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	 Background:	 We sought to create a model that incorporated ultrasound examinations to predict the risk of acute kidney in-
jury (AKI) after percutaneous coronary intervention (PCI) or cardiopulmonary bypass (CPB) surgery.

	 Material/Methods:	 A total of 292 patients with AKI after PCI or CPB surgery were enrolled for the study. Afterwards, treatment-re-
lated information, including data pertaining to ultrasound examination, was collected. A random forest model 
and multivariate logistic regression analysis were then used to establish a predictive model for the risk of AKI. 
Finally, the predictive quality and clinical utility of the model were assessed using calibration plots, receiver-
operating characteristic curve, C-index, and decision curve analysis.

	 Results:	 Predictive factors were screened and the model was established with a C-index of 0.955 in the overall sam-
ple set. Additionally, an area under the curve of 0.967 was obtained in the training group. Moreover, decision 
curve analysis also revealed that the prediction model had good clinical applicability.

	 Conclusions:	 The prediction model was efficient in predicting the risk of AKI by incorporating ultrasound examinations and 
a number of factors. Such included operation methods, age, congestive heart failure, body mass index, heart 
rate, white blood cell count, platelet count, hemoglobin, uric acid, and peak intensity (kidney cortex as well as 
kidney medulla).
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Background

Acute kidney injury (AKI) is one of the most serious and life-
threatening complications after percutaneous coronary in-
tervention (PCI) and cardiopulmonary bypass (CPB) opera-
tions [1-3]. Current studies suggest that abnormal renal blood 
perfusion in the early stages of the disease plays a key role 
in the development and progression of AKI with complicated 
pathophysiological properties [4]. Therefore, early diagnosis 
of AKI and identification of risk factors should be the focus of 
clinical intensive care.

Early detection of AKI can promote positive treatment outcomes 
and reduce the progression of kidney injury. Therefore, exten-
sive research has been done to find risk stratification mod-
els for early prediction of AKI [5-8]. However, these AKI diag-
nostic models mainly rely on urine output and biochemical 
indicators that are affected by factors such as severity of dis-
ease, duration, time of detection, and etiology [9]. As a con-
sequence of the shortcomings of the currently existing meth-
ods, a gap remains in the early diagnosis and treatment of AKI. 
Additionally, there is no model that can predict the risk of AKI 
following PCI or CPB surgery.

The diagnosis of AKI currently relies on biochemical and early 
disease indicators [10,11]. Blood biochemical indicators and 
markers cannot fully reflect the functional status of a unilat-
eral kidney. However, evaluation through functional imaging 
can compensate for this deficiency and can be of value in clin-
ical practice. Functional imaging using a nuclide nephrogram, 
computed tomography, and magnetic resonance imaging can 
provide important information regarding the flow of blood and 
functional status of the kidney. However, they have the disad-
vantages of a high cost, radioactive contamination, and neph-
rotoxicity. Fortunately, ultrasound contrast agents are safe, are 
not nephrotoxic, and have no contraindications for renal in-
sufficiency [12]. Studies have shown that contrast-enhanced 
renal ultrasound has a good correlation with the plasma fil-
tration rate of the kidney. Moreover, contrast-enhanced ul-
trasound assessment of the overall and local flow of blood in 
the kidney during AKI is helpful in both diagnosis and prog-
nosis [12,13]. Previous studies found that the peak intensity 
(PI) of contrast-enhanced renal ultrasound could change in pa-
tients with AKI at an early stage [12,14].

In this study, the characteristics of contrast-enhanced renal 
ultrasound and a variety of possible risk factors for AKI after 
PCI and CPB surgery were systematically analyzed. The study 
included disease-related factors (eg, congestive heart failure, 
high blood pressure, diabetes), treatment-related factors (eg, 
surgery and other related medications), and patient-related 
factors (eg, age, body mass index [BMI], sex, smoking history), 
as well as routine blood biochemical examination indicators. 

Based on these factors, it was possible to establish an effec-
tive nomogram model for early prediction of the risk of AKI 
after PCI or CPB surgery.

In summary, this study developed an effective and simple pre-
dictive tool that can assess the risk of AKI after PCI or CPB 
surgery simply by using available information. The prediction 
model is expected to enable improving the prognosis of pa-
tients with AKI and enhancing their quality of life.

