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Abstract

Background: Acute kidney injury (AKI) is acommon adverse outcome following nephrectomy. The progression from AKI to
acute kidney disease (AKD) and subsequently to chronic kidney disease (CK D) remains aconcern; yet, the predictive mechanisms
for thesetransitions are not fully understood. I nterpretable machine learning (ML) model s offer insightsinto how clinical features
influence long-term renal function outcomes after nephrectomy, providing a more precise framework for identifying patients at
risk and supporting improved clinical decision-making processes.

Objective: Thisstudy aimedto (1) evaluate postnephrectomy rates of AKI, AKD, and CKD, analyzing long-term renal outcomes
along different trgjectories; (2) interpret AKD and CKD models using Shapley Additive Explanationsvaluesand Loca Interpretable
Model-Agnostic Explanations algorithm; and (3) devel op aweb-based tool for estimating AKD or CKD risk after nephrectomy.

Methods: We conducted a retrospective cohort study involving patients who underwent nephrectomy between July 2012 and
June 2019. Patient data were randomly split into training, validation, and test sets, maintaining aratio of 76.5:8.5:15. Eight ML
algorithms were used to construct predictive models for postoperative AKD and CKD. The performance of the best-performing
models was assessed using various metrics. We used various Shapley Additive Explanations plots and Local Interpretable
M odel-Agnostic Explanations bar plotsto interpret the model and generated directed acyclic graphsto explore the potential causal
relationships between features. Additionally, we developed a web-based prediction tool using the top 10 features for AKD
prediction and the top 5 features for CKD prediction.

Results. The study cohort comprised 1559 patients. Incidence rates for AKI, AKD, and CKD were 21.7% (n=330), 15.3%
(n=238), and 10.6% (n=165), respectively. Among the evaluated ML models, the Light Gradient-Boosting Machine (LightGBM)
model demonstrated superior performance, with an area under the receiver operating characteristic curve of 0.97 for AKD
prediction and 0.96 for CKD prediction. Performance metrics and plots highlighted the model’s competence in discrimination,
calibration, and clinical applicability. Operative duration, hemoglobin, blood loss, urine protein, and hematocrit were identified
asthetop 5 features associated with predicted AKD. Baseline estimated glomerular filtration rate, pathology, trajectories of renal
function, age, and total bilirubin were the top 5 features associated with predicted CKD. Additionally, we developed a web
application using the LightGBM model to estimate AKD and CKD risks.
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Conclusions: An interpretable ML model effectively elucidated its decision-making process in identifying patients at risk of
AKD and CKD following nephrectomy by enumerating critical features. The web-based calculator, found on the LightGBM
model, can assist in formulating more personalized and evidence-based clinical strategies.

(JMIR Med Inform 2024;12:e52837) doi: 10.2196/52837
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Introduction

Renal tumors rank as the second most prevalent neoplasms in
urology, succeeding bladder cancer, and their annual incidence
is on the rise [1,2]. Nephrectomy remains the preferred
therapeutic modality for localized renal tumors[3], and patients
who are eligible for nephrectomy generaly favor longer life
span [4]. Nevertheless, a decline in kidney function frequently
ensues following nephrectomy. It has been proven that the
nephron reduction stemming from radical nephrectomy (RN)
or partial nephrectomy (PN) can result in postoperative acute
kidney injury (AKI), subsequently heightening the risk of
chronic kidney disease (CKD) and mortality [5,6]. Therefore,
itiscrucial to discern the predicted risk factors associated with
renal function decline and precisely forecast postoperative renal
impairment, enabling timely intervention.

AKI and CKD are not 2 separate clinical syndromes but often
manifest asacontinuum of disease[7]. The 16th Acute Disease
Quality Initiative meeting has defined acute kidney disease
(AKD) as the occurrence of acute or subacute damage or loss
of kidney function for aduration of 7 to 90 days after the onset
of an AKI-initiating event [8]. Within the AKD time frame,
interventions like patient education, medication adjustments,
and regular follow-up can be initiated, potentialy leading to
disease reversal [9]. According to AKD definition, renal
recovery is classified into 3 primary groups. transient AKI,
subacute AKD, and persistent AKI [8].

Recent, noteworthy stridesin machinelearning (ML) have given
rise to remarkable breakthroughs, encompassing fields like
autonomous driving, recommending products, and surpassing
human expertisein intricate games such aschess[10-12]. These
advancements have increasingly impacted the health care
domain, particularly in clinical decision support systems, aiding
in clinical decision-making, forecasting disease progression,
and enhancing the distribution of medical resources [13,14].
ML offers significant advantages in clinical decision-making
by analyzing large datasets, facilitating high-throughput and
real-time predictions, and identifying complex patterns.
However, considering the challengesrelated to decision-making
transparency, individual patient variability, and ethical concerns,
ML should be considered a complementary tool to enhance
physicians’ diagnostic capabilities rather than substituting their
expertise. One of the prominent challenges faced by ML in the
health care domain is the enigma referred to as the * black-box
phenomenon,” indicating the deficiency in interpretability
experienced by both patients and health care providers[15,16].
The absence of interpretability in predictive models can erode
trust in these models, particularly in health care, where numerous
decisions directly involve matters of life and death. Recent
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advancements, however, have introduced algorithms that
effectively extract crucial variables and elucidate model
decisions[17].

Currently, there is limited research on the risk prediction of
AKD following nephrectomy, and the impact of
postnephrectomy AKD on CKD remains unclear. Additionally,
there is a lack of interpretable ML models and web-based
prediction tools for both AKD and CKD. Therefore, this study
aimed to achieve the following objectives; (1) assess the
postoperative occurrence rates of AKI, AKD, and CKD in
patientswho underwent nephrectomy; (2) contrast thelong-term
renal prognosisacross AK|I recover, subacute AKD, and patients
with AKD and AKI; (3) formulate risk prediction models for
both AKD and CKD through the use of diverse ML agorithms;
(4) determine the optima models, evaluate their predictive
efficacy, and explain via Shapley Additive Explanations (SHAP)
values and Local Interpretable Model-Agnostic Explanations
(LIME) algorithms; (5) use directed acyclic graphs (DAGS) to
explore potential associations and causal pathways between
features, and (6) devise an easily accessible web-based
prediction tool tailored to estimating the likelihood of AKD and
CKD after nephrectomy. We hypothesized that patients with
acute or subacute renal impairment are more susceptibleto CKD
progression compared to those with normal renal function.
Furthermore, we expected significant differences in the
development of CKD among patients recovering from AKI,
those with subacute AKD, and those experiencing AKD with
AKI.

Methods

Study Design

We conducted a retrospective review of medical records for
2637 patients who underwent nephrectomy between July 2012
and June 2019. Ultimately, the study included 1559 eligible
patients. The patient datawere sourced from aprominent tertiary
hospital known for its comprehensive services and ranked
among the top 60 nationwide in terms of overall performance.
Patients were followed up for a duration ranging from 3.0 to
62.8 months until December 2019, with the primary focus being
on the devel opment of CK D asalong-term outcome. The patient
data were randomly stratified into training, validation, and test
sets, using Python’s stratified random sampling method,
maintaining a ratio of 76.5:8.5:15. Interna validation was
performed through 10-fold cross-validation, involving the
partitioning of the training and validation sets into 10 subsets.
A majority of 9 of these subsets were used for model training,
and the remaining 1 was dedicated to model evaluation. The
exclusion criteria for this study encompassed the following
characteristics: (1) patientsyounger than 18 years of age or with
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hospitalization duration <24 hours, (2) patients with inadequate
serum creatinine (Scr) monitoring interval, (3) patients with
anatomical kidney malformations, (4) patients undergoing renal
cyst unroofing or donor nephrectomies, (5) patients with
pre-existing CKD or undergoing dialysis prior to nephrectomy,
and (6) patients lacking essential features such as Scr.

Ethical Consider ations

This study received approval from the Ethics Committee of the
Affiliated Hospital of Qingdao University (approval QDFY WZ
2018-9-13). Informed consent was waved due to the
retrospective nature of the dataand the large number of patients
involved, making it impractical to seek consent from each
patient. All data were deidentified. No compensation was
provided to the participants as the study did not involve direct
participant interaction.

