly practical for clinical applications (Figure 7G and H).

For external validation, C-statistics was 0.791 (Figure 7C), and the DCA curves (Figure 7F) indicated that the model 
more effectively predicted the clinical utility of CI-AKI risk within a probability threshold for risk ranging from 14% to 
70%. In addition, the model also demonstrated good fit and predictive accuracy in calibration curve analysis on an 
external validation set. This further demonstrates the robustness and generalizability of the model on different datasets 
and enhances its potential for application in clinical practice (Figures 7I).

Table 2 Predictive Performance Comparison of the Nine Types of Machine Learning 
Algorithms

Variables AUC(SD) Accuracy (SD) Sensitivity (SD) Specificity (SD)

XGBoost 0.865(0.038) 0.806(0.050) 0.715(0.052) 0.829(0.073)

LightGBM 0.728(0.069) 0.781(0.039) 0.315(0.281) 0.900(0.107)

RandomForest 0.900(0.032) 0.856(0.025) 0.332(0.108) 0.990(0.012)
AdaBoost 0.822(0.041) 0.730(0.055) 0.772(0.086) 0.719(0.078)

GNB 0.799(0.064) 0.705(0.048) 0.739(0.114) 0.696(0.065)

KNN 0.797(0.060) 0.807(0.023) 0.266(0.194) 0.946(0.047)
SVM 0.859(0.055) 0.756(0.040) 0.821(0.087) 0.740(0.048)

GBDT 0.722(0.064) 0.757(0.045) 0.415(0.288) 0.845(0.107)
MLP 0.758(0.086) 0.706(0.058) 0.646(0.124) 0.721(0.059)

Figure 4 Venn diagram of the top 10 variables in four types of machine learning models. 
Abbreviations: XGBoost, extreme gradient boosting; AdaBoost, adaptive boosting; SVM, support vector machine; RF, Random Forest.
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Discussion
In our research, we developed a cost-effective, interpretable machine learning model using data from the CCU of 
a leading tertiary hospital, with subsequent validation via a public database. The database incorporated diverse clinical 
variables, including demographics, lifestyle, past medical history, preoperative laboratory tests, intraoperative details, and 
medication usage. Among nine machine learning algorithms evaluated, models based on XGBoost, Random Forest, 
AdaBoost, and SVM demonstrated superior predictive accuracy, achieving cross-validation AUC scores above 0.80. 
Among these four models, BUN, LMR, RC, creatinine levels, and diuretic usage consistently ranked among the top 10 
predictors of clinical significance. A nomogram integrating these five variables demonstrated potential to improve risk 
stratification for STEMI patients by accurately predicting CI-AKI. External validation confirmed the model’s robust 
performance, underscoring its translational potential for clinical decision-making.

The predictive model pinpointed several critical risk factors, encompassing preoperative RC, BUN, LMR, creatinine 
levels, and the utilization of diuretics. Baseline renal function markers such as creatinine and BUN demonstrated high 
predictive accuracy for CI-AKI, consistent with prior studies.7–9

Our study indicates that elevated residual cholesterol levels are associated with an increased risk of CI-AKI. These 
findings corroborate previous studies highlighting the role of cholesterol metabolism and inflammatory pathways in renal 

Table 3 The Importance of the Top 10 Variables in 
Four Well-Performing Models

Variables AdaBoost RF SVM XGBoost

RC 0.28 0.14 0.10 0.13

LMR 0.2 0.13 0.08 0.15

Diuretics 0.18 0.05 0.11 0.05
Creatinine 0.08 0.11 0.06 0.10

BUN 0.02 0.09 0.05 0.08

Abbreviations: BUN, blood urea nitrogen; LMR, lymphocyte to 
monocyte ratio; RC, remnant cholesterol.

Figure 5 The nomogram of predictive model for CI-AKI after PCI in elderly patients with STEMI. 
Abbreviations: BUN, blood urea nitrogen; LMR, lymphocyte to monocyte ratio; RC, remnant cholesterol.
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injury pathogenesis.10,11 The connection between cholesterol and the mechanisms of kidney damage has been a focal area 
of research.12

Residual cholesterol is particularly relevant for assessing residual cardiovascular risk in statin-treated patients with 
controlled LDL-C levels and has been closely linked to comorbidities such as coronary artery disease and diabetes 
mellitus.13–15 The study is the first to propose the role of RC in CI-AKI. Lipoproteins in RC are internalized by 
macrophages and other immune cells, forming foam cells. They induce the production of IL-6 and TNF-α via the PI3K/ 

