. mathematics

Article

Bayesian Optimization Meets Explainable AI: Enhanced Chronic
Kidney Disease Risk Assessment

Jianbo Huang !, Long Li 3
g g

check for
updates
Academic Editor: Gustavo

Arroyo-Figueroa

Received: 23 July 2025
Revised: 14 August 2025
Accepted: 20 August 2025
Published: 25 August 2025

Citation: Huang,J.;Li, L.; Hou, M.;
Chen, J. Bayesian Optimization Meets
Explainable Al: Enhanced Chronic
Kidney Disease Risk Assessment.
Mathematics 2025, 13,2726. https://
doi.org/10.3390/math13172726

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

, Mengdi Hou # and Jia Chen 1-*

School of Computer Application, Guilin University of Technology, Guilin 541004, China;

huang jianbo@glut.edu.cn

Key Laboratory of Equipment Data Security and Guarantee Technology, Ministry of Education, Guilin
University of Electronic Technology, Guilin 541004, China

Guangxi Key Laboratory of Trusted Software, Guilin University of Electronic Technology,

Guilin 541004, China

School of Electronic Information and Artificial Intelligence, Wuzhou University, Wuzhou 543000, China
*  Correspondence: chj@glut.edu.cn

Abstract

Chronic kidney disease (CKD) affects over 850 million individuals worldwide, yet conven-
tional risk stratification approaches fail to capture complex disease progression patterns.
Current machine learning approaches suffer from inefficient parameter optimization and
limited clinical interpretability. We developed an integrated framework combining ad-
vanced Bayesian optimization with explainable artificial intelligence for enhanced CKD risk
assessment. Our approach employs XGBoost ensemble learning with intelligent parameter
optimization through Optuna (a Bayesian optimization framework) and comprehensive
interpretability analysis using SHAP (SHapley Additive exPlanations) to explain model
predictions. To address algorithmic “black-box” limitations and enhance clinical trustwor-
thiness, we implemented four-tier risk stratification using stratified cross-validation and
balanced evaluation metrics that ensure equitable performance across all patient risk cate-
gories, preventing bias toward common cases while maintaining sensitivity for high-risk
patients. The optimized model achieved exceptional performance with 92.4% accuracy,
91.9% F1-score, and 97.7% ROC-AUC, significantly outperforming 16 baseline algorithms
by 7.9-18.9%. Bayesian optimization reduced computational time by 74% compared to
traditional grid search while maintaining robust generalization. Model interpretability anal-
ysis identified CKD stage, albumin-creatinine ratio, and estimated glomerular filtration rate
as primary predictors, fully aligning with established clinical guidelines. This framework
delivers superior predictive accuracy while providing transparent, clinically-meaningful
explanations for CKD risk stratification, addressing critical challenges in medical Al de-
ployment: computational efficiency, algorithmic transparency, and equitable performance
across diverse patient populations.

Keywords: chronic kidney disease; Bayesian optimization; explainable Al risk assessment;
clinical decision support

MSC: 68

1. Introduction

Chronic kidney disease (CKD) represents one of the most significant global health
challenges, affecting over 850 million people worldwide and contributing to approximately
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2.4 million deaths annually [1]. The progressive nature of CKD necessitates early detection
and accurate risk stratification to prevent progression to end-stage renal disease [2]. With
considerable regional variation in prevalence—China (10.8%) [3], United States (10-15%) [4],
and Mexico (14.7%) [5]—traditional clinical assessment methods often fail to capture the
complex, multifactorial nature of CKD progression [6]. The asymptomatic progression in
initial phases creates diagnostic dilemmas, where patients remain unaware of deteriorat-
ing kidney function until advanced stages, when therapeutic interventions become less
effective [7].

