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Abstract

Background: Cardiac surgery-associated acute kidney injury (CSA-AKI) is a major complication that increases 
morbidity and mortality after cardiac surgery. Most established predictive models are limited to the analysis of 
nonlinear relationships and do not adequately consider intraoperative variables and early postoperative variables. 
Nonextracorporeal circulation coronary artery bypass grafting (off-pump CABG) remains the procedure of choice 
for most coronary surgeries, and refined CSA-AKI predictive models for off-pump CABG are notably lacking. 
Therefore, this study used an artificial intelligence-based machine learning approach to predict CSA-AKI from 
comprehensive perioperative data.
Methods: In total, 293 variables were analysed in the clinical data of patients undergoing off-pump CABG in the 
Department of Cardiac Surgery at the First Affiliated Hospital of Guangxi Medical University between 2012 and 2021. 
According to the KDIGO criteria, postoperative AKI was defined by an elevation of at least 50% within 7 days, or 
0.3 mg/dL within 48 hours, with respect to the reference serum creatinine level. Five machine learning algorithms—a 
simple decision tree, random forest, support vector machine, extreme gradient boosting and gradient boosting decision 
tree (GBDT)—were used to construct the CSA-AKI predictive model. The performance of these models was evaluated 
with the area under the receiver operating characteristic curve (AUC). Shapley additive explanation (SHAP) values 
were used to explain the predictive model.
Results: The three most influential features in the importance matrix plot were 1-day postoperative serum potassium 
concentration, 1-day postoperative serum magnesium ion concentration, and 1-day postoperative serum creatine phos-
phokinase concentration.
Conclusion: GBDT exhibited the largest AUC (0.87) and can be used to predict the risk of AKI development after 
surgery, thus enabling clinicians to optimise treatment strategies and minimise postoperative complications.
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Introduction

Cardiac surgery-associated acute kidney injury 
(CSA-AKI) is a complication after cardiac surgery 
that is associated with increased morbidity and 
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mortality, hospital stays and health care costs [1, 2]. 
A meta-analysis investigating the global incidence 
and prognosis of CSA-AKI over the period from 
2004 to 2014 has indicated that the incidence of all 
stages of AKI is approximately 22%, and the com-
bined short-term and long-term mortality rates are 
10.7% and 30%, respectively [3, 4]. The two main 
types of surgical treatment for coronary artery dis-
ease are coronary artery bypass grafting with extra-
corporeal circulation and nonexternal circulation 
coronary artery bypass grafting (on-pump and off-
pump CABG). Previously, off-pump CABG was 
believed to avoid the second strike of extracorpor-
eal circulation in high-risk patients, and to decrease 
perioperative complication rates and mortality [5].

However, in recent years, several large randomised 
controlled studies have concluded that off-pump 
CABG has no significant advantage over on-pump 
CABG in terms of perioperative complications and 
mortality [6]. The pathophysiological mechanisms 
underlying CSA-AKI are not fully understood and 
may involve a variety of factors that act in different 
ways, and to different degrees, in different patients. 
The development of CSA-AKI may involve several 
major pathways of injury, including underperfusion, 
ischaemia-reperfusion injury, neurohumoural activa-
tion, inflammation, oxidative stress, nephrotoxins and 
mechanical factors [7, 8]. The main risk assessment 
systems currently available for cardiac surgery are 
the Chinese Cardiac Surgical Risk Evaluation System 
(SinoSCORE), the new European Cardiac Surgical 
Risk Evaluation System (EuroSCORE II) and the 
Society of Thoracic Surgeons Adult Cardiac Surgery 
Risk Calculator (STSscore) [9]. However, a targeted 
off-pump CABG perioperative risk predictive model 
is lacking. Accurate prediction of patients at risk of 
CSA-AKI would facilitate interventions to prevent or 
minimise the consequences of CSA-AKI [10].