Data Collection

Clinical and demographic data were extracted through the
application of natural language processing and parsing methods
on structured information within the electronic health record.
Preoperative complete blood counts, coagul ation markers, blood
chemistry analyses, urine tests, and echocardiography were
performed within 3 days of admission. Comorbidities were
defined based on the International Statistical Classification of
Diseases, Tenth Revision. Comprehensive data on concomitant
medications were meticulously collected, with particular
attention to i nstances where these medi cations were administered
prior to the occurrence of kidney injury. The surgical details
encompass the surgical approach (Iaparotomy, laparoscopy, and
daVinci surgery), procedure type (RN and PN), duration of the
surgery, pathological findings, maximum excision diameter,
and blood loss.

Outcome Definitions

The primary outcome of our study was postoperative AKI. The
secondary outcomeswere AKD and CKD. AKI was defined as
anincrease in Scr to =0.3 mg/dL within 48 hours or 1.5 times
the baseline value within 7 days, following the 2012 Kidney
Disease Improving Global Outcomes guideline[18]. According
tothe 2017 Acute Disease Quality Initiative, AKD was defined
as persistent renal damage or renal dysfunction for a duration
of 7 to 90 days after exposure to an AKI initiating event [8].
CKD was defined as abnormalities of kidney structure or
function for at least 3 months [19]. Based on the diagnostic
criteria for AKI and AKD, patients exhibited three distinct
trajectories of renal function following kidney injury: (1) AKI
recover, if Scr returned to baseline value within 7 days (AKI
without AKD); (2) AKD with AKI, if stage 1 or greater AKI
persisted for =7 days after an AKI initiating event (continuous
AKI progressing to AKD); and (3) subacute AKD, if Scr levels
increased slowly but lasted more than 7 days (AKD without
AKI). The final classification consisted of four categories: (1)
no kidney disease (NKD), (2) AKI recover, (3) AKD with AKI,
and (4) subacute AKD.

Baseline Scr was defined as the most recent Scr level measured
before nephrectomy. The diagnosis time of AKI, AKD, and
CKD was established when patients first met the respective
diagnostic criteria. All patients underwent at least 3 Scr tests,
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including 2 during hospitalization and 1 at the first follow-up.
If elevated Scr levels did not return to baseline, additional tests
were conducted once a week during hospitalization or at the
next follow-up. The estimated glomerular filtration rate (eEGFR)
was calculated by using the Chronic Kidney Disease
Epidemiology Collaboration creatinine formula[20].

Model Development and Interpretation

The Light Gradient-Boosting Machine (LightGBM) algorithm
was used to construct predictive models. LightGBM, a
tree-based gradient-boosting framework, adeptly manages
high-dimensional and extensive datasets [21]. By integrating
gradient-based 1-side sampling and exclusivefeature bundling,
LightGBM effectively mitigates overfitting and notably
outperforms the computational speed and memory use of
Extreme Gradient-Boosting and stochastic gradient-boosting
techniques[22]. In our comparative analysis, wetrained various
ML modéls, including LightGBM, Gradient-Boosting Machine,
k-nearest neighbors, multilayer perceptron, logistic regression
(LR), naive Bayes, random forest (RF), and support vector
machine, using the same dataset and applying consistent
imputation and scaling techniques. Weinitially used the default
hyperparameters of each ML a gorithm to establish our models.
Subsequently, we conducted manual parameter tuning by grid
search to optimize the performance. The process of parameter
optimization was facilitated through 10-fold cross-validation,
aiding in the identification of the most suitable hyperparameter
configurations [23].

For discerning significant featuresthat influenced the algorithm
and ensuring the appropriateness of the optimal model, we used
SHAP and LIME to interpret the model from both global and
instance-based perspectives. SHAP val ues, rooted in the Shapley
value from coalitional game theory, quantify the influence of
each feature variable on the target outcome, elucidating the
derivation of asample's predicted result [24]. LIME useslocal
surrogate modelsfor explaining individual predictions. Itscore
method perturbs an input instance to generate interpretable
samples, upon which alinear model approximates the complex
model’s decision-making process near the instance [25]. The
SHAP summary plots exhibit the relative significance of
individual featuresin predictions, along with their corresponding
positive or negative impact directions. The SHAP interaction
plots reveal the interactions among multiple features and
illustrate how their combined influence impacts model
predictions. We separately used the top 10 features from the
AKD and CKD models and created SHAP dependence plots
through pairwise combinations to elucidate the influence of
individual features on the model’s predictions and the
correlations among them. Additionally, we highlighted features
with significant correlations in Figure S5 in Multimedia
Appendix 1. The SHAP force plots and LIME bar plots were
used to clarify individualized forecasts, demonstrating each
feature's contribution to the prediction of individual samples.
Finally, we used AKD and CKD as outcomes and applied the
PC algorithm to construct DAGs, facilitating the expl oration of
potential associations and causal pathways among the top 20
features [26,27].
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Web-Based Prediction Tool

A web-based calculator for predicting AKD and CKD among
those patients was devel oped using the “ Streamlit” application
interms of the optimal model. Streamlit, an open-source Python
framework, aids developers in swiftly constructing web-based
and responsive applications [28]. To improve the
user-friendliness of the web calculator, this study implemented
2 panels. one for inputting model parameters and acquiring
AKD or CKD probahilities and another for providing a model
introduction.

Statistical Analysis

Features with amissing proportion exceeding 15% (n=234) are
removed, while those with missing proportions less than 15%
(n=234) areimputed using an RF model. Using LR to calculate
the required sample size with CKD as the outcome, we
determined that a minimum of 1171 patients is necessary to
attain a statistical power of 90% for detecting an effect size of
0.10 at a 2-side a=.05. Categorical features were presented
using frequencies and percentages, while continuous features
were presented as mean (SD) or median (IQR). Comparative
analyses were performed to assess patient characteristics
between individuals with and without CKD as well as among
various trajectories of renal function postkidney injury.
Quantile-quantile plots were generated to visually inspect the
distribution patterns of continuous features. The independent
2-tailed t test was used for normally distributed continuous
features, the Mann-Whitney U test for nonnormally distributed
continuous features, and the Pearson chi-square test for
categorical features. We used a weight rebalancing technique
to adjust the weights of both the majority and minority classes
in the training dataset [29]. The validation dataset underwent
balancing, whereasthe test datasets remained unaltered to assess
model performance with representative data. The scikit-learn
Python library (Python Software Foundation) includesabuilt-in
parameter called “class weight” or “weights’ for LR, RF,
LightGBM, support vector machine, and k-nearest neighbors.
For AKD, the class weight was set to 3.3; and for non-AKD
cases, it was set to 0.6. Similarly, the classweight for CKD was
set to 10.0; and for non-CKD cases, it was set to 0.5. In the case
of the naive Bayes classifier, we established a prior probability
of .50 for each class to achieve group balance, and we adjusted
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class weights in the multilayer perceptron classifier by
modifying the loss function's weights. The area under the
receiver operating characteristic curve (AUROC) was used for
optimal model selection. The model underwent evaluation
through graphical techniques, encompassing the receiver
operating characteristic curve and decision curve analysis, in
addition to quantitative metrics such as AUROC, average
precision, precision, recall, accuracy, F;-score, Brier score | 0ss,
and Matthew correlation coefficient. A P value of less than .05
was considered as significant (2-tailed). Python programming
language (version 3.9.13 and integrated development
environment Visual Studio Code 1.81.1) was applied to our
analysis.

Results

Study Cohort

The entire study processisillustrated in Figure 1. Among the
participants, 1131 (72.6%) underwent RN, and 1152 (73.9%)
underwent laparotomy. The incidence rates of AKI, AKD, and
CKD were 21.7% (330/1559), 15.3% (238/1559), and 10.6%
(165/1559), respectively. In total, there were 451 (28.9%)
patients who devel oped acute or subacute kidney dysfunction
(AKI or AKD criterion), with 117 (7.5%) meeting both AKI
and AKD criteria, 121 (7.8%) developed subacute AKD, and
213 (13.7%) experienced recovery from AKI. The
guantile-quantile plots show that featuresincluding blood loss,
Scr, and operative duration exhibit skewed distributions,
potentially dueto the distinct condition of nephrectomy patients
(Figure S1 in Multimedia Appendix 1). Increased CKD rates
were observed in older patients (mean age 69, SD 9.6 vs mean
age 58, SD 12.3 years), male patients (n=118, 12.9% vs n=47,
7.3% in female patients), those who underwent RN (n=143,
12.6% vsn=22, 5.1%in PN), AKD with AKI (n=42, 35.9% vs
n=32, 26.4% in subacute AKD, n=24, 11.3% in AKI recovery,
and n=67, 6% in NKD), and individualswith 1 or more chronic
complications such as hypertension, diabetes mellitus, and
coronary heart disease. The demographic and clinical
characteristics of the patient cohort, both within different groups
and as a whole, are detailed in Table 1 and Table Sl in
Multimedia Appendix 2.
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Figure 1. Flow diagram of patients’ enrollment. AKD: acute kidney disease; AKI: acute kidney injury; CKD: chronic kidney disease; ML: machine
learning; Scr: serum creatinine.

2637 patients underwent nephrectomy between
July 2012 and June 2019

864 patients with inappropriate Scr
monitoring interval, or with hospitalization <
24 hours, or with age < 18 years, or missing
inpatient data, or were lost to follow-up.

1773 patients with complete data

214 patients with anatomical malformation
of kidney, or with renal cystic unroofing, or
with donor nephrectomies, or with CKD, or
requiring dialysis before nephrectomy.

1559 patients for final analysis

213 patients with 121 patients with 117 patients with
AKI recover subacute AKD AKD and AKI
| ‘ |
Training and Grid search | ML models | Testset
validation sets (85%) | 10-fold cross- building Performance (15%)
validation estimate
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Table 1. Baseline characteristics of patients with and without CKD?,
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Features Total (N=1559) CKD-free(n=1394) CKD (n=165) P value
Age (years), mean (SD) 59.1 (12.5) 58 (12.3) 68.5 (9.6) <.001
Male, n (%) 914 (58.6) 796 (57.1) 118 (71.5) <.001
BMI (kg/m?), mean (SD) 25 (3.4) 24.9 (3.4) 25.7 (3.9) .01
Systolic blood pressure (mm Hg), mean (SD) 131.9 (18.5) 130.9 (18.2) 139.8 (19.3) <.001
Smokers, n (%) 570 (36.6) 490 (35.1) 80 (48.5) <.001
Drinkers, n (%) 464 (29.8) 404 (29) 60 (36.4) .06
Fever, n (%) 56 (3.6) 52 (3.7) 4(2.4) .53
Procedure, n (%)
Radical nephrectomy 1131 (72.5) 988 (70.9) 143 (86.7) <.001
Partial nephrectomy 428 (27.4) 406 (29.1) 22 (13.3) _b
Approach, n (%)
L aparotomy 1152 (73.9) 1038 (74.5) 114 (69.1) 29
L aparoscopy 316 (20.3) 275 (19.7) 41 (24.8) —
daVinci surgery 91 (5.8) 81 (5.8) 10(6.1) —
Pathology, n (%) 1973 (126.6) 1721 (123.5) 252 (152.7) —
Benign 771(73.9) 673 (48.3) 98 (59.4) <.001
Malignant (nonclear) 431 (20.3) 375 (26.9) 56 (33.9) —
Clear cell 357 (5.8) 346 (24.8) 11(6.7) —
Blood loss (mL), median (IQR) 50 (20-150) 50 (20-150) 100 (50-200) <.001
Excision diameter (cm), median (IQR) 11 (7-13) 12 (10-14) 11 (6-13) <.001
Operative duration (hours), median (IQR) 25(2-3) 2.8(2.3-3.3) 2.4 (2-3) <.001
Laboratory tests
White blood cdll (X109/L), median (IQR) 6.1(5.1-7.4) 6.6 (5.6-7.8) 6 (5-7.4) <.001
Red blood cell (x10%2/L), mean (SD) 4.5(0.6) 4.5(06) 4.4(0.6) .01
Platelet (x10%L), median (IOR) 232(193-278) 221 (190-262) 234(193-280) .02
Hemoglobin (g/L), mean (SD) 133.9 (20.4) 134.3(20.2) 130 (21.3) 01
Fibrinogen (g/L), median (IQR) 3(2.6-3.6) 31(2.7-3.7) 3(2.5-3.6) .01
Serum creatinine (umol/L), median (IQR) 85 (73-97) 102 (91-121) 83 (72-95) <.001
Blood urea nitrogen (mmol/L), median (IQR) 5.7 (4.7-6.8) 6.6 (5.6-7.9) 5.6 (4.6-6.7) <.001
Uric acid (umol/L), mean (SD) 316.5(89.2) 312 (87.8) 354.2 (92.5) <.001
Baseline estimated glomerular filtration rate (mL/min/L.73m?), mean 793 (18.7) 81.8(17.4) 57.6(19) <.001
(SD)
Alanine transaminase (U/L), median (IQR) 17 (13-24) 17 (13-22) 18 (13-24) 19
Aspartate transaminase (U/L), median (IQR) 17 (14-20) 16 (13-19) 17 (14-20) A1
Total bilirubin (umol/L), median (IQR) 131(10-17.7)  11.8(9.4-15.5) 134(10.1-17.9) <.001
Alkaline phosphatase (U/L), median (IQR) 69 (57-84) 68 (57-78) 69 (57-85) .23
Triglyceride (mmol/L), median (IQR) 1.1(0.8-1.6) 1.2(0.9-1.7) 1.1(0.8-1.6) .01
Low-density lipoprotein cholesterol (mmol/L), mean (SD) 2.9(0.8) 2.9(0.8) 2.8(0.8) 40
Albumin (g/L), mean (SD) 39.5 (5) 39.7 (5) 38.4(5.1) <.001
Blood glucose (mmol/L), median (IQR) 5.1(4.6-5.8) 5.2(4.8-6.2) 5.1(4.6-5.8) .01

Urinalysis, n (%)
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Features Total (N=1559)  CKD-free (n=1394) CKD (n=165) P value
Protein 307 (19.7) 230 (16.5) 77 (46.7) <.001
Glucose 206 (13.2) 177 (12.7) 29 (17.6) .10
Hematuria 1002 (64.3) 857 (61.5) 145 (87.8) <.001

Echocardiography, median (IQR)

Ejection fraction 63 (61-65) 63 (61-65) 63 (61-65) 62

Comorbidities, n (%)

Diabetes mellitus 202 (13) 166 (11.9) 36 (21.8) <.001
Coronary heart disease 124 (7.9) 94 (6.7) 30(18.2) <.001
Hypertension 488 (31.3) 396 (28.4) 92 (55.8) <.001
Obesity 302 (19.4) 255 (18.3) 47 (28.5) <.001
Medications, n (%)
B-Blocker 630 (40.4) 557 (40) 73(44.2) 33
ACEI or ARB® 163 (10.5) 129(9.2) 34(20.6) <.001
Calcium channel blocker 378 (24.2) 311 (22.3) 67 (40.6) <.001
Antibiotics 1042 (66.8) 918 (65.8) 124 (75.1) 02
Nonsteroidal anti-inflammatory drugs 416 (26.7) 367 (26.3) 49 (29.7) 41
Diuretics 435 (27.9) 373(26.9) 62 (37.6) <.001

Trajectories of renal function, n (%)

AKI9 recover 213 (13.6) 189 (13.6) 24 (14.5) <.001
Subacute AKD® 121 (7.8) 89 (6.4) 32(19.4) —
AKD with AKI 117 (7.5) 75 (5.4) 42 (25.4) —

Outcome
AKI, n (%) 330(21.2) 264 (18.9) 66 (40) <.001
AKD, n (%) 238 (15.3) 164 (11.8) 74 (44.8) <.001
CKD, n (%) 165 (10.6) 0(0) 165 (100) <.001
Length of stay, median (IQR) 11 (9-13) 11 (9-13) 11 (9-14) <.001

8CKD: chronic kidney disease.

PNot available.

CACEI or ARB: angiotensin-converting enzyme inhibitor or angiotensin receptor blocker.

dAKI: acute kidney injury.

€AKD: acute kidney disease.

Modd Performance 10 anq top 5 fegtyr& for the AKD r?\nd CKD models,
respectively, negligibly affected the LightGBM model’'s

A comprehensive set of over 90 features was served as features
for both AKD and CKD and were integrated into the ML
models. Among the assessed ML models, the LightGBM model
demonstrated superior performance (Figure S2 in Multimedia
Appendix 1 and Tables S2 and S3 in Multimedia Appendix 2).
Inthetest set, LightGBM achieved the highest AUROC of 0.97
for AKD and 0.96 for CKD prediction. The F,-scores, 0.75 for
AKD and 0.70 for CKD, indicate a balanced trade-off between
precision and recall. Additionaly, Brier score loss was
maintained at 0.05 for both AKD and CKD predictions,
demonstrating the model’s impressive calibration. To create a
user-friendly web-based cal culator, we simplified the model by
reducing the number of input features. The inclusion of thetop
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AUROC (achieving 0.94 vs 0.97 for AKD prediction and 0.94
vs 0.96 for CKD prediction, as detailed in Figure S2 in
Multimedia Appendix 1 and Table 2). Notably, it outperformed
al other ML algorithms in terms of AUROC (Tables $4 and
S5 in Multimedia Appendix 2), while maintaining an optimal
balance between precision, recall, and error rates (both false
positives and negatives). Subsequently, we used the Light GBM
model for result interpretation and the development of a
web-based cal culator. Comprehensiveinsightsinto performance
metrics and visualizations are provided in Figures S2 and S3in
Multimedia Appendix 1, Table 2, and Tables S2-S5 in
Multimedia Appendix 2.
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Table 2. Performance of Light Gradient-Boosting Machine models in predicting AKD?and CK DP on the test set.

Outcome AUROCS Precison  Recall Accuracy Falsepostiverate  Falsenegativerate Fi-score  \jccd BsL®
AKD
Top 5 features 0.87 0.43 0.66 0.82 0.16 0.34 0.52 0.42 0.12
Top 10 features  0.94 0.67 080 091 0.07 0.20 0.73 0.68  0.07
Top 15 features  0.95 0.74 0.80 0.93 0.05 0.20 0.77 0.73 0.06
Top 20 features  0.95 0.71 071 0.92 0.05 0.29 0.71 0.66  0.06
All features 0.97 0.83 0.69 0.93 0.03 0.31 0.75 0.72 0.05
CKD
Top 5 features 0.94 0.43 0.72 0.91 0.08 0.28 0.54 0.51 0.07
Top 10 features  0.93 0.43 0.67 091 0.07 0.33 0.52 049 0.07
Top 15 features  0.91 0.42 0.56 0.91 0.07 0.44 0.48 0.43 0.08
Top 20 features  0.92 0.44 061 091 0.07 0.39 0.51 047  0.07
All features 0.96 0.64 0.78 0.95 0.04 0.22 0.70 0.68 0.05

3AK D: acute kidney disease.

bCKD: chronic kidney disease.

CAUROC: area under the receiver operating characteristic curve.
dMCC: Matthew correlation coefficient.

®BSL: Brier score loss.

Model Interpretation

The SHAP summary plotsof the LightGBM model s are depicted
in Figure 2. Operative duration, hemoglobin (Hb), blood loss,
urine protein, and hematocrit were the top 5 features associated
with predicted AKD. Baseline eGFR, pathol ogy, trajectories of
renal function, age, and total bilirubin were the top 5 features
associated with predicted CKD. The SHAP interaction plots
visually elucidate the interplays among the top 10 features in
both the AKD and CKD models (Figure $4 in Multimedia
Appendix 1). The SHAP dependence plots offer detailed insights
into the correlations among the top 10 features, as depicted in
Figures S6 and S7 in Multimedia Appendix 1, with
representative examples showcased in Figure S5in Multimedia
Appendix 1. For instance, the influence of AKI grade on the
probability of AKD varies across Hb levels. Among patients
with lower Hb levels, higher AKI grades are associated with a
significant increase in the risk of AKD. Conversely, this
correlation isless pronounced in patientswith higher Hb levels.
For patients presenting with a baseline eGFR below 80,
postoperative complications, such as AKD with AKI, subacute
AKD, or AKI recover, markedly elevate the risk of developing
CKD. This observation underscores the significance of
encompassing factors like trajectories of renal function within
a comprehensive clinical framework, particularly one that
integrates a patient’s eGFR.

Sample individualized predictions with their explanations are
shown in Figure 3. The AKD and CKD models, respectively,
present the top 10 and top 5 features. We selected 4 random
samples from the test set and analyzed them using both the
SHAP and LIME algorithms. For example, Figure 3D presents
an individualized explanation for a case where the actua and
predicted outcomes are both CKD. The notably high predicted

https://medinform.jmir.org/2024/1/€52837

probability for CKD (P=.97) primarily stemmed from several
incremental factors, including alow baseline eGFR level (39.36

mL/min/1.73 m?), postoperative complications of AKD with
AKI, clear cell pathology, and ahistory of antibiotic use, despite

anormal white blood cell level (3.94x10%L). The SHAP force
plot revealed minor deviationsin thetop 5 featuresfor predicting
this patient, highlighting the greater significance of y-glutamyl
transferase over albumin-globulin (AG) ratio.

DAG isatypeof causal diagram comprising nodes representing
features and arrows representing causal relationships between
the features. Since the importance of features does not
necessarily reflect causality, we designated only AKD and CKD
as end points (nodes with only inward-pointing arrows) in the
DAGs, without designating source nodes (nodes with only
outward-pointing arrows). Given that analyzing all features
(over 90) would lead to an excessively complex causal structure,
welimited the analysisto thetop 20 featuresfor AKD and CKD.
During the investigation of AKD as the outcome, we observed
direct linksfrom features such as AK| grade, operative duration,
systolic blood pressure, Hb, antibiotic, baseline eGFR, urine
protein, and hematocrit to AKD, indicating potential direct
causality (Figure S8 in Multimedia Appendix 1). All these
features, except for antibiotics, are among the top 10 features
for AKD prediction. We discovered that the trajectories of renal
function, pathology, and baseline eGFR exhibit potential direct
causal relationships with CKD, and they aso rank among the
top 5 features in the CKD model (Figure SO in Multimedia
Appendix 1). Age did not exert a direct effect on CKD but
influenced it indirectly through its impact on pathology and
baseline eGFR. Despite AG and procedure being within the top
10 features for CKD, our analysis did not reveal a causal link
to CKD, suggesting that while there was a correlation between
AG or procedure and CKD, they were causally independent.
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Figure2. SHAPsummary plotsof thetop 10 featuresin the Light Gradient Boosting Machine model for (A and B) AKD and (C and D) CKD prediction.
(A) Theranking of feature importance within the AKD prediction model. Features with higher mean absolute SHAP values signify increased predictive
influence. (B) Each dot represents the SHAP value of a specific feature for an individual, with red and blue indicating high and low feature values,
respectively. On the x-axis, a positive or negative SHAP value signifies that the feature positively or negatively influenced the AKD prediction for the
individual. (C) The ranking of feature importance within the CKD prediction model. (D) The distribution of the impacts of the top 10 features on the
CKD model output. AG: albumin-globulin; AKD: acute kidney disease; AKI: acute kidney injury; ALB: albumin; CKD: chronic kidney disease; eGFR:

estimated glomerular filtration rate; GGT: y-glutamyl transferase; Hb: hemoglobin