The rapid advancement of machine learning has catalyzed transformative diagnostic
opportunities in healthcare [8]. Machine learning algorithms offer substantial opportu-
nities for accurate disease diagnosis by computing and inferring task-relevant informa-
tion [9], with the proliferation of electronic health records further expanding application
prospects [10]. Within the medical domain, machine learning has demonstrated remark-
able efficacy in detecting human physiological conditions [11], analyzing disease-related
factors [12], and facilitating diagnosis across diverse pathological conditions including
cardiovascular diseases [13], diabetes [14], acute kidney injury [15], various cancers [16],
and numerous other medical conditions [17]. Recent CKD detection studies have ex-
plored diverse approaches: random forest models achieving ~100% accuracy [18], neural
network-case-based reasoning systems attaining 95% accuracy [19], XGBoost classifiers
with recursive feature elimination [20], decision tree-based imputation with k-nearest neigh-
bor classification [21], XGBoost implementations with SHAP-based feature selection [22],
and ensemble methods utilizing ant colony optimization [23]. However, systematic review
reveals critical methodological limitations: while researchers employ various preprocessing
techniques, the majority lack systematic hyperparameter optimization approaches [24].
Traditional grid search techniques suffer from computational inefficiency and fail to con-
verge within clinically acceptable timeframes. Although Bayesian optimization frameworks
present innovative solutions, their systematic integration with CKD prediction remains
insufficiently explored.

The importance of explainable artificial intelligence (XAI) has become paramount
in healthcare applications, where clinical decision-making requires a transparent under-
standing of predictive factors. Recent investigations have demonstrated interpretable
models’ utility in CKD applications: XGBoost with biogeography-based optimization [25],
explainable models for CKD progression prediction [26], SHAP-based risk factor interpre-
tation achieving 92.1% accuracy [27], and explainable AI models for early CKD diagnosis
identifying significant predictive factors [28]. Contemporary approaches, including SHAP,
LIME, and PDP, offer sophisticated methodologies for understanding complex model
behavior [29]. However, the integration of interpretability frameworks with optimized
prediction models remains fragmented, limiting clinical workflow utility.

Current literature reveals a significant methodological gap in synergistic integration
of Bayesian optimization and explainable Al for medical prediction applications. Exist-
ing research typically addresses hyperparameter optimization and model interpretability
as distinct processes, resulting in suboptimal workflows. Moreover, previous CKD pre-
diction studies exhibit critical limitations in data quality management and algorithmic
bias [24,30]. The unique challenges in CKD risk assessment—class imbalance across risk cat-
egories, high-dimensional clinical data integration, and balanced diagnostic performance
requirements—demand specialized methodological considerations that contemporary ap-
proaches inadequately address.

To address these limitations, this investigation introduces a novel integrated frame-
work synergistically combining Bayesian optimization with explainable Al for enhanced
CKD risk assessment. Our approach specifically improves upon existing works through
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(1) comprehensive data quality enhancement via KNN imputation and systematic prepro-
cessing pipelines, (2) an unbiased evaluation framework using macro-averaged metrics
ensuring equitable performance across all risk categories, and (3) transparent model in-
terpretability through anonymized data handling. Our approach employs TPE-based
Bayesian optimization to efficiently identify optimal hyperparameters while incorporating
comprehensive SHAP interpretability analysis. The framework introduces macro-averaged
evaluation metrics to ensure equitable performance across all CKD risk categories, ef-
fectively addressing class imbalance challenges while providing clinically meaningful
interpretations.
The principal contributions encompass the following:

e An integrated Bayesian optimization framework combining XGBoost with Tree-
structured Parzen Estimator (TPE) optimization for medical prediction;

e Intelligent computational pruning through medianpruner, reducing hyperparameter
evaluations by 35-fold (from 3456 to 100 trials) with 4-fold time efficiency improvement;

e  Macro-averaged evaluation methodologies addressing class imbalance and preventing
algorithmic bias;

e  Comprehensive SHAP integration resolving ensemble model “black-box” limitations
while maintaining clinical interpretability;

e  Extensive empirical validation demonstrating superior performance across 16 baseline
algorithms with robust generalization capability;

e  Comprehensive comparison of 4 hyperparameter optimization strategies demonstrat-
ing TPE-based approach superiority in both performance and computational efficiency.

2. Related Works

The application of machine learning to chronic kidney disease diagnosis has evolved
considerably, with systematic reviews highlighting promising Al performance while identi-
fying persistent challenges in data quality, algorithmic bias, and ethical considerations [27].
Modern ML algorithms demonstrate sophisticated capabilities in analyzing vast clinical
data, effectively detecting subtle kidney function changes beyond traditional diagnostic
methods [31], with continuous learning capabilities making them particularly suitable for
chronic disease management scenarios [32].