Material and Methods

Study Population and Data Collection

This retrospective study involved postoperative AKI in patients 
that had undergone either PCI or CPB. The study was approved 
by the Ethics Committee of the Shanxi Bethune Hospital (Shanxi 
Academy of Medical Sciences; approval no. YXLL-2019-021), 
and it met the requirements of the Declaration of Helsinki. All 
methods were performed in accordance with relevant guide-
lines and regulations. The patients were admitted to the Shanxi 
Bethune Hospital between June 2017 and July 2020 and under-
went PCI or CPB surgery in the same facility. All patients lived 
in China and provided written informed consent to participate 
in the study. Patients who received hemodialysis, metformin, 
or nonsteroidal anti-inflammatory drugs were excluded from 
the study. Additionally, patients who died during surgery, re-
fused further treatment, or were discharged for various rea-
sons were excluded. Moreover, patients with a history of sur-
gery or trauma within the previous month, known malignant 
tumors, fever, autoimmune diseases, acute or chronic inflam-
matory diseases, or recent infection history were excluded. 
If a patient had a fever (>37.5°C) in the course of treatment, 
they were also excluded. After careful examination of the data, 
292 patients were included in the analysis. Finally, the patients 
were divided into 2 groups: AKI (-) and AKI (+). There were no 
significant differences between the groups with regard to the 
volume of contrast media administered during PCI, duration 
of cardiac surgery, and number of treated coronary vessels.

Assessed Parameters

Patients’ basic information included sex, age, BMI, heart rate, 
history of diabetes, high blood pressure, hyper cholesterol-
emia, history of cerebrovascular accident, and history of smok-
ing. Additionally, estimated glomerular filtration rate (eGFR) 
was derived from serum creatinine 1 to 2 days before sur-
gery, according to the guidelines of the Chronic Kidney Disease 
Epidemiology Collaboration (CKD-EPI) [15]. Moreover, treatment 
features such as type of surgery and the use of diuretics, be-
ta-blockers, and angiotensin-aldosterone system antagonists 
were included in the current analysis. Additional data such 
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as white blood cell (WBC) and platelet counts, serum creati-
nine, hemoglobin, hemoglobin A1c, uric acid, PI of kidney cor-
tex, and the PI of kidney medulla were also collected. Finally, 
postoperative AKI was diagnosed using the Acute Kidney 
Injury Network criteria (absolute increase in the serum creat-
inine concentration 0.3 mg/dL) within 48 h of operation [16]. 
Serum creatinine and urine output are the 2 defining criteria 
for AKI. However, as described in previous studies, urine vol-
ume has considerable limitations in the perioperative diagno-
sis of AKI [11]. Urine output is a nonspecific marker that is in-
fluenced by a combination of several clinical conditions, and 
therefore, we used only creatinine criteria.

Instruments and Contrast Agents

The study used the Philips iU Elite ultrasound system, a C5-1 
probe, a probe frequency of 1.0-5.0 MHz, and the ultrasound 
system’s built-in image analysis software QLAB. The mechan-
ical index (MI) was equal to 0.08 and the gain adjustment was 
65-75%. The contrast agent used was Sono Vue, a lyophilized 
powder of sulfur hexafluoride microbubbles coated with phos-
pholipids. First, a suspension was prepared with 5 mL of normal 
saline. Thereafter, a cubital intravenous bolus injection at a dose 
of 0.02 mL/kg body weight was administered to each kidney.

