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Purpose: The present study aimed to investigate the association of perioperative dynamic changes of systemic inflammation markers
with AKI after radical cystectomy and their predictive value through machine learning algorithms.

Patients and Methods: Patients undergoing radical cystectomy with urinary diversion for bladder cancer from 2013 to 2022 at three
university-affiliated tertiary hospitals were gathered. Perioperative dynamic changes of systemic inflammatory markers were calculated
based on peripheral blood cell counts from pre- and post-operative values and categorized using restricted cubic splines (RCS). The
number of positive changes in these markers was recorded as the perioperative inflammation index. Multivariable logistic regression
was utilized to identify risk factors for AKI after radical cystectomy. AKI prediction models were constructed through various
supervised machine learning algorithms and evaluated by the area under the receiver operating characteristic curve (AUROC).
Results: 727 patients were finally enrolled in the study, with 151 (20.8%) patients experiencing AKI following radical cystectomy.
Postoperative hemoglobin (p = 0.003; OR, 0.977; 95% CI, 0.962-0.992), albumin level (p = 0.007; OR, 0.906; 95% CI, 0.843-0.974),
intraoperative fluid infusion rate (p < 0.001; OR, 0.769; 95% CI, 0.665-0.890) and the perioperative inflammation index (p < 0.001;
OR, 1.507; 95% CI, 1.209-1.877) were identified as independent risk factors with predictive value for AKI following radical
cystectomy with urinary diversion. Among various machine learning models, XGBoost performed best (AUROC: 0.801; 95% CI:
0.735-0.867) in AKI prediction.

Conclusion: The association between perioperative dynamic changes of inflammatory markers and AKI after radical cystectomy
reinforced the necessity of perioperative inflammatory evaluation. AKI predictive models, integrating perioperative metrics, enable
early identification and optimize perioperative management for AKI prevention.
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Introduction

Acute kidney injury (AKI) poses a significant risk following radical cystectomy and urinary diversion for bladder cancer,
with incidence rates ranging from 10% to over 40%.' Studies have indicated that individuals who experience AKI after
surgery are more prone to developing chronic kidney disease and face heightened mortality rates.** The occurrence of
AKI after radical cystectomy for bladder cancer was reported to be influenced by various factors, including demographic

. . . . . . . 1.2
indexes, preoperative evaluations, and surgical manipulation variables.
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Previous studies have demonstrated that the perioperative systemic inflammatory indexes, including the neutrophil-to-
lymphocyte ratio (NLR), platelet-to-lymphocyte ratio (PLR), lymphocyte-to-monocyte ratio (LMR), systemic inflamma-
tory response index (SIRI), and systemic immune-inflammation index (SII), were associated with numerous post-
operative adverse events, including AKI, and constituted an integral aspect of the perioperative evaluation.’”’ Elevated
preoperative NLR, SII, and SIRI levels were reported to be related to AKI following percutaneous coronary
intervention.®’ In addition, perioperative dynamic changes of these inflammation markers were reported as risk factors
for postoperative respiratory complications, prolonged pain, and mortality.'>'" Perioperative changes of NLR showed
predictive value for AKI after Coronary Artery Bypass Grafting.'> However, in patients undergoing radical cystectomy
and urinary diversion, the impact of perioperative dynamic changes of inflammation markers on the occurrence of
postoperative AKI was not well defined.

The application of machine learning algorithms has become increasingly prevalent in assisting diagnosis and
predictive modeling. In patients who had undergone cardiovascular surgery, gradient-boosted machine (GBM) models
were developed to predict postoperative AKI.'*'* In addition, ensemble algorithms, including random forest (RF) and
GBM, were employed to predict AKI in individuals who underwent liver resection or transplantation.'>'® However,
insufficient external validation constrains the reliability and generalizability of these AKI predictive models, and
predictive models for AKI following radical cystectomy and urinary diversion were infrequently reported.

Therefore, the present study aimed to verify the association between perioperative dynamic changes of systemic
inflammation indexes and AKI after radical cystectomy with urinary diversion, and develop and validate the AKI
machine learning predictive model based on perioperative evaluation and management metrics. We hypothesized that the
perioperative dynamic changes of systemic inflammation indexes significantly affect the incidence of AKI, machine
learning model incorporating perioperative metrics may offer a promising prediction for AKI after radical cystectomy.