; Het: hematocrit; MPV: mean platelet volume; SBP: systolic blood

pressure; SHAP: Shapley Additive Explanations; TBIL: total bilirubin; WBC: white blood cell.
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Figure 3. SHAP force plots and LIME bar plots for explaining individual predictions for (A and B) AKD and (C and D) CKD. (A) The SHAP force
plot (upper section) and the LIME bar plot (lower section) are used to illustrate a case where both actual and predicted outcomes indicate AKD-free
status. The SHAP force plot outlines the top 10 features for the prediction, where red feature values positively impact the AKD outcome, while blue
values have a negative impact. The importance of each feature is reflected by the length of its corresponding arrow, with longer arrows highlighting
more significant influences. Inthe LIME bar plot, theleft section shows an 87% predicted probability of the patient being AKD-free. The central section
lists the top 10 features for predicting AKD-free or AKD status, with the length of each bar indicating its importance. Blue bars indicate positive
influences, whereas yellow bars signify negative impacts. The right panel presents the specific values at which these top 10 features have the most
substantial impact on the AKD-free or AKD prediction. (B) The SHAP force plot and the LIME bar plot, emphasizing the top 10 features, depict acase
where both actual and predicted outcomes align with AKD status. (C) The SHAP force plot and the LIME bar plot, emphasizing the top 5 features,
depict a case where both actual and predicted outcomes align with CKD-free status. (D) The SHAP force plot and the LIME bar plot, emphasizing the
top 5 features, depict a case where both actual and predicted outcomes align with CKD status. AG: abumin-globulin; AKD: acute kidney disease; AKI:
acute kidney injury; ALB: albumin; CKD: chronic kidney disease; EF: gjection fraction; eGFR: estimated glomerular filtration rate; FIB: fibrinogen;
FLD: fatty liver disease; GGT: y-glutamyl transferase; Hb: hemoglobin; Hct: hematocrit; LDLC: low-density lipoprotein cholesterol; LIME: Local
Interpretable Model-Agnostic Explanations, MPV: mean platel et volume; NKD: no kidney disease; NSAID: nonsteroidal anti-inflammatory drug; PCT:
procalcitonin; PN: partial nephrectomy; PTA: prothrombin activity; SHAP: Shapley Additive Explanations; TBIL: total bilirubin; WBC: white blood
cell.
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Specifically, 7.5% (n=117) of patients developed AKD in

Web-Based Calculator conjunction with AKI, 13.7% (n=213) experienced recovery

Since the LightGBM model proved to be the most effectivein
our study, we developed a web-based calculator using the
“Streamlit” application to predict both AKD and CKD withthis
model. Restricting the Light GBM model to only thetop 10 and
top 5 features did not diminish predictive performance for the
AKD and CKD models (AUROC: 0.94 vs 0.97 in AKD
prediction and 0.94 vs0.96 in CKD prediction). For ease of use,
we constructed aweb-based cal culator using the top 10 and top
5 features to predict AKD and CKD, respectively. You can
access this calculator at Streamlit [30].

Discussion

Principal Findings

Our exploration into the use of ML techniques to predict and
elucidate outcomes in patients undergoing nephrectomy was
instigated by an amplified emphasis on the long-term renal
functional prognosis, the accessibility of intricate data within
the electronic health record system, and the maturation of
interpretabl e predictive models. Among patientswho underwent
nephrectomy, 28.9% (n=451) developed AKI or AKD.

https://medinform.jmir.org/2024/1/€52837
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from AKI, and 7.8% (n=121) developed subacute AKD. The
incidence rate of CKD was 10.6% (n=165). We formulated a
diverse array of ML models with a focus on AKD and CKD
prognosis. Among these models, LightGBM exhibited the most
robust predictive prowess, achieving an AUROC of 0.97 for
AKD prediction and 0.96 for CKD prediction. Our research
used SHAP values and the LIME algorithm to interpret the
decision-making process from both global and instance-based
perspectives. Additionally, we used DAG to further visuaize
the potential causal relationships between features and outcomes.
In consideration of clinical applicability, we further developed
aweb application that usesthefinal prediction model to estimate
AKD and CKD risks.

Comparison to Prior Work and Implications

Assessment of renal injury risk following nephrectomy has
predominantly concentrated on AKI and CKD, with limited
attention to the recovery of renal function within 7-90 days
post-AKI and its enduring consequences [5,31-33]. Our prior
research has unveiled discernible distinctions in the predicted
risk factors between AKI and AKD. Specificaly, AKD is
associated with a notably elevated risk of de novo CKD
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development when contrasted with AKI [34]. This study
encompassed al patientswho were hospitalized, with no specific
subgroup analysis conducted for those undergoi ng nephrectomy.
Hu et a [35] initially developed a predictive model for
postnephrectomy AKD, using an LR model to assess predicted
risk factors associated with renal injury within 3 months
following nephrectomy. Nevertheless, this study did not
differentiate between AKI recover, subacute AKD, and AKD
with AKI. Furthermore, it did not investigate the long-term
outcomesfor patients experiencing these distinct renal function
trajectories. In our study, we found a significant association
between trajectories of renal function and the onset and
progression of CKD. Specifically, the coexistence of AKD with
AKI led to a CKD incidence rate of 35.9% (n=42), nearly 1.5
times higher than that observed in patients with subacute AKD
(AKD without AKI). Meanwhile, the CKD incidence rate was
11.3% (n=24) for individual swho had recovered from AKI and
6% (n=67) for those with normal kidney function. Among
patients with kidney injury, nearly one-third experienced
subacute AKD, which did not meet the criteria for either AKI
or CKD diagnosis. Theseindividuals are frequently overlooked
in the early stages due to the modest changesin renal function
they exhibit; however, their risk of developing CKD is
significantly elevated when compared to both patients with
NKD and those who have recovered from AKI. As such, the
presence of AKD serves as a critical link between AKI and
CKD, aiding in the assessment of declining renal function and
prognosis.

Currently, LR is the most widely used model for predicting
kidney injury risk in patients undergoing nephrectomy, with
limited application of ML algorithms [36,37]. Lee et a [38]
used various ML algorithmsto formulate arisk prediction model
for AKI after nephrectomy, identifying that the LightGBM
model outperforms others in terms of predictive accuracy.
Compared to LR, LightGBM demonstrates enhanced speed,
more efficient memory use, and superior parallel processing
capabilities, which allow it to more effectively manage nonlinear
relationships, large datasets, and high-dimensional data [39].
Our study hasundertaken athorough eval uation of the predictive
abilities of several ML models, with LightGBM emerging as
the most effectivein forecasting high-risk AKD and CKD cases,
alongside precisely pinpointing individual predicted risk factors.
Early alerts assist in promptly notifying clinicians to undertake
vigilant monitoring of patients at high risk. Addressing
manageable predicted risk factors early, such as Hb, systolic
blood pressure, and total bilirubin, presents a considerable
opportunity to lower the occurrence of AKD and CKD, thereby
enhancing patient outcomes.

Given our emphasisoninterpretability, our methodology entails
a thorough interpretation of the entire predictive algorithm,
exploring the potential causal relationships between major
features. First, we generate global-level diagramsthat elucidate
the contributions of each feature to the model’s output along
with interactions among key features. Features denoting acute
injury, such assurgical factorsand AK| grade, exert asignificant
influence on AKD. Baseline eGFR and trajectories of renal
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function constitute pivotal features affecting CKD. Features
such as advanced age or clear cell carcinomamay be associated
with an elevated CK D risk. While these attributes are generally
nonmodifiable, augmenting the frequency of follow-up visits
for individual swith these characteristics can effectively facilitate
the early detection of renal function deterioration. Second, this
study delineates the decision-making process for each patient.
The examples depicted in Figure 3 elucidate the predominant
feature compositions among patients exhibiting diverse predicted
probabilities of AKD or CKD. Using SHAP force plots and
LIME plots amplifiesthe individualization and transparency of
the decision-making process, thereby alleviating the black-box
issueinherent in the model’s prediction process. Finally, DAGs
were used to delve deeper into the potential causal relationships
between features and outcomes. It was found that most of the
top 10 featuresidentified by SHAP values have the potential to
directly or indirectly influence the occurrence of AKD or CKD.

For the sake of enhancing user convenience, we have devel oped
web-based prediction tools for both AKD and CKD. Users can
effortlessly input the values of their chosen featuresto calculate
the probabilities of AKD and CKD following nephrectomy.
Our research marks a pioneering effort in constructing
web-based prediction toolsfor postnephrectomy AKD and CKD,
which can assist cliniciansin identifying high-risk individuals
and risk factors. Given the clinical feasibility and straightforward
accessibility of features derived from routine medical records,
our models are eminently suitable for seamlessintegration into
daily clinical practice.

Limitations and Future Directions

The study exhibits several limitations. First, the web-based
prediction tool is crafted to assist clinicians in discerning
individuals with elevated risk of AKD and CKD rather than
serving as a replacement for clinical diagnosis. Due to the
retrospective nature of data collection, it iscrucial to undertake
additional validation using an independent popul ation to ensure
robust predictive vaidity across diverse usage scenarios. Second,
the collection of urine output datais subjective, and asignificant
number of values are missing. Consequently, this study refrained
from using urine output asadiagnostic criterion for AKI. Third,
our study lacks time-variant monitored values among its
features. Moving forward, we intend to collect longitudinally
monitored datafrom patients undergoing nephrectomy to enable
dynamic prediction of AKD and CKD before their clinical
identification. Finally, DAGs visually represent the potential
causal relationships between features and outcomes. This
underscores the need to further explore and quantify the causal
mechanisms in future work.

Conclusions

This study has developed prediction models that accurately
estimate the risk of AKD and CKD following nephrectomy.
These models provide interpretability from both globa and
instance-based perspectives. We recommend the use of the AKD
criterion in clinical practice due to its superior accuracy in
predicting prognosis, particularly the development of CKD.

JMIR Med Inform 2024 | vol. 12 | €52837 | p. 11
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Xuetal

Acknowledgments

This work was supported by the Taishan Scholar Program of Shandong Province (tstp20230665), the National Natural Science
Foundation of China (grants 81970582 and 82270724), the Qingdao Key Health Discipline Devel opment Fund, and the Qingdao
Key Clinical Specialty Elite Discipline.

Data Availability
The datasets analyzed during this study are available from the corresponding author upon reasonable request.

Authors Contributions

LX and CL contributed equally to this work and should be considered co—first authors. LX was involved in the study’s design,
manuscript drafting, statistical analysis, and manuscript revision. CL and Y X contributed to the study’s design, manuscript
drafting, and manuscript revision. SG participated in the study’s design, statistical analysis, and manuscript revision. L Zhao, L
Zhang, and CY were responsible for the statistical analysis. C Guan, C Guo, XS, and ZZ were contributed toward the use of
artificia intelligence. QB and BZ were responsible for data collection and interpretation. All authors critically reviewed and
approved the final manuscript.

Conflicts of Interest
None declared.

Multimedia Appendix 1

Quantile-quantile plots, model performance, Shapley Additive Explanations plots, and directed acyclic graph of the study.
[DOCX File, 4052 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Descriptive statistics for the cohorts; performance of models.
[DOCX File, 46 KB-Multimedia Appendix 2]

References

1. Siegd RL, Miller KD, Fuchs HE, Jemal A. Cancer statistics, 2021. CA Cancer J Clin. Jan 2021;71(1):7-33. [FREE Full
text] [doi: 10.3322/caac.21654] [Medline: 33433946]

2. LiK,ChenS, WangC, Yang L. Comparison between minimally invasive partial nephrectomy and open partial nephrectomy
for complex renal tumors: a systematic review and meta-analysis. Int J Surg. 2023;109(6):1769-1782. [FREE Full text]
[doi: 10.1097/J59.0000000000000397] [Medline: 37094827]

3.  HoraM, AlbigesL, Bedke J, Campi R, Capitanio U, Giles RH, et al. European Association of Urology Guidelines Panel
onrenal cell carcinomaupdate on the new World Health Organization classification of kidney tumours 2022: the urologist's
point of view. Eur Urol. 2023;83(2):97-100. [doi: 10.1016/j.eururo.2022.11.001] [Medline: 36435661]

4.  HsuRCJ, Barclay M, Loughran MA, Lyratzopoulos G, Gnanapragasam V J, Armitage JN. Timetrendsin service provision
and survival outcomes for patients with renal cancer treated by nephrectomy in England 2000-2010. BJU Int.
2018;122(4):599-609. [FREE Full text] [doi: 10.1111/bju.14217] [Medline: 29603575]

5. Yang X, Zhang T, Zhou H, Ni Z, Wang Q, Wu J, et a. Acute kidney injury as an independent predicting factor for stage
3 or higher chronic kidney disease after nephrectomy. Urol Oncol. 2023;41(3):149.e1-149.€9. [doi:
10.1016/j.urolonc.2022.10.011] [Medline: 36463084]

6. Bravi CA, Vertosick E, Benfante N, Tin A, Sjoberg D, Hakimi AA, et al. Impact of acute kidney injury and its duration on
long-term renal function after partial nephrectomy. Eur Urol. 2019;76(3):398-403. [FREE Full text] [doi:
10.1016/j.eururo.2019.04.040] [Medline: 31080127]

7. ChawlaLs, EggersPW, Star RA, Kimmel PL. Acute kidney injury and chronic kidney disease asinterconnected syndromes.
N Engl JMed. 2014;371(1):58-66. [FREE Full text] [doi: 10.1056/NEIMral214243] [Medline: 24988558]

8. ChawlalLs, Bellomo R, Bihorac A, Goldstein SL, Siew ED, Bagshaw SM, et a. Acute kidney disease and renal recovery:
consensus report of the Acute Disease Quality Initiative (ADQI) 16 workgroup. Nat Rev Nephrol. 2017;13(4):241-257.
[FREE Full text] [doi: 10.1038/nrneph.2017.2] [Medline; 28239173]

9. NagataK, Horino T, Hatakeyama Y, Matsumoto T, Terada Y, Okuhara Y. Effects of transient acute kidney injury, persistent
acute kidney injury and acute kidney disease on the long-term renal prognosis after an initial acute kidney injury event.
Nephrology (Carlton). 2021;26(4):312-318. [doi: 10.1111/nep.13831] [Medline: 33207040]

10. Silver D, Hubert T, Schrittwieser J, Antonoglou |, Lai M, Guez A, et a. A general reinforcement learning algorithm that
masters chess, shogi, and Go through self-play. Science. 2018;362(6419):1140-1144. [doi: 10.1126/science.aar6404]
[Medline: 30523106]

https://medinform.jmir.org/2024/1/€52837 JMIR Med Inform 2024 | vol. 12 | €52837 | p. 12
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=medinform_v12i1e52837_app1.docx&filename=41b65effc2beb6e4b1f03d86aa16a79f.docx
https://jmir.org/api/download?alt_name=medinform_v12i1e52837_app1.docx&filename=41b65effc2beb6e4b1f03d86aa16a79f.docx
https://jmir.org/api/download?alt_name=medinform_v12i1e52837_app2.docx&filename=38a7d006950f7ecef2ad951b6d43fc9f.docx
https://jmir.org/api/download?alt_name=medinform_v12i1e52837_app2.docx&filename=38a7d006950f7ecef2ad951b6d43fc9f.docx
https://onlinelibrary.wiley.com/doi/10.3322/caac.21654
https://onlinelibrary.wiley.com/doi/10.3322/caac.21654
http://dx.doi.org/10.3322/caac.21654
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33433946&dopt=Abstract
https://europepmc.org/abstract/MED/37094827
http://dx.doi.org/10.1097/JS9.0000000000000397
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37094827&dopt=Abstract
http://dx.doi.org/10.1016/j.eururo.2022.11.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36435661&dopt=Abstract
https://europepmc.org/abstract/MED/29603575
http://dx.doi.org/10.1111/bju.14217
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29603575&dopt=Abstract
http://dx.doi.org/10.1016/j.urolonc.2022.10.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36463084&dopt=Abstract
https://europepmc.org/abstract/MED/31080127
http://dx.doi.org/10.1016/j.eururo.2019.04.040
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31080127&dopt=Abstract
https://europepmc.org/abstract/MED/24988558
http://dx.doi.org/10.1056/NEJMra1214243
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24988558&dopt=Abstract
https://core.ac.uk/reader/84041861?utm_source=linkout
http://dx.doi.org/10.1038/nrneph.2017.2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28239173&dopt=Abstract
http://dx.doi.org/10.1111/nep.13831
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33207040&dopt=Abstract
http://dx.doi.org/10.1126/science.aar6404
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30523106&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Xuetal