Contrast Ultrasound

The coronal sections of both kidneys in the left and right lat-
eral positions were subjected to ultrasound imaging. Briefly, a 
switch was made to contrast-enhanced ultrasound conditions 
and the prepared SonoVue suspension was bolused through 
the cubital vein at a dose of 0.02 mL/kg body weight. This was 
followed by a bolus injection of 5 mL of normal saline for flush-
ing. The bolusing step was timed, and the following aspects 
were maintained: the mechanical index, gain, depth, and oth-
er conditions. Additionally, the probe position was fixed and 
the patient was asked to breathe calmly to ensure that the 
scanning plane remained stable. The dynamic images were 
recorded within 3 min of the contrast agent bolus injection. 
The exact procedure was then repeated for the contralateral 
kidney 15 min after the previous one. After the contrast-en-
hanced ultrasound, the QLAB software was used for analysis. 
Briefly, the time-intensity curve (TIC) program was booted, and 
then the region of interest (ROI) was set to the default rect-
angular frame with a side length of 5 mm. Thereafter, the ul-
trasound contrast was combined with 2-dimensional images, 
and then the ROI between the middle of the kidney and the 
sound beam was selected. The cortex and medulla were sam-
pled 3 times at the same depth. The software automatically 
drew the original TIC and used the local density random walk 
(LDRW) wash-in/wash-out (WIWO) fitting mode for curve fit-
ting. Finally, the best fit for obtaining the PI of the cortex and 
medulla was chosen.

Statistical Analysis

Statistical analysis was conducted using R software (version 
3.5.3). A random forest model can quantify the significance 
of each feature in a data set and balance errors, and it is par-
ticularly well suited to handling high-latitude data [17]. First, 
we selected 24 features using the randomForestSRC software 
package. Additionally, the randomSurvivalForest algorithm was 
used to rank the prognosis-related genes (nrep=100, which in-
dicates that the number of iterations in the Monte Carlo sim-
ulation was 100; nstep=5, which indicates that the number of 
steps forward was 5). Eventually, 22 features were identified 
as AKI-related signatures. Afterwards, the receiver-operating 
characteristic (ROC) curve from the univariate logistic regres-
sion analysis of continuous variables was obtained. The ROC 
value was then used to find the best cutoff point for the con-
tinuous variables. Afterwards, the continuous variables were 
divided into 2 groups based on the determined cutoff point, 
to facilitate clinical evaluation. Risk factor analysis was then 
performed using univariate and multivariate logistic regres-
sion analyses as previously reported [18]. To prevent over-
fitting of the prediction model, we performed dimensionality 
reduction via least absolute shrinkage and selection operator 
(LASSO) analysis and repeated it 1000 times to filter out the 
most suitable predictors [19]. The above 22 factors were in-
corporated into LASSO analysis in order to minimize data di-
mensionality and screen out predictors [19-22]. LASSO regres-
sion is similar to Ridge regression, but LASSO regression has 
more advantages in terms of variable selection. In this step, 
our aim was to filter the core variables to obtain a more clin-
ically useful predictive model; therefore, we chose LASSO to 
filter the core variables.

As previously reported [23], the study cohort was randomly 
divided into the training and validation (7: 3) groups for diag-
nostic and prognostic analysis. This process was then used to 
develop and evaluate the models. Thereafter, the multivariate 
logistic regression method was used to establish a predictive 
model for the risk of AKI [19,22,24,25]. Furthermore, the study 
drew a calibration curve to evaluate the accuracy of the no-
mogram. Evaluation using the calibration curve alone was not 
sufficient [26]; therefore, to further quantify the identification 
performance of the nomogram, the C-index and the AUC curve 
were used. The R package was used to calculate a more accu-
rate C-index for further verification on the nomogram (10 000 
repeated samples) [27]. Moreover, decision curve analysis was 
used to evaluate the clinical applicability of the nomogram. 
This was done by quantifying the net income under different 
threshold probabilities in patient information. All the statis-
tical tests were 2-sided, and P-values of less than 0.05 were 
considered statistically significant. This study reports a multi-
variate prediction model for individual prediction or diagno-
sis guidelines [28].
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Results

Basic Characteristics of Participants

The study population consisted of 292 patients after PCI or 
CPB. The average age of the participants was 61±13 years, 
and 161 were men (55.1%). Out of the total number (n=292), 
AKI was observed in 58 patients (19.9%). The overall charac-
teristics of the participants are presented in Table 1. The re-
sults show significant differences in age, sex, surgical method, 
BMI value, basal heart rate, and some biochemical indicators 
(eg, hemoglobin, uric acid, WBC count, and platelet count) be-
tween the 2 groups (P<0.05).

Screening for Prediction Factors

First, the randomForestSRC package was used for feature se-
lection and 22 factors were identified as AKI-related signatures 
(Figure 1A). Additionally, the AUC index obtained by the random 
forest model was 0.84 (Figure 1B), indicating that the model 
composed of these factors had a good predictive ability. The 
multidimensional scale graph of the neighbor matrix generat-
ed by the random forest analysis also showed that the model 
had a certain layering ability, although it needed further op-
timization (Figure 1C) [8,18,29]. Moreover, the ROC curve for 
the univariate logistic regression analysis of continuous vari-
ables was obtained. The ROC value was then used to find the 
best cutoff point for the continuous variables. Eventually, the 
continuous variables were divided into 2 groups based on the 
cutoff point to facilitate clinical evaluation (Figure 1D, Table 2).

Overfitting of a model has always been a challenge in ma-
chine learning. Therefore, in order to prevent overfitting of 
the predictive model, the LASSO method was used to fur-
ther reduce the number of features. The method is highly de-
pendent on “seeds” because LASSO analysis requires cross-
validation. However, the cross-validation process is meant 
for random selection of samples. Therefore, once the seed is 
changed, the optimal lambda as well as the resulting charac-
teristics also change. In order to obtain the best combination 
of predictors, the study randomly performed 1000 LASSO re-
gressions. They were then incorporated into the logistic model 
according to the number of times the predictors occurred and 
their calculated AUC values. The study found that inclusion of 
11 factors could construct the simplest predictive model with 
a great forecasting ability (Figure 1E, 1F). Moreover, principal 
component analysis (PCA) revealed that the factors select-
ed by the LASSO method could be divided into 2 (Figure 1G). 
This indicated that the factors had considerably unique prog-
nostic properties in AKI after cardiac surgery. The blue dots 
represented patients who died, while the red ones indicated 
those that survived. The characteristic factors included oper-
ation methods, age, congestive heart failure, BMI, heart rate, 

WBC count, platelet count, hemoglobin, uric acid, and PI (kid-
ney cortex as well as kidney medulla).

Building a Personalized Predictive Model

The research cohort was randomly divided into the training and 
validation sets (7: 3) for diagnosis and prognostic analysis. This 
was done to develop and evaluate the models. In the training 
group, the logistic model was used to analyze and determine the 
11 predictive factors mentioned above. Thereafter, the nomogra-
mEx package was used to construct a nomogram (Figure 2A, 2B). 
Notably, age, hemoglobin, uric acid, platelet count, operation 
methods, and PI (kidney cortex as well as kidney medulla) were 
identified as the important risk factors for AKI (P<0.01).

Inspection of the Nomogram and Clinical Application

The nomogram calibration curve validated its effectiveness 
(Figure 3A), indicating that the model could be used to pre-
dict the risk of AKI after PCI or CPB. In addition, the AUC of this 
prediction model was 0.967 in the training set and 0.896 in the 
validation set (Figure 3B). Moreover, the C-index showed that 
the model performed well not only in the training and valida-
tion sets but also in the entire cohort (Table 3). These results 
prove that the model has a good predictive ability.

The decision curve analysis for the risk prediction model for 
AKI after PCI or CPB is shown in Figure 3C. As previously men-
tioned, decision curves have shown that using this model to 
predict the efficacy of AKI adds more benefit if the probability 
of developing AKI is between 2% and 100% in the entire cohort 
[30]. The decision curve showed that clinical decision making 
based on the nomogram could be beneficial. This means that 
the predictive model could effectively guide clinical practice. 
Additionally, it could facilitate timely prediction of a patient’s 
postoperative condition, which would ultimately improve post-
operative prognosis as well as the patient’s quality of life.

Discussion

This study developed for the first time a new predictive mod-
el incorporating ultrasound examinations that can help clini-
cians predict the risk of AKI after PCI or CPB. Moreover, the 
nomogram displayed good quantitative indicators that could 
efficiently evaluate clinical efficacy and prognosis [18,29,31].