Early foundational investigations established core ML capabilities through individual
algorithm exploration. Amirgaliyev et al. [33] achieved 93% accuracy using support vector
machines, while Chittora et al. [34] reported 99.6% accuracy with deep neural networks,
and Dutta et al. [35] demonstrated perfect F1 scores with logistic regression outperforming
decision trees and random forests. However, these early studies predominantly focused
on small datasets (typically < 500 samples) and lacked systematic validation protocols,
raising questions about generalization capability. Subsequent studies showed Random
Forest with recursive feature elimination superior to SVM and Decision Trees [36], while
Nishat et al. [37] achieved 99.75% Random Forest accuracy, and Swain et al. [38] reached
99.33% SVM accuracy using SMOTE balancing techniques.

The ensemble methods era introduced sophisticated algorithmic combinations but
maintained traditional optimization approaches. Tree-based ensemble methods gained
substantial traction due to their capabilities for handling missing clinical values and cap-
turing complex nonlinear relationships. Rahman et al. [39] achieved superior Light GBM
performance using MICE imputation and borderline-SMOTE, while Bai et al. [40] demon-
strated clinical feasibility of ML approaches for CKD prognosis assessment, and Debal
and Sitote [41] applied recursive feature elimination with Random Forest, consistently out-
performing alternatives. Advanced ensemble approaches emerged with Halder et al. [42]
achieving perfect accuracy using Random Forest and AdaBoost, and Ghosh et al. [6] in-
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troducing hybrid models outperforming individual algorithms across multiple metrics.
Despite sophisticated ensemble architectures, these studies continued relying on manual
hyperparameter tuning or basic grid search methods, limiting optimization potential.

Current approaches exhibit critical limitations constraining clinical adoption, partic-
ularly in hyperparameter optimization strategies. Ghosh & Khandoker [30] exemplified
these challenges, achieving 93.29% XGBoost accuracy but facing reliability concerns due to
severe class imbalance. Traditional class imbalance handling approaches include synthetic
oversampling techniques (SMOTE), cost-sensitive learning, and ensemble-based methods.
While Rahman et al. [39] employed borderline-SMOTE for addressing class imbalance,
and Swain et al. [38] used SMOTE balancing techniques, achieving 99.33% SVM accu-
racy, these approaches risk introducing artificial patterns that may not reflect authentic
clinical populations.

Traditional hyperparameter optimization approaches have dominated medical Al lit-
erature due to conceptual simplicity, yet suffer from computational inefficiency and lack
intelligent exploration capabilities. Debal and Sitote [41] employed grid search techniques,
and Swain et al. [38] incorporated comprehensive parameter tuning. Nishat et al. [37] high-
lighted the potential for advanced optimization techniques, while Kukkar et al. [43] achieved
60% computational savings in diabetic retinopathy classification. However, traditional meth-
ods lack intelligent exploration capabilities for high-dimensional parameter spaces and often
require prohibitive computational resources for clinical deployment scenarios.

Bio-inspired optimization algorithms have emerged as alternatives with mixed success
but limited theoretical guarantees. Yousif et al. [44] proposed the Eurygaster Optimization
Algorithm with ensemble deep learning, while Gokiladevi and Santhoshkumar [45] de-
veloped the CKDD-HGSODL model utilizing Henry Gas Optimization and Slime Mould
Algorithm. Despite promising theoretical foundations, evolutionary approaches often re-
quire extensive computational resources and lack rigorous convergence guarantees, making
them impractical for time-sensitive clinical applications.

Bayesian optimization represents a paradigm shift, demonstrating substantial perfor-
mance improvements across diverse medical Al applications yet remaining underexplored
in CKD prediction. Khurshid et al. [46] achieved 97.26% accuracy for diabetes prediction us-
ing Bayesian-optimized XGBoost, significantly outperforming traditional approaches. Kurt
et al. [47] developed clinical decision support systems for gestational diabetes using RