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Abstract

Background: Acute kidney injury (AKI) is a common and serious complication of cardiac valve surgery, and is associated with high
mortality and healthcare costs. Existing prediction models for AKI are often incapable of capturing complex biomarker interactions.
This study aimed to build an interpretable machine learning (ML) model that incorpates preoperative N-terminal pro-B-type natriuretic
peptide (NT-proBNP) and serum creatinine (SCr) levels to predict of AKI risk in valve surgery patients. Methods: Consecutive adults
who underwent isolated valve surgery with cardiopulmonary bypass (CPB) in the first affiliated hospital of Nanchang University from
October 2016 to October 2021 were included in this retrospective cohort study. Patients who had preoperative dialysis or were having
an emergency surgery were excluded as well as those with missing NT-proBNP/SCr data. The main outcome was any stage AKI within
7 days after surgery (Kidney Disease: Improving Global Outcomes, KDIGO criteria). Utilizing preoperative variables, five ML models
Logistic regression, support vector machine (SVM), Random Forest (RF), extreme gradient boosting (XGBoost), and K-nearest neigh-
bors (KNN) were developed after handling class imbalance synthetic minority oversampling technique (SMOTE). Key predictors were
identified through feature selection techniques. Evaluation of model performance was done at area under the curve (AUC), sensitivity,
specificity and decision curve analysis (DCA). SHapley Additive exPlanations (SHAP) values provided interpretability. Results: Among
333 patients eligible for inclusion, 106 experienced AKI (31.8%). Seven predictors were consistently selected: age, NT-proBNP, SCr,
CPB duration, aortic cross-clamp (ACC) duration, hemoglobin and albumin. Overall, the RandomForest model outperformed the other
models, with AUC of 0.872, accuracy of 0.835, sensitivity of 0.718, specificity of 0.923 and F1-score of 0.789 in the testing cohort (n
= 91). DCA demonstrated excellent calibration and the highest net benefit with this model. SHAP analysis identified NT-proBNP, SCr,
and duration of ACC as the three leading risk factors with clear, personalized risk evaluation. Conclusions: This novel, interpretable
ML model leverages preoperative NT-proBNP and SCr to accurately predict AKI after cardiac valve surgery. It demonstrated promis-
ing predictive performance in internal validation, with the potential to surpass traditional models and have future potential for clinical
application. Prospective trials are needed to assess whether model-guided interventions can truly reduce AKI incidence.
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1. Introduction
Acute kidney injury (AKI) remains a devastating com-

plication following cardiac valve surgery, occurring in
37.6% of isolated valve patients [1–3]. AKI is associ-
ated with a 3–8 fold increase in mortality, prolonged in-
tensive care and hospital stays, increased risk of chronic
kidney disease (CKD), and significantly increased health-
care costs [4–8]. Despite advances in perioperative man-
agement, effective therapeutic interventions for established
AKI remain limited. Consequently, the early identifica-
tion of high-risk patients is paramount for implementing
targeted preventative strategies.

Current AKI risk prediction models such as the Cleve-
land Clinic score, Simplified Renal Index score, and Mehta
score rely predominantly on preoperative clinical variables

(e.g., age, baseline renal function, diabetes, heart failure)
and intraoperative factors (e.g., cardiopulmonary bypass
(CPB) duration, transfusion requirements) [9–11]. These
models, are often built using traditional logistic regression,
and while useful, they have significant limitations. First,
they do not always adequately capture complex, non-linear
interactions between risk factors [12,13]. Second, soli-
tary biomarkers lack sensitivity for predicting AKI. Many
lack robust integration of potent preoperative biomarkers
that may reflect underlying pathophysiological processes
directly relevant to AKI susceptibility [14]. Although still
underexploited, two biomarkers stand out as particularly
promising yet underexploited in predictive modeling for
valve surgery patients: N-terminal pro-B-type natriuretic
peptide (NT-proBNP) and serum creatinine (SCr).
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NT-proBNP is a well-established marker of ventric-
ular wall stress and myocardial dysfunction. It is strongly
associated with postoperative cardiovascular complications
and mortality [15–18]. Rrecent large-scale studies have
demonstrated independent predictive value for NT-proBNP
in cardiac surgery-associated AKI (CSA-AKI) across all
severities, but particularly in severe AKI and dialysis [19–
25]. A study of over 35,000 patients by Wang et al. [1]
found that preoperative NT-proBNP significantly enhanced
the prediction of AKI beyond conventional risk factors,
with remarkable net reclassification improvements (NRI:
0.24–0.47). The association was especially pronounced in
valve surgery patients.

Beyond its diagnostic role, SCr exhibits dynamic in-
terplay with NT-proBNP: NT-proBNP is renally cleared,
rendering its levels creatinine-dependent. Conversely, AKI
exacerbates NT-proBNP accumulation through fluid over-
load and cardiorenal crosstalk. Notably, preoperative NT-
proBNP-SCr synergy significantly improved the prediction
of AKI prediction in non-cardiac surgery cases (AUC: 0.74,
NRI: 17%) [26]. However, the relevance of preopera-
tive NT-proBNP to valve surgery—where CPB intensifies
hemolysis-mediated nephrotoxicity and inflammation—
remains unknown.

Machine learning (ML) offers a paradigm shift for
the prediction of AKI. Unlike logistic regression, ML algo-
rithms (e.g., Random Forest (RF), extreme gradient boost-
ing (XGBoost)) excel at identifying complex, non-linear re-
lationships and interactions within high-dimensional data
without rigid a priori assumptions [27,28]. Recent studies
have validated the superiority of ML models over regres-
sion in CSA-AKI prediction (AUCs: 0.83–0.86) [1], yet
their potential to leverage NT-proBNP-SCr synergy specif-
ically in valve surgery has yet to be harnessed.

Therefore, this study aimed to develop and validate the
first ML model integrating preoperative NT-proBNP, SCr,
and valve surgery-specific covariates (e.g., CPB time, trans-
fusion volume) to accurately identify patients at risk of de-
veloping any-stage AKI following cardiac valve surgery.
We hypothesize this model will leverage on the comple-
mentary pathophysiological insights of these biomarkers, as
well as the capacity of ML to uncover complex, non-linear
predictive patterns.

2. Materials & Methods
2.1 Study Population

This retrospective cohort study included consecu-
tive adult patients (≥18 years) undergoing isolated valve
surgery (aortic, mitral, tricuspid repair/replacement) with
CPB betweenOctober 2016 andOctober 2021 at the first af-
filiated hospital of Nanchang University. Exclusion criteria
were: (1) preoperative dialysis or CKD Stage 4–5 (eGFR
<30 mL/min/1.73 m2); (2) emergent/salvage surgery; (3)
concomitant non-valve cardiac procedures (e.g., coronary
artery bypass grafting (CABG), aortic root replacement);

(4) missing preoperative NT-proBNP or creatinine values;
(5) re-do sternotomy within 30 days. The study was con-
ducted in accordance with the Declaration of Helsinki and
approved by the Ethics Committee of the first affiliated hos-
pital of Nanchang University (Approval No: 2021-8-003),
with waiver of informed consent due to the retrospective
nature.

2.2 Data Collection
Data were collected on demographic characteristics,

comorbidities, laboratory biomarkers, intraoperative in-
formation, and postoperative information. Plasma NT-
proBNP concentration was routinely measured by our clini-
cal laboratory upon hospital admission. SCr concentrations
were determined upon hospital admission and daily whilst
patients remained in critical care.

2.3 Data Preprocessing
The original dataset exhibited class imbalance, with

fewer cases of postoperative AKI (AKI; n = 106) than cases
without AKI (non-AKI; n = 227), resulting in biased to-
wards the latter group. Once the final set of predictor vari-
ables was identified through feature selection on the origi-
nal dataset (as detailed in the ‘Feature screening’ section),
the class imbalance was addressed in the training set by
employing the SyntheticMinority Oversampling Technique
(SMOTE). SMOTE augments the minority class by syn-
thetically generating new instances through interpolation
between existing minority class samples, thereby balanc-
ing the dataset. The application of SMOTE expanded the
original dataset in this study from 333 cases to 454 cases,
with the postoperative AKI and non-AKI groups each com-
prising 227 cases. Median imputation was used for the few
cases missing continuous variables, while mode imputation
was used for categorical variables.

2.4 Assessment of AKI
The primary focus of the study was the occurrence

of postoperative AKI at any stage. This was determined
using the “Kidney Disease: Improving Global Outcomes”
(KDIGO) guidelines, which rely on perioperative SCr mea-
surements [29]. AKI was identified when the postoperative
SCr level was more than 1.5-fold higher than the baseline
value or when the SCr level increased by 0.3 mg/dL within
48 hours after surgery.

2.5 Estimation of Sample Size
Literature reviews indicate that the incidence of AKI

following acute cardiac valve surgery is 37.6% [1]. For a
sample size of at least 100 AKI events, this requires, the
inclusion of at least 266 patients [30]. An autonomous al-
gorithm, separate from the research team, was employed to
segregate the sample into two groups. A training dataset
comprising 80% of the participants, which was used to de-
velop the model, while a testing dataset comprising the re-
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Fig. 1. Flow chart for model development and validation. AKI, Acute kidney injury; SMOTE, Synthetic Minority Oversampling
Technique; LASSO, least absolute shrinkage and selection operator; SHAP, SHapley Additive exPlanations; XGBoost-RFE, extreme
gradient boosting recursive feature elimination; CKD, chronic kidney disease; NT-proBNP, N-terminal pro-B-type natriuretic peptide;
eGFR, Estimated Glomerular Filtration Rate; ROC, Receiver Operating Characteristic Curve.

maining 20% of the participants was used to evaluate the
model’s ability to predict outcomes. In order to satisfy these
requirements, it was necessary to enrol a minimum of 333
patients and to randomly allocate the study population to
training and testing datasets.

2.6 Feature Screening
This study focused on the prediction of AKI asso-

ciated with cardiac surgery, characterized by AKI occur-
ring within the first week after surgery. Drawing from
prior research [9–11], the potential predictors for AKI ex-
amined in this analysis were: age, sex, body mass index
(BMI), number of affected valves, New York Heart As-
sociation (NYHA) status, left ventricular ejection fraction
(LVEF), duration of cardiopulmonary bypass (CPB) and
aortic cross-clamping (ACC), smoking and alcohol use, dia-
betes, high blood pressure, arrhythmia, chronic obstructive
pulmonary disease (COPD), history of stroke, white blood
cells (WBC) count, red blood cells (RBC) count, concentra-
tion of hemoglobin (HGB), platelet count (PLT), glucose
levels (Glu), aspartate aminotransferase (AST), alanine
aminotransferase (ALT), SCr, blood urea nitrogen (BUN),
albumin, need for blood transfusion, urine output, and NT-
proBNP. To avoid overfitting in the predictive model, four
techniques for selecting features—least absolute shrinkage
and selection operator (LASSO), Boruta, logistic regres-
sion, and extreme gradient boosting recursive feature elim-

ination (XGBoost-RFE) [31,32]—were employed to screen
the variables and identify key predictors in the original,
non-resampled dataset (n = 333).

2.7 Development of Machine Learning Models
To predict postoperative AKI, we developed and eval-

uated the performance of five distinct machine learning
models: logistic regression (LR), support vector machine
(SVM), RandomForest (RF), extreme gradient boosting
(XGBoost), and K-nearest neighbors (KNN). The XGBoost
model was implemented using the XGBoost package (https:
//xgboost.readthedocs.io). The remaining four models were
built using the scikit-learn package (https://scikit-learn.o
rg). Given the critical impact of hyperparameter tuning on
model performance, the full dataset of 454 patients was ran-
domly partitioned into an 80% training dataset and a 20%
testing dataset. Each model was trained and evaluated us-
ing five-fold cross-validation. Model performance was as-
sessed using the area under the receiver operating character-
istic curve (AUC), sensitivity (recall), specificity, positive
predictive value (PPV, precision), negative predictive value
(NPV), and F1-score.

2.8 Machine Learning Explainable Tool
SHapley Additive exPlanations (SHAP) was utilized

to interpreting the prediction model, thus providing an in-
tegrated method to accurately assess how each feature con-
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Table 1. Unadjusted comparison of AKI vs. non-AKI groups (original cohort).
Characteristic Overall (N = 333) AKI (N = 106) Non-AKI (N = 227) p-value

Demographics
Age, years 58.0 [53.0–64.0] 60.0 [54.3–65.8] 56.0 [51.0–63.0] <0.001
Female, n (%) 143 (42.9%) 52 (49.1%) 91 (40.1%) 0.155