Machine learning has been applied to medical 
fields such as outcome prediction, diagnosis, medi-
cal image interpretation and treatment [11, 12].  
Machine learning techniques do not require assump-
tions regarding input variables and their relationships 
with outputs. Moreover, models built by machine 
learning methods enable early dynamic monitoring 
based on all available patient datasets, thus saving 
clinicians time [13]. Fan’s team has collected data 
on approximately 600 cardiac surgery patients and 
successfully built a CSA-AKI risk predictive model 

with a machine learning approach [14]. Therefore, 
in this study, we applied machine learning methods 
to develop a more targeted off-pump CABG periop-
erative risk predictive model that accurately predicts 
CSA-AKI. Preoperative variables and intraopera-
tive time series physiological data were used to opti-
mise the predictive model. With the high computing 
power of today’s computers and a variety of novel 
algorithms, machine learning can learn and analyse 
big medical data to discover potential connections 
within data, thereby increasing models’ predictive 
and generalisation capabilities [15].

Methods

Study Population

In this retrospective cohort study, we analysed 
477 patients who underwent off-pump CABG in 
the Department of Cardiac Surgery at the First 
Affiliated Hospital of Guangxi Medical University 
(No. 6 Shuangcang Road, Nanning, Guangxi 
Zhuang Autonomous Region, China) between 2012 
and 2021. The exclusion criteria were as follows: 1. 
other concomitant surgical procedures, such as sur-
gery combining valve and coronary artery bypass; 
2. death within 48 hours after surgery; 3. emergency 
surgery; and 4. preoperative renal replacement ther-
apy and renal transplantation.

Data Collection

We collected data on demographic characteris-
tics, clinical status, preoperative biochemistry, 
preoperative medications, intraoperative blood 
product transfusions, intraoperative medica-
tion use, and postoperative biochemistry, such as 
weight, blood cell infusion, total adrenaline, pre-
WBC, emergency postoperative-HCT and 1 day 
postoperative-MONO%.

Definition of Cardiac Surgery–Associated 
Acute Kidney Injury

The development of postoperative AKI was 
defined according to the KDIGO criteria during 
the first 7 days after surgery. Postoperative AKI 
was defined by an elevation of at least 50% within 
7 days, or 0.3 mg/dL within 48 hours, with respect 
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to the reference serum creatinine level, with the 
preoperative serum creatinine level as the reference 
value [16].

Data Preprocessing

The following data preprocessing protocol was 
performed before data analysis: 1) data cleaning 
to identify missing values, outliers and duplicates, 
with missing values interpolated with the mean 
value, and 2) feature selection and extraction, in 
which the features (feature selection) or combina-
tions of features (feature extraction) that were most 
useful/relevant for predictive model building were 
identified in the dataset.

Model Construction and Validation

The dataset was constructed from 477 patients and 
293 variables. A total of 70% of the data was used 
for training, and 30% was used for validation. All 
analyses were developed in Python (version 3.5). 
The following machine learning methods were 
used to develop predictive models: logistic regres-
sion, simple decision trees, random forests, sup-
port vector machines, extreme gradient boosting 
and gradient boosted decision trees (GBDT). To 
evaluate the prediction and accuracy of the various 
machine learning models, we calculated and com-
pared the area under the ROC curve enclosed by 
the coordinate axes (AUC). We used the Shapley 
additive expansion (SHAP) values for each predic-
tive model [17] in each feature to provide consistent 
and locally accurate imputation values. This unified 
approach can be used for explaining the outcome of 
any machine learning model.

Results

Patients’ demographic data and perioperative 
variables are listed in Table 1 (with abbreviations 
explained in the Table footnotes). Among 477 admit-
ted patients, 88 had a CSA-AKI event within 7 days 
postoperatively (18.45%) cases. The  following var-
iables were more common in the CSA-AKI group 
than the non-AKI group: higher post- operative 
transfusion of red blood cells or plasma, longer 
duration of ventilator use and higher levosimendan 
dosage.

