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Objective: There has been a worldwide increment in acute kidney injury (AKI) incidence among elderly orthopedic operative
patients. The AKI prediction model provides patients’ early detection a possibility at risk of AKI; most of the AKI prediction models
derive, however, from the cardiothoracic operation. The purpose of this study is to predict the risk of AKI in elderly patients after
orthopedic surgery based on machine learning algorithm models.
Methods: We organized a retrospective study being comprised of 1000 patients with postoperative AKI undergoing orthopedic
surgery from September 2016, to June, 2021. They were divided into training (80%;n=799) and test (20%;n=201) sets.We utilized nine
machine learning (ML) algorithms and used intraoperative information and preoperative clinical features to acquire models to predict
AKI. The performance of the model was evaluated according to the area under the receiver operating characteristic (AUC), sensitivity,
specificity and accuracy. Select the optimal model and establish the nomogram to make the prediction model visualization. The
concordance statistic (C-statistic) and calibration curve were used to discriminate and calibrate the nomogram respectively.
Results: In predicting AKI, nine ML algorithms posted AUC of 0.656–1.000 in the training cohort, with the randomforest standing
out and AUC of 0.674–0.821 in the test cohort, with the logistic regression model standing out. Thus, we applied the logistic
regression model to establish nomogram. The nomogram was comprised of ten variables: age, body mass index, American Society of
Anesthesiologists, hypoproteinemia, hypertension, diabetes, anemia, duration of low mean arterial pressure, mean arterial pressure,
transfusion.The calibration curves showed good agreement between prediction and observation in both the training and test sets.
Conclusion: By including intraoperative and preoperative risk factors, ML algorithm can predict AKI and logistic regression model
performing the best. Our prediction model and nomogram that are based on this ML algorithm can help lead decision-making for
strategies to inhibit AKI over the perioperative duration.
Keywords: acute kidney injury, orthopedic surgery, machine learning algorithms, nomogram, prediction model

Background
Acute kidney injury (AKI) is an ordinary post-surgical complication characterized by a sharp decline in glomerular
filtration rate within a short period, rapid accumulation of metabolites in the body, and a clinical syndrome caused by
a severe disorder of the body’s internal environment. With increasing age, the physiological reserves of elderly patients
are further reduced, which increases the proportion of postoperative AKI.1

Based on previous data, the incidence of AKI after orthopedic surgery fluctuates between 6.7% ~10.8%. The times
requires for orthopedic surgery and anesthesia are extended. The body’s stress response, intraoperative and postoperative
body position changes, and greater bleeding risk, combined with older patients’ renal conditions themselves, are poor and
often accompanied by major heart blood vessel and high blood pressure problems. Thus, such surgeries carry a high
surgical risk and complication rate because of the wide range of tissue dissections and large wound surfaces; increasing
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the possibility of postoperative AKI.2 Orthopedic surgery increases the incidence of renal-related complications and
mortality, which may increase hospitalization time and costs and even increase long-term mortality.3,4 Ideal individual-
based treatment decisions should replace the “one-size-fits-all” approach suggested in the guidelines. Such generalized
decision-making highlights the importance of accurately predicting AKI events with a more personalized therapeutic
schedule. Studies have found that the occurrence of postoperative AKI is closely related to patient age, primary diseases,
and surgical causes.5 This study explored the incidence and risk of AKI in elderly patients after major orthopedic surgery.

Machine learning (ML) as a new type of artificial intelligence (AI) is beginning to be widely used in medical data
analysis.6 Using the robust predictive ability of ML algorithms, it is possible to develop predictive tools that are superior
to traditional statistical modeling in some cases to better predict AKI. ML has been widely applied in other clinical
setting such as ICU.7–10 Unfortunately, there is no research to train ML algorithms to predict AKI in elderly orthopedic
patients. Therefore, the purpose of this study is to use the preoperative and intraoperative clinical characteristics to
establish a ML-based prediction model, predict the possibility of individualized treatment of AKI, and establish
a nomogram to visualize the prediction model.