Preoperative biomarkers
NT-proBNP, pg/mL 1812 [1001–3640] 2633 [1546–4364] 1439 [764–3121] <0.001
Serum creatinine, µmol/L 78.0 [60.0–116.0] 100.0 [79.3–152.8] 69.0 [59.0–98.0] <0.001
Albumin, g/L 35.6 [31.5–39.8] 33.0 [30.3–36.9] 37.5 [32.7–40.8] <0.001
Haemoglobin, g/L 119.2 ± 21.6 113.1 ± 18.9 122.0 ± 22.2 <0.001

Operative factors
CPB duration, min 110 [105–119] 115 [109–125] 110 [103–116] <0.001
ACC duration, min 67 [63–73] 72 [65–78] 65 [62–70] <0.001

Data are presented as median [IQR], mean ± SD, or n (%). Only key predictors and selected significant vari-
ables are shown. ACC, aortic cross-clamp; CPB, cardiopulmonary bypass; NT-proBNP, N-terminal pro-B-type
natriuretic peptide. A full comparison of all variables is available in Supplementary Table 1. p-values are
unadjusted for multiple comparisons and should be interpreted as descriptive.

tributes to and impacts the ultimate predictions [33]. SHAP
values indicate the extent to which each predictor affects
the target variable, highlighting both positive and negative
contributions. Additionally, the specific SHAP values for
each data point allow for individual interpretation within
the dataset.

2.9 Statistical Analysis
Data with a normal distribution are shown as mean ±

standard deviation (SD), whereas data with a non-normal
distribution are depicted via the median and interquartile
range (IQR). Categorical variables were shown as propor-
tions (%). Continuous variables were compared using in-
dependent or paired t-tests, ANOVA, or the Kruskal-Wallis
test depending on their distribution. Categorical data was
compared with the χ2 test or Fisher’s exact test. To identify
the most influential predictors, feature selection was per-
formed using the LASSO, Boruta, logistic regression, and
XGboost-RFE methods. This led to the development of
five predictive models. Model performance was assessed
through discrimination and calibration metrics. Clinical de-
cision curve analysis (DCA) was employed to assess the
model’s clinical applicability of each model [34]. The met-
rics used to evaluate model discrimination were the Area
Under the Receiver Operating Characteristic curve (AU-
ROC) and the Brier score were the metrics used to eval-
uate model discrimination. After determining the optimal
model, the SHAP technique was applied to elucidate feature
importance and interactions. All statistical analyses were
performed using R software version 3.3.2 (The R Foun-
dation for Statistical Computing, Vienna, Austria) (http:
//www.R-project.org), with a two-tailed p-value< 0.05 in-
dicating statistical significance.

3. Results
3.1 Patient Characteristics

The study sample comprised a sample of 333 individ-
uals who underwent cardiac surgery, of whom 106 (31.8%)
experienced AKI following the procedure. Participants
were categorized into two distinct groups: AKI and non-
AKI, according to the development of AKI within the first
postoperative week. The flowchart illustrating patient se-
lection is shown in Fig. 1.

Key baseline characteristics are summarized in Ta-
ble 1. Patients who developed AKI were significantly
older and had higher preoperative levels of NT-proBNP and
serum creatinine, lower levels of haemoglobin and albumin,
and longer durations of cardiopulmonary bypass and aortic
cross-clamping (all p < 0.001). No significant differences
were found in gender distribution or other common comor-
bidities. A comprehensive comparison of all assessed vari-
ables is provided in Supplementary Table 1.

The SMOTE technique was employed to address data
imbalance, leading to an expanded cohort of 454 patients
(227 in each of the AKI and non-AKI groups). The above
differences between the AKI and non-AKI groups were also
present in the larger cohort (all p < 0.001). Furthermore,
significant differences (p < 0.05) were also apparent in
lifestyle factors like smoking, and drinking, health condi-
tions such as hypertension, COPD, and stroke, as well as
the necessity for blood transfusions (p < 0.05) as detailed
in Table 2. A complete comparison of all variables is avail-
able in Supplementary Table 2.

The expanded dataset of 454 individuals was split ran-
domly into 80% for training purposes and 20% for test-
ing. No differences were observed between the training
and testing datasets in regard to patients’ characteristics
(Supplementary Table 3), with the exception of RBC
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Table 2. Key characteristics of the study cohort after SMOTE oversampling.
Variable Overall (N = 454) AKI (N = 227) Non-AKI (N = 227) p-value

Demographics
Age, years 59.0 [53.0–64.0] 60.0 [55.0–65.0] 56.0 [51.0–63.0] <0.001

Preoperative biomarkers
NT-proBNP, pg/mL 1893 [1049–3744] 2663 [1552–4414] 1439 [764–3121] <0.001
Serum creatinine, µmol/L 89.0 [63.0–122.0] 100.0 [80.5–139.0] 69.0 [59.0–98.0] <0.001
Haemoglobin, g/L 117.0 [104.0–128.0] 116.0 [101.0–123.5] 119.0 [108.0–139.0] <0.001
Albumin, g/L 34.2 [31.1–38.9] 32.9 [30.5–35.7] 37.5 [32.7–40.8] <0.001

Operative factors
CPB duration, min 112 [106–120] 115 [109–122] 110 [103–116] <0.001
ACC duration, min 67 [63–74] 71 [65–77] 65 [62–70] <0.001

Selected clinical features
Hypertension, n (%) 112 (24.7%) 40 (17.6%) 72 (31.7%) 0.001
COPD, n (%) 31 (6.8%) 6 (2.6%) 25 (11.0%) 0.001

Stroke, n (%) 0.028
No 416 (91.630%) 215 (94.714%) 201 (88.546%)
Yes 38 (8.370%) 12 (5.286%) 26 (11.454%)

Blood transfusion, n (%) 0.007
No 415 (91.410%) 216 (95.154%) 199 (87.665%)
Yes 39 (8.590%) 11 (4.846%) 28 (12.335%)

Data are presented as median [IQR] or n (%). p-values from Mann-Whitney U or Chi-squared test. ACC, aor-
tic cross-clamp; COPD, chronic obstructive pulmonary disease; CPB, cardiopulmonary bypass; NT-proBNP, N-
terminal pro-B-type natriuretic peptide. A full comparison of all variables is available in Supplementary Table 2.

count (p = 0.02) and history of stroke (p = 0.03). However,
the magnitude of this imbalance was minor.

3.2 Screening of Predictors

This research leveraged the Boruta algorithm, an en-
hancement of the Random Forest methodology, to effec-
tively identify the true set of features by assessing the sig-
nificance of each. The Boruta algorithm revealed 18 cru-
cial elements in the original, non-resampled dataset (n =
333), which include age, BMI, the number of valves af-
fected, LVEF, NT-proBNP levels, SCr, BUN, CPB du-
ration, ACC duration, COPD, WBC count, RBC count,
hemoglobin levels, glucose levels, AST, ALT, albumin lev-
els, and the requirement for blood transfusion. LASSO
regression identified the following factors in the original,
non-resampled dataset such as age, NT-proBNP level, SCr,
CPB duration, ACC duration, hemoglobin, AST, ALT, al-
bumin level, and urine output. The logistic regression
method detected 13 significant characteristics in the origi-
nal, non-resampled dataset, encompassing age, NT-proBNP
level, SCr, BUN, CPB duration, ACC duration, glucose
level, hemoglobin, valve involvement, COPD, albumin lev-
els, NYHA classification, and blood transfusion necessity.
The XGboost-RFE algorithm identified 21 vital attributes
were singled out in the original, non-resampled dataset, in-
cluding age, BMI, valve involvement count, NYHA clas-
sification, LVEF, NT-proBNP levels, SCr, BUN, CPB du-
ration, ACC duration, hypertension, PLT, COPD, WBC
count, RBC count, hemoglobin, glucose level, AST, albu-

min level, urine output, and need for blood transfusion.
Comparison of results from the LASSO and logistic re-
gressions, XGboost-RFE, and Boruta algorithm revealed a
shared subset of feature variables that were common to all
four approaches. The final predictor variables were deter-
mined by selecting those consistently identified across all
four methods: age, NT-proBNP, SCr, CPB duration, ACC
duration, HGB, and albumin (Fig. 2).

3.3 Model Performance

Upon identifying these 7 variables, machine learning
algorithms were deployed to predict the onset of AKI fol-
lowing surgery. The efficacy of these predictive models
was examined using AUC, Brier Scores, and DCA as in-
dicators. The Random Forest model showed a notably en-
hanced and lower Brier score relative to the other models.
Fig. 3 presents the calibration charts for the five models,
DCA revealed the Random Forest model was the most ef-
fective diagnostic tool for AKI (Fig. 4).

