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ARTICLE INFO ABSTRACT

Keywords: Objective: This study aimed to develop and validate several artificial intelligence (AI) models to
Acute kidney njury ) identify acute myocardial infarction (AMI) patients at an increased risk of acute kidney injury
Acute myocardial infarction (AKD) during hospitalization.

Artificial intelligence

Methods: Included were patients diagnosed with AMI from the Medical Information Mart for
Random forest

Intensive Care (MIMIC) III and IV databases. Two cohorts of AMI patients from Changzhou
Second People’s Hospital and Xuzhou Center Hospital were used for external validation of the
models. Patients’ demographics, vital signs, clinical characteristics, laboratory results, and
therapeutic measures were extracted. Totally, 12 AI models were developed. The area under the
receiver operating characteristic curve (AUC) were calculated and compared.

Results: AKI occurred during hospitalization in 1098 (28.3 %) of the 3882 final enrolled patients,
split into training (3105) and test (777) sets randomly. Among them, Random Forest (RF), C5.0
and Bagged CART models outperformed the other models in both the training and test sets. The
AUCs for the test set were 0.754, 0.734 and 0.730, respectively. The incidence of AKI was 9.8 %
and 9.5 % in 2202 patients in the Changzhou cohort and 807 patients in the Xuzhou cohort with
AM], respectively. The AUCs for patients in the Changzhou cohort were RF, 0.761; C5.0, 0.733;
and bagged CART, 0.725, respectively, and Xuzhou cohort were RF, 0.799; C5.0, 0.808; and
bagged CART, 0.784, respectively.
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Conclusion: Several machines learning-based prediction models for AKI after AMI were developed
and validated. The RF, C5.0 and Bagged CART model performed robustly in identifying high-risk
patients earlier.

Clinical trial approval statement: This Trial was registered in the Chinese clinical trials registry:
ChiCTR1800014583. Registered January 22, 2018 (http://www.chictr.org.cn/searchproj.aspx).

1. Introduction

Globally, acute myocardial infarction (AMI) remains high in morbidity and mortality [1]. Annually, about 550,000 cases expe-
rience the first AMI episode and 200,000 cases recurrent AMI [2]. AMI has often multiple complications, such as cardiogenic shock,
heart failure after myocardial infarction (MI), acute kidney injury (AKI), malignant ventricular arrhythmia, and even death [3,4].
Because of the heterogeneous prognoses of patients [5], reliable prognostic tools are in urgent need.

During hospitalization, patients with AMI, especially those undergoing percutaneous coronary intervention (PCI), may suffer from
renal deterioration, which is multifactorial and mostly characterized by AKI [6]. AKI has a complex pathogenesis, involving hemo-
dynamics (sustained hypotension and ischemia-reperfusion), metabolism, medication (especially renin-angiotensin axis blockers), and
concurrent diseases, such as sepsis, hemorrhage, atherosclerotic disease, and acute hyperglycemia [7,8]. AKI occurs in approximately
10-15 % of all hospitalized patients and more than 50 % of those in the intensive care unit [9]. Observational studies have shown a
non-linear association between small increases in serum creatinine concentration and the risk of short- and long-term adverse out-
comes in patients with and without chronic kidney diseases [10]. Evidence has also shown that even mild AKI (eg, a 50 % increase in
serum creatinine) is associated with an increased risk of hospital mortality [11]. AMI patients, if having developed AKI during hos-
pitalization, may face a significantly higher risk of major adverse cardiovascular events [12]. Since 2008, observational studies have
demonstrated a strong, reproducible association between AKI, though mild, and subsequent chronic kidney disease [10]. Therefore,
more efficient methods are needed to early detect AKI risk, thus improving the prognosis of AMI patients.

Artificial intelligence (AI) algorithms refer to a collection of a series of computational steps and rules designed to achieve tasks and
functions. They could analyze and process large amounts of data to discover patterns and regularities, and use these patterns and
regularities to perform tasks such as prediction, classification, and generation of new content. Common Al algorithms include machine
learning algorithms and deep learning algorithms. In our previous study, we found that machine learning methods, particularly the
random forest (RF) algorithm, have improved the accuracy of risk stratification for AKI in AMI patients [13]. It is also reported that a
real-time system which was established with machine learning methods and echocardiography videos was more accurate than car-
diologists in distinguishing takotsubo syndrome and AMI [14]. Comparing with traditional scoring methods, AI algorithms could
handle large amounts of data. This enables them to discover hidden relationships in the data and provide more comprehensive and
accurate risk predictions. The purpose of this study was to develop several Al models to identify AMI patients at an increased risk of AKI
during hospitalization with MIMIC database data and validated the performance of the models with real-world cohorts from two
cardiac centers.

