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Introduction: Acute kidney injury (AKI) is notably prevalent after cardiac surgery
for patients with active infective endocarditis. This study aims to create a
machine learning model to predict AKI in this high-risk group, improving upon
existing models by focusing specifically on endocarditis-related surgeries.
Methods: We analyzed medical records from 527 patients who underwent
cardiac surgery for active infective endocarditis from January 2012 to
December 2023. Feature selection was performed using LASSO regression.
These features informed the development of machine learning models,
including logistic regression, linear and radial basis function support vector
machines, XGBoost, decision trees, and random forests. The optimal model
was selected based on ROC curve AUC. Model performance was assessed
through discrimination, calibration, and clinical utility, with explanations
provided by SHAP values.

Results: Post-surgical AKlI was observed in 261 patients (49.53%). LASSO
regression identified 25 significant features for the models. Among the six
algorithms tested, the radial basis function support vector machine (RBF-SVM)
had the highest AUC at 0.771. The 15 most critical features were valve
replacement, pre-operative hypertension, large vegetations, NYHA class,
alcoholism, age, post-operative low cardiac output syndrome, TyG index, pre-
operative creatinine clearance, cardiopulmonary bypass duration, intra-
operative red blood cell transfusion, intra-operative urine output, pre-operative
hemoglobin levels, and timing of surgery.

Conclusion: Compared to standard cardiac surgery, AKI occurs more frequently and
with a more complex etiology in surgeries for active infective endocarditis. Machine
learning models enable early prediction of post-surgical AKI, facilitating targeted
perioperative optimization and risk stratification in this distinct patient group.

KEYWORDS

active infective endocarditis, surgery, acute kidney injury, machine learning, clinical
prediction model
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AIE, Active infective endocarditis; AKI, Acute kidney injury; CI, Confidence interval; CSA-AKI, Cardiac
surgery associated—acute kidney injury; DCA, Decision curve analysis; DT, Decision tree; IE, Infective
endocarditis; IQR, Interquartile ranges; LASSO, Least absolute shrinkage and selection operator; LCOS,
Low cardiac output syndrome; LR, Logistic regression; L-SVM, Linear support vector machine; RBF-
SVM, Radial basis function support vector machine; RF, Random forest; SD, Standard deviations; SHAP,
Shapley additive explanations; TyG, Triglyceride-glucose index.
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Develop and Validate a Machine Learning Model for AIE-CSA-AKI

LASSO REGRESSION selected 25
significant features, informing the
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The RBF-SVM algorithm was selected as
the optimal model with the highest ROC
curve AUC at 0.771 (CI 0.698~0844).
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The optimal model was further evaluated by discrimination, calibration, and clinical utility.

development of machine learning models. —— -

Shapley Additive Explanations (SHAP) values for each feature in the validation set were
calculated to elucidate each feature's contribution to the prediction outcome.
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Introduction

Acute kidney injury (AKI) is a common complication of
cardiac surgery, with an incidence rate between 5% and 42%.
(CSA-AKI) is linked
increased mortality and higher medical costs (1). Several models
have been reported to predict the risk of CSA-AKI, including
the Continuous Improvement in Cardiac Surgery Study score
(2), the Cleveland Clinic Score (3), and the Mehta score (4).
These models were developed from studies with sample sizes
ranging from 30,000-50,000 patients and utilized the logistic

Cardiac surgery-associated AKI to

regression algorithm to predict the risk of renal failure
requiring dialysis after routine cardiac surgeries. In 2016, Birnie
et al. developed a logistic regression model to predict AKI, as
defined by KDIGO criteria, in 30,000 patients undergoing
routine cardiac surgery, achieving an AUC of 0.74 (CI 0.72-
0.76) (5). Recently in 2021, Jahan et al. generated machine
learning models using four different algorithms to predict CSA-
AKI and achieved AUCs outperforming the Cleveland Clinic
score (6). However, these models, generated from data on
patients undergoing CABG and/or valve surgeries, did not
specifically consider patients with active infective endocarditis,
which was not included as a feature in any previous models.
Notably, the incidence of AKI in patients with active infective
endocarditis (AIE-CSA-AKI) was reported to be as high as
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59%-69%, approximately two to three times higher than that of
CSA-AKI, and was associated with greater mortality rates,
morbidity, and healthcare expenses (7, 8). The etiology of AIE-
CSA-AKI is more complex, making it challenging to predict
and resulting in worse outcomes. This underscores the necessity
of developing and validating a predictive model specifically
designed for AIE-CSA-AKL