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

Ebel P, Lingenfelder C, Vogelsang A. On the forces of driver distraction: explainable predictions for the visual demand of
in-vehicle touchscreen interactions. Accid Anal Prev. 2023;183:106956. [doi: 10.1016/j.aap.2023.106956] [Medline:
36681017]

Jannach D, Abdollahpouri H. A survey on multi-objective recommender systems. Front Big Data. 2023;6:1157899. [FREE
Full text] [doi: 10.3389/fdata.2023.1157899] [Medline: 37034435]

Sutton RT, Pincock D, Baumgart DC, Sadowski DC, Fedorak RN, Kroeker K1. An overview of clinical decision support
systems: benefits, risks, and strategies for success. NPJ Digit Med. 2020;3:17. [FREE Full text] [doi:
10.1038/s41746-020-0221-y] [Medline: 32047862]

MenziesSW, Sinz C, MenziesM, Lo SN, Yolland W, Lingohr J, et al. Comparison of humans versus mobile phone-powered
artificial intelligence for the diagnosis and management of pigmented skin cancer in secondary care: amulticentre, prospective,
diagnostic, clinical trial. Lancet Digit Health. 2023;5(10):e679-e691. [FREE Full text] [doi: 10.1016/S2589-7500(23)00130-9]
[Medline: 37775188]

Petch J, Di S, Nelson W. Opening the black box: the promise and limitations of explainable machine learning in cardiol ogy.
Can J Cardiol. 2022;38(2):204-213. [FREE Full text] [doi: 10.1016/j.cjca.2021.09.004] [Medline: 34534619]

Quinn TP, Jacobs S, Senadeera M, Le V, Coghlan S. The three ghosts of medical Al: can the black-box present deliver?
Artif Intell Med. 2022;124:102158. [doi: 10.1016/j.artmed.2021.102158] [Medline: 34511267]

GuptaR, Zhang L, Hou J, Zhang Z, Liu H, You S, et a. Review of explainable machine learning for anaerobic digestion.
Bioresour Technol. 2023;369:128468. [doi: 10.1016/j.biortech.2022.128468] [Medline: 36503098]

Palevsky PM, Liu KD, Brophy PD, ChawlalLS, Parikh CR, Thakar CV, et al. KDOQI US commentary on the 2012 KDIGO
clinical practice guidelinefor acute kidney injury. Am JKidney Dis. 2013;61(5):649-672. [doi: 10.1053/j.8kd.2013.02.349]
[Medline: 23499048]

Stevens PE, Levin A, Kidney Disease: Improving Global Outcomes Chronic Kidney Disease Guideline Devel opment Work
Group Members. Evaluation and management of chronic kidney disease: synopsis of the kidney disease: improving global
outcomes 2012 clinical practice guideline. Ann Intern Med. 2013;158(11):825-830. [FREE Full text] [doi:
10.7326/0003-4819-158-11-201306040-00007] [Medline: 23732715]

Levey AS, Stevens LA, Schmid CH, Zhang YL, Castro AF, Feldman HI, et al. A new equation to estimate glomerular
filtration rate. Ann Intern Med. 2009;150(9):604-612. [FREE Full text] [doi: 10.7326/0003-4819-150-9-200905050-00006]
[Medline: 19414839]

Yan J, XuY, Cheng Q, Jiang S, Wang Q, Xiao Y, et al. LightGBM: accelerated genomically designed crop breeding through
ensemblelearning. Genome Biol. 2021;22(1):271. [FREE Full text] [doi: 10.1186/s13059-021-02492-y] [Medline: 34544450]
FuXY,Mao XL, WuHW, LinJY,MaZQ, LiuZC, et a. Development and validation of LightGBM algorithm for optimizing
of Helicobacter pylori antibody during the minimum living guarantee crowd based gastric cancer screening program in
Taizhou, China. Prev Med. 2023;174:107605. [ FREE Full text] [doi: 10.1016/j.ypmed.2023.107605] [Medline: 37419420]
Adnan M, Alarood AAS, Uddin M1, Rehman I1U. Utilizing grid search cross-validation with adaptive boosting for augmenting
performance of machine learning models. Peerd Comput Sci. 2022;8:e803. [FREE Full text] [doi: 10.7717/peerj-cs.803]
[Medline: 35494796]

Lundberg SM, Erion G, Chen H, DeGrave A, Prutkin JM, Nair B, et al. From local explanationsto global understanding
with explainable Al for trees. Nat Mach Intell. 2020;2(1):56-67. [FREE Full text] [doi: 10.1038/s42256-019-0138-9]
[Medline: 32607472]

Ali S, Akhlag F, Imran AS, Kastrati Z, Daudpota SM, Moosa M. The enlightening role of explainable artificial intelligence
in medical & healthcare domains: a systematic literature review. Comput Biol Med. 2023;166:107555. [FREE Full text]
[doi: 10.1016/j.compbiomed.2023.107555] [Medline: 37806061]

Lipsky AM, Greenland S. Causal directed acyclic graphs. JAMA.. 2022;327(11):1083-1084. [doi: 10.1001/jama.2022.1816]
[Medline: 35226050]

Peng Z, Apfelbacher C, Brandstetter S, Eils R, Kabesch M, Lehmann I, et a. Directed acyclic graph for epidemiological
studies in childhood food alergy: construction, user's guide, and application. Allergy. 2024;79(8):2051-2064. [doi:
10.1111/al1.16025] [Medline: 38234010]

Hague UM, Kabir E, Khanam R. Early detection of paediatric and adolescent obsessive-compulsive, separation anxiety
and attention deficit hyperactivity disorder using machine learning algorithms. Health Inf Sci Syst. 2023;11(1):31. [FREE
Full text] [doi: 10.1007/s13755-023-00232-7] [Medline: 37489154]

RenY, Wu D, Tong Y, Ldpez-DeFede A, Gareau S. Issue of dataimbalance on low birthweight baby outcomes prediction
and associated risk factorsidentification: establishment of benchmarking key machinelearning modelswith datarebalancing
strategies. JMed Internet Res. 2023;25:e44081. [EREE Full text] [doi: 10.2196/44081] [Medline: 37256674]

Streamlit. URL : https://xuly94-akd-app-app-malepw.streamlit.app/ [accessed 2024-09-05]

Plamm A, Vijayan M, Marinelli B, Vassalotti JA, Winston J, Rein JL. Acute kidney injury from post-nephrectomy renal
cell carcinomathrombus. Kidney Int. 2022;102(6):1431. [doi: 10.1016/j.kint.2022.08.034] [Medline: 36411024]

Wang S, Liu Z, Zhang D, Xiang F, Zheng W. The incidence and risk factors of chronic kidney disease after radical
nephrectomy in patients with renal cell carcinoma. BMC Cancer. 2022;22(1):1138. [EREE Full text] [doi:
10.1186/s12885-022-10245-8] [Medline: 36335288]

https://medinform.jmir.org/2024/1/€52837 JMIR Med Inform 2024 | vol. 12 | €52837 | p. 13