The tool combines 11 easily available variables into a user-
friendly nomogram that may be helpful in personalized as-
sessment of the risk of AKI after PCI or CPB. The internal sam-
pling verification coupled with the high C-index as well as the 
AUC index showed that this prediction model can be widely 
and accurately used to predict the risk of AKI after PCI or CPB.
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Variables Total (N=292) No AKI (N=234) AKI (N=58) P value

Age,year 	 61.2±13.2 	 59.4±13.1 	 68.3±11.5 p<0.001

Sex, Male 	 161	 [55.1%] 	 140	 [59.8%] 	 21	 [36.2%] p<0.001

Operation p<0.001

PCI 	 206	 [70.5%] 	 180	 [76.9%] 	 26	 [44.8%]

CPB 	 86	 [29.5%] 	 54	 [23.1%] 	 32	 [55.2%]

BMI, kg/m2 	 27.7±2.4 	 27.4±2.3 	 29±2.3 p<0.001

Heart rate, beats/min 	 80.9±11.3 	 79.7±9.9 	 86±14.9 p<0.001

Hypertension 	 128	 [43.8%] 	 103	 [44%] 	 25	 [43.1%] 0.981

Diabetes 	 59	 [20.2%] 	 49	 [20.9%] 	 10	 [17.2%] 0.941

Hypercholesterolemia 	 173	 [59.2%] 	 145	 [62%] 	 28	 [48.3%] 0.307

Cerebral vascular accident 	 17	 [5.8%] 	 12	 [5.1%] 	 5	 [8.6%] 0.793

Chronic obstructive pulmonary diease 	 6	 [2.1%] 	 5	 [2.1%] 	 1	 [1.7%] 0.921

Congestive heart failure 	 98	 [33.6%] 	 71	 [30.3%] 	 27	 [46.6%] 0.140

Beta-blockers 	 87	 [29.8%] 	 72	 [30.8%] 	 15	 [25.9%] 0.911

Angiotensinaldosterone system antagonists 	 98	 [33.6%] 	 84	 [35.9%] 	 14	 [24.1%] 0.410

Diuretics 	 87	 [29.8%] 	 72	 [30.8%] 	 15	 [25.9%] 0.841

White blood cell count, ×109/L 	 11.3±4 	 10.7±3.6 	 13.5±4.5 p<0.001

Platelet count, ×109/L 	 235.8±48.6 	 238.9±44.1 	 223.4±62.6 p<0.05

Serum creatinine, mg/dL 	 1±0.4 	 1±0.3 	 1.1±0.4 0.286

Hemoglobin, g/dL 	 13.8±2 	 14.2±1.8 	 12.5±2 p<0.001

Hemoglobin A1c,% 	 6.9±2 	 6.9±2.1 	 7±1.9 0.43

Uric acid, mg/dL 	 5.8±2.8 	 5.5±2.6 	 7±3.4 p<0.001

CKE-EPI stage 0.247

	 Stage I 	 76	 [26%] 	 64	 [27.4%] 	 12	 [20.7%]

	 Stage II 	 114	 [39%] 	 88	 [37.6%] 	 26	 [44.8%]

	 Stage III 	 91	 [31.2%] 	 77	 [32.9%] 	 14	 [24.1%]

	 Stage IV 	 11	 [3.8%] 	 5	 [2.1%] 	 6	 [10.3%]

PI kidney cortex (dB) 	 13.4±3.6 	 13.9±3.6 	 11.3±3.1 p<0.001

PI Kidney with mass (dB) 	 12.3±2.7 	 12.8±2.6 	 10.4±2.2 p<0.001

Table 1. Characteristics of the study populations.

Values are mean±SD, median [interquartile range], or number of patients (%). AKI – acute kidney injury; CKD-EPI – Chronic Kidney 
Disease Epidemiology Collaboration.
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Previous studies have found that advanced age, diabetes, hy-
pertension, and various chronic diseases are associated with the 
risk of developing AKI [32,33]. So far, diagnosis of AKI largely re-
lies on biochemical and early disease indicators [11]. However, 
these markers may be affected by factors such as the severity, 
duration, time of detection, and etiology of AKI [9]. A number 