Materials and Methods

Population

Patients who underwent radical cystectomy and urinary diversion for bladder cancer at Sun Yat-sen Memorial Hospital,
Sun Yat-sen University Cancer Center, and the third affiliated hospital of Sun Yat-sen University between January 2013
and December 2022 were included in this study. Ethical approval was obtained from the institutional review boards of all
participating centers (approval number: SYSKY-2023-165-01). The present study was followed in concordance with the
Declaration of Helsinki. Patient consent was waived due to the retrospective nature of the study. The inclusion criteria
were: (1) age > 18 years; (2) underwent radical cystectomy and urinary diversion during the study period. Exclusion
criteria included: (1) age < 18 years; (2) patients with non-bladder cancer; (3) patients with pre-existing chronic kidney
disease or acute kidney injury before surgery; (4) patients with incomplete data.

Study Design

All surgeries were performed by chief surgeons, with anesthesia administered by senior attending anesthesiologists or
those with higher qualifications. Patients underwent invasive arterial monitoring and central venous catheterization
routinely. Induction of anesthesia was achieved using propofol (2—4 mg/kg) or etomidate (0.2-0.4 mg/kg), sufentanil
(0.2-0.4 mg/kg), and muscle relaxant (cisatracurium [0.2—0.3 mg/kg] or rocuronium [0.8—1.0 mg/kg]). Maintenance of
anesthesia during surgery was accomplished with inhalational anesthetics (sevoflurane or desflurane) (0.8-1 MAC)
combined with opioids (sufentanil and remifentanil). Intermittent doses of muscle relaxants (cisatracurium [4—6 mg] or
rocuronium [10-20 mg]) were used to maintain muscle relaxation. Additionally, a transversus abdominis plane (TAP)
block with 0.25% ropivacaine was used for adjunctive analgesia.

Data Collection
Demographic information included sex, age, BMI, comorbidities (such as hypertension, diabetes, coronary heart disease
(CHD), chronic obstructive pulmonary disease (COPD), etc)., ASA classification, and preoperative chemotherapy status.
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Laboratory examination variables within 7 days preoperatively and up to 2 days postoperatively were collected,
including hemoglobin, albumin, aspartate aminotransferase (AST), alanine aminotransferase (ALT), total bilirubin,
creatinine, and differential blood cell counts. The preoperative and postoperative systemic inflammatory markers
(including NLR, PLR, LMR, SIRI, and SII) were calculated based on these blood cell counts. Specifically, the following
formulas were applied: NLR = Neutrophil count / Lymphocyte count; PLR = Platelet count / Lymphocyte count; LMR =
Lymphocyte count / Monocyte count; SIRI = (Neutrophil count x Monocyte count) / Lymphocyte count; SII = (Platelet
count x Neutrophil count) / Lymphocyte count.

Surgical manipulation parameters included the duration of surgery, intraoperative blood loss, the type of urinary
diversion (orthotopic neobladder, ileal conduit, and cutaneous ureterostomy), and surgical procedure (open, laparoscopy,
or robot-assisted). The choice of urinary diversion and surgical procedure was determined by the surgeon based on the
location and extent of the surgical site, patient condition, and patient preference.

Intraoperative management metrics were obtained, including the volume and type (crystalloids and colloids) of fluids
infused, infusion rates, and details of red blood cell or plasma transfusions. The intraoperative fluid infusion rate was
standardized to the patient’s body weight (mL/kg/ hr). Fluid infusion management was tailored by the anesthesiologist
based on the patient’s blood pressure, urine output, hemodynamic monitoring, and central venous pressure (CVP) levels.
For elderly patients (age > 65 years) or those with compromised function (cardiac or pulmonary), blood transfusions
were initiated when the intraoperative hematocrit fell below 30%. In contrast, for other patients, blood transfusions were
administered when the hematocrit dropped below 25%.