The predictive models’ AUC curves are shown in 
Figure 1. GBDT exhibited the largest AUC (0.87). 
The main risk factors for predicting CSA-AKI were 
analysed with SHAP values to assess the character-
istics’ contributions to the GBDT model. Figure 2 
illustrates the top ten features in the SHAP bar chart, 
according to the mean SHAP values, ranked from 
largest to smallest, and their mean magnitude of influ-
ence on the model output. The top ten variables that 
significantly influenced the model runs were 1-day 
postoperative K ion concentration, 1-day postopera-
tive Mg ion concentration, 1-day postoperative CK, 
preoperative AST, total dopamine use, preoperative 
FT4, preoperative lymphocyte ratio, postoperative 
basophils, preoperative glucose and 1-day post-
operative prothrombin activity, all of which were 
measured in serum. To identify the features with the 
greatest influence on the predictive model, we used 
a SHAP summary plot (Figure 3) and the top 20 fea-
tures of the predictive model. This plot relates high 
and low feature values to SHAP values in the train-
ing dataset. According to the predictive model, the 
higher the SHAP value of a feature, the more likely 
AKI is to occur. The colours represent the feature 
values (The higher the SHAP value of a feature, the 
higher the probability of postoperative acute kidney 
injury development. Red represents high feature 
values, blue represents low feature values). The red 
direction on the right indicates that the feature has a 
positive influence on the model’s prediction results, 
and the blue has a negative influence.

Discussion

In this retrospective cohort study, we developed and 
validated machine learning algorithms to predict 
CSA-AKI, based on 293 preoperative, intraopera-
tive and postoperative features. The GBDT model 
had the largest AUC among the models tested. The 
most important variables are presented in SHAP bar 
charts, and each variable is described with SHAP 
summary plots. This study demonstrated the value 
of not only preoperative variables but also intraop-
erative and early postoperative data in predicting 
CSA-AKI. Our findings suggest that intraoperative 
medication affects early renal function decline after 
cardiac surgery and demonstrate additional early 
postoperative variables for predicting the occur-
rence of CSA-AKI.
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The earlier and better known prediction scores 
for CSA-AKI, such as the Cleveland Clinic score 
[18] and the Mehta score, use logistic regression, 
and ignore the predictive value of intraoperative 
and early postoperative variables. Most prior stud-
ies have used the multivariable logistic regression 
method, and the AUC has ranged from 0.76 to 0.84 
[19]. Flechet et al. have used serum creatinine and 
other patient information (age, diabetes and admis-
sion information) to calculate the risk of AKI dur-
ing the first week of the ICU stay after admission 
(stage 2 or 3) [20]. Other data (Acute Physiology 
and Chronic Health Evaluation [APACHE] II score, 
bilirubin, maximum lactate level, etc.) are also 
available. More data from the early postoperative 
period could be added to the findings from this study 
to achieve more refined and accurate prediction. 
Lee et al. were early adopters of machine learning 
methods for the prediction of CSA-AKI and they 
have reported that extreme gradient boosting (0.78, 
95% CI 0.75–0.80) achieved the best AUC [21]. 

According to that study, machine learning models 
performed significantly better than traditional logis-
tic regression models in predicting AKI after cardiac 
surgery. Our study built on these findings by creat-
ing SHAP summary plots showing the risk indexes 
of the important predictors in the final model.

Several risk factors have been predicted in previ-
ous risk scoring models, such as preoperative renal 
function, age, time to surgery, left ventricular ejec-
tion fraction, body mass index, hypertension, pre-
operative haemoglobin and creatinine clearance 
[18, 22]. However, these familiar risk factors were 
not significant in the current study; instead, early 
postoperative variables for CSA-AKI had high pre-
dictive power, possibly because previous studies 
focused less on the prediction of CSA-AKI in the 
off-pump CABG procedure. The pathophysiology 
of CSA-AKI may explain why intraoperative fea-
tures are critical in the prediction of AKI. Although 
the pathogenesis of AKI is not fully understood, 
renal hypoperfusion is known to be produced by 
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Figure 1 Receiver Operating Characteristic Curves for Machine Learning Models.
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low flow, low pressure and haemodilution. In addi-
tion, rapid nuclear hypothermia due to extracor-
poreal circulation, bleeding complications and 
inflammatory responses all play important roles in 
the development of CSA-AKI. The early postop-
erative  variables identified by machine learning in 
this study have not been reported in the literature, 
and our team will pursue these findings in future 
research. Nonetheless, early postoperative variables 
can give clinicians sufficient warning to intervene 
in CSA-AKI with relevant treatment.