Materials and Methods
Study Population and Design
This retrospective study was based on the Electronic Medical Record system of patients admitted to the inpatient
Department of Anesthesiology of the Affiliated Hospital of Xuzhou Medical University. 1000 elderly patients who had
undergone orthopedic surgery from September 2016, to June, 2021 were included finally. The Ethics Committee
approved this study of local institutions (Ethics Committee of Affiliated Hospital of Xuzhou Medical University). The
requirement for informed consent waived, because this retrospective trial was limited to preexisting data without
intervention. We confirm that the data was anonymized or maintained with confidentiality and our study complies
with the Declaration of Helsinki. Eligible participants aged over 60 years. Qualified surgical methods include the
following: total hip replacement, lumbar laminectomy. Exclusion criteria for clinical data missing. Emergency surgery
patients. Patients with severe liver and kidney dysfunction. Combined with severe heart failure, arrhythmia and other
cardiac function diseases. Patients with secondary surgery and hip revision.

Data Collection
Participants were assessed at baseline within one week before surgery. Clinicians reviewed the medical records to collect
information about the operation process, demographic data, basic disease history, general perioperative conditions, related
laboratory tests, surgery type and duration, baseline diagnosis of AKI. The baseline characteristic data, including patient
demographics (age, gender, and body mass index (BMI)) and preexisting comorbidities (diabetes mellitus, hypertension,
hypoproteinemia, anemia, myocardial infarction (MI)), were utilized to train the AKI predictive model. From this information
set, we identify features for our prediction model. Potential predictors need to be feasible in a busy clinical setting through
existing sources (such as medical records or standard laboratory data) or through rapid screening tests. We refer to these
variables as the full feature set. Some study variables have been previously assessed, including age,11,12 preoperative renal
function,12–15 preoperative medications,12,14,16 preoperative hemoglobin,17 American Society of Anesthesiologists (ASA)
Physical Status classification,11,14,15 and surgical procedure type.12,14,18 Previous studies have reported that intraoperative
blood loss and transfusion, intraoperative hemodynamic fluctuations, especially the duration of hypotension, intraoperative
fluid replacement, etc., may be associated with AKI after orthopedic surgery in elderly patients. These risk factors have been
proved to promote the occurrence and development of AKI to a certain extent. The baseline serum creatinine level was defined
according to the preoperative serum creatinine level closest to the beginning of surgery.

Diagnosis of AKI
This study used AKI diagnosis standard based on the current international guidelines for Kidney Disease: Improving
Global Outcomes (KDIGO). The KDIGO guidelines include the respective advantages of the RIFLE standard developed
by the previous acute dialysis quality initiative and the AKIN standard developed by the acute kidney injury network
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working group, so as to achieve the purpose of early diagnosis of AKI. Since postoperative urine volume is affected by
many factors, it is difficult to record in retrospective study. In this study, serum creatinine was only used as an indicator
for the diagnosis of postoperative AKI.19 One of the following conditions can be diagnosed AKI: serum creatinine
increased ≥ 26.5μmol/L within 48h. Serum creatinine levels increased by 1.5 times or more than the baseline and were
clearly or inferred to occur within 7 days.

Statistical Analyses
Fisher’s exact test and the Mann–Whitney U-test were used for the discrete and continuous variables, respectively. To
discover the predictors determining AKI, all the predictors were foremost examined for multicollinearity applying the
variance inflation factor (VIF) and then enrolled into the model applying multivariable logistic regression analysis. The
odds ratio (OR) of independent risk factors for AKI were estimated at 95% confidence intervals (CI) using the stepwise
selection method.

ML algorithms are characterized in accordance with their extraordinary performances and perform considerably than
conventional regression gets access to in predicting results from large datasets.20,21 We produced nine types of ML
algorithms to model our information: extreme gradient boost (XGBoost), logistic, light gradient boosting machine
(LightGBM), randomforest, adaptive boost (AdaBoost), gaussian naive bayes (GausianNB), multi-layer perceptron
(MLP), support vector machine (SVC) and k-nearest neighbor (KNN). Of the whole samples, 80% were at random
chose to train the models, when 20% were applied for test. For ML-based models, adjustments are considered throughout
the training process to prevent overfitting. The best hyperparameter of ML models is 5-fold cross validation. Then
according to R application further training ML algorithms to predict the risk of AKI. We evaluated the prediction power
of each ML classifier using equivalent hyperparameters on the test sets, and calculated the area under receiver operating
characteristic (AUC) and the corresponding sensitivity and value, specificity and overall accuracy of ML algorithms.
While comparing the performance of the ML algorithms, an AUC that was nearer to 1 showed a more excellent
classification model performance. The risk factors screened by the optimal algorithm were selected, and the nomogram
was further drawn. The concordance statistic and calibration curve were used to discriminate and calibrate the nomogram
respectively. All tests were two-tailed, and a P value <0.05 was considered statistically significant. All the statistical
analyses were executed employing the statistical software package R, version 4.0.4 and SPSS version 16.0 (SPSS Inc.,
Chicago, IL).