Outcome
The primary outcome was postoperative AKI, defined by the Acute Kidney Injury Network (AKIN) criteria as a serum
creatinine increase of > 26.5 umol/I (> 0.3 mg/dl) or > 1.5-fold from baseline within 48 hours postoperatively.'’

Statistical Analysis

Continuous variables were presented as median with interquartile range (IQR) and were compared using the Mann—
Whitney U-test. Categorical variables were expressed as frequencies and percentages (%) and were compared using the
Chi-squared test or Fisher’s exact test.

Patients ultimately enrolled in this study were randomized in a 7:3 ratio into primary and validation cohorts, and
Univariable comparisons were used to assess differences between the two cohorts. Restricted cubic splines (RCS) were
employed to transform continuous systemic inflammatory markers into categorical variables based on their hazard ratio
(HR) values in the primary cohort. Subsequently, Univariable comparisons were conducted in the primary cohort to
identify potential risk factors for postoperative AKI. Variables with a p-value <0.10 in the Univariable comparisons were
considered for inclusion in the multivariable logistic regression model to identify independent risk factors.

Supervised machine learning algorithms, including k-nearest neighbors (KNN), support vector machines (SVM),
logistic regression, decision tree, RF, GBM, and XGBoost, were employed to develop prediction models for AKI. For the
KNN, SVM, and logistic regression models, variables with a p-value less than 0.1 in the univariate analysis were selected
to reduce dimensionality and avoid overfitting. For tree-based algorithms (including decision tree, RF, GBM, and
XGBoost), all available variables were included in the initial model construction since these algorithms have internal
mechanisms for handling multicollinearity, ranking feature importance, and performing implicit feature selection, which
makes them suitable for high-dimensional data without requiring prior variable reduction. The z-score standardization
was applied of continuous variables in KNN and SVM models. 5-fold cross-validation was utilized during model training
and evaluation to prevent overfitting and provide a more robust estimate of model performance.

Model performance was evaluated in the validation cohort using the area under the receiver operating characteristic
curve (AUROC), the area under the precision—recall curve (AUPRC), and the F1 score to comprehensively assess both
overall discrimination and performance under class imbalance. The Shapley additive explanations (SHAP) values were
utilized to demonstrate the variables with significant predictive value in the model with the highest AUROC, and the
decision curve analysis (DCA) was employed to show the potential benefits of the model’s clinical application.
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The level of statistical significance was set at p < 0.05 for all tests. All analyses were conducted using SPSS (version 26.0),

CLINT3

R (version 4.0.2) with the “rms” package, and Python with the “numpy”,

LR I3

pandas”, “sklearn”, and “shap” packages.

Results

Patient Selection

A total of 962 patients undergoing radical cystectomy and urinary diversion were included in this study. Among them, 14
patients were excluded due to pre-existing chronic kidney disease, 5 were excluded for undergoing surgery for non-tumor
reasons, and 216 were excluded due to incomplete data. Ultimately, 727 patients were included in the final analysis. The
median age of the patients was 64 years (IQR: 56-70 years), and the majority were male (86.5%). The median BMI of
the subjects was 23.2 kg/m2 (IQR: 21.0-25.1 kg/m?2). Postoperative AKI occurred in 151 patients (20.8%). The patients
were divided into training and validation cohorts in a 7:3 ratio. Table 1 showed the comparison of demographic
characteristics, perioperative laboratory examinations, Intraoperative management metrics, surgical manipulation para-

meters, and the AKI incidence between these groups.