of scoring methods have been developed to assess the prob-
ability of AKI in patients in the perioperative period of cardiac 
surgery [32,34-36]. In previous studies, both the Birnie et al [32] 
scoring system and the Cleveland Clinic score [34] were con-
structed (they had comparable AUC values of 0.79 and 0.78 re-
spectively). However, it is not certain that these systems are 
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Figure 1. �Screening for prediction factors. (A) Importance values of each factor in the random forest model. (B) The ROC 
curve (AUC=0.84) demonstrated the accuracy of the random forest model. (C) Random forest analysis generated a 
multidimensional scale map of the matrix. The blue dot represents the normal group and the red dot represents the AKI 
group. (D) The best cutoff points for the continuous variables. (E) According to the number of times the factors occurred, they 
were included in the logistic model and the pattern diagram of the AUC value was obtained. Eventually, it was evident that 
the simplest predictive model with a good predictive ability with only 11 predictive factors could be constructed. (F) The ROC 
curve (AUC=0.965) demonstrates the accuracy of the logistic model. (G) PCA reveals that those factors selected by the LASSO 
method could be divided into 2 parts. This indicated that the factors had relatively unique prognostic properties in AKI 
after cardiac surgery (including CPB and PCI). AKI – acute kidney injury; AUC – area under the curve; CPB – cardiopulmonary 
bypass; LASSO – least absolute shrinkage and selection operator; PCA – principal component analysis; PCI – percutaneous 
coronary intervention; ROC – receiver-operating characteristic
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incorporated into routine clinical practice. Therefore, these meth-
ods are still insufficient for the early diagnosis and treatment 
of AKI. Functional imaging can make up for these deficiencies 
and give practical clinical value. Notably, ultrasound contrast 
agent microbubbles have the advantage of safety, lack of neph-
rotoxicity, and no contraindications for renal insufficiency [12]. 
Moreover, studies showed that renal contrast-enhanced ultra-
sound had a good correlation with renal plasma filtration rate. 
The assessment of overall renal and local blood flow using con-
trast-enhanced ultrasound is helpful for diagnosis and prognosis 
of AKI [13,14]. Furthermore, previous studies showed that the PI 
in contrast-enhanced renal ultrasound could change in patients 

with early AKI [14,37]. This study similarly found that the PI of 
the renal cortex and medulla decreased in patients with AKI.

In this study, about 20% of patients developed AKI after PCI or 
CPB. Additionally, the major risk factors for AKI included PCI, 
advanced age, congestive heart failure, high BMI, rapid heart 
rate, high WBC count, low platelet count, low hemoglobin, high 
uric acid, and high PI index (including PI in kidney cortex as 
well as kidney medulla). Out of these, age, hemoglobin, uric 
acid, platelet count, operation methods and PI (kidney cortex 
as well as kidney medulla) were found to be the most impor-
tant predisposing factors to AKI.

Variable
Univariate analysis Multivariate analysis

OR (95% CI) P value OR (95% CI) P value

Operation,CPB 0.244 (0.134-0.444) <0.001 0.094 (0.032-0.279) <0.001

Age (year) 1.057 (1.031-1.084) <0.001 1.102 (1.055-1.151) <0.001

Hypertension 0.964 (0.539-1.721) 0.9 NA

Diabetes 0.787 (0.371-1.666) 0.531 NA

Hypercholesterolemia 0.573 (0.321-1.022) 0.059 NA

Cerebral vascular accident 1.745 (0.589-5.167) 0.315 NA

Chronic obstructive pulmonary diease 0.804 (0.092-7.013) 0.843 NA

Congestive heart failure 2.000 (1.112-3.594) 0.021 2.605 (1.004-6.758) 0.049

Betablockers 0.785 (0.410-1.503) 0.465 NA

Angiotensinaldosterone system antagonists 0.568 (0.294-1.097) 0.092 NA

Estimated glomerular filtration rate 1.224 (0.869-1.723) 0.247 NA

BMI, ³26.7(kg/m2) 0.247 (0.136-0.451) <0.001 0.339 (0.134-0.857) 0.022

Heart rate, ³85/min 3.252 (1.799-5.880) <0.001 2.929 (1.135-7.558) 0.026

WBC count, ³12.9×109/L 4.103 (2.251-7.477) <0.001 2.676 (1.045-6.854) 0.04

Platelet count, ³174×109/L 0.117 (0.050-0.276) <0.001 0.061 (0.013-0.296) <0.001

Serum creatinine, ³0.67 mg/dL 2.295 (0.780-6.749) 0.131 NA

Hemoglobin, ³13.3 g/dL 0.191 (0.103-0.355) <0.001 0.226 (0.089-0.574) 0.002

Hemoglobin A1c, ³4.39% 2.593 (0.762-8.830) 0.127 NA

Uric acid, ³7.532 mg/dL 3.148 (1.716-5.777) <0.001 3.449 (1.213-9.806) 0.02

PI kidney cortex, ³14.3 dB 0.200 (0.091-0.441) <0.001 0.170 (0.050-0.581) 0.005

PI Kidney with mass, ³11.47 dB 0.137 (0.071-0.263) <0.001 0.149 (0.057-0.392) <0.001

Table 2. Univariate and multivariate logistic regression.