2. Methods
2.1. Ethics statement

In this study, the analysis of MIMIC database data was approved by the Beth Israel Deaconess Medical Center and the MIT Insti-
tutional Review Board. Because the patient information in the database is anonymous, informed consent from patients is not required.
The online course was completed (id: 44703031) and the database was then accessed. All the enrolled patients from Changzhou Second
People’s Hospital and Xuzhou Central Hospital had signed informed consent. The study had been approved by the Ethics Committee of
Changzhou Second People’s Hospital (Ethics number: [2018]KY005-01) and Xuzhou Central Hospital (Ethics number: XZXY-LK-
20211021-037). The project was performed in accordance with the Declaration of Helsinki.

2.2. Patients and grouping

Data of patients with AMI were extracted from the MIMIC III and IV databases for model training. Structured Query Language
programming in Navicat Premium (version 15.0.12) is used for data extraction. 41000-41092 in ICD-9 (International Classification of
Diseases, Ninth Revision) codes were used to identify AMI patients [13]. Inclusion criteria were [1]: All patients diagnosed with AMI
[2]; age ranged between 18 and 90 years old. Exclusion criteria were [1]: patients with inadequate serum creatinine and troponin test
results [2]; Patients with more than 5 % missing data [3]. Patients hospitalized for recurrent AMI [4]. Patients with severe infection,
immune system disease, or severe liver and kidney dysfunction. Data from MIMIC III and IV databases were then merged, and 80 % of
the patients in the new dataset were randomly assigned to a training set, and the remaining 20 % to a test set.

Two cohorts of AMI patients from Changzhou Second People’s Hospital and Xuzhou Central Hospital from December 2012 to
January 2022 were used for external validation of the models. Finally, 3882 AMI patients from MIMIC database, 2202 AMI patients
from Changzhou cohort and 807 eligible AMI patients from Xuzhou cohort were enrolled in the final study. Patients’ demographics,
vital signs, clinical characteristics, laboratory results, and therapeutic measures were extracted.
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The enrolled patients were divided into two groups according to the occurrence of AKI during hospitalization. The flow chart of the
study was shown in Fig. 1.

2.3. Study endpoint

The study endpoint event was AKI during hospitalization. AKI was defined according to the most recent international clinical
practice guidelines [15]. Estimating Glomerular filtration rate (eGFR) was calculated according to the formula of Modification of Diet
in Renal Disease (MDRD) [16]. A diagnosis of AKI was established by three criteria: (a) creatinine elevation >0.3 mg/dl (>26.5 pmol/1)
within 48 h; (b) a known or presumed more than 1.5 times increase in creatinine compared to the baseline within previous 7 days; and
(c) a urinary output of <0.5 ml/kg/h over a period of 6 h.

2.4. Synthetic Minority Oversampling Technique

Imbalanced classes are one of the common problems in classifier model training. Therefore, a synthetic dataset with 50 % positive
results was created by Synthetic Minority Oversampling Technique (SMOTE), independently used for model training. SMOTE covers
more minority groups and provides more relevant minority samples [17].
2.5. Feature selection

Boruta, as an algorithm based on a RF classifier, can select the features most relevant to the dependent variable, rather than a
smallest compact set of features best suitable for a particular model [18]. In the present study, we employed Boruta to select relevant
features.

2.6. Al algorithms

Features were first selected from the training cohort to construct multiple AI models, including Decision Tree (DT) Model, Support
Vector Machine (SVM) Model, RF Model, Extreme Gradient Boosting (XGBoost) Model, Gradient Boosting Machine (GBM) Model,

AMI patients
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AMI patients from AMI patients from AMI patients from
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Fig. 1. Flow diagram of the selection process of patients. The left flowchart shows the whole process of data extraction; the right flowchart
shows the whole process of Al algorithm development and evaluation. AMI: acute myocardial infarction; Al artificial intelligence; AKI: acute kidney
injury; SMOTE: Synthetic Minority Oversampling Technique.



J. Wei et al. Heliyon 10 (2024) e36051

Bagged CARTbModel, C5.0 model, Multi-layer Perceptron (MLP) model, Latent Dirichlet Allocation (LDA) model, Generalized Linear
Model (GLM) model, K-Nearest Neighbor (KNN) Model, Neural Network Model (NNET) model. Six-fold cross-validation was intro-
duced into model training.

DT [19], a basic classification and regression method, recursively splits a data set, so that the data in each subset belong to the same
category as much as possible. SVM [20], a binary classification model, can be used for classification by finding an optimal hyperplane
in the feature space, thus maximizing the interval between two categories while minimizing the classification error. RF [21] serves as
an integrated learning method to improve prediction performance by building multiple decision trees and combining their predictions.
Each decision tree is trained independently with samples drawn from the original dataset in a relaxed manner. XGBoost [22] is an
integrated learning method, similar gradient boosting trees. It aims to improve the prediction accuracy of a decision tree by estab-
lishing multiple decision trees with gradient boosting. Through integrated learning, Bagged CART [23] improves classification per-
formance by training multiple weak learners (e.g., decision trees) and combining their predictions. C5.0 [24] relies on integrated
learning to enhance prediction performance by combining multiple weak learners (e.g., Decision Tree, Plain Bayes, and Support Vector
Machines). C5.0 uses an adaptive learning rate tuning strategy to speed up the convergence process and improve model performance.
GBM [25], another integrated learning method, strengthens prediction performance by combining multiple weak learners. It is based
on a decision tree, where a new weak learner is constructed at each iteration, and the predictions of all weak learners are eventually
weighted and summed to obtain the final prediction. As a feed-forward neural network, MLP [26] contains one input layer, one or more
hidden layers, and one output layer, each bearing a pair of neurons interconnected by weights. LDA [27] is a topic model for analyzing
the underlying topic structure in a document collection. It represents a document as a distribution of topics. GLM [28] is a statistical
model used to establish a linear relationship between dependent and independent variables. It can handle linear and nonlinear re-
lationships, as well as multivariate covariance problems. KNN [29] is an instance-based learning method that calculates the distance
between the sample to be classified and all the samples in the training set, selects the K nearest neighbors, and then votes according to
the categories of these neighbors to obtain the categories of the sample to be classified. NNET [30] is a computational model that
simulates the neuronal structure of the human brain, and consists of multiple levels of nodes. Each node receives input data and
computes the output through an activation function. The network is trained by a back-propagation algorithm to minimize the pre-
diction error.

2.7. Validation of models’ performances

The performances of models were validated using data from the training and test cohorts. The receiver operating characteristic
curve (ROC) and the area under the curve (AUC) were calculated to compare the discriminative abilities of models. Decision curve
analysis (DCA) was performed, and the maximum net benefit at a specific threshold probability was determined as the benefit with the
greatest clinical value. Sensitivity, specificity, precision, recall, and F1 metrics were also used for model evaluation.

2.8. Statistical analysis

Continuous variables were described as mean + Standard Deviation (SD) or median and interquartile range (IQR). For continuous
variables, Student’s t-test or Mann-Whitney U test was used to illustrate differences between groups. Categorical variables were
described as numbers or percentages, and differences between groups were assessed using the chi-square test or Fisher’s exact test.
Missing values were replaced by multiple imputations. SMOTE algorithm was used to process imbalanced datasets. Boruta algorithm

Table 1
Baseline characteristics of patients.
training cohort (n = 3105) test cohort (n = 777) Changzhou cohort (n = 2202) Xuzhou cohort (n = 807)