Results
Baseline Patient Characteristics
Based on a review of the results of elderly patients undergoing orthopedic surgery, 99 patients were placed in the
AKI group and 901 in the non-AKI group. During the modeling process, the AKI patients who underwent
orthopedic surgery being divided into two cohorts, training (799 patients total, 79 AKI, and 720 non-AKI) and
test (201 patients total, 20 AKI, and 181 non-AKI). The baseline characteristics of patients with and without AKI in
the training and validation cohorts are shown in Table 1. The proportion of AKI after orthopedic surgery in elderly
patients was 9.89% in the training cohort and 9.95% in the test cohort. The patients who required AKI after
orthopedic surgery in elderly patients had a higher frequency of diabetes, hypertension, anemia, hypoproteinemia
and transfusion, and higher ASA classification, age and BMI, and lower MAP, and lower mean arterial pressure time
for longer duration.

Machine Learning Algorithms and Comparison Statistical Prediction Model
ML algorithms for prediction of AKI included extreme gradient boost (XGBoost), logistic, light gradient boosting
machine (LightGBM), randomforest, adaptive boost (AdaBoost), gaussian naive bayes (GausianNB), multi-layer percep-
tron (MLP), support vector machine (SVC) and k-nearest neighbor (KNN). We compare ML algorithm with standard
AKI prediction method. Firstly, we use standard regression stepwise logistic regression to evaluate the prediction results.
For the ML model, we conduct repeated 5-folding cross validation based on the optimization of AUC to identify the
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Table 1 Perioperative Statistical Data of Participants

Variables Cohort P-value

Training (N=799) Test (N=201)

Age, years 71.00(8.00) 71.00(8.00) 0.883

Gender 0.558

Female 412(51.56) 99(49.25)

Male 387(48.43) 102(50.74)

BMI, kg/m2 22.00(5.00) 22.00(6.00) 0.772

ASA 0.516

ASA I 189(23.66) 40(19.90)

ASA II 450(56.32) 120(59.70)

ASA III 160(20.03) 41(20.40)

Hypertension 0.173

Yes 273(34.16) 79(39.30)

No 526(65.83) 122(60.69)

Diabetes 0.521

Yes 174(21.77) 48(23.88)

No 625(78.22) 153(76.12)

Anemia 0.998

Yes 151(18.89) 38(18.90)

No 648(81.10) 163(81.09)

Hypoproteinemia 0.495

Yes 305(38.17) 82(40.79)

No 494(61.82) 119(59.20)

Smoke 0.862

Yes 225(28.16) 55(27.36)

No 574(71.84) 146(72.64)

Drink 0.832

Yes 140(17.52) 37(18.41)

No 659(82.48) 164(81.59)

ACEIs 0.753

Yes 370(46.31) 90(44.78)

No 429(53.69) 111(55.22)

NSAIDs 0.870

Yes 197(24.66) 50(24.88)

No 602(75.34) 151(75.12)

MI 0.745

Yes 62(7.76) 14(6.97)

No 737(92.24) 187(93.03)

Vancomycin 0.836

Yes 13(1.63) 3(1.49)

No 786(98.37) 198(98.51)

Aminoglycosides 0.830

Yes 35(4.38) 10(4.98)

No 764(95.62) 191(95.02)

Operation 0.369

Hip replacement 115(14.39) 24(11.94)

Lumbar spine 684(85.60) 177(88.06)

(Continued)
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Table 1 (Continued).