CPB – cardiopulmonary bypass; PI – peak intensity; WBC – white blood cells.
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Congestive heart fuilure*

White blood cell count*

Heart rate*

BMI*

Uric acid**

PI (kidney cortex)**

Hemoglobin***

Age***

Platelet count***

Operation***

PI (Kidney with mass)***

Total-points-to-outcome nomogram:

Total points

Mean status
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Log{Odds ratio (95% CI)}
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Figure 2. �Building a personalized predictive model. (A) A nomogram model predicting the risk of AKI. Note: 11 factors including 
operation methods, age, congestive heart failure, BMI – heart rate; WBC count – platelet count, hemoglobin, uric acid 
and PI (kidney cortex as well as kidney medulla) were included in the model. * P<0.05, ** P<0.01, *** P<0.005. (B) A forest 
chart showing the prediction factors of AKI after PCI or CPB surgery. AKI – acute kidney injury; BMI – body mass index; 
CPB – cardiopulmonary bypass; PCI – percutaneous coronary intervention; PI – peak intensity; WBC – white blood cell.
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Insufficient renal perfusion is the main cause of acute renal 
failure after cardiac surgery [38]. Additionally, heart failure is 
a recognized risk factor to AKI following cardiac surgery and 
is closely related to impaired renal perfusion during the op-
eration [39,40]. Moreover, a rapid heart rate often indicates 
worse cardiac perfusion ability. Interestingly, a previous study 
showed that the use of dexmedetomidine after cardiac sur-
gery to improve myocardial perfusion by reducing heart rate 
did not increase the risk of acute renal failure [41]. In addition, 
risk factors for AKI, including advanced age, have previously 
been reported in literature [42]. Old age and high BMI are in-
dependent risk factors for postoperative AKI in patients with 
type A acute aortic dissection [43]. This was similar to the re-
sults of this study since obesity may increase the risk of AKI 
through oxidative stress [44].

This research suggests that biochemical indicators such as WBC 
count, hemoglobin level, platelet count, and uric acid levels 
may reflect the risk of acute renal failure, corroborating previ-
ous studies. Increased WBC counts are independent predictors 
of AKI and are associated with neutrophil-mediated injury as 
well as dysfunction [45]. In addition, preoperative anemia in 

CKD patients was associated with poor outcomes after cardi-
ac surgery. Therefore, having a higher hemoglobin level before 
heart surgery may lead to a better prognosis [46]. Moreover, 
low platelet count is a well-known biomarker of organ failure 
and has been extensively studied. A decrease in the plate-
let count projects a poor prognosis of AKI [47]. Similarly, this 
study found that the risk of AKI was also related to the level 
of hemoglobin. This finding suggests that the level of hemo-
globin might be an independent risk factor for AKI after car-
diac surgery. Furthermore, previous studies highlighted that 
there was a strong correlation between serum uric acid levels 
and AKI in several disease models. Hyperuricemia is related 
to the presence of crystals in the kidney, appearance of tubu-
lar glomeruli, infiltration of macrophages, and increased ex-
pression of inflammatory mediators. However, these symp-
toms can be resolved upon administration of treatments that 
lower serum uric acid levels [48]. Moreover, serum uric acid 
has been linked to chronic kidney disease, cardiovascular dis-
ease, and hypertension, and their mechanisms were found to 
have many features in common [48].