Table | Univariable Analysis Between the Primary and Validation Cohorts

Characteristics total (n=727) Primary Cohort | Validation Cohort | p-value
(n=508) (n=219)
Sex, male 629 (86.5) 439 (86.4) 190 (86.8) 0.902
Age, yr 64 (56, 70) 64 (57, 70) 64 (56, 70) 0.777
BMI, kg/m2 23.2 (21.0, 25.1) 23.1 (209, 25.1) 23.4 (21.1, 25.1) 0.896
Comorbidities
Hypertension 168 (23.1) 127 (25.0) 41 (18.7) 0.065
Diabetes 74 (10.2) 51 (10.0) 23 (10.5) 0.850
CHD 23 (3.2) 15 (3.0) 8 (3.7) 0.621
COPD 3 (04) 2 (0.4) 1 (0.5) 1.000
Others 33 (4.5) 26 (5.1) 7 (3.2) 0.253
Total 230 (31.6) 170 (33.5) 60 (27.4) 0.107
ASA classification 0.725
[ 10 (1.4) 6(1.2) 4 (1.8)
Il 520 (71.5) 364 (71.7) 156 (71.2)
11l 190 (26.1) 132 (26.0) 58 (26.5)
v 7 (1.0 6(1.2) 1 (0.5)
Preoperative chemotherapy 262 (36.0) 183 (36.0) 79 (36.1) 0.990
Preoperative
Hemoglobin, g/L 123 (109, 130) 124 (109, 139) 123 (108, 139) 0.690
Albumin, g/L 39.0 (35.6, 42.0) 39.2 (358, 42.2) 38.1 (35.2, 41.4) 0.025
AST, UL 18.4 (15.0, 24.0) 18.7 (15.0, 23.9) 18.0 (14.8, 24.0) 0.680
ALT, U/L 16.0 (11.4, 23.0) 16.0 (11.3, 22.5) 16.0 (1.4, 23.0) 0.932
Total bilirubin, umol/L 9.1 (6.8, 11.8) 9.0 (6.8, 11.7) 9.2 (6.9, 11.9) 0.393
Creatinine, pmol/L 87.0 (74.0, 103.5) | 86.0 (73.3, 103.0) 89.0 (76.7, 104.0) 0.152
Postoperative
Hemoglobin, g/L 110 (98, 121) 110 (98, 121) 108 (98, 121) 0.493
Albumin, g/L 30.1 (27.2, 32.6) 30.1 (27.2, 32.7) 299 (27.2, 32.2) 0.446
AST, U/L 18.8 (15.1, 23.2) 19.0 (15.2, 24.0) 18.6 (15.0, 23.0) 0.267
ALT, U/L 14.0 (9.6, 20.8) 14.0 (9.8, 21.0) 132 (9.1, 19.0) 0.111
Total bilirubin, pmol/L 11.0 (8.0, 15.9) 1.1 (8.1, 16.2) 10.9 (7.6, 15.7) 0.303
Intraoperative fluid infusion
Volume, mL 2200 (1850, 2700) | 2200 (2000, 2700) | 2200 (1750, 2500) 0.305
Rate, mL/ (kgxh) 6.73 (5.24, 8.11) 6.73 (5.24,8.21) 6.67 (5.24, 8.02) 0.330
(Continued)

13338

https:

Journal of Inflammation Research 2025:18




Liu et al

Table | (Continued).

Characteristics total (n=727) Primary Cohort | Validation Cohort | p-value
(n=508) (n=219)
RBC transfusion, u 0 (0, 1.5) 0 (0, 0) 0 (0, 2) 0.275
Plasma transfusion, mL 0 (0, 0) 0 (0, 0) 0 (0, 0) 0.620
Duration of surgery, min 305 (266, 380) 305 (265, 388) 310 (270, 378) 0813
Intraoperative blood loss, mL 150 (100, 300) 150 (100, 300) 150 (100, 300) 0.478
Urinary diversion 0.384
Cutaneous ureterostomy 47 (6.5) 37 (7.3) 10 (4.6)
lleal conduit 323 (44.4) 225 (44.3) 98 (44.7)
Orthotopic neobladder 357 (49.1) 246 (48.4) 111 (50.7)
Surgical procedure 0.396
Robot-assisted 280 (38.5) 191 (37.6) 89 (40.6)
Laparoscopy 225 (30.9) 165 (32.5) 60 (27.4)
Open 222 (30.5) 152 (29.9) 70 (32.0)
Postoperative AKI 151 (20.8) 107 (21.1) 44 (20.1) 0.767

Notes: Data are presented as n(%) or median (interquartile range [IQR]).
Abbreviations: BM|, Body Mass Index; ASA, American Society of Anesthesiologists; AST, Aspartate Aminotransferase; ALT, Alanine
Aminotransferase; RBC, Red Blood Cell; AKI, Acute Kidney Injury.

Univariable and Multivariable Analysis
Perioperative systemic inflammatory markers (including NLR, PLR, LMR, SIRI, and SII) were calculated based on
differential blood cell counts. The postoperative systemic inflammation markers were divided by the preoperative correspond-
ing markers to demonstrate the perioperative dynamic changes of these indexes. Based on the primary cohort, the dynamic
changes of these systemic inflammatory markers were converted into categorical variables using RCS (Figure 1A-E). The
perioperative dynamic changes of NLR, PLR, LMR, and SII had significant associations with postoperative AKI in
Univariable comparisons (Table 2). Further, the number of positive dynamic changes of systemic inflammatory markers for
each patient was recorded as a perioperative inflammation index to reveal the degree of inflammation activation during
surgery. A positive association between the perioperative inflammation index and the incidence of AKI was found (Figure 1F).
In the primary cohort, Univariable comparisons indicated that BMI, preoperative AST, postoperative hemoglobin,
AST and ALT levels, intraoperative fluid infusion rate, duration of surgery, the type of urinary diversion, surgical
procedure and the perioperative inflammation index showed significant differences between the AKI and non-AKI groups
(Table 2). Multivariable logistic regression identified postoperative hemoglobin (p = 0.003; OR, 0.977; 95% CI, 0.962 to
0.992), albumin level (p = 0.007; OR, 0.906; 95% CI, 0.843 to 0.974), intraoperative fluid infusion rate (p < 0.001; OR,
0.769; 95% CI, 0.665 to 0.890) and the perioperative inflammation index (p < 0.001; OR, 1.507; 95% CI, 1.209 to 1.877)
as independent risk factors for the development of AKI (Table 2).

Development and Validation of Prediction Models

Various machine learning algorithms, including KNN, SVM, logistic regression, decision tree, RF, GBM, and XGBoost,
were utilized to construct AKI prediction models in the primary group (Table S1). The ROC curves for these models in
the validation cohort are shown in Figure 2. The AUROC values for the models in the validation cohort ranged from
0.658 to 0.801, with all models except KNN and SVM achieving an AUROC above 0.7. In addition, the XGBoost model
achieved the highest AUROC of 0.801 (95% CI: 0.735 to 0.867) with a sensitivity of 84.1% and a specificity of 64.6%
(Table 3). Furthermore, XGBoost also demonstrated the highest AUPRC of 0.503 (95% CI: 0.352 to 0.637) and the best

F1 score of 0.522, indicating superior performance in identifying positive cases under class imbalance (Table 3).
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Figure | The associations of the dynamic changes of perioperative systemic inflammatory markers with AKI following radical cystectomy. (A) Restricted cubic spline of the HRs (95%
Cl) for AKl associated with the dynamic change of perioperative NLR. (B) Restricted cubic spline of the HRs (95% Cl) for AKl associated with the dynamic change of perioperative PLR.
(C) Restricted cubic spline of the HRs (95% Cl) for AKI associated with the dynamic change of perioperative LMR. (D) Restricted cubic spline of the HRs (95% Cl) for AKI associated
with the dynamic change of perioperative SIRI. (E) Restricted cubic spline of the HRs (95% Cl) for AKl associated with the dynamic change of perioperative SII. (F) A positive correlation
was observed between the perioperative inflammation index (number of positive dynamic changes of systemic inflammatory markers) and the risk of AKI.

Model Interpretation and Clinical Application

SHAP analysis showed that intraoperative fluid infusion rate, postoperative hemoglobin, albumin, ALT and total bilirubin
levels, preoperative hemoglobin, ALT and total bilirubin levels, BMI, and the perioperative inflammation index were
important predictors in the XGBoost model. (Figure 3). The DCA demonstrated the standardized net benefit of the
XGBoost model (Figure 4). Based on the DCA, the XGBoost model provided potential clinical benefit when the
threshold probability was set between 0.1 and 0.7.