Population and data processing
Population

Between January 2012 and December 2023, a total of
544 patients underwent first-time cardiac surgery for active
infective endocarditis at our institution, reoperation patients
for prosthetic valve infective endocarditis (PVIE) were not
included. Of these, 17 patients were excluded due to pre-
operative renal failure requiring dialysis, leaving 527 patients
eligible for inclusion in the study database. This single-center,
retrospective, observational cohort study received approval
from the Institutional Review Board of Peking Union
Medical College Hospital (approval number: I-22PJ1016). All
provided informed consent and

participants signed the

consent form.
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Data collection and preprocessing

Medical records were reviewed to collect 39 features for the
database. These features included general information (sex, age,
BMI, co-morbidities, alcohol and tobacco history), pre-operative
assays (serum creatinine, hemoglobin, albumin, blood cell counts,
fasting glucose, HDL, TG, CRP, PCT, and calculated indexes), pre-
operative clinical characteristics (NYHA class, infective shock,
vegetation size, peripheral embolisms, CNS complications), intra-
operative data (left heart endocarditis, valve replacement, red

blood cell transfusion, crystalloid infusion, urine volume,
cardiopulmonary bypass duration), and major post-operative
complications (LCOS, infective shock, re-exploration, atrial

fibrillation). Detailed definitions, units, and data types for each
feature are provided in Supplementary Table S1. For example, left
heart endocarditis is defined as infective endocarditis affecting any
left heart structure, large vegetation as any vegetation larger than
1 cm observed in pre-operative TTE, and post-operative LCOS as
a cardiac index of less than 2.2 L/min/m” measured by PiCCO. In
addition, valve replacement refers to a situation where the defect
in the valve tissue, after debridement, is so extensive that one or
more valves are deemed unrepairable and must be replaced. This
may also occur following an unsuccessful attempt at repair. The
overall missing data rate among the 527 observations was 0.11%,
with missing values imputed using the average or median values
of the variables. Data processing, statistical analyses, and the
development and validation of the machine learning model were
conducted using R software (version 4.3.2).

Definition of acute kidney injury

The development of postoperative AKI is defined according to
the KDIGO criteria (9) within the first 7 days following surgery. It
is characterized by an increase in serum creatinine by at least 50%
within 7 days or an elevation of at least 0.3 mg/dl (equivalent to
approximately 26.5 ymol/L) within 48 h, compared to the
baseline serum creatinine level measured preoperatively.

10.3389/fcvm.2024.1425275

Statistical analysis
Feature selection

A positive outcome was observed in 261 patients, suggesting
that the number of features for model development should not
exceed 26 to avoid overfitting. Consequently, we employed the
Least Absolute Shrinkage and Selection Operator (LASSO)
regression analysis for feature selection, as illustrated in Figure 1.
After conducting 10-fold cross-validation, 25 features were
retained at the lambda value that minimized the mean squared
error. These features were deemed significant and utilized in the
development of our machine learning models.

Description and comparison

The dataset contained 527 observations, 25 features, and one
outcome. Features were firstly compared between patients with or
without CSA-AKI. Binary features were described in terms of
percentages and assessed using the Chi-square test. Numeric
features adhering to a normal distribution were summarized using
means and standard deviations (SD) and evaluated with the
independent #-test. Those not following a normal distribution were
summarized using medians and interquartile ranges (IQR) and
assessed with the Mann-Whitney U test. The dataset was then
divided into a training set and a validation set in a 7:3 ratio.
Descriptive statistics and intergroup comparisons were performed
to confirm statistical consistency across the split datasets.

Machine learning algorithms

We utilized different algorithms to develop predictive models
based on the training set data. Discrimination was assessed in
the validation set using the ROC curve. Six machine learning
algorithms were evaluated: logistic regression (LR), linear support
vector machine (L-SVM), radial basis function support vector
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FIGURE 1

value minimizing the mean squared error after 10-fold cross-validation.

(A) Coefficient path of the LASSO regression. (B) Cross-validation plot of the LASSO regression, showing that 25 features were retained at the lambda
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machine (RBF-SVM), XGBoost, decision tree (DT), and random
forest (RF).

The XGBoost model was trained using the “xgboost” R
package, with the objective parameter set to “binary:logistic” and
the evaluation metric for validation data as “auc”. The number of
rounds was set to 100 with early stopping after 10 rounds.
Default package settings were applied for other parameters. The
DT model utilized the “rpart” R package, with the method set to
classification and parameters at default. For the RF model,
trained with the “randomForest” R package, “ntree” was set to
500. An automatic grid search determined the optimal
parameters, with “mtry” set to 3 and “nodesize” to 1.