Age (years) 66.50 (12.99) 66.00 (12.98) 64.87 (13.98) 62.57 (13.89)
Sex (male) 2021 (65.1) 520 (66.9) 1634 (74.2) 630 (78.1)
HR (bpm) 85.83 (18.58) 85.20 (18.17) 79.50 (15.96) 81.16 (15.03)
SBP (mmHg) 119.23 (21.46) 119.81 (23.18) 131.26 (24.15) 131.90 (23.57)
DBP (mmHg) 63.84 (14.57) 63.62 (14.28) 78.75 (15.82) 79.93 (14.79)
Creatinine (mg/dL) 1.53 (1.46) 1.64 (1.71) 0.96 (0.67) 0.92 (0.50)
eGFR [mL/(min-1.73 m?)] 69.02 (38.05) 67.65 (34.99) 93.16 (33.40) 97.53 (34.46)
WBC (k/ulL) 12.01 (5.42) 11.97 (5.47) 9.63 (3.95) 11.17 (34.46)
Hemoglobin (g/dL) 11.99 (2.38) 12.02 (2.30) 13.72 (2.04) 14.39 (4.01)
Glucose (mg/dL) 159.81 (67.24) 159.91 (69.61) 135.50 (59.81) 131.32 (54.94)
BUN (mg/dL) 27.31 (19.25) 27.08 (19.65) 53.57 (29.33) 53.48 (28.81)
CKMB (ng/mL) 74.60 (112.45) 69.23 (113.05) 393.05 (229.55) 399.10 (234.63)
TNT (ng/mL) 2.90 (5.54) 2.73 (5.74) 23.95 (13.58) 23.98 (14.10)
Hypertension 820 (26.4) 226 (29.1) 1432 (65.0) 525 (65.1)
Diabetes 403 (13.0) 119 (15.3) 665 (30.2) 313 (38.8)
AKI 862 (27.8) 236 (30.4) 215 (9.8) 77 (9.5)

Continuous variables are expressed as mean plus or minus standard deviation. Counting data are presented as numbers and percentages.
HR, heart rate; SBP, arterial systolic pressure; DBP, diastolic arterial pressure; RBC, red blood cell; WBC, white blood cell; BUN, blood urea nitrogen;
APTT, activated partial prothrombin time; CK-MB, Creatine Kinase Isozyme-MB; TNT, Troponin-T; eGFR, evaluate Glomerular Filtration Rate.
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was used for feature selection. Several Al algorithms were used for model training, including DT, SVM, RF, XGBoost, GBM, Bagged
CART, MLP, LDA, GLM, KNN and NNET. Six-fold cross-validation was introduced while training the model. The AUC and DCA curve
were used to validate each model. Other model evaluation indicators were also calculated (recall, precision, sensitivity, specificity and
F1 score). Statistical analyses were performed using R software (version 4.3.1). Graphs were plotted using GraphPad Prism (version
8.3.0) or Origin (version 9.1.0); P < 0.05 was considered statistically significant.

3. Results
3.1. Participants’ characteristics

The baseline characteristics are listed in Table 1 and Supplementary Table 1. A total of 3882 patients were enrolled, randomly split
into training (3105, 80 %) and test (777, 20 %) sets. Among them, 1098 (28.3 %) patients experienced AKI during hospitalization. AKI
had an incidence of 27.7 % in the training cohort, and 30.3 % in the test cohort. There were no significant differences for occurrence of
AKI between the two group (¥2 = 1.991, P = 0.158).

3.2. Importance of variable

A total of 38 variables were extracted from the database. Finally, the top 20 significant predictors were screened out in Fig. 2. It is
indicated that the top 5 predictors were estimated Glomerular Filtration Fates (eGFR), creatinine, blood urea nitrogen, cardiogenic
shock and creatine-kinase myocardial band. The top 20 significant predictors were then used for subsequent model development and
validation.

3.3. Performances of AI models in the training group

The Al models were then trained with an increasing number of variables according to the ranked importance of variable in Fig. 2.
AUCs of each AI model were listed in Supplementary Tables 2-6. The calibration curve developed based on the RF algorithm in the
training group showed that the RF algorithm was well fitted (Supplementary Fig. 1) [31]. Overall, better predictive performances were
achieved by the RF, Bagged CART, XGBoost, KNN, GBM and C5.0.

In Fig. 3A and B, we included the top 15 variables and evaluated the AUCs of each Al model in the training group. Since the number

estimated Glomerular Filtration Rate
Creatinine

Blood Urea Nitrogen

Cardiogenic shock

Creatine kinase isoenzymes MB
Troponin T

Glucose

Hemoglobin

Age

Heart Rate

Phosphate

Atrial Fibrillation

Platelet

Activated Partial Thromboplastin Time
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Red Blood Cell
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Fig. 2. Summary of importance of the selected features according to Boruta algorithm. This figure shows the importance of top 20 ranked
variables. The columns represent the medium importance of the feature and the error bars represent the maximum and minimal importance (scaled
to a maximum value of 100).
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of included variables has a great influence on the prediction effects, we then evaluated AUCs of each model when the top 10,12,15,18
and 20 variables were added in the model in the training group and the validation group in Fig. 4. Overall, we found that RF, Bagged
CART, and C5.0 models, XGBoost, and GBM models with top 15 variables showed higher AUC values compared with other models.
Moreover, the DCA curve showed that the RF model exhibited the highest accuracy in predicting clinical outcomes, followed by the
Bagged CART, XGBoost, C5.0, and GBM models. (Fig. 5A and B). Taken all these together, it is indicated that the following 5 models,
RF, Bagged CART, C5.0, XGBoost and GBM, with top 15 variables had good predictive effects for AKI risk classification.

3.4. Performances of AI models in the test group

Supplementary Tables 7-11 showed AUC values with each model in the test group. The Al models using the top 15 features of
importance included in the model in the test cohort achieved the following AUCs: GLM, 0.712 (95 % CI: 0.674-0.750); SVM, 0715 (95
% CI: 0.677~0.754); DT, 0.660 (95 % CI: 0.620-0.699); RF, 0.754 (95 % CI: 0.718-0.789); LDA, 0.706 (95 % CI: 0.667~0.744); KNN,
0.593 (95 % CI: 0.551-0.634); GBM, 0.724 (95 % CI: 0.686~0.762); XGBoost, 0.725 (95 % CI: 0.688~0.762); C5.0, 0.734 (95 % CL:
0.698-0.770); Bagged CART, 0.730 (95 % CI: 0.693-0.767); NNET, 0.660 (95 % CI: 0.618-0.701); MLP, 0.698 (95 % CL
0.657~0.738). Among them, the RF, Bagged CART, and C5.0 models had the best performances. ROC curves of the Al model based on
15 variables in the test group are shown in Fig. 3C and D. RF, Bagged CART, and C5.0 models with top 15 variables also exhibited
relatively higher AUC values by dynamic plots in the test group. The DCA curve in the test cohort showed that the RF model achieved
the highest accuracy in predicting AKI risk, followed by C5.0, XGBoost, Bagge CART and GBM models. (Fig. 5C and D). For the three
well performed Al models, we further used other indicators to evaluate the model performance. Sensitivity, specificity, precision, recall
and F1 scores of the three Al models in the test group were showed in Supplementary Table 12. Collectively, we found that RF, C5.0,
and the Bagged CART had strong predictive abilities in the early assessment of AKI risk.

3.5. Performances of Al models in the validation group

Meanwhile, two external validation groups were added to further evaluate the performance of the AI model. A total of 2202 AMI
patients from Changzhou cohort were enrolled. Among them, 215 (9.8 %) patients experienced AKI during hospitalization. Meanwhile
807 AMI patients from Xuzhou cohort were enrolled. AKI had an incidence of 9.5 % in Xuzhou cohort. (Table 1). In the model training
process, we found that RF, C5.0, and the Bagged CART had strong predictive abilities for AKI risk. We then validated the three models
in two cohorts with the top 5 most important variables which were listed in Fig. 2. The ROC curve of the three models in two validation
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Fig. 3. Receiver operating characteristic curve (ROC) of the model with 15 variables included in the training cohort and test cohort. (A)
and (B) Model performance in the training cohort; (C) and (D) Test cohort Model performance in the test cohort.
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Fig. 4. Dynamics of area under the ROC curve for all AI models. The X-axis represents the number of included variables; the Y-axis represents
the different Al models; and the Z-axis represents the area under the receiver operating characteristic curve (A, C). The X-axis represents the number
of included variables; the Y-axis represents the different Al models; and the colored ones represent the size of the area under the receiver operating
characteristic curve (red is the largest and blue is the smallest) (B, D). (For interpretation of the references to color in this figure legend, the reader is
referred to the Web version of this article.)

group were shown in Fig. 6A and B. The AUC values in external validation group I (Changzhou cohort) were RF, 0.761 (95 % CI:
0.729-0.792); C5.0, 0.733 (95 % CI: 0.697-0.769); and Bagged CART, 0.725 (95 % CIL: 0.690-0.760) (Supplementary Table 13). The
AUC values for external validation group II (Xuzhou cohort) were RF, 0.799 (95 % CI: 0.741-0.856); C5.0, 0.808 (95 % CI:
0.753-0.862); Bagged CART, 0.784 (95 % CI: 0.731-0.838) (Supplementary Table 14). Taken all these together, the three Al models,
RF, C5.0, and the Bagged CART performed robustly in identifying high-risk AKI patients in AMI patients.

To make the model easier to use in clinical practice, we finally developed a predictive software based on RF, C5.0, and a bagged
CART model with the top 15 variables. Fig. 7 showed an example of patient prediction using the optimal models. The clinician could
enter the variables into the software. And the software could output the probabilities of AKI risk based on the three models
immediately.

4. Discussion

The major findings in the current study are as follows [1]: The incidence of AKI in the AMI population was 28.2 % in the MIMIC
database, 9.8 % in Changzhou Cohort and 9.5 % in Xuzhou cohort [2]; a total of 12 AI algorithms were constructed to assess the risk of
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Fig. 5. Decision curve analysis with 15 variables in the training and test cohorts. (A) and (B) model performance in the training cohort; (C)
and (D) test cohort Model performance in the test cohort.

AKI in the AMI population, and we found that RF, C5.0, and Bagged CART had strong predictive abilities in the early assessment of AKI
risk [3]; the top 5 main features contributing to the predictive model were eGFR, creatinine, blood urea nitrogen, cardiogenic shock
and creatine-kinase myocardial band.

The incidence of AKI in the AMI population was 28.2 % in the MIMIC database, 9.8 % in Changzhou Cohort and 9.5 % in Xuzhou
cohort. The incidence of AKI after AMI reported in previous studies ranged from 7.1 to 29.3 % [32-34]. This differences in AKI
incidence from different studies may be related to the following reasons: Firstly, the nations of the patients enrolled in the different
cohorts varied. Patients enrolled in MIMIC’s database are mainly from the State of Israel. The patients in the other two cohorts in the
current study were from two cardiac centers of China. Secondly, the baseline age of the selected patients was different. The AMI
patients in MIMIC database were older, so there would be differences in baseline renal function, which may lead to differences in the
incidence of AKI. Thirdly, severity of coronary arteries, the timing of interventional reperfusion therapy, the type and doses of contrast
agents, as well as whether the preoperative hydration treatment was given may also affect the incidence of AKI.

It is reported in previous study that the risk of AKI was associated with age, sex, heart rate, hypertension, chronic kidney disease,
glomerular filtration rate, extensive anterior myocardial infarction, diuretics, contrast agents, Killip cardiac Functional class/heart
failure/ejection fraction, cardiogenic shock/shock index, left ventricular end-diastolic size, creatine kinase and other factors [35-38].
These findings are roughly as the same as the features in the AI model we screened out through the Boruta algorithm. These char-
acteristics could be readily obtained at hospital admission, and could be easily used by clinicians to perform early risk assessment. In
our previous study [13], we used several machine learning algorithms to conduct an initial assessment of AKI risk in patients with AMI.
In the current study, 10 machine learning algorithms and 2 deep learning algorithms were used for predicting AKI risk. In addition, we
set up the training set and the test set in a different way, compared to those previously used. By incorporating more Al algorithms, we
improved the predictive accuracy of our models. In future studies, we hope that the predictive model could be validated in an external
cohort, and different Al models could be combined to achieve a better performance.

The mechanism of AKI in AMI patients during hospitalization mainly includes the following: Firstly, as the age increases, the
kidney’s tolerance to stressors and injuries may decreases [39]. Secondly, the activation of the sympathetic nervous system and
renin-angiotensin system, results in renal vasoconstriction and renal injury due to reduced cardiac output and venous return, and leads
to decreased glomerular filtration rates [40]. Thirdly, the kidney injury might be further aggravated due to inflammation and
ischemia-reperfusion injury following myocardial injury [41]. Inflammation and oxidative stress could further damage renal tubule
cells, thereby further damaging renal perfusion and aggravating renal inflammation [42]. Finally, platelet activation could promote
glomerular microthrombus formation and ultimately lead to deterioration of renal function [43]. In addition, metabolic factors, such
as hyperglycemia and acidosis, can also initiate adverse reactions [44]. Here, we found that AMI patients with AKI in the MIMIC
database had lower blood pressure and platelets, and higher heart rate, age, white blood cells, blood sugar, APTT, PT, and INR. The
pathophysiological differences behind these clinical differences are generally consistent with previous results. The short-term or
long-term prognosis of AKI in the AMI population is poor. Overall outcomes can be improved if AKI is early identified after admission
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Fig. 6. Receiver operating characteristic curve (ROC) of the model with 5 variables included in the validation cohort I (Changzhou
cohort) and validation cohort II (Xuzhou cohort). (A) ROC curves of three models in the validation cohort I; (B) ROC curves of the three models
in the validation cohort II.