The Random Forest and XGboost models achieved
outstanding predictive accuracy on the training dataset with
both having an AUC of 1.00. For the LR model, the AUC
value was 0.837 (95% CI: 0.793–0.881), for SVM it was
0.910 (95% CI: 0.876–0.944), and for KNN it was 0.928
(95% CI : 0.901–0.955) (refer to Fig. 5A and Supplemen-
tary Table 4).

The F1 scores were reported as 0.767 for LR, 0.999
for RF, 1.000 for XGboost, 0.844 for SVM, and 0.855 for
KNN (Supplementary Table 4).
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Fig. 2. Predictor screening results. LASSO-CV, Least absolute shrinkage and selection operator with Cross-Validation; XGBoost-RFE,
extreme gradient boosting-Recursive Feature Elimination.

Following 5-fold cross-validation, the resulting AUCs
for were 0.899 (95% CI: 0.825–0.973) for XGboost, 0.813
(95% CI: 0.715–0.911) for LR, 0.903 (95% CI: 0.833–
0.973) for RF, 0.838 (95% CI: 0.746–0.930) for SVM, and
0.831 (95%CI: 0.735–0.927) for KNN (refer to Fig. 5B and
Supplementary Table 5). Supplementary Table 6 details
the key hyperparameters and package versions used for all
five machine learning models.

Corresponding F1 scores for these models were 0.753,
0.735, 0.822, 0.762, and 0.785 respectively for XGboost,
LR, RF, SVM, and KNN. A forest plot depicting the AUC
scores for the multiple models was generated from the AU-
ROC values for each (Fig. 6).

For each model, the metrics of accuracy, sensitivity,
specificity, positive predictive value, and negative predic-

tive value were calculated and juxtaposed (Supplementary
Table 4). While XGboost demonstrated excellent perfor-
mance on the training dataset, the Random Forest model
was ultimately preferred due to potential overfitting con-
cerns. Moreover, it showed promising predictive perfor-
mance in independent validation data (AUC = 0.903 vs
0.899 for XGboost, Supplementary Table 5), and tighter
confidence intervals (95%CI: 0.833–0.973 vs 0.825–0.973,
respectively). Data from 91 patients were gathered in the
testing phase to validate the efficacy of the Random Forest
model. This revealed AUC = 0.872 (95%CI: 0.796–0.948),
accuracy = 0.835, sensitivity = 0.718, specificity = 0.923,
PPV = 0.875, NPV = 0.814, and F1 score = 0.789.

6

https://www.imrpress.com


Fig. 3. Calibration plots of five models. The Random Forest
achieved lower (better) Brier scores compared with the other mod-
els.

Fig. 4. Decision curve analysis for five machine learning mod-
els. The Random Forest model can serve as the best diagnostic
tool for AKI.

3.4 Analysis of SHAP-Based Model Interpretability

Next, we examined the significance of different fac-
tors that could affect the susceptibility to CAS-AKI. Fig. 7A
provides a visual depiction of this hierarchy, where each
marker represents a sample, and the color gradient from
blue to red signifies the level of the sample eigenvalues.

The vertical axis presents the ranking of feature signif-
icance, showing the correlation and distribution of each
eigenvalue with the SHAP value. Fig. 7B demonstrates the
influence of the top nine features on prediction outcomes.
It highlights the hierarchical importance of features in the
RandomForest model, with the vertical axis listing features
in order of significance and the horizontal axis illustrating
average SHAP values. This analysis identified NT-proBNP,
SCr, and ACC duration as the three most important fea-
tures, underscoring their substantial impact on the presence
of AKI. To better understanding of the model’s decision-
making at an individual level, an in-depth interpretabil-
ity analysis was performed on two representative samples
(Fig. 7C). This visualization of SHAP values allowed us to
ascertain the effect of each feature on the model’s predic-
tions for these specific cases.

4. Discussion
This study establishes the first interpretableMLmodel

integrating preoperative NT-proBNP and SCr to predict
AKI after cardiac valve surgery. Our analysis of 333 pa-
tients (AKI incidence of 31.8%) identified seven robust pre-
dictors: age, NT-proBNP, SCr, CPB duration, ACC du-
ration, HGB, and albumin. The Random Forest model
showed promising predictive performance (AUC: 0.872)
on internal validation, with the potential to surpass tradi-
tional models and have a clinical net benefit. Crucially, our
model resolves two critical limitations of existing AKI risk
tools. First, it leverages ML to capture non-linear interac-
tions between biomarkers and clinical factors, surpassing
traditional regression approaches. Second, it validates the
synergistic predictive power of NT-proBNP and SCr specif-
ically in patients undergoing valve surgery, a population
uniquely vulnerable to CPB-induced hemodynamic stress
and nephrotoxicity. Furthermore, the SHAP framework
further provides clinician-friendly interpretability, identify-
ing NT-proBNP, SCr, and ACC duration as the dominant
drivers of risk for AKI.

