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Abstract

Background
Acute Kidney Injury, a frequent complication in patients undergoing cardiac surgery, is associated with
high mortality and poor quality of life. We aimed to establish a risk model for acute kidney injury and
subsequent adverse events in Chinese cardiac patients.

Methods
This study included 11740 patients who had cardiac surgery at 14 institutions in China. Patients were
randomly assigned to a derivation cohort (n = 8197) or a validation cohort (n = 3543). Variables
ascertained during hospitalization were screened using least absolute shrinkage and selection operator
and logistic regression to construct a nomogram model. Model performance was evaluated using C-
statistic, calibration curve, and Brier score. The nomogram was further compared with the �ve
conventional models: Mehta score, Ng score, AKICS score, SRI score, and Cleveland Clinic score. Acute
kidney injury was de�ned according to the Kidney Disease Improving Global Outcomes criteria.
Subsequent adverse events included mid-term outcomes: death from all causes and major adverse
kidney events (de�ned as composite outcome of death from renal failure, dialysis, and advanced chronic
kidney disease).

Results
Acute kidney injury occurred in 3237 (27.6%) patients. The model included 12 predictors. The nomogram
achieved a C-statistic of 0.825 and 0.804 in the derivation and validation cohorts, respectively, and had
well-�tted calibration curves. The model performance of the nomogram was better than other �ve
conventional models. After risk strati�cation, moderate-risk or high-risk groups were associated with
signi�cantly higher rates of death from all causes and major adverse kidney events compared with low-
risk group during 7-year follow-up.

Conclusions
The nomogram provided an effective tool for predicting acute kidney injury and evaluating its subsequent
adverse events after cardiac surgery.

Introduction
Cardiac surgery is more and more frequent in a growing population of aging patients with multiple co-
morbidities in developing countries. As one of the most serious complications after cardiac surgery, the
incidence of cardiac surgery-associated acute kidney injury (CSA-AKI) is reported ranging from 26.0–
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28.5%, supported by a recent meta-analysis [1]. CSA-AKI not only substantially affects acute morbidity
and mortality, but also is strongly associated with increased risks of cardiovascular events, advanced
chronic kidney disease, and long-term death [2–4].

Early identi�cation of patients at high risk of AKI is essential in order to trigger the use of preventive care
actions. In the past few decades, multiple efforts have been made to develop various models to predict
AKI after cardiac surgery. The Mehta score [5], Simpli�ed Renal Index (SRI) score [6], and Cleveland Clinic
score [7] are most widely used scoring systems for predicting CSA-AKI in Western countries. Their
predictive ability had been adequately validated in Caucasians. However, adoption of these models to
Chinese patient population would be of challenge, since the demographic, clinical characteristics, and
health care system are quite different from the existing model derivation cohorts.

In 2013, the International Society of Nephrology promoted the “0 by 25” initiative for AKI, namely, zero
deaths of patients with untreated acute kidney failure by 2025 [8]. The vision aims to improve the
diagnosis and treatment of AKI and appears inspiring. In contrast to the United States, over the past
decade, the proportion of cardiac surgery continues to rise in China [9, 10]. However, to date, a little
progress has been made in predicting CSA-AKI in Chinese cardiac patients. Besides, no model has been
used to evaluate the subsequent clinical outcomes of CSA-AKI. Our �rst objective was therefore to
establish a nomogram model, a simple risk-calculated tool, for CSA-AKI which included preoperative,
intraoperative, and early postoperative variables with the data retrieving from three registers in China. The
nomogram was then compared with that of �ve conventional models (Mehta score, Ng score [11], AKICS
score [12], SRI score, and Cleveland Clinic score) to determine whether these models could be used to
predict CSA-AKI in Chinese patients. Given that AKI acted as a powerful predictor of poor clinical
prognosis, �nally, we aimed to use the nomogram to evaluate mid-term outcomes of 7-year follow-up.

Patients And Methods

Study design and participants
Consecutive patients who had cardiac surgery at 14 institutes, China, admitted between January 2013
and December 2020, were recruited from three population-based registers: Jiangsu Province Coronary
Artery Bypass Grafting Registry, Patient Data Management Platform, and Chinese Cardiac Surgery
Registry. All data were de-identi�ed and were pre-processed by the administrators at each institute. Before
delivering for analysis, the data integrity was screened and examined by two administrators of each
institution.