Variables Cohort P-value

Training (N=799) Test (N=201)

Scr, μmol/L 64.00[7.00] 63.00[20.00] 0.453

Transfusion 0.571

Yes 238(29.78) 64(31.84)

No 561(70.21) 137(68.15)

BG1, mmol/L 5.51(1.29) 5.53(1.58) 0.298

BG2, mmol/L 5.80(1.50) 6.00(1.50) 0.214

BG3, mmol/L 6.20(1.93) 6.32(1.70) 0.116

BUN1, mmol/L 5.64(2.38) 5.56(1.13) 0.962

BUN2, mmol/L 5.45(2.60) 5.45(2.54) 0.394

Cl−, mmol/L 110.50(7.70) 110.00(4.50) 0.624

PO2, mmHg 493.40(128.00) 483.00(124.40) 0.894

PCO2, mmHg 39.70(6.90) 38.80(7.10) 0.678

Na+, mmol/L 138.40(5.60) 138.70(4.50) 0.521

Lactic acid, mmol/L 1.20(0.60) 1.20(0.60) 0.515

K+, mmol/L 3.60(0.56) 3.61(0.65) 0.937

Ca2+, mmol/L 1.09(0.09) 1.07(0.11) 0.326

BE 1.44(1.51) 1.48(1.61) 0.157

Ddbp, minutes 55.00(90.00) 60.00(90.00) 0.450

DBP, mmHg 62.00(10.00) 62.00(9.00) 0.623

Dsbp, minutes 0.00(5.00) 0.00(10.00) 0.353

SBP, mmHg 118.00(18.00) 118.00(19.00) 0.650

Dmap, minutes 20.00(20.00) 22.00(18.00) 0.281

MAP, mmHg 75.00(14.00) 75.00(13.00) 0.143

Remifentanil, μg 735.00(660.00) 495.00(660.00) 0.552

Propofol, mg 688.00(404.00) 688.00(476.00) 0.632

Dexmedetomidine, μg 30.00(30.00) 30.00(30.00) 0.530

Urine, mL 300.00(100.00) 400.000(120.00) 0.289

Colloid, mL 500.00(0.00) 500.00(150.00) 0.703

Crystal, mL 1500.00(650.00) 1500.00(750.00) 0.791

Blood, mL 420.00(250.00) 420.000(270.00) 0.739

Toperation, minute 240.00(80.00) 230.00(90.00) 0.212

Abbreviations: AKI, acute kidney injury; BMI, body mass index; ASA, American Society of Anesthesiologists; ACEIs, angiotensin
converting enzyme inhibitors; NSAIDs, nonsteroidal antiinflammatory drugs; MI, myocardial infarction; Scr, serum creatinine; BG1,
preoperativeblood glucose; BG2, intraoperative blood glucose; BG3, postoperative blood glucose; BUN1, preoperative blood urea
nitrogen; BUN2, postoperative blood urea nitrogen; PO2, partial pressure of oxygen; PCO2, partial pressure of carbon dioxide; BE,
base excess; Ddbp, duration of low diastolic blood pressure; DBP, diastolic blood pressure; Dsbp, duration of low systolic pressure;
SBP, systolic pressure; Dmap, duration of low mean arterial pressure; MAP, mean arterial pressure; Toperation, duration of operation.
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optimal model parameters. We compared the models performance on the following criteria: AUC, sensitivity, specificity,
positive predictive value (PPV), negative predictive value (NPV), and accuracy. The following Figure 1 and Table 2
show the receiver operating characteristic curve (ROC) results of each model for AKI prediction. The AUC mean and
standard deviation (SD) of the model were calculated by multiple repeated sampling, and the number of repeated
sampling was 5. The top 20 important features derived from the the Random Forest Regressor are shown in Figure 2.
Ultimately, ten variables were selected and entered into the logistic regression model (Table 3). The variables in the
model included age, BMI, diabetes, hypertension, hypoproteinemia, duration of low mean arterial pressure, anemia,
transfusion, ASA, mean arterial pressure. In the training cohort, randomforest (sorted by AUC) is the best, and the

Figure 1 ROC curve analysis and forest plots of machine learning algorithms for prediction of AKI elderly patients under orthopedic surgery.
Abbreviations: XGBoost, extreme gradient boost; LightGBM, light gradient boosting machine; AdaBoost, adaptive boost; GaussianNB, gaussian naïve bayes; MLP, multi-
layer perceptron; SVC, support vector machine; KNN, k-nearest neighbor; AUC, area under curve.
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Table 2 Predictive Performance Comparison of the Eight Types of Machine Learning Algorithms

Variables Train Cohort

AUC Accuracy Sensitivity Specificity PPV NPV

XGBboost, mean 0.982 0.946 0.970 0.945 0.663 0.995

XGBboost, SD 0.005 0.017 0.012 0.018 0.078 0.001

Logistic, mean 0.817 0.732 0.745 0.732 0.229 0.962

Logistic, SD 0.010 0.030 0.027 0.035 0.020 0.003

LightGBM, mean 0.952 0.866 0.995 0.851 0.430 0.998

LightGBM, SD 0.006 0.013 0.006 0.015 0.018 0.001

RandomForest, mean 1.000 0.996 1.000 0.995 0.971 0.999

RandomForest, SD 0.000 0.001 0.000 0.001 0.006 0.000

AdaBoost, mean 0.883 0.776 0.863 0.726 0.288 0.971

AdaBoost, SD 0.010 0.032 0.059 0.055 0.029 0.007

GaussianNB, mean 0.813 0.742 0.749 0.742 0.241 0.963

GaussianNB, SD 0.015 0.036 0.049 0.045 0.021 0.006

MLP, mean 0.821 0.765 0.714 0.772 0.254 0.960
MLP, SD 0.010 0.041 0.059 0.051 0.033 0.005

SVC, mean 0.656 0.685 0.634 0.692 0.238 0.945
SVC, SD 0.087 0.135 0.217 0.176 0.101 0.017

KNN, mean 0.922 0.897 1.000 0.766 0.492 0.950
KNN, SD 0.006 0.006 0.000 0.021 0.031 0.004

Test Cohort

XGBboost, mean 0.756 0.690 0.763 0.674 0.215 0.953

XGBboost, SD 0.030 0.120 0.136 0.162 0.042 0.013

Logistic, mean 0.821 0.742 0.793 0.741 0.284 0.963

Logistic, SD 0.042 0.109 0.136 0.137 0.064 0.016

LightGBM, mean 0.761 0.701 0.760 0.697 0.204 0.959

LightGBM, SD 0.027 0.079 0.103 0.092 0.054 0.013

RandomForest, mean 0.727 0.761 0.660 0.756 0.206 0.948

RandomForest, SD 0.054 0.021 0.100 0.032 0.017 0.014

AdaBoost, mean 0.797 0.749 0.759 0.719 0.223 0.961

AdaBoost, SD 0.044 0.100 0.108 0.131 0.039 0.007

GaussianNB, mean 0.815 0.693 0.833 0.680 0.219 0.968

GaussianNB, SD 0.037 0.089 0.125 0.118 0.043 0.014

MLP, mean 0.806 0.704 0.813 0.697 0.245 0.961

MLP, SD 0.036 0.076 0.103 0.097 0.055 0.010

SVC, mean 0.703 0.815 0.608 0.839 0.400 0.954

SVC, SD 0.067 0.138 0.118 0.159 0.257 0.007

KNN, mean 0.674 0.863 0.576 0.741 0.236 0.925

KNN, SD 0.065 0.021 0.187 0.096 0.049 0.021

Abbreviations: XGBoost, extreme gradient boost; LightGBM, light gradient boosting machine; AdaBoost, adaptive boost; GaussianNB, gaussian naïve bayes; MLP, multi-
layer perceptron; SVC, support vector machine; KNN, k-nearest neighbor; AUC, area under curve; PPV, Positive predictive value; NPV, Negative predictive value; SD,
standard deviation.
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corresponding scores are: AUC:1.000, Accuracy: 0.996, Sensitivity:1.000, Specificity: 0.995, PPV: 0.971, NPV:0.999. In
the test cohort, logistic regression (sorted by AUC) is the best, and the corresponding scores are: AUC: 0.821, Accuracy:
0.742, Sensitivity: 0.793, Specificity: 0. 741, PPV: 0.284, NPV:0.963.

Figure 2 The top 20 important features derived from the Random Forest Regressor.
Abbreviations: BMI, body mass index; ASA, American Society of Anesthesiologists; Ddbp, duration of low diastolic blood pressure; DBP, diastolic blood pressure; Dsbp,
duration of low systolic pressure; SBP, systolic pressure; Dmap, duration of low mean arterial pressure; MAP, mean arterial pressure; Toperation, duration of operation.

Table 3 Multivariate Logistic Regression Analysis of Participants Based on
Preoperative and Intraoperative Data in the Training Cohort

Variables OR (95% CI) P-value

Preoperative variables

Age, years 1.090(1.043, 1.140) <0.001

BMI, kg/m2 1.089(1.023, 1.159) 0.007
ASA, I vs II vs III 2.460(1.215, 4.984) 0.012

Hypoproteinemia, yes vs no 1.614(1.009, 2.609) 0.049

Hypertension, yes vs no 2.037(1.283, 3.234) 0.003
Diabetes, yes vs no 2.148(1.297, 3.559) 0.003

Anemia, yes vs no 1.859(1.108, 3.119) 0.190

Intraoperative variables
Dmap, minutes 1.050(1.003, 1.069) <0.001

MAP, mmHg 0.958(0.936, 0.980) <0.001

Transfusion, yes vs no 1.905(1.186, 3.601) 0.008

Abbreviations: BMI, body mass index; ASA, American Society of Anesthesiologists; Dmap, duration of
low mean arterial pressure; MAP, mean arterial pressure.
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Univariate and Multivariate Logistic Regression Analyses of AKI
All the predictors were tested for multicollinearity and a variance inflation factor (VIF) <10 and then enrolled into the
model. The results showed that age (OR: 1.090; 95% CI: 1.043–1.140), BMI (OR: 1.089; 95% CI: 1.023–1.159), ASA
(OR: 2.460; 95% CI: 1.215–4.984), hypoproteinemia (OR: 1.614; 95% CI: 1.009–2.609), hypertension (OR: 2.037; 95%
CI: 1.283–3.234), diabetes (OR: 2.148; 95% CI: 1.297–3.559), anemia (OR: 1.859; 95% CI: 1.108–3.119), duration of
mean arterial pressure (OR: 1.050; 95% CI:1.003–1.069), transfusion (OR: 1.905; 95% CI: 1.186–3.601) were indepen-
dent positive predictors of AKI. Mean arterial pressure (OR: 0.958; 95% CI: 0.936–0.980) were independent negative
predictor of AKI. It can be seen that in our study age, BMI, ASA, hypoproteinemia, hypertension, diabetes and anemia
are intraoperative risk factors for AKI after orthopedic surgery in elderly patients. Dmap, MAP and transfusion are
postoperative risk factors.

Development and Evaluation of Nomogram
Age, BMI, ASA, hypertension, diabetes mellitus, hypoproteinemia, anemia, mean arterial pressure, duration of low mean
arterial pressure, and transfusion were all independent risk factors for AKI in elderly patients after orthopedic surgery.
These 10 variables were incorporated into the predictive model based on the results of stepwise regression. All
independent AKI predictors were considered when constructing the nomogram (Figure 3). Compared with the complex
logistic regression formula, the nomogram is simple and clear, and the clinical practicability is stronger. According to the
score of each independent variable, a vertical projection is made to the top points score axis, which can correspond to
a score. Finally, all ten independent risk factor variables are scored. The sum of each index score was projected to the risk
axis of postoperative AKI through the corresponding total points below to predict the incidence of AKI in elderly patients
after the orthopedic surgery. The higher the total score, the higher the risk of AKI. Therefore, the nomogram can predict
AKI for individual patients based on their medical condition. A calibration curve was used for calibration of the
nomogram. Calibration curve results show that the ideal curve and the actual curve only small offset. The actual
predictive curve is consistent with the ideal curve (B=1000 repetitions, Mean absolute error (A)=0.013, Mean absolute
error (B)=0.031), suggesting that the prediction model has good accuracy. After internal verification, this prediction
model has certain predictive value (Figure 4A and B). The C-statistic of the nonogram is 0.82 and the nomogram has
high predictive value.