Models built by machine learning methods can 
be based on datasets from all available patients to 

enable early dynamic monitoring, thus saving cli-
nicians time. Artificial intelligence and machine 
learning have already yielded many achievements 
in clinical medicine research, such as the assess-
ment of postoperative patient outcomes [12] in 
cardiovascular imaging [23] and the prediction of 
death in chronic kidney disease [24]. In addition, 
machine learning has been applied to critical care/
intensive care medicine [25], emergency medicine 
[26] and neurology [27]. With the expansion of 
electronic health records in the era of big data, the 
intersection of large amounts of electronic health 
record data and artificial intelligence has increased 
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Figure 2 Importance Matrix Diagram for the GBDT Model.
This importance matrix diagram depicts the importance of each covariate in the development of the final predictive model.
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the importance of machine learning in AKI clinical 
research; AI tools are now effective in the diagnosis 
and prediction of AKI [28]. In this study, the risk 
of AKI after cardiac surgery was determined by the 
preoperative health condition–related susceptibil-
ity to acute stress and large dynamic physiological 
responses intraoperatively, thus reflecting the ongo-
ing response to surgery. Therefore, software may be 
developed that can identify high-risk patients who 
are prone to AKI for the optimisation of treatment 
strategies after cardiac surgery.

This study has several limitations: 1) The study 
analysis used only single-centre data with a rela-
tively small number of cases. The performance of 
the machine learning algorithm may vary depend-
ing on patient characteristics with different distribu-
tions and larger datasets from different institutions. 
Therefore, external validation is required to prevent 
overfitting. 2) Because the dataset was manually 
implemented by physicians, some hidden variable 
relationships might have been be lost because of 
human error. 3) Whether the risk predictive models 

Mg 1D Post

RBC 1D Post

T4 Pre

Dbil 1D Post

K 1D Post

L% Pre

CL 1D Post

MCV Post

LDL*C Pre

EmerPost E0%

EmerPost K

CK*MB/CK Pre

Total DA

CK Pre

L% 1D Post

L Pre

ALT 1D Post

Ibil 1D Post

AST Pre

Total NE

–5 0 5

SHAP value (impact on model output)

10 15
Low

F
ea

tu
re

 v
al

ue

High

Figure 3 Summary Graph of SHAP for Each Feature.
The higher the SHAP value of a feature, the higher the likelihood of postoperative acute kidney injury. A dot is created for  
each feature attribute value of the model for each patient, and a dot for each patient is shown on the line for each feature.  
Dots are coloured according to the respective patient’s feature values, and their vertical accumulation indicates the density.  
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constructed will translate into actual clinical bene-
fits for patients in clinical practice is unclear; there-
fore, prospective multicentre studies are required. 
4) The data were mostly manually entered, and 
owing to the relatively large volume of data, some 
input errors were inevitable.

In summary, we developed a machine learning 
method that can be used to predict the risk of AKI 
development after surgery. The results of this study 
show that early postoperative variables are critical 
in AKI prediction. As research continues, a machine 
learning-based real-time patient monitoring system 
may assist clinicians in providing valuable clinical 
decision support, and decreasing the mortality and 
incidence of CSA-AKI. This system would not only 
reveal the complex relationships between predictors 

but also assess the risk of CSA-AKI events in patients 
postoperatively. Consequently, physicians would be 
able to identify patients at higher risk and to use pro-
tective strategies that improve patient prognosis, and 
decrease the length of stay and hospital costs.
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