The prominence of NT-proBNP and SCr in our model
aligns with the cardiorenal pathophysiology inherent to
valve surgery. The top ranking of NT-proBNP’s top rank-
ing underscores its dual role: it reflects preoperative ven-
tricular dysfunction (a key AKI risk factor) and is renally
cleared. This creates a mechanistic loop in which im-
paired renal function elevates NT-proBNP, which in turn
predicts AKI susceptibility to AKI [35,36]. This mech-
anism is corroborated across other surgical settings. In
lung cancer surgery, NT-proBNP/SCr synergy improves the
prediction of AKI (AUC: 0.74) via hemodynamic instabil-
ity and inflammation [1]. In cardiac surgery, the associa-
tion of NT-proBNP’s association with severe AKI (Stage
3 AUC: 0.83) underscores its role in ischemia-reperfusion
injury [2]. The synergy with SCr likely arises from CPB-
exacerbated hemolysis and inflammation, which simulta-
neously impair renal tubular function (increasing SCr) and
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Fig. 5. Receiver-operating characteristic curves for five machine learning models. The Random Forest model achieved a larger
(better) AUROC compared with the other models. AUROC, Area Under the Receiver Operating Characteristic curve. (A) ROC curves
for different models on the training dataset. (B) ROC curves for different models on the validation dataset.

Fig. 6. Forest plot of the AUC score of the five models. The
Random Forest model achieved a smaller (better) standard devia-
tion (SD) compared with the other models. AUC, area under the
curve.

amplify cardiac wall stress, thereby increasing NT-proBNP
[37,38]. Furthermore, the duration of ACC—a modifi-
able intraoperative factor—emerged as the third key pre-
dictor, implicating ischemia-reperfusion injury as a central
AKI pathway [13]. Our model also identified haemoglobin

(HGB) and albumin as key predictors, reflecting two un-
derappreciated pathways in valve surgery-associated AKI.
Anaemia reduces renal oxygen delivery during CPB, ex-
acerbating ischemic injury in the context of hemodilution
andmicroemboli [39,40]. This is especially critical in valve
surgery where longer aortic cross-clamp (ACC) times im-
pair renal autoregulation [13]. The intraoperative nadir
hemoglobin level is a recognized independent risk factor for
CSA-AKI, as anemia compromises tubular oxygen supply
during CPB-induced hemodynamic instability [41]. The
antioxidant effects of albumin could safeguard the endothe-
lial glycocalyx, preserving the function and structural in-
tegrity of the glomerular filtration barrier [42]. Research
indicates that low albumin levels before and soon after
surgery are independent predictors of kidney dysfunction
and decreased long-term survival [43]. Crucially, hypoal-
buminemia disrupts glycocalyx integrity, amplifying CPB-
induced inflammation and oxidative stress, both of which
key drivers of AKI [44].

Our findings should be contextualized within the
growing body of literature applying ML to predict CSA-
AKI. Several previous studies have demonstrated the supe-
riority of ML models over traditional regression, with re-
ported AUCs often ranging between 0.83 and 0.86 [1,27].
For instance, Tseng et al. [27] developed an XGBoost
model (AUC: 0.843) that effectively leveraged complex in-
traoperative variables like urine output and transfusion vol-
ume; however, their model was derived from a cohort dom-
inated by coronary artery bypass grafting (CABG) and did
not incorporate specific preoperative biomarkers like NT-
proBNP, potentially limiting its valve-specific applicability.
Conversely, Wang et al. [1] established the powerful inde-

8

https://www.imrpress.com


Fig. 7. SHAP analysis of the Random Forest model. A vi-
sual representation of each feature of the Random Forest model,
showing the relationship between the importance of each feature.
The color represents the value of the variable, with red represent-
ing the larger value and blue representing the smaller value. (A)
SHAP feature contribution distribution plot. (B) Feature impor-
tance ranking based on SHAP values. (C) Individual sample pre-
diction explanation plot.