Figure 6 The online dynamic nomogram to predict CI-AKI After PCI in elderly patients with STEMI. 
Abbreviations: BUN, blood urea nitrogen; LMR, lymphocyte to monocyte ratio; RC, remnant cholesterol.
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Akt and MAPK signaling pathways. This exacerbates vascular inflammation, oxidative stress, promoting atherosclerosis 
and renal ischemia, thereby elevating CI-AKI risk. Furthermore, RC regulates oxidized LDL receptors and NF- 
κB-dependent lectin-like receptors, enhancing TNF-α expression and foam cell formation.16 (2) STEMI is typically 
precipitated by thrombosis, induces a hypercoagulable state. RC not only upregulates PAI-1 to enhance platelet aggregation 
but also amplifies the coagulation cascade, reducing renal perfusion and oxygen, which amplifies CI-AKI risk.17

Furthermore, inflammatory processes play a critical role in the development of CI-AKI, and specific inflammatory 
biomarkers have been shown to forecast the occurrence of CI-AKI in patients with ACS following PCI. LMR, a novel 
inflammatory marker that has emerged in recent years, is defined as the ratio of lymphocyte count to monocyte count. It 
is considered to mirror the equilibrium between anti-inflammatory and pro-inflammatory immune reactions.18,19 

A reduced LMR signifies pro-inflammatory dominance, increasing renal vulnerability to contrast-induced injury.20 

Figure 7 Illustrates ROC curves of the established predictive model for the occurrence of CI-AKI in elderly STEMI patients within the training (A), testing (B), and 
validation set (C); and the clinical decision-making benefits obtained within the training (D), testing (E), and validation set (F); and the calibration curves demonstrating the 
agreement between predicted and actual probabilities in the training (G), testing (H), and validation set (I).
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Notably, elevated LMR levels are independently associated with a lower risk of postoperative AKI in aortic dissection 
patients.21

However, as previous research has noted, reliance on preoperative data alone is insufficient for outcome prediction. Our 
study assessed perioperative medication use and discovered that diuretic administration may reduce renal blood flow and 
impair tubular concentration capacity, thereby exacerbating renal stress and increasing the risk of CI-AKI.22,23 Additionally, 
diuretics may lead to electrolyte imbalances and acid-base disturbances, further compromising renal function.24

Unlike our previous studies, this study focused on elderly patients with STEMI, a subgroup at higher risk of CI-AKI due 
to age-related physiologic decline and complex revascularization protocols.25 An advanced machine learning algorithm was 
used to capture the complex nonlinear relationship between predictor variables and CI-AKI, whereas previous studies mainly 
relied on traditional statistical methods.26 In addition, this study used a larger sample size (N = 2120) and was externally 
validated through a public database (MIMIC-IV, 2008–2019), addressing the limitations of small sample sizes or single- 
center studies in previous studies.27 The developed online dynamic column-line diagram integrates key predictors into an 
intuitive interface, enabling clinicians to implement personalized prevention strategies at the bedside. This innovation not 
only enhances clinical utility, but also provides clinicians with a platform to calculate CI-AKI risk probabilities in real time, 
thus enabling timely interventions against modifiable risk factors to prevent or mitigate the occurrence of CI-AKI.

Limitations
First, the retrospective design of this study may introduce selection bias. Second, our ML algorithm model is somewhat 
constrained by specific mechanisms, necessitating further verification in real-world clinical settings. Additionally, the use 
of the MIMIC-IV database, a curated resource, presents inherent constraints, including potential data incompleteness. 
These limitations highlight the need for external validation with larger, more diverse cohorts to confirm the general
izability of our findings.

Future studies should prioritize establishing large, multicenter, and multi-ethnic cohorts to validate and refine the 
clinical risk prediction model, while concurrently identifying novel CI-AKI biomarkers to enhance the model’s predictive 
accuracy and clinical utility.

Clinical Perspectives
In the future we envision that our model can be seamlessly integrated into clinical workflows to further explore the 
correlation between intraoperative variables and outcome occurrences through multicenter and larger sample size 
studies and provide real-time risk stratification of older STEMI patients in clinical care, especially during PCI 
procedures. Early identification of high-risk individuals allows clinicians to make more informed decisions regarding 
contrast use, hydration strategies, and other preventive measures. This timely intervention may significantly reduce the 
incidence of CI-AKI and improve patient outcomes. We also further refine the patient types and assist clinicians in 
giving intraoperative as well as perioperative personalized treatment plans based on the patient’s underlying and 
individual needs.

Conclusion
This study developed and validated model to predict CI-AKI in elderly patients with STEMI, leveraging 
preoperative and intraoperative clinical variables. The model demonstrated robust predictive accuracy for identify
ing high-risk CI-AKI elderly patients and maintained strong performance in validation databases. To facilitate 
clinical translation, we designed an online dynamic nomogram clinically accessible nomogram that synthesizes key 
risk factors, enabling real-time risk stratification to support clinical decision-making. This tool advances persona
lized medicine by optimizing individualized risk prediction and therapeutic planning. We will further collect 
clinical patient data and refine the model to improve its predictive efficacy for better clinical treatment.
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