Given the sensitivity of SVM algorithms to parameter scaling,
we performed maximum normalization on numeric and ordinal
categorical features before training the SVM models. After
normalization, the “el071” R package was employed to train
both the L-SVM and RBF-SVM models. For the RBF-SVM
model, the “cost” parameter was set to 1 and “gamma” to 0.04.
For the L-SVM model, “cost” was set to 0.01. After developing
the models, we plotted the ROC curve for both training and
validation sets of all six models and compared their AUCs. The
model with the highest AUC and confidence interval (CI) was

selected for further evaluation.

Evaluation and interpretation of the
best model

In addition to the ROC curve and AUC analysis, we employed
1,000 bootstrap samples to generate a bootstrap ROC curve,
calculating the mean AUC and its CI. A calibration curve was
plotted, and the Hosmer-Lemeshow test was performed to
evaluate the model’s calibration. The clinical utility was further
assessed using decision curve analysis (DCA). Shapley Additive
Explanations (SHAP) values for each feature in the validation set
were calculated to elucidate each feature’s contribution to the
prediction outcome.

Results
Overall population

Medical records of 527 patients, who underwent cardiac
surgery for active infective endocarditis at our institution, were
reviewed. Among them, the median age was 47 years, and 68.5%
were male. Hypertension was present in 23.7% of patients, while
23.1% had a history of alcoholism. Left heart infective
endocarditis (IE) was diagnosed in 83.3% of cases, and 55.6%
had large vegetations. The mean pre-operative TyG (triglyceride-
8.48.
99.91 ml/min. The most common New York Heart Association
(NYHA) class was class II (63.0%), followed by class IIT (21.8%).
Valve replacement was performed in 62.8% of patients. The

glucose index) was Mean creatinine clearance was

average cardiopulmonary bypass time was 139.5 min. Post-
operatively, 8.0% of patients developed low cardiac output
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syndrome. AKI occurred in 261 patients (49.5%). Consequently,
the number of features for model development should not exceed
26 to avoid overfitting.

LASSO regression

As illustrated in Figure 1, we employed LASSO regression for
feature selection. Out of 39 features included from the database,
25 were retained based on the lambda value that minimized the
mean squared error, indicating their significance. All 25 features
were depicted and compared between AIE patients with or
without CSA-AKI (Table 1). These significant features were
subsequently utilized in the development of our machine

TABLE 1 Variables in AIE patients with or without CSA-AKI.

Features AKl group | N-AKI group P
(261) (266) Value
Age

52 [19] 42 [22] 0.067
BMI 22.59 (3.67) 22.00 (3.94) 0.074
CBPtime 152.26 (59.75) 127.06 (42.70) <0.001
IntraOp_Crst 1,826.65 (593.37) | 1,826.41 (475.32) 0.996
IntraOp_RBC 400 [600] 0 [400] 0.508
IntraOp_Ur 757.36 (441.24) 913.82 (428.54) <0.001
LeftHeartIE 82.76% 83.83% 0.741
PostOp_Af 14.56% 9.77% 0.122
PostOp_IS 4.98% 0.75% 0.008
PostOp_LCOS 13.03% 3.00% <0.001
PostOp_Reexploration 5.36% 0.75% 0.005
PostOp_dialysis 10.34% 0.75% <0.001
PreOp_AISI 0.64 (1.24) 0.43 (0.56) 0.010
PreOp_Achl 28.35% 18.05% 0.005
PreOp_Alb 33.97 (6.27) 35.46 (5.90) 0.005
PreOp_CNSC 21.46% 24.44% 0.478
PreOp_CRP 46.13 (39.79) 37.57 (34.75) 0.009
PreOp_CTD 5.75% 2.26% 0.041
PreOp_Ccr 91.18 (39.81) 108.47 (33.20) <0.001
PreOp_DM 11.11% 6.39% 0.056
PreOp_Embolism 37.55% 37.97% 0.921
PreOp_HTN 31.80% 15.79% <0.001
PreOp_Hgb 99.97 (20.02) 109.09 (19.84) <0.001
PreOp_IS 5.75% 0.75% 0.001
PreOp_KidneyEmbolism 1.92% 3.76% 0.312
PreOp_LHR 1.76 (1.14) 2.01 (1.21) 0.015
PreOp_LMR 3.47 (1.99) 4.08 (2.25) 0.001
PreOp_LargeVeg 61.30% 50% 0.009
PreOp_MHR 0.61 (0.48) 0.59 (0.45) 0.718
PreOp_NHR 8.70 (9.75) 8.06 (7.68) 0.398
PreOp_NLR 6.15 (6.54) 434 (3.53) <0.001
PreOp_NYHA 2 (1) 2 [0] 0.168
PreOp_SCr 89.94 (55.09) 72.02 (33.17) <0.001
PreOp_SII 1,229.61 (1,495.37) 968.70 (826.47) 0.014
PreOp_SIRI 321 (4.66) 2.03 (2.32) <0.001
PreOp_Smk 30.65% 25.56% 0.195
PreOp_TyG 8.55 (0.45) 8,40 (0.48) <0.001
Sex (Male) 72.41% 64.66% 0.055
SurgeryTiming 6 [5] 5 [4] 0.050
ValveReplacement 71.65% 54.14% <0.001

Detailed definitions, units, and data types for each feature are provided in Supplementary
Table S1.
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learning models, ensuring that the number of features was
for the these 25
significant features were used to train machine learning models.

appropriate sample size. Consequently,
The coefficients of these significant features can be found in

Supplementary Table S2.

Development of the models

The dataset, comprising 527 observations, 25 features, and 1
outcome, was split into training and validation sets at a 7:3 ratio.
The differences in these features between the two sets were tested
(Table 2), and none were found to be significant (P> 0.05),
indicating the consistency between the two sets.

Six machine learning algorithms were employed to develop
models using the training set. The sensitivity and specificity of
these six models are listed in Supplementary Table S3. The ROC
curves, AUC values, and CIs were compared, as shown in
Figure 2. The RBF-SVM algorithm exhibited the highest AUC
value and was, therefore, selected for further evaluation and
interpretation. The.rds file of the specific RBF-SVM model has
been uploaded as a supplementary file for further testing and
application in the R environment. For all 25 features in the
model, their definitions, units, and data types can be seen in
Supplementary Table S1.

Model evaluation

To assess the model’s discrimination, we employed 1,000
bootstrap samples to generate a bootstrap ROC curve, which was
plotted alongside the apparent ROC curve (Figure 3A,B). The
apparent AUC was 0.771 (CI, 0.698-0.844), while the mean
bootstrap AUC was 0.772 (CI, 0.696-0.842), indicating that the
model’s discrimination is both good and robust. To evaluate the
model’s calibration, we used a calibration curve (Figure 3C,D).
Notably, the curve for the validation set slightly exceeded the
diagonal line, suggesting that the prediction probability was
marginally higher in the validation set. However, the Hosmer-
Lemeshow test yielded a P value of 0.21, the Brier score was
0.21, and the reliability index was 0.77, all of which suggest
satisfactory model calibration. The Decision Curve Analysis
(DCA) curve further indicated that the model possesses good
clinical practicability (Figure 3E,F).

Model interpretation

We calculated SHAP values for all features in the validation set.
Based on the mean SHAP values, we plotted a bar chart to
represent the top 15 important features (Figure 4). A SHAP
summary plot was also created to illustrate how specific features
influence the predicted outcome (Figure 5). Additionally,
univariate SHAP dependence plots were utilized to demonstrate
the cut-off value for each numeric or ordinal categorical feature
(Figure 6). The top 15 important features associated with
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TABLE 2 Consistency test between the training and validation sets.

‘ Train set (368) Test set (159)
AKI

48.37% 52.20% 0.48
Age 48 [24] 47 [21.5] 0.08
BMI 22.21 (3.78) 22.49 (3.90) 0.44
CPB time 140.95 (53.35) 136.27 (53.27) 0.36
IntraOp_Crst 1,838.06 (553.14) 1,799.84 (496.59) 0.43
IntraOp_RBC 400 [400] 0 [400] 0.78
IntraOp_Ur 858.54 (447.54) 784.91 (423.98) 0.07
LeftHeartIE 83.97% 81.76% 0.62
PostOp_Af 11.96% 12.58% 0.96
PostOp_IS 3.26% 1.89% 0.56
PostOp_LCOS 8.15% 7.55% 0.95
PostOp_Reexploration 2.45% 4.40% 0.35
PostOp_dialysis 6.52% 3.14% 0.18
PreOp_AISI 0.53 (0.80) 0.54 (1.27) 0.98
PreOp_Achl 23.10% 23.27% 1.00
PreOp_Alb 34.65 (5.88) 34.90 (6.68) 0.69
PreOp_CNSC 22.83% 23.27% 1.00
PreOp_CRP 40.74 (35.69) 44.30 (41.53) 0.35
PreOp_CTD 3.80% 4.40% 0.94
PreOp_Ccr 99.40 (36.24) 101.09 (40.66) 0.65
PreOp_DM 7.61% 11.23% 0.22
PreOp_Embolism 38.32% 36.48% 0.76
PreOp_HTN 22.28% 27.04% 0.29
PreOp_Hgb 104.95 (20.23) 103.70 (20.90) 0.53
PreOp_LargeVeg 56.25% 54.09% 0.72
PreOp_IS 2.99% 3.77% 0.84
PreOp_KidneyEmbolism 2.99% 2.52% 0.99
PreOp_LHR 1.91 (1.24) 1.82 (1.03) 0.46
PreOp_LMR 3.67 (1.86) 4.04 (2.67) 0.11
PreOp_MHR 0.61 (0.47) 0.58 (0.46) 0.61
PreOp_NHR 8.35 (8.71) 8.43 (8.91) 0.92
PreOp_NLR 5.15 (4.11) 5.44 (7.40) 0.64
PreOp_NYHA 2 [1] 2[1] 0.29
PreOp_SCr 80.80 (45.72) 81.13 (47.46) 0.94
PreOp_SII 1,076.34 (949.80) | 1,147.86 (1,668.26) 0.61
PreOp_SIRI 2.64 (3.47) 2.55 (4.26) 0.82
PreOp_Smk 29.08% 25.79% 0.51
PreOp_TyG 8.48 (0.47) 8.46 (0.49) 0.62
Sex(Male) 69.29% 66.67% 0.62
SurgeryTiming 6 [5] 6 (5] 0.45
ValveReplacement 63.86% 60.38% 0.51

Detailed definitions, units, and data types for each feature are provided in Supplementary
Table S1.

AIE-CSA-AKI valve
hypertension, large vegetations, NYHA class III or IV,

alcoholism, age>46, post-operative LCOS, TyG index > 8.75,

include replacement, pre-operative

Ccr <90 ml/min, CPB time > 160 min, intra-operative red blood
cell transfusion >300 ml, intra-operative urine output< 750 ml,
pre-operative hemoglobin <97 g/L, a diagnosis-to-surgery gap of
over a week, and male sex.

Discussion

In this study, we trained and compared various machine
learning algorithms to predict AIE-CSA-AKI, using data from
527 patients with active infective endocarditis who underwent
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FIGURE 2

ROC curve for six machine learning algorithms developed from the (A) training and (B) validation sets. (C) Notably, the RBF-SVM model demonstrates
superior performance, as indicated by its highest AUC value, and is emphasized for further evaluation and interpretation.

cardiac surgery at our institution. Among the six algorithms tested,
the RBF-SVM model demonstrated superior discrimination,
achieving the highest AUC of 0.771 (CI, 0.698-0.844), surpassing
both the Cleveland Clinic Score and the Mehta Score (10).
Analysis of the top 15 important features, based on mean SHAP
values, revealed that 10 are pre-operative, four are intra-
LCOS, post-operative. This
distribution suggests that, relying on this machine learning

operative, and only one, is
model, it is possible to predict AIE-CSA-AKI pre-operatively
with reasonable accuracy. To our knowledge, this is the first
study to compare multiple machine learning algorithms and
develop a predictive model specifically tailored to AIE-CSA-AKI.

The advantage of our study lies in our institution’s extensive
database of patients with active infective endocarditis, which is
sufficiently large to train machine learning models incorporating a
significant number of features. Initially, 39 features were selected,
primarily based on previous studies focusing on CSA-AKL
Additionally, we included features specifically associated with active
infective endocarditis, such as large vegetations, embolisms, and
infective shock, along with features indicative of the systemic
inflammatory level, such as CRP, SIRI, SII, etc. Most of these
features are pre-operative to avoid reverse causality, thereby
enhancing the interpretability and clinical applicability of the model.
The objective of feature selection was to ensure that the number of
included features did not exceed the limit imposed by the sample
size. In this process, the use of LASSO regression helped to prevent
the dilution of features with internal correlations (11).

RBF-SVM stood out among the six tested algorithms. By
employing the Radial Basis Function kernel, this algorithm
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transforms the input space into a higher-dimensional space,
facilitating linear separation and proving especially effective for
non-linear data (12). However, its characteristic of non-linear
mapping, unlike logistic and tree models, renders the RBF-SVM
model more akin to a “black box” that is difficult to interpret
directly. To address this, we calculated SHAP values for all
features in the validation set to explain how feature values
impact the model’s predicted result. The feature value where
SHAP equals zero was used to represent the cut-off value for
numeric and ordinal categorical features.

Among the top 15 important features, “valve replacement” was
identified as the most significant. As defined in the “Methods”
section, “valve replacement” refers to the replacement of one or
more valves during surgery. In cases of AIE, we perform valve
replacement when the infected area has expanded, the defect
after debridement is large, and one or more valves are
unrepairable. This classification includes all complex surgical
approaches, such as double or triple valve replacement, aortic
root replacement, and commando operations. In conclusion,
“valve replacement” in this context indicates a more complex
surgical approach. Moreover, valve replacement often indicates a
more severe infective lesion, typically associated with a more
serious systemic infection. Thus, the feature “valve replacement”
not only reflects the complexity of the surgery but also the
severity of the systemic infection, justifying its status as the most
important feature.

Unlike CSA-AKI, the of AIE-CSA-AKI
additionally influenced by systemic infection and inflammatory

incidence is

responses. This influence is evident in several key features of the
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model, including large vegetations, pre-operative CRP, SII, and
SIRI. Notably, SII and SIRI are two
biomarkers derived from blood cell counts. Research has shown
that both SII and SIRI are effective in predicting adverse
outcomes in patients with cardiovascular diseases (13-15), as

recently identified

well as in forecasting cardiovascular events and all-cause
mortality in the general population (16, 17).

Surgical timing was identified among the top 15 important
features of the model. The SHAP dependency plot showed that the
timing of surgery, when performed within 7 days of diagnosis,
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altered the model’s prediction direction. Early surgery for AIE
patients turned out to be related to a lower prospective risk of
CSA-AKI. Previous CSA-AKI models, including the Cleveland
Clinic Score and the Simplified Renal Index (18), identified “non-
selective” and “emergent” surgeries as risk factors for CSA-AKI.
Our study appears to conclude the opposite. This contradiction is
directly related to the significant difference between active infective
endocarditis and non-infective structural cardiac diseases. In cases
of AIF, as an active infection, the earlier the infected tissue is
surgically removed, the lower the risk of post-operative mortality
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transfusion, intra-operative urine outputl, pre-operative hemoglobin, surgery timing, and sex.
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FIGURE 6
Univariate SHAP dependence plots for numeric and ordinal categorical features. These plots illustrate the relationship between feature values and their
SHAP values. These plots reveal how specific feature values influence the model's predictions, particularly identifying cut-off points where the impact
of a feature shifts from “protective” to "risk”. According to the plots, NYHA class Il or IV (A), age > 46 (B), TyG index > 8.75 (C), Ccr < 90 ml/min (D), CPB
time > 160 min (E), intra-operative red blood cell transfusion > 300 ml (F), intra-operative urine output < 750 ml (G), pre-operative albumin <97 g/L (H),
and diagnosisto-surgery gap over 7 days (I) were associated with high AKI risk.

or morbidity. This supports the recommendation that AIE should be
treated surgically as soon as possible.

Other important features in the model include NYHA class III
or IV, pre-operative hypertension, age over 46, post-operative
LCOS, pre-operative Ccr less than 90 ml/min, CPB time exceeding
160 min, intra-operative red blood cell transfusion greater than
300 ml, intra-operative urine output less than 750 ml, and pre-
operative hemoglobin below 97 g/L. These findings are largely
consistent with previously developed models for CSA-AKI (3-6).

Study limitations

This study has several limitations. Firstly, being a single-center,
retrospective study with a relatively small sample size, the
performance of our model may not be optimal when applied to
patient populations from different institutions or with varying
characteristics. Hence, external validation is necessary to ensure its
generalizability and to prevent overfitting. Secondly, the initial
database features were selected manually, which may have led to the
omission of some potentially important features. Thirdly, the limited
number of positive samples constrained the number of features that
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could be included in the model. Consequently, the feature selection
process might have overlooked some significant features. In
conclusion, patients with AIE represent a unique subgroup among all
cardiac surgery patients. Future studies are required to further explore
the applicability of machine learning models to this specific group.