After PCI or CPB surgery, doctors in the Intensive Care 
Department need to take into account the overall condi-
tion of patients and prevent complications related to surgery. 
Although the factors of the prediction model are not modifi-
able, the ability to predict the risk of developing AKI early is 
a major advantage of the modified prediction model. Recent 
studies point to early detection and timely intervention of 
prevention strategies as key to reducing the incidence of AKI 
in the perioperative period [11]. For example, the use of bun-
dled interventions has been shown to be a successful meth-
od of reducing morbidity and mortality in patients with peri-
operative AKI [49]. A timely prediction of the risk of AKI will 

Dataset 
group

C-index of the prediction model

C-index The C-index (95% CI)

Traing set 0.96 0.934-0.985

Validation set 0.941 0.894-0.988

Entire cohort 0.955 0.933-0.978

Table 3. C-index of the prediction model.
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Figure 3. �Inspection of the nomogram and clinical applications. (A) A calibration curve for the predictive model of the risk of AKI 
after PCI or CPB surgery. When the solid line closely fitted with the dotted line, an improved predictive ability was deduced. 
(B) The AUC indicates the prediction ability of the model. The model exhibited good predictive power, with the AUC values 
of the training group (red) and the validation group (blue) recorded as 0.967 and 0.896, respectively. (C) Decision curve 
for the estimation of AKI risk. “None” assumes that no AKI occurred in all patients. “All” assumes that AKI occurred in all 
patients. AKI – acute kidney injury; AUC – area under the curve; CPB – cardiopulmonary bypass; PCI – percutaneous coronary 
intervention.
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therefore enable doctors to better complete preventive pre-
scriptions before complications occur, thereby improving pa-
tient prognosis. In addition, timely prediction of complications 
helps with communication between doctors and patients and 
thereby improves compliance to treatment by both patients 
and their families. Additionally, it can prevent unnecessary in-
terventions and waste of medical resources. The findings of 
this study show that the assessment of overall renal and lo-
cal blood flow using contrast-enhanced ultrasound is helpful 
for the diagnosis and prognosis of AKI. Therefore, the predic-
tive model that we have developed could serve as a tool to 
provide further theoretical guidance for clinical surgical treat-
ment and research for heart disease patients.

The ultrasound examinations in the current study were per-
formed by experienced doctors. This was done to avoid bias 
caused by differences in the ultrasound diagnostic capabil-
ities of different physicians. However, despite the insights 
that it provides, this study had a few limitations. First, all the 
patients were from China. Therefore, the model may not be 
generalizable to predict the risk of AKI after PCI or CPB in pa-
tients from other regions. Second, complete patient informa-
tion was not obtained due to departmental and funding re-
strictions, and objective factors prevented us from including all 
clinical characteristics (eg, economic status and mental status). 
Fortunately, our model had relatively strong predictive power 
because of its higher AUC value and C-index. This study has 
developed for the first time a new predictive model that in-
corporates ultrasound examinations, has excellent statistical 
accuracy, and can help clinicians predict the risk of AKI after 
PCI or CPB. Our study showed that the model incorporating 
current factors has the strongest predictive power. However, 
this does not preclude the existence of other meaningful pre-
dictors (such as sex and so forth). Third, although our predic-
tion model had a high prediction accuracy, the model predicted 
the risk of AKI only as an aid; good prediction accuracy needs 

to be closely integrated with actual clinical work. Fourth, the 
data used in this study were obtained from years of clinical 
history and past clinical work. Thus, although we tried to en-
sure accuracy and eliminate confounders in this study, it is 
possible that omissions or errors were made by various per-
sonnel. Although our research is highly predictive, more sys-
tematic and multi-center prospective studies are still needed. 
In addition, the future application of ultrasonography in the 
early assessment of AKI will require standardization of exam-
ination techniques and analysis.

Conclusions

This study developed for the first time a new predictive model 
that incorporates ultrasound examinations, has excellent sta-
tistical accuracy, and can help clinicians predict the risk of AKI 
after PCI or CPB. The predictors include operation methods, age, 
congestive heart failure, BMI, heart rate, WBC count, platelet 
count, hemoglobin, uric acid, and PI (kidney cortex as well as 
kidney medulla). Through this model, clinicians can prevent 
the occurrence of AKI in patients after surgery. Additionally, it 
can help provide better prognosis guidance for patients ulti-
mately improving postoperative prognosis and quality of life. 
However, further research is needed to validate the ability of 
the model to effectively predict the risk of AKI after PCI or CPB.
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