Discussion
This study performs and verified a variety of current machine learning algorithms to predict AKI in elderly patients that
underwent major orthopedic surgery. According to the comparison of ML algorithms, the randomforest standing out in
predicting AKI of the training set and the logistic regression model provides the excellent performance of the test set.
This ML-based model may be used to direct intraoperative decision-making possibly.

Previous studies have reported that the occurrence of AKI after surgery leads to increases in postoperative
complications and patient mortality, which constitutes a heavy economic burden to their families and to society.
Patients with postoperative AKI tend to have more extended hospital stays and a higher 30-day rehospitalization
rate.11 Even after complete renal function recovery, postoperative AKI is associated with a significantly increased long-
term risk of death.22 According to a study by Liu et al23 the incidence of AKI in hospitalized patients in China is between
0.32% and 44.30%; however little literature exists on the incidence of AKI after orthopedic surgery. In this study, 99 of
1000 elderly patients who underwent the orthopedic surgery developed postoperative AKI—an incidence rate of 9.9%,
similar to that reported by Ali et al.24 The method used to detect AKI is crucial because the various methods are more or
less sensitive. The development and performance of an accurate prediction model will depend to a large extent on the
population studied and the factors involved in developing and testing the AKI prediction model. In our study, the
incidence of AKI was higher in elderly patients undergoing orthopedic surgery because we used KDIGO to define AKI,
which includes elevated serum creatinine (above 0.3 mg/dl (26.4 µmol/L)) and therefore includes milder forms of AKI.
However, any level of serum creatinine elevation reflects a clinically relevant reduction in glomerular filtration. Even

Clinical Interventions in Aging 2022:17 https://doi.org/10.2147/CIA.S349978

DovePress
325

Dovepress Chen et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


serum creatinine levels that reach normal before discharge are associated with progressive loss of renal function and
increased mortality after release.25

The results showed that patients with a low risk of AKI tend to have similar characteristics (good preoperative renal
function, few risk factors), but those who do develop AKI are more difficult to identify for various reasons. Accurate
prediction requires a strong predictor. The prediction model identified several preoperative risk factors, including age,
BMI, ASA, hypertension, diabetes mellitus, hypoproteinemia, and anemia, as the most critical contributing predictors of
AKI. The discovery that older age is extremely predictive of AKI in our study approximate to preceding researches.26,27

A recent study showed that for patients undergoing total hip arthroplasty, the incidence of AKI increased by 40% when
BMI increased by 5 kg/m2, and the mechanism is unclear, which may be related to increased inflammatory response and
oxidative stress.4 However, a study on the relationship between obesity and AKI points out that obesity may have
a certain protective effect on AKI in critically ill patients, and its mechanism may be related to the long-term chronic
inflammation caused by obesity itself. Long-term occult chronic inflammation has a certain protective effect on the
inflammation caused by kidney injury in the late stage. At present, the theory is still controversial. ASA classification is
an assessment of the overall health status of patients before surgery, reflecting the severity of preoperative combined
diseases; the higher the ASA classification, the worse the patient ‘s health and systemic disease and organ function. Only

Figure 3 Nomogram used for predicting AKI after orthopedic surgery in elderly patients. Logistic regression algorithm was used to establish nomogram. The final score (ie,
total points) is calculated as the sum of the individual scores of each of the ten variables included in the nomogram.
Abbreviations: BMI, body mass index; Dmap, duration of low mean arterial pressure; ASA, American Society of Anesthesiologists; MAP, mean arterial pressure; AKI, acute
kidney injury.
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a few studies have shown that ASA classification is related to AKI in the prediction factors of AKI after orthopedic
surgery. For example, Bell et al28 included 10,615 patients with orthopedic surgery and established a prediction model for
postoperative AKI. Finally, the prediction factors included in the model included ASA classification. Additionally,
patients with hypertension are prone to AKI in our consequences, which are consistent with earlier reports that suggest
that hypertension is an incontrovertible predictor of AKI.29 This aspect was previously demonstrated by Panitchote
et al.30 In addition, Liu et al31 found that diabetes mellitus is significantly associated with an increased risk of AKI. Our
study shows that patients with hypoproteinemia are more likely to develop AKI, which is also supported by previous
studies.32 Previous studies have also shown that preoperative hemoglobin levels (hemoglobin<8 mg/dl) are associated
with a fourfold increase in the risk of AKI.33 Similarly, transfusions of concentrated red blood cells is specifically
correlated with AKI.34–36 Although the mechanism of influence of such transfusions on AKI has not been fully clarified,
transfusion still poses a significant risk factor of AKI.37 Anemia in patients before surgery leads to reduced oxygenation
of red blood cells, and intraoperative transfusions may increase the incidence of postoperative AKI. Studies have pointed
out that this effect may be attributable to anemia, to insufficient patient blood volume, or to the transfusion product
itself.38