Table 2 Univariable and Multivariable Comparisons Between the AKI and Non-AKI Groups in the Primary Cohort

Characteristics AKI (n=107) Non-AKI (n=401) | Univariable | Multivariable OR (95% CI)
p-value p-value

Sex, male 97 (90.7) 342 (85.3) 0.150
Age, yr 63 (59, 70) 64 (56, 71) 0.972
BMI, kg/m?2 24.2 (21.8, 25.6) 23.0 (20.7, 25.0) 0.002 0.434 1.035 (0.950 to 1.128)
Comorbidities

Hypertension 24 (22.4) 103 (25.7) 0.490

Diabetes 8 (7.5) 43 (10.7) 0.321

CHD 2 (1.9) 13 (3.2) 0.748

COPD 0 (0.0 2 (0.5) 1.000

Others 5(4.7) 21 (5.2) 0.814

Total 33 (30.8) 137 (34.2) 0.517

(Continued)
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Table 2 (Continued).

Characteristics AKI (n=107) Non-AKI (n=401) | Univariable | Multivariable OR (95% CI)
p-value p-value
ASA classification 0.252
| 1 (0.9) 5(1.2)
I 84 (78.5) 280 (69.8)
1] 22 (20.6) 110 (27.4)
v 0 (0.0 6 (1.5)
Preoperative chemotherapy 31 (29.0) 152 (37.9) 0.087 0.243 1.356 (0.814 to 2.258)
Preoperative
Hemoglobin, g/L 123 (104, 136) 124 (110, 140) 0.385
Albumin, g/L 38.4 (34.5, 42.0) 39.4 (36.3,42.2) 0.059 0.383 1.024 (0.970 to 1.081)
AST, U/L 20.3 (16.0, 27.0) 18.0 (15.0, 23.0) 0.013 0.616 1.007 (0.979 to 1.037)
ALT, U/L 17.0 (12.0, 24.0) 15.6 (11.1, 22.0) 0.307
Total bilirubin, umol/L 9.1 (6.9, 11.0) 9.0 (6.6, 11.8) 0.934
Creatinine, pmol/L 87.0 (73.0, 104.0) 85.2 (73.3, 103.0) 0.682
Postoperative
Hemoglobin, g/L 105 (92, 121) 111 (99, 121) 0.020 0.003 0.977 (0.962 to 0.992)
Albumin, g/L 29.6 (27.0, 32.2) 30.3 (274, 32.8) 0.073 0.007 0.906 (0.843 to 0.974)
AST, U/L 19.0 (17.5, 25.0) 18.6 (15.0, 23.9) 0.027 0.947 1.001 (0.984 to 1.017)
ALT, U/L 17.0 (11.3, 24.0) 13.6 (9.2, 20.7) 0.004 0.372 1.010 (0.988 to 1.034)
Total bilirubin, umol/L 112 (8.7, 16.2) 1.1 (8.0, 16.2) 0.394
Intraoperative fluid infusion
Volume, mL 2200 (1500, 2800) | 2200 (2000, 2700) 0.359
Rate, mL/ (kgxh) 5.51 (4.63, 7.09) 7.01 (5.65, 8.39) <0.001 <0.001 0.769 (0.665 to 0.890)
RBC transfusion, u 0 (0, 0) 0 (0, 1.5) 0.591
Plasma transfusion, mL 0 (0, 0) 0(0,0) 0.685
Duration of surgery, min 305 (275, 420) 305 (260, 372) 0.044 0.332 1.001 (0.999 to 1.004)
Intraoperative blood loss, mL 150 (100, 300) 150 (100, 300) 0.380
Urinary diversion 0.030 0.251
Cutaneous ureterostomy 6 (5.6) 31 (7.7) 0.318 0.585 (0.204 to 1.678)
lleal conduit 37 (34.6) 188 (46.9) 0.138 0.658 (0.379 to 1.143)
Orthotopic neobladder 64 (59.8) 182 (45.4)
Surgical procedure 0.031 0.21
Robot-assisted 45 (42.1) 146 (36.4) 0.856 1.070 (0.517 to 2.215)
Laparoscopy 41 (383) 124 (30.9) 0.138 1.661 (0.850 to 3.248)
Open 21 (19.6) 131 (32.7)
Perioperative dynamic changes
NLR 73 (68.2) 215 (53.6) 0.007
PLR 70 (65.4) 217 (54.1) 0.036
LMR 52 (48.6) 152 (37.9) 0.045
SIRI 44 (41.1) 145 (36.2) 0.345
Sl 69 (64.5) 214 (53.4) 0.040
Perioperative inflammation index 3(2,3) 2(2,3) <0.001 <0.001 1.507 (1.209 to 1.877)