Conclusion

Compared to CSA-AKI, AIE-CSA-AKI presents a more
complex etiology, encompassing both the severity of local
infection and the level of systemic inflammation. Machine
learning models have shown efficacy in predicting AIE-CSA-AKI,
suggesting that their use could enhance risk stratification and
peri-operative management.

Data availability statement
The original contributions presented in the study are included

in the article/Supplementary Material, further inquiries can be
directed to the corresponding author.

frontiersin.org


https://doi.org/10.3389/fcvm.2024.1425275
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

Liu et al.

Ethics statement

The studies involving humans were approved by The
Institutional Review Board of Peking Union Medical College
Hospital. The studies were conducted in accordance with the
local legislation and institutional requirements. The participants
provided their written informed consent to participate in this
study. Written informed consent was obtained from the
individual(s) for the publication of any potentially identifiable

images or data included in this article.

Author contributions

XL: Data curation, Formal Analysis, Methodology, Software,
Writing - original draft, Writing - review & editing. SA: Data
curation, Formal Analysis, Methodology, Software, Writing -
original draft, Writing - review & editing. RY: Data curation,
Methodology, Software, Writing - review & editing. CZ:
Methodology, Supervision, Writing - review & editing. QM:
Conceptualization, Funding acquisition, Writing — review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This work

References

1. Wang Y, Bellomo R. Cardiac surgery-associated acute kidney injury: risk factors,
pathophysiology and treatment. Nat Rev Nephrol. (2017) 13(11):697-711. doi: 10.
1038/nrneph.2017.119

2. Chertow GM, Lazarus JM, Christiansen CL, Cook EF, Hammermeister KE,
Grover F, et al. Preoperative renal risk stratification. Circulation. (1997) 95
(4):878-84. doi: 10.1161/01.CIR.95.4.878

3. Thakar CV, Arrigain S, Worley S, Yared JP, Paganini EP. A clinical score to
predict acute renal failure after cardiac surgery. ] Am Soc Nephrol. (2005) 16
(1):162-8. doi: 10.1681/ASN.2004040331

4. Mehta RH, Grab JD, O’Brien SM, Bridges CR, Gammie JS, Haan CK, et al. Society
of thoracic surgeons national cardiac surgery database I: bedside tool for predicting the
risk of postoperative dialysis in patients undergoing cardiac surgery. Circulation.
(2006) 114(21):2208-16. doi: 10.1161/CIRCULATIONAHA.106.635573

5. Birnie K, Verheyden V, Pagano D, Bhabra M, Tilling K, Sterne JA, et al. Predictive
models for kidney disease: improving global outcomes (KDIGO) defined acute kidney
injury in UK cardiac surgery. Crit Care. (2014) 18(6):606. doi: 10.1186/s13054-014-
0606-x

6. Penny-Dimri JC, Bergmeir C, Reid CM, Williams-Spence J, Cochrane AD, Smith
JA. Machine learning algorithms for predicting and risk profiling of cardiac surgery-
associated acute kidney injury. Semin Thorac Cardiovasc Surg. (2021) 33(3):735-45.
doi: 10.1053/j.semtcvs.2020.09.028

7. Legrand M, Pirracchio R, Rosa A, Petersen ML, Van der Laan M, Fabiani N, et al.
Incidence, risk factors and prediction of post-operative acute kidney injury following
cardiac surgery for active infective endocarditis: an observational study. Crit Care.
(2013) 17(5):R220. doi: 10.1186/cc13041

8. Gagneux-Brunon A, Pouvaret A, Maillard N, Berthelot P, Lutz MF, Cazorla C,
et al. Acute kidney injury in infective endocarditis: a retrospective analysis. Med
Mal Infect. (2019) 49(7):527-33. doi: 10.1016/j.medmal.2019.03.015

9. Kellum JA, Lameire N, Group KAGW. Diagnosis, evaluation, and management of
acute kidney injury: a KDIGO summary (part 1). Crit Care. (2013) 17(1):204. doi: 10.
1186/cc11454

Frontiers in Cardiovascular Medicine

10.3389/fcvm.2024.1425275

was supported by the National High Level Hospital Clinical
Research Funding Grant No. 2022-PUMCH-B-105.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fcvm.2024.
1425275/full#supplementary-material

10. Kiers HD, van den Boogaard M, Schoenmakers MC, van der Hoeven JG, van
Swieten HA, Heemskerk S, et al. Comparison and clinical suitability of eight
prediction models for cardiac surgery-related acute kidney injury. Nephrol Dial
Transplant. (2013) 28(2):345-51. doi: 10.1093/ndt/gfs518

11. Freijeiro-Gonzalez L, Febrero-Bande M, Gonzélez-Manteiga W. A Critical Review of
LASSO and its Derivatives for Variable Selection Under Dependence Among Covariates.
Available online at: https://arxiv.org/abs/2012.11470 (accessed November 29, 2024).