However, as mentioned in previous studies, the above factors are mainly based on preoperative information, which is
not enough to achieve a credible prediction. In addition, few studies assessed the predictive value of intraoperative
factors. Our study evaluated intraoperative medication, urine and hemodynamics. Our study revealed that the durations of
low mean arterial pressure, mean arterial pressure and transfusion were independent predictors of AKI and were

Figure 4 Calibration curve of the nomogram for the training set (A) and the validation set (B). Logistic regression algorithm was used to establish nomogram. The X-axis
represents the overall predicted probability of AKI after orthopedic surgery in elderly patients. and the Y-axis represents the actual probability. Model calibration is indicated
by the degree of fitting of the curve and the diagonal.
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associated with patients with AKI.39 Therefore, we suggest dynamic intraoperative blood pressure management, which
may not only protect the vital organs of patients undergoing surgery but also plays an essential role in predicting
postoperative AKI. Intraoperative blood pressure monitoring appears to be more promising as a factor for accurately
predicting postoperative AKI risk than do preoperative evaluations alone. The AKI prediction grades in patients
undergoing meaningful surgeries have been reported from other settings. All the predictors, nevertheless, originate
from merely preoperative information; no aggregated perioperative information was incorporated. The other two AKI
prediction scores were reported from ordinary major noncardiothoracic surgical operation by Park et al40 and Lei et al.41

Compared with studies attempting to predict AKI risk,42–46 our work exhibits several strengths. Foremost, few prior
pieces of research have concentrated on patients suffer from clinically low-risk AKI. Furthermore, little research
literature is available on applying ML algorithms to predict operative AKI. To the best of our knowledge, this is the
first study to evolve predictive models using ML algorithms to guide AKI’s risk assessment from ordinary clinical
information. In addition, capitalizing on the progress in computer science and clinical informatics in combination with
dynamic (time-varying) clinical parameters may prove more conducive to clinical risk prediction model than relying on
a single static clinical parameter. The prediction model of this study establishes a visual nomogram, which can intuitively
predict the risk of AKI. Clinical medical staff can calculate the risk probability of AKI according to nomogram, so as to
intervene the risk factors of AKI and improve clinical decision-making ability. The calibration curve indicates that the
prediction model has good accuracy. Thus, developing clinical decision support systems to strengthen health-related
decision making and that can promote timely intervention to prevent or mitigate AKI or promote its rehabilitation is
useful.

This study, however, also has limitations. First, retrospective studies’ nature may lead to selection bias. Second, our
ML algorithm model is limited to a particular mechanism to a certain extent, which may limit its generalizability. This
aspect needs to be further verified in real scenarios. In addition, because our current clinical database has some
limitations, its predictive value is insufficiently high. Finally, this study mainly judged the occurrence of AKI according
to the serum creatinine concentration of patients during the perioperative period, which can be affected by many factors,
such as age and muscle content. For next work, we suggest developing a large, heterogeneous, multicenter, multiethnic
cohort to improve, homogenize and validate the prevailing clinical risk prediction models. To date, no risk stratification
tool for predicting AKI recovery has been developed. New AKI biomarkers can be incorporated into the clinical risk
prediction model.

Conclusions
We developed and evaluate ML algorithms to predict postoperative AKI using available preoperative and intraoperative
variables and logistic regression model performing the best. The prediction models and nomogram can accurately
identify patients with high risk of AKI. Our future goal is to develop an online risk calculator that provides clinicians
with an easy-to-use tool to make accurate surgical decisions and to further improve the performance of our models in the
field of personalized medicine. A wider population is also required for further validation.
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