[45]. The Al models in the present study may help physicians identify high-risk cases and optimize clinical treatments.

In the current study, the RF, Bagged CART, and C5.0 models performed best in both the training and test sets. The RF model excels
in handling high-dimensional data and complex interactions between variables. It reduces the risk of overfitting in a single tree model
by integrating multiple decision trees, and is suitable for situations where there are many variables and the importance of the variables
needs to be assessed [46]. Bagged CART modeling is a method to improve the stability of decision trees through Bootstrap resampling
technique. It is superior in handling noisy data and reducing model variance, and is suitable for contexts where the data sample size is
small or the data is noisy [47]. The C5.0 model is a decision tree algorithm based on information gain and is suitable for dealing with
datasets with well-defined classification boundaries. It finds a good balance between computational speed and model complexity, and
is suitable for contexts where the data size is large and the model needs to be constructed quickly [48]. These three have the following
common characteristics: First, they can handle high-dimensional data and do not require dimensionality reduction or feature selection;
Second, they can randomly select feature subsets and sample subsets, dynamically adjust sample weights, or perform adaptive
enhancement to reduce the risk of overfitting; Third, they all have good interpretability and robustness. At the same time, they also
have the following disadvantages: First, they require a large number of resources and time to train the model; Second, they are very
sensitive to noise and outliers, and require preprocessing; Third, in the classification problem, they can only provide a probability
value, rather than an exact classification.

It should be noted that both LDA and NNET are neural network models, while MLP is a feedforward neural deep learning network.
Regrettably, these three models performed poorly in this study. Possible reasons are as follows: first, the features of the dataset are not
rich enough. For example, some studies have pointed out that the levels of cytokines in the venous blood of MI patients increase
significantly, especially biomarkers such as IL-6, TNF-o and MCP-1 [49-51]. These features should be combined into AI algorithms to
generate a more accurate model. Second, it may be related to the small sample size of the dataset. When the sample size is small, the AI
algorithm is prone to overfitting, that is, the model learns the prior information about the sample proportion in the training set, so that
the actual prediction can focus on most categories.

There are also several limitations in the current study. The sample size of the current study is relatively small, which prevents some
models such as MLP from achieving an optimal performance. It needs to further expand the sample size in the future and validate the
model through a prospective cohort. Although the performance of present models has surpassed traditional models, it is not enough to
develop clinical prediction using only a single model. If models with better results can be fused through voting or stacking methods, a
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Fig. 7. The predictive software based on artificial intelligence algorithms. A predictive software based on RF, C5.0, and a Bagged CART model
with the top 15 variables were developed. It showed an example of patient prediction using the optimal models. The clinician could enter the
variables into the software. And the software could output the probabilities of AKI risk based on the three models immediately.

reliable prediction may be expected. MIMIC data only represent one medical center, and the prediction model needs to be developed
based on data from multiple centers, and externally validated and continuously optimized. Imaging data such as coronary angiog-
raphy, Coronary Computerized Tomography or surface electrocardiogram, or some more predictive Incorporating efficient circulating
biomarkers, should be incorporated into the model to improve its performance.

5. Conclusion

In summary, several machine learning-based prediction models for AKI after AMI were developed and validated. The RF, C5.0 and
Bagged CART model performed robustly in identifying high-risk patients. These models may be used to assist in clinical decision-
making for AKI in AMI patients.

Ethics approval and consent to participate

Use of the MIMIC database was approved by the Beth Israel Women'’s Deaconess Medical Center and the MIT Institutional Review
Board, and all patient information in the database is anonymized and therefore does not require informed consent. We completed
online courses and exams and gained access to the database (record IDs: 44703031). All the enrolled patients from Changzhou Second
People’s Hospital and Xuzhou Central Hospital had signed informed consent. The study had been approved by the Ethics Committee of
Changzhou Second People’s Hospital (Ethics number: [2018]KY005-01) and Xuzhou Central Hospital (Ethics number: XZXY-LK-
20211021-037). The project was performed in accordance with the Declaration of Helsinki.
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