12. Sidharth. The RBF Kernel in SVM: A Complete Guide. Available online at:
https://www.pycodemates.com/2022/10/the-rbf-kernel-in-svm-complete-guide.html?
m=1 (accessed November 29, 2024).

13. Tian SY. Systemic immune-inflammation index predicts restenosis after
interventions for lower extremity arteriosclerosis obliterans. Heart Surg Forum.
(2023) 26(3):E225-33. doi: 10.1532/hsf.5303

14. Lin K, Lan Y, Wang A, Yan Y, Ge J. The association between a novel
inflammatory biomarker, systemic inflammatory response index and the risk of
diabetic cardiovascular complications. Nutr Metab Cardiovasc Dis. (2023) 33
(7):1389-97. doi: 10.1016/j.numecd.2023.03.013

15. Aksakal E, Aksu U, Birdal O, Ozturk M, Gulcu O, Kalkan K, et al. Role of
systemic immune-inflammatory index in predicting the development of in-hospital
malignant ventricular arrhythmia in patients with ST-elevated myocardial
infarction. Angiology. (2023) 74(9):881-8. doi: 10.1177/00033197221121435

16. Jin Z, Wu Q, Chen S, Gao J, Li X, Zhang X, et al. The associations of two novel
inflammation indexes, SII and SIRI with the risks for cardiovascular diseases and all-
cause mortality: a ten-year follow-up study in 85,154 individuals. J Inflamm Res.
(2021) 14:131-40. doi: 10.2147/JIR.S283835

17.LiJ, He D, Yu ], Chen S, Wu Q, Cheng Z, et al. Dynamic status of SII and SIRI
alters the risk of cardiovascular diseases: evidence from kailuan cohort study.
J Inflamm Res. (2022) 15:5945-57. doi: 10.2147/JIR.S378309

18. Wijeysundera DN, Karkouti K, Dupuis JY, Rao V, Chan CT, Granton JT, et al.
Derivation and validation of a simplified predictive index for renal replacement therapy
after cardiac surgery. JAMA. (2007) 297(16):1801-9. doi: 10.1001/jama.297.16.1801

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fcvm.2024.1425275/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fcvm.2024.1425275/full#supplementary-material
https://doi.org/10.1038/nrneph.2017.119
https://doi.org/10.1038/nrneph.2017.119
https://doi.org/10.1161/01.CIR.95.4.878
https://doi.org/10.1681/ASN.2004040331
https://doi.org/10.1161/CIRCULATIONAHA.106.635573
https://doi.org/10.1186/s13054-014-0606-x
https://doi.org/10.1186/s13054-014-0606-x
https://doi.org/10.1053/j.semtcvs.2020.09.028
https://doi.org/10.1186/cc13041
https://doi.org/10.1016/j.medmal.2019.03.015
https://doi.org/10.1186/cc11454
https://doi.org/10.1186/cc11454
https://doi.org/10.1093/ndt/gfs518
https://arxiv.org/abs/2012.11470
https://www.pycodemates.com/2022/10/the-rbf-kernel-in-svm-complete-guide.html?m=1
https://www.pycodemates.com/2022/10/the-rbf-kernel-in-svm-complete-guide.html?m=1
https://doi.org/10.1532/hsf.5303
https://doi.org/10.1016/j.numecd.2023.03.013
https://doi.org/10.1177/00033197221121435
https://doi.org/10.2147/JIR.S283835
https://doi.org/10.2147/JIR.S378309
https://doi.org/10.1001/jama.297.16.1801
https://doi.org/10.3389/fcvm.2024.1425275
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

	Development and evaluation of a machine learning model for post-surgical acute kidney injury in active infective endocarditis
	Introduction
	Population and data processing
	Population
	Data collection and preprocessing
	Definition of acute kidney injury

	Statistical analysis
	Feature selection
	Description and comparison
	Machine learning algorithms
	Evaluation and interpretation of the best model

	Results
	Overall population
	LASSO regression
	Development of the models
	Model evaluation
	Model interpretation

	Discussion
	Study limitations
	Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher's note
	Supplementary material
	References