pendent predictive value of preoperative NT-proBNP in a
large, mixed cardiac surgery cohort using a linear model,
but their approach could not fully capture the non-linear
synergy between NT-proBNP and SCr that our ML frame-
work elucidates. While Penny-Dimri et al. [13] provided a
comprehensive risk profiling of CSA-AKI using ML, their
study also focused on a broad cardiac surgery population.
Our model thus distinguishes itself by specifically targeting
the valve surgery population, a group uniquely exposed to
prolonged CPB andACC times, and by formally integrating
and interpreting the interaction between two key cardiore-
nal biomarkers within an interpretableML framework. This
specific focus allows our model to identify valve-surgery-
specific risk drivers, such as ACC duration, with greater
clarity. While the referenced study by Vogt et al. [45] uti-
lizes dynamic creatinine changes and logistic regression for
general cardiac surgery AKI detection, our model specif-
ically for valve surgery patients leverages the synergistic
power of preoperative NT-proBNP and creatinine within an

interpretable machine learning framework to enable earlier
and more personalized risk stratification.

Our work represents a significantly advances beyond
the conventional AKI prediction models:

Traditional scores (e.g., Cleveland Clinic, Mehta)
rely on clinical variables but ignore biomarkers, achiev-
ing modest AUCs (0.76–0.83) [9–11]. By integrating NT-
proBNP—a proven marker of ventricular stress and renal
clearance—our model improved the AUC to 0.872. This
aligns with Wang et al. [1], and specifically validates the
power of this model in valve surgery cohorts where CPB
intensifies hemolysis-mediated injury. While the large co-
hort size (n = 35,337) in the study by Wang et al. [1] es-
tablished the independent association of NT-proBNP with
AKI, their linear model could not capture complex NT-
proBNP-SCr interactions. Tseng et al. [27] prioritized in-
traoperative variables (e.g., urine output, transfusion), but
their model (AUC: 0.843) lacked valve-specific covariates
and biomarker integration. Our SHAP analysis confirmed
ACC duration (valve surgery-specific) as the third-most in-
fluential predictor, highlighting how procedural complexity
modulates AKI risk—a nuance absent in CABG-dominated
cohorts.

This study presents a interpretable ML framework
with future potential for clinical translation. By quanti-
fying individualized AKI risk preoperatively using widely
available biomarkers (NT-proBNP, SCr), the model could,
following successful external validation, enable the early
triage of high-risk patients for nephroprotective strategies.
Its interpretability provides a mechanistic transparency that
allows clinicians to understand the drivers of risk—such
as cardiac strain, renal vulnerability, or anticipated sur-
gical complexity—which is essential for building trust in
ML tools and guiding personalized interventions. Thus,
our work establishes a roadmap for developing clinically
actionable models that harmonize biomarker biology with
clinical covariates.

Notwithstanding these strengths, several limitations of
this study should be acknowledged. First, this research is
based on data from a single center and was conducted ret-
rospectively. Therefore, it is crucial to carry out external
validation across various groups or in a multicenter setting
to ensure the findings can be broadly applied. And although
SMOTE alleviates class imbalance, synthetic samples may
introduce bias. External validation is required to verify the
model’s performance on real-world imbalanced data. Sec-
ond, while key intraoperative factors (CPB/ACC duration)
were included, real-time hemodynamic data (e.g., blood
pressure fluctuations) were unavailable and could refine
predictions. Third, NT-proBNP assays lack standardiza-
tion across centers, and hence future work should establish
risk thresholds adaptable to local assays. Finally, prospec-
tive trials must assess whether model-guided interventions
(e.g., preemptive hemodynamic optimization in high-risk
patients) actually reduce the incidence of AKI. We recom-
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mend embedding this tool within electronic health records
to automate risk alerts, as well as linking it to dynamic post-
operative biomarker trends for real-time AKI monitoring.

5. Conclusions
This novel, interpretable ML model leverages preop-

erative NT-proBNP and SCr to accurately predict AKI after
cardiac valve surgery. It demonstrates promising predictive
performance (AUC: 0.872) on internal validation, with the
potential to surpass traditional models, and have future po-
tential for clinical translation. Prospective trials are essen-
tial to assess whether model-guided interventions can truly
reduce AKI incidence.
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