We enrolled patients who had received coronary artery bypass grafting surgery (CABG), valve surgery, and
a combination of both treatments. Patients were excluded after meeting the following criteria: (i) younger
than 18 years old; (ii) preoperative AKI, dialysis, or end-stage renal disease; (iii) kidney transplantation; (iv)
missing data of serum creatinine. The research was approved by the Ethical Committee of Nanjing First
Hospital, and patient informed consent was waived given its retrospective nature.
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End Point De�nition
The primary end point was any-stage AKI with the de�nition of Kidney Disease Improving Global
Outcomes (KDIGO) criteria [13], speci�cally, an increase in serum creatinine (Scr) from baseline of ≥0.3
mg/dl within 48 hours or >1.5 times the baseline level within 7 days, or a new requirement for renal
replacement therapy. The Scr level measured before surgery was used as the reference value. We did not
use urine output to de�ne AKI because of its unavailability for the majority of patients. Secondary end
points were 7-year follow-up outcomes: (i) death from all causes; and (ii) major adverse kidney events
(MAKEs), de�ned as the composite outcome of death from renal failure, dialysis, and advanced chronic
kidney disease (estimate glomerular �ltration rate [eGFR] <30 mL/min/1.73 m2 for at least three months).
eGFR was calculated using the Chronic Kidney Disease Epidemiology Collaboration (CKD-EPI) creatinine
equation [14].

Potential Predictive Variables And De�nitions
The potential predictive variables are listed in Table 1. Quantitative variables were categorized according
to the clinically meaningful cut-off values or previous literature reports. For example, we classi�ed age
into three groups, including <60, 60-70, and >70 years. Scr was classi�ed into three groups, including <1.2,
1.2-2.0, and >2.0 mg/dl. Cardiopulmonary bypass (CPB) time was dichotomized at a value of 116
minutes according to the maximal Youden index [15]. To compare with previous data [12, 16], we chose a
cut-off value of 120 minutes for subsequent analysis. Renal disease without dialysis was de�ned as any
one of the following renal diseases: hypertensive renal disease, diabetic nephropathy, primary
glomerulonephritis, nephrotic syndrome, or chronic kidney disease with eGFR <60 mL/min/1.73 m2,
lasting more than three months. Critical preoperative state was de�ned as any one of the following
preoperative situations: cardiogenic shock, cardiopulmonary resuscitation, ventricular �brillation or �utter,
intra-aortic balloon pump implantation, or an ejection fraction <30%. Other variables de�nitions are
provided in Additional �le, Table S1. This study adhered to the Transparent Reporting of a Multivariable
Prediction Model for Individual Prognosis or Diagnosis (TRIPOD) guideline for reporting [17].
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Table 1
Variable overview

Item Variables

Patient
information
(six
variables)

Age, male, body mass index, center location, rural area, non-insurance

Medical
history and
comorbidities
(25 variables)

Smoker, diabetes mellitus, hyperlipidemia, hypertension, renal disease without
dialysis, peripheral vascular disease, chronic obstructive pulmonary disease, pleural
effusion, cerebrovascular accident, critical preoperative state, infective endocarditis,
angina, prior myocardial infarction, New York Heart Association III-IV, atrial
�brillation, prior percutaneous coronary intervention, serum creatinine, hepatic
insu�ciency, carotid stenosis, pulmonary hypertension, moderate to severe valve
insu�ciency (aortic valve, mitral valve, and tricuspid valve), number of diseased
coronary vessels, left main disease

Medication
(seven
variables)

Nitrates, dopamine, metoprolol, angiotensin-converting enzyme inhibitor, statins,
aspirin, clopidogrel

Procedure-
related
factors (�ve
variables)

Previous open cardiac surgery, non-elective surgery, minimally invasive approach,
surgery type, surgeon experience.

Intraoperative
and early
operative
factors (11
variables)

Cardiopulmonary bypass time, cardioplegic solution, perfusion strategy (antegrade,
intermittent), intra-aortic balloon pump, intraoperative transfusion (red blood cell,
plasma, cryoprecipitate, platelet), prolonged mechanical ventilation, reoperation for
bleeding

Statistical analysis
Categorical variables are presented as frequency (n) and proportion (%). Quantitative variables are
summarized with means ± standard deviations in the case of normal distribution or medians
(interquartile range) otherwise. Statistical differences between derivation and validation cohorts were
carried out using the chi-square test, Fisher’s exact probability method, t-test, or Mann-Whitney U-test as
appropriate. As most data were collected through manual review of the medical records, missing values
are unavoidable. Our dataset was highly complete with most variables having missing rates ranging 0-
4.1%. The missing values were handled with multiple imputation method (mice package of R, version
3.13.0).

The prediction model was developed in the derivation dataset and it consisted of two main stages: (i)
feature selection; and (ii) multivariate logistic regression analysis. This is a logistic regression model.
Multicollinearity of the variables was tested and excluded by establishing the variance in�ation factor
with maximum value set at 5. To identify the risk factors, clinical characteristics ascertained during
hospitalization were entered into the feature selection process using least absolute shrinkage and
selection operator (LASSO). As a machine learning approach, LASSO regression adds the L1
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regularization as a penalty, shrinking the regression coe�cients of weak factors towards zero with larger
penalties [18]. It generates a model that minimizes the prediction error. The most predictive variables were
determined by the tuning parameter (minimum lambda plus 1 standard error) using an automated 10-fold
cross-validation method (glmnet package of R, version 4.0-2).

Selected predictors were incorporated in a logistic regression analysis to generate a nomogram model
(rms package of R, version 6.1-0). Model discrimination was assessed using the C-statistic, an index
equivalent to the area under the receiver operating characteristic curve (AUC). The relationship between
predicted probabilities and observed outcome frequencies was accessed by the Brier score and was
visualized with a calibration plot using 1000 bootstrap resampling method. Lower Brier scores indicate
superior model calibration [19]. In both derivation and validation cohorts, we compared the discrimination
and calibration of the nomogram with �ve conventional scoring systems: Mehta score, Ng score, AKICS
score, SRI score, and Cleveland Clinic score. The clinical practice and bene�ts of the models were
estimated by decision curve analyses [20] (rmda package of R, version 1.6). To facilitate clinical use of
the model, we calculated the total score for each patient by summing the points of each factor. Patients
were strati�ed into three risk groups based on the score distribution: low-risk group (<20th percentile),
moderate-risk group (20th-80th percentile), and high-risk group (>80th percentile).

Next, we evaluated mid-term outcomes (two events: death from all causes and MAKEs) according to the
three risk-strati�ed groups. Time-to-event analyses were performed using Cox proportional hazards
models to compare death from all causes. Competing risk analysis was performed in the Fine and Gray
model to compare MAKEs after adjusting death as a competing risk (cmprsk package of R, version 3.5.3).
Hazard ratios (HRs), sub-distribution HRs (SHRs), and their two-sided 95% con�dence intervals (CIs) were
determined. Statistical analyses were performed using R (version 4.0.3, http://www.r-project.org/). A two-
sided P value <0.05 indicated statistically signi�cant.

Results

Characteristics of the cohorts
From January 2013 to December 2020, 11740 participates met the inclusion criteria and were enrolled for
analysis. They were randomly assigned to a derivation cohort (n = 8197) or a validation cohort (n =
3543), with a split ratio of 7:3. The analysis work�ow is shown in Additional �le, Fig. S1. The baseline
characteristics were similar between the two cohorts. The rates of AKI were 27.6%, 27.5%, and 27.8% in
the total, derivation, and validation cohorts, respectively (see Additional �le, Table S2).

Feature Selection
54 variables during hospitalization were included in LASSO regression (Fig. 1A). The results showed that
14 variables remained signi�cant predictors of AKI, including age, male, diabetes mellitus, hypertension,
renal disease without dialysis, critical preoperative state, infective endocarditis, Scr, surgery type, CPB
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time, intra-aortic balloon pump, intraoperative red blood cell (RBC) transfusion, prolonged mechanical
ventilation (PMV), and reoperation for bleeding (Fig. 1B). Inclusion of these 14 predictors in a multivariate
logistic regression model resulted in 12 predictors (excluded male and reoperation for bleeding) that were
statistically signi�cant for AKI and were included in the �nal model (Table 2).
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Table 2
Multivariate logistic regression model showing the independent risk factors of acute kidney injury in the

derivation cohort
Factors β OR (95% CI) P value

Age, years      

60-69 vs <60 0.5909 1.81 (1.56-2.09) <0.001

≥70 vs <60 1.0776 2.94 (2.50-3.46) <0.001

Diabetes mellitus      

NIDDM vs no history 0.7228 2.06 (1.75-2.42) <0.001

IDDM vs no history 1.2964 3.66 (2.85-4.69) <0.001

Hypertension, yes vs no 0.5547 1.74 (1.54-1.98) <0.001

Renal disease without dialysis, yes vs no 2.3274 10.25 (6.59-15.94) <0.001

Critical preoperative state, yes vs no 1.1632 3.20 (2.39-4.28) <0.001

Infective endocarditis, yes vs no 1.0847 2.96 (2.28-3.84) <0.001

Serum creatinine, mg/dl      

1.2-2.0 vs <1.2 0.7530 2.12 (1.74-2.60) <0.001

>2.0 vs <1.2 2.2334 9.33 (4.80-18.14) <0.001

Surgery type      

Valve surgery alone vs CABG alone 0.6850 1.98 (1.69-2.34) <0.001

Combined surgery vs CABG alone 1.5972 4.94 (4.06-6.00) <0.001

Cardiopulmonary bypass time, min      

1-120 vs none 0.7237 2.06 (1.66-2.57) <0.001

>120 vs none 1.3248 3.76 (2.95-4.79) <0.001

Intra-aortic balloon pump, yes vs no 1.7045 5.50 (3.31-9.14) <0.001

Intraoperative red blood cell transfusion, yes vs no 0.9814 2.67 (2.27-3.13) <0.001

Prolonged mechanical ventilation, yes vs no 0.7556 2.13 (1.82-2.48) <0.001

Intercept -4.0269    

OR: odds ratio; CI: con�dence interval; NIDDM: non-insulin-dependent diabetes mellitus; CABG:
coronary artery bypass grafting.

Nomogram And Model Performance
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A nomogram model was generated based on the coe�cients of the logistic regression (Fig. 2). The
nomogram demonstrated good discrimination for predicting AKI, with a C-statistic of 0.825 (95% CI
0.815-0.835) and an adjusted C-statistic of 0.819 by internal validation. Correspondingly, in the validation
cohort, the nomogram displayed a C-statistic of 0.804 (95% CI 0.789-0.820). The 1000-resample
bootstrapped calibration plot showed an optimal agreement between the predicted risk and observed
frequency in both cohorts (Fig. 3).

Model Comparisons
The performance of the nomogram model was compared with �ve conventional models: Mehta score, Ng
score, AKICS score, SRI score, and Cleveland Clinic score. In both cohorts, the nomogram model had
better discrimination and calibration than other �ve models. Decision curve analyses revealed that the
nomogram model had a superior net bene�t over the other �ve models for most of the examined
probabilities (Additional �le, Fig. S2).

Risk Strati�cation And Mid-term Outcomes Evaluation
In the derivation cohort, the patients were strati�ed into low-risk, moderate-risk, and high-risk groups with
two knots score being placed at 60 and 165, corresponding to the 20th and 80th percentile of score
distribution, respectively. The risks of AKI for the three risk groups were approximately similar in both
cohorts (Additional �le, Fig. S3).

The mid-term follow-up data were extracted from our center, and 2786 consecutive patients were
available for analysis (January 2013-June 2019). These patients were allocated to low-risk group (score
<60, n = 557), moderate-risk group (score ≥60 / ≤165, n = 1625), and high-risk group (score >165, n =
604) by calculating each individual score. Data were censored on 31st January 2020. 149 patients (5.3%)
were lost to follow-up and were included in the analysis according to the last data recorded in the registry.
The missing follow-up rates were 4.7%, 5.4%, and 5.8% for low-risk, moderate-risk, and high-risk groups,
respectively; no signi�cant difference was found between the three groups (P = 0.683). Higher score
group was associated with signi�cantly higher probabilities of death and MAKEs during the 7-year follow-
up. With the low-risk group used as the reference category, the rates of death from all causes were 8.9%
(95% CI 6.3-11.3%) for moderate-risk group (HR 2.01, 95% CI 1.12-3.61; P = 0.012) and 19.4% (95% CI
12.9-25.5%) for high-risk group (HR 4.50, 95% CI 2.47-8.22; P < 0.001) (Table 3 and Fig. 4A). Similar
�ndings were observed for MAKEs after adjusting for death as a competing risk. The rates of MAKEs
were 5.7% (95% CI 3.1-9.5%) for moderate-risk group (SHR 5.24, 95% CI 1.63-16.90; P = 0.006) and 10.2%
(95% CI 6.0-15.7%) for high-risk group (SHR 11.30, 95% CI 3.47-36.71; P < 0.001) (Table 3 and Fig. 4B).
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Table 3
7-year cumulative incidences of death from all causes and MAKEs by risk groups

Outcome KM HR† (95%CI) P
value

CICR SHR‡ (95%CI) P
value

Death from all
causes

           

Low-risk group 4.7 (0.8-8.4) 1 (referent) N/A N/A N/A N/A

Moderate-risk
group

8.9 (6.3-
11.3)

2.01 (1.12-
3.61)

0.012 N/A N/A N/A

High-risk group 19.4 (12.9-
25.5)

4.50 (2.47-
8.22)

<0.001 N/A N/A N/A

MAKEs            

Low-risk group 0.7 (0.2-1.0) 1 (referent) N/A 0.6 (0.2-
1.9)

1 (referent) N/A

Moderate-risk
group

6.0 (2.5-9.3) 5.27 (1.64-
16.93)

0.005 5.7 (3.1-
9.5)

5.24 (1.63-
16.90)

0.006

High-risk group 11.0 (5.3-
16.2)

11.56 (3.56-
37.54)

<0.001 10.2 (6.0-
15.7)

11.30 (3.47-
36.71)

<0.001

† Derived from Cox regression analysis; ‡ Derived from Fine and Gray analysis; KM: Kaplan-Meier;
CICR: cumulative incidence competing risk; HR: hazard ratio; SHR: sub-distribution hazard ratio; CI:
con�dence interval; MAKEs: major adverse kidney events; N/A: not applicable.

Discussion
Using a large cohort from 14 cardiac centers, we developed and validated a nomogram model to predict
AKI and evaluate subsequent adverse outcomes for patients undergoing cardiac surgery in China. The
nomogram demonstrated adequate discrimination and calibration in both cohorts and showed a better
performance when compared with other �ve scoring systems. Additionally, we strati�ed patients into low-
risk, moderate-risk, and high-risk groups according to the score generated from the nomogram. Higher
score group was associated with higher risks of death from all causes and MAKEs during 7-year follow-
up. These �ndings suggested that the nomogram could serve as a risk-calculated tool for enhancing the
risk strati�cation of CSA-AKI and its relevant clinical outcomes in Chinese cardiac patients.

Among 54 exposure variables, we identi�ed 12 important risk factors associated with CSA-AKI. Variable
selection procedure is one of the most important processes when constructing a prediction model.
Logistic regression is commonly used. Traditional approach that included a set of variables to generate a
model tends to lead to over�tting [21]. The feature selection strategies we applied in this study, which is a
combination of machine learning and logistic regression method, provide insights on handing clinical
data. LASSO is an alternative and effective option in handling high-dimensionality data. It penalizes
magnitude of regression coe�cients and excludes variables with a zero coe�cient. A particular
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advantage of this technique is that it avoids both over�tting and overestimation during model derivation
[18]. After this selection process, the strong predictors were identi�ed in the �nal model. Several predictors
identi�ed in this study are consistent with previous researches, including age, diabetes mellitus,
hypertension, critical preoperative state, Scr, surgery type, CPB time, and intraoperative RBC transfusion.
Renal disease, infective endocarditis and PMV are new risk factors that have not been incorporated into
those scoring systems. This indicated that, despite differing in races, AKI may have some common risk
factors. However, these risk factors have different coe�cients between races, and thus contributing
different weights in the models.