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.aap.2023.106956
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36681017&dopt=Abstract
https://europepmc.org/abstract/MED/37034435
https://europepmc.org/abstract/MED/37034435
http://dx.doi.org/10.3389/fdata.2023.1157899
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37034435&dopt=Abstract
https://doi.org/10.1038/s41746-020-0221-y
http://dx.doi.org/10.1038/s41746-020-0221-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32047862&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(23)00130-9
http://dx.doi.org/10.1016/S2589-7500(23)00130-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37775188&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0828-282X(21)00703-0
http://dx.doi.org/10.1016/j.cjca.2021.09.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34534619&dopt=Abstract
http://dx.doi.org/10.1016/j.artmed.2021.102158
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34511267&dopt=Abstract
http://dx.doi.org/10.1016/j.biortech.2022.128468
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36503098&dopt=Abstract
http://dx.doi.org/10.1053/j.ajkd.2013.02.349
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23499048&dopt=Abstract
https://www.acpjournals.org/doi/abs/10.7326/0003-4819-158-11-201306040-00007?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.7326/0003-4819-158-11-201306040-00007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23732715&dopt=Abstract
https://europepmc.org/abstract/MED/19414839
http://dx.doi.org/10.7326/0003-4819-150-9-200905050-00006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19414839&dopt=Abstract
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-021-02492-y
http://dx.doi.org/10.1186/s13059-021-02492-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34544450&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0091-7435(23)00185-8
http://dx.doi.org/10.1016/j.ypmed.2023.107605
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37419420&dopt=Abstract
https://europepmc.org/abstract/MED/35494796
http://dx.doi.org/10.7717/peerj-cs.803
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35494796&dopt=Abstract
https://europepmc.org/abstract/MED/32607472
http://dx.doi.org/10.1038/s42256-019-0138-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32607472&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0010-4825(23)01020-X
http://dx.doi.org/10.1016/j.compbiomed.2023.107555
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37806061&dopt=Abstract
http://dx.doi.org/10.1001/jama.2022.1816
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35226050&dopt=Abstract
http://dx.doi.org/10.1111/all.16025
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38234010&dopt=Abstract
https://europepmc.org/abstract/MED/37489154
https://europepmc.org/abstract/MED/37489154
http://dx.doi.org/10.1007/s13755-023-00232-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37489154&dopt=Abstract
https://www.jmir.org/2023//e44081/
http://dx.doi.org/10.2196/44081
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37256674&dopt=Abstract
https://xuly94-akd-app-app-ma1epw.streamlit.app/
http://dx.doi.org/10.1016/j.kint.2022.08.034
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36411024&dopt=Abstract
https://bmccancer.biomedcentral.com/articles/10.1186/s12885-022-10245-8
http://dx.doi.org/10.1186/s12885-022-10245-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36335288&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Xuetal

33.

35.

36.

37.

38.

39.

Chae D, Kim NY, Kim KJ, Park K, Oh C, Kim SY. Predictive models for chronic kidney disease after radical or partial
nephrectomy in renal cell cancer using early postoperative serum creatinine levels. J Transl Med. 2021;19(1):307. [FREE
Full text] [doi: 10.1186/s12967-021-02976-2] [Medline: 34271916]

XuL,LiC,LiN,Zhaol, ZhuZ, Zhang X, et al. Incidence and prognosis of acute kidney injury versus acute kidney disease
among 71 041 inpatients. Clin Kidney J. 2023;16(11):1993-2002. [FREE Full text] [doi: 10.1093/ckj/sfad208] [Medline:
37915910Q]

Hu XY, Liu DW, Qiao Y J, Zheng X, Duan JY, Pan SK, et al. Development and validation of a nomogram model to predict
acute kidney disease after nephrectomy in patients with renal cell carcinoma. Cancer Manag Res. 2020;12:11783-11791.
[FREE Full text] [doi: 10.2147/CMAR.S273244] [Medline: 33235506]

HuaYB, Li X, Wang DX. Prevalence and risk factors of myocardial and acute kidney injury following radical nephrectomy
with vena cava thrombectomy: a retrospective cohort study. BMC Anesthesiol. 2021;21(1):243. [FREE Full text] [doi:
10.1186/s12871-021-01462-y] [Medline: 34641781]

Hu J JnD, Fan R, Xie X, Zhou Z, Chen Y, et a. The relationships of acute kidney injury duration and severity with
long-term functional deterioration following partial nephrectomy. Int Urol Nephrol. 2022;54(7):1623-1628. [doi:
10.1007/s11255-021-03033-z] [Medline: 34718932]

LeeY, Ryu J, Kang MW, Seo KH, Kim J, Suh J, et al. Machine learning-based prediction of acute kidney injury after
nephrectomy in patientswith renal cell carcinoma. Sci Rep. Aug 03, 2021;11(1):15704. [doi: 10.1038/s41598-021-95019-1]
[Medline: 34344909]

Rufo DD, Debelee TG, Ibenthal A, Negera WG. Diagnosis of diabetes mellitus using Gradient Boosting Machine
(LightGBM). Diagnostics (Basel). Sep 19, 2021;11(9):1714. [FREE Full text] [doi: 10.3390/diagnostics11091714] [Medline:
34574055]

Abbreviations

AG: abumin-globulin

AKD: acute kidney disease

AKI: acutekidney injury

AUROC: areaunder the receiver operating characteristic curve
CKD: chronic kidney disease

DAG: directed acyclic graph

eGFR: estimated glomerular filtration rate

Hb: hemoglobin

LightGBM: Light Gradient-Boosting Machine

LIME: Local Interpretable Model-Agnostic Explanations
LR: logistic regression

ML: machinelearning

NKD: no kidney disease

PN: partial nephrectomy

RF: random forest

RN: radical nephrectomy

Scr: serum creatinine

SHAP: Shapley Additive Explanations

Edited by C Lovis; submitted 18.09.23; peer-reviewed by X Liu, AF Naher, N Koizumi; comments to author 30.01.24; revised version
received 08.04.24; accepted 21.07.24; published 20.09.24

Please cite as:

XuL,Li C,Gao S Zhao L, Guan C, Shen X, Zhu Z, Guo C, Zhang L, Yang C, Bu Q, Zhou B, Xu Y

Personalized Prediction of Long-Term Renal Function Prognosis Following Nephrectomy Using Interpretable Machine Learning
Algorithms: Case-Control Sudy

JMIR Med Inform 2024;12:€52837

URL: https://medinform.jmir.org/2024/1/€52837

doi: 10.2196/52837

PMID:

©Lingyu Xu, Chenyu Li, Shuang Gao, Long Zhao, Chen Guan, Xuefei Shen, Zhihui Zhu, Cheng Guo, Liwei Zhang, Chengyu
Yang, Quandong Bu, Bin Zhou, Yan Xu. Originally published in IMIR Medica Informatics (https://medinform.jmir.org),

https://medinform.jmir.org/2024/1/€52837 JMIR Med Inform 2024 | vol. 12 | €52837 | p. 14

RenderX

(page number not for citation purposes)


https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-021-02976-2
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-021-02976-2
http://dx.doi.org/10.1186/s12967-021-02976-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34271916&dopt=Abstract
https://europepmc.org/abstract/MED/37915910
http://dx.doi.org/10.1093/ckj/sfad208
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37915910&dopt=Abstract
https://europepmc.org/abstract/MED/33235506
http://dx.doi.org/10.2147/CMAR.S273244
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33235506&dopt=Abstract
https://bmcanesthesiol.biomedcentral.com/articles/10.1186/s12871-021-01462-y
http://dx.doi.org/10.1186/s12871-021-01462-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34641781&dopt=Abstract
http://dx.doi.org/10.1007/s11255-021-03033-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34718932&dopt=Abstract
http://dx.doi.org/10.1038/s41598-021-95019-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34344909&dopt=Abstract
https://www.mdpi.com/resolver?pii=diagnostics11091714
http://dx.doi.org/10.3390/diagnostics11091714
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34574055&dopt=Abstract
https://medinform.jmir.org/2024/1/e52837
http://dx.doi.org/10.2196/52837
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

https://medinform.jmir.org/2024/1/€52837

RenderX

JMIR MEDICAL INFORMATICS Xuetal

20.09.2024. This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in IMIR Medical Informatics, is properly cited. The complete bibliographic information,
alink totheorigina publication on https://medinform.jmir.org/, aswell asthis copyright and license information must be included.

JMIR Med Inform 2024 | vol. 12| 52837 | p. 15
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