Notes: Data are presented as n(%) or median (interquartile range [IQR]). The Mann—Whitney U-test was utilized for continuous variables and the chi-squared test or
Fisher’s exact test were utilized for categorical variables in the univariable analysis. Variables in the multivariable analysis were selected by collinearity diagnostics.

Abbreviations: AKI, Acute Kidney Injury; OR, Odds Ratio; 95% Cl, 95% Confidence Interval; BMI, Body Mass Index; ASA, American Society of Anesthesiologists; AST,
Aspartate Aminotransferase; ALT, Alanine Aminotransferase; RBC, Red Blood Cell; NLR, Neutrophil-to-Lymphocyte Ratio; PLR, Platelet-to-Lymphocyte Ratio; LMR,
Lymphocyte-to-Monocyte Ratio; SIRI, Systemic Inflammatory Response Index; Sll, Systemic Immune-Inflammation Index.

Discussion

The present study employed the RCS to transform the levels of perioperative dynamic changes of different systemic

inflammatory metrics (NLR, PLR, LMR, SIRI, and SII) into categorical variables, which were then integrated as the
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Figure 2 The receiver operating characteristic (ROC) and precision—recall (PR) curves of machine learning models in the validation cohort. The ROC curves (A) and PR
curves (B) illustrate the predictive performance of different machine learning models for AKI in the validation cohort. The XGBoost model achieved the highest AUROC
(brown curve) and AUPRC (brown curve) for AKI prediction.

Perioperative Inflammation Index. Furthermore, the perioperative inflammatory index, in conjunction with intraoperative
fluid infusion rate and postoperative Hb and Alb levels, were identified as independent risk factors with significant
predictive value for AKI after radical cystectomy. Among the multitude of machine learning AKI prediction models, the
XGBoost model exhibited the most promising performance. The DCA suggested a potential clinical benefit when the
XGBoost model was employed with positive decision thresholds set between 0.1 and 0.7.

The current study integrated the perioperative dynamic changes of various inflammatory markers (NLR, PLR, LMR, SIRI,
and SII) into the perioperative inflammation index, thereby identifying a robust association between it and AKI after radical
cystectomy. These inflammation markers are derived from routine blood tests and reflect the balance between different types
of immune cells, providing insights into the body’s inflammatory state.'® Perioperative changes in these markers reflect an
imbalance in the immune response and the development of systemic inflammatory response syndrome (SIRS), which can lead
to tissue damage and impaired organ function.®'® Previous studies have demonstrated that perioperative changes in NLR and
PLR were valuable predictors of postoperative AKI in colorectal cancer patients,”® which was consistent with our results. The
perioperative dynamic changes of these inflammatory indexes were reported to be influenced by intraoperative fluid manage-

! and anti-inflammatory drug administration.”> Therefore, the robust

ment strategies,”® surgical manipulation stimuli,”
correlation between these inflammation metrics and AKI underscores their potential for personalized postoperative risk

assessment and the tailoring of anesthetic intervention strategies.

Table 3 The AUROC of AKI Prediction Models Developed Based on Machine Learning

Algorithm
Machine Learning Algorithms | AUROC (95% CI) AUPRC (95% CI) Fl scores
KNN 0.664 (0.578 to 0.750) | 0.351 (0.231 to 0.472) 0.424
SVM 0.658 (0.575 to 0.740) | 0.251 (0.176 to 0.343) 0.429
Logistic regression 0.741 (0.663 to 0.819) | 0.398 (0.271 to 0.559) 0.452
Decision tree 0.723 (0.633 to 0.813) | 0.431 (0.291 to 0.592) 0.489
Random forest 0.774 (0.699 to 0.848) | 0.460 (0.312 to 0.612) 0.496
GBM 0.711 (0.624 to 0.799) | 0.425 (0.281 to 0.561) 0.446
XGBoost 0.801 (0.735 to 0.867) | 0.503 (0.352 to 0.637) 0.522