We compared the performance of the �ve conventional models and found none of them demonstrated
adequate power for predicting AKI in Chinese cardiac patients, both in terms of discrimination and
calibration. Several factors may affect their wide application. First, the AKI de�nitions were various in the
previous studies. In 2012, diagnostic criteria of AKI were revised signi�cantly by the KDIGO organization.
Therefore, the models established before 2012 may be imprecise and should be cautiously applied to
current clinical practice [22]. Second, the Mehta score, Cleveland Clinic score, and SRI score were
developed principally for AKI requiring renal replacement therapy (RRT-AKI), which is rare and not less
severe stages of AKI, with incidences of 1.4-2.2% in their reports, obviously lower than the any-stage AKI
rate (27.6%) in the present study. Ranucci et al. [23] validated the three models in a single-center study.
They found that the three models showed excellent predictive ability for RRT-AKI, but were not well-
performed for predicting non-RRT-AKI. Similarly, Che et al. [24] found that the Cleveland Clinic score and
SRI score had poor classi�cation (AUCs ranged from 0.516 to 0.673), and cannot be applied effectively in
Chinese AKI patients. Third, most of previous prediction models only attached importance to preoperative
variables. Given that the occurrence of AKI is a dynamic process and is particularly affected by
procedure-related factors, we suggest that all preoperative, intraoperative, and early postoperative
parameters should be screened for assessment during model derivation. Taken together, these data
indicated that the study end point, race, and sample source are still pivotal factors and different models
may be more suitable to apply to their speci�c populations.

Although AKI may be reversible, some of the patients develop mild or even transient AKI that could lead to
CKD or adverse clinical outcomes [25, 26]. Particularly in patients with pre-existing renal disease (e.g., in
older patients, high levels of Scr), AKI substantially accelerates the severity of kidney dysfunction and its
progression to end-stage renal disease or adverse events [27, 28]. However, the pathophysiology and
precise mechanism of AKI-to-CKD transition are complex and remain not fully understood. Notably, the
nomogram model did not only predict CSA-AKI, higher score group was also associated with higher rates
of mid-term death and MAKEs. These �ndings highlight the nomogram as a useful tool assisting in the
risk strati�cation of AKI and mid-term outcomes. When considering the clinical implications, we suggest
that this model may be useful in enriching patient cohorts for clinical trials or establishing benchmarks of
cardiac surgical care. Using the nomogram may help in choosing preventive strategies in the
perioperative management of patients. These strategies might include individualized blood pressure
control, change of the surgical procedures (e.g., change from on-pump to off-pump surgery), reduced CPB
time, and intensi�ed hemodynamic monitoring and airway management (e.g., early extubation).
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Our study has several strengths. We included 14 hospitals, and more than 11000 Chinese cardiac
patients. Compared with previous study of AKI, de�ned as RRT-AKI, a de�nition of any-stage AKI was used
in this study, thus extending the risk model to milder AKI patients. Besides, our study revealed that AKI is
strongly associated with poor clinical prognosis; an AKI prediction model could also be useful for
evaluating subsequent adverse outcomes of CSA-AKI. However, several limitations of this study should
also be acknowledged. First, although the data were prospectively collected with adequate quality, the
ascertainment or selection bias from a retrospective in design could not be fully avoided. Second, the
model was developed based on routine variables extracted from the electronic health records. Therefore,
the risk model can only apply the variables that have been collected. Third, although we developed and
validated the model with a multicenter data resource, the model was not externally validated in other
races or regions. It would be of caution to apply the model to other developing nations. External
validation of the model in larger scale of Chinese patient cohorts is also needed.

Conclusion
The nomogram provided an effective tool for predicting acute kidney injury and evaluating its subsequent
adverse events after cardiac surgery.
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Figures

Figure 1

Feature selection using least absolute shrinkage and selection operator regression. (A) Coe�cient pro�les
of 54 variables. (B) Identi�cation of optimal penalization coe�cient using 10-fold cross-validation via
minimum lambda plus 1 standard error criterion (14 variables).
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Figure 2

Nomogram to predict the probability of cardiac surgery-associated acute kidney injury. NIDDM: non-
insulin-dependent diabetes mellitus; CABG: coronary artery bypass grafting; CPB: cardiopulmonary
bypass; PMV: prolonged mechanical ventilation; CI: con�dence interval.
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Figure 3

Model performance for evaluating cardiac surgery-associated acute kidney injury. The area under the
curves of the nomogram for predicting acute kidney injury in the derivation (A) and validation (B) cohorts.
Calibration curves of the nomogram for predicting acute kidney injury in the derivation (C) and validation
(D) cohorts. AUC: area under the receiver operating characteristic curve; CI: con�dence interval.

Figure 4

Cumulative incidence curves for death from all causes (A) and major adverse kidney events (B) after risk
strati�cation. MAKEs: major adverse kidney events.
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