Abbreviations: AUROC, Area Under the Receiver Operating Characteristic Curve; AUPRC, Area Under the
Precision Recall Curve; AKI, Acute Kidney Injury; 95% Cl, 95% Confidence Interval; KNN, K-Nearest Neighbors;
SVM, Support Vector Machines; GBM, Gradient Boosting Machines.
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Figure 3 The SHAP values of the top 10 important features for the XGBoost AKI prediction model. The red and blue points indicate nodules having high to low values of
the specific feature. The SHAP value in the x-axis indicates the impact of each variable on the model.
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Figure 4 The Decision Curves of the XGBoost model. The y-axis measures the standardized net benefit. The threshold probability is presented on the x-axis. The green
line represents the assumption that all patients experienced AKI after radical cystectomy. The black line represents the assumption that no postoperative AKI has occurred.
Based on the red line (represents the XGBoost model), the threshold probability could be set between 10% and almost 70% when the benefit of the XGBoost model was
more than either the treat-all or treat-none scheme.

In addition to perioperative inflammatory response, intraoperative fluid infusion rate and postoperative Hb and Alb
levels were identified as independent risk factors for AKI after radical cystectomy and contributed significantly to the
prediction model construction. Previous studies indicated that lower intraoperative infusion rates are associated with an
increased risk of AKI due to mechanisms involving inadequate tissue perfusion, compensatory vasoconstriction, and
impaired waste clearance.”>** Considering the findings of this study, and those of previous investigations, excessively low
intraoperative infusion rates should be eschewed to minimize the risk of AKI after radical cystectomy. On the other side,
postoperative anemia was found to double the risk of AKI in patients undergoing total hip replacement arthroplasty,” and
postoperative hypoalbuminemia has been identified as an independent risk factor for AKI in critically ill patients.® The
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findings of this study further clarify the association between intraoperative fluid infusion strategy and postoperative anemia
and nutritional status with AKI after radical cystectomy, providing evidence for optimizing intraoperative management.
By leveraging large datasets that include perioperative and intraoperative variables, machine learning models offer
a means to improve early detection and intervention strategies for at-risk patients for postoperative adverse events.?’>*
Among the various machine learning techniques applied, ensemble algorithms like RF and XGBoost showed substantial
potential in predicting postoperative AKL>* However, specific studies directly addressing AKI prediction after radical
cystectomy are limited. Therefore, this study constructed postoperative AKI prediction models for patients undergoing radical
cystectomy for bladder cancer. In a manner consistent with previous studies, the predictive model with the ensemble
algorithm, XGBoost, demonstrated the highest performance. This may be attributed to the advanced gradient-boosting
framework of XGBoost. Furthermore, the DCA plot showed that the clinical benefit curve of the XGBoost model was higher
than both the “All” and “None” strategies for thresholds between 0.1 and 0.7. The DCA result enables the evaluation of clinical
relevance without the requirement for additional validation data in a traditional decision-analytic approach, justifying that the
presented XGBoost model holds great potential for clinical application for predicting AKI following radical cystectomy.*
Limitations exist in the present study. Firstly, selection bias was inevitable, and establishing causation was challenging due to
the observational nature of the retrospective study. Secondly, unmeasured surgical manipulation or perioperative management
variables (such as the existence of intraoperative hypotension) may diminish predictive models’ performance. Thirdly, the final
analysis was conducted on a relatively small sample size. Therefore, multicenter prospective large-sample studies should be
conducted to verify the causal association between perioperative data and AKI after radical cystectomy for bladder cancer.

Conclusion

This study revealed an intimate association between a group of perioperative evaluation and management variables, including
the degree of perioperative inflammatory response activation, and AKI after radical cystectomy. AKI predictions of machine
learning models developed in this study enabled early interventions, such as medication adjustments and optimized fluid
management, tailored to individual patient risk profiles. This personalized approach not only improves patient outcomes but
also aids in efficient resource allocation, ensuring high-risk patients receive the necessary care and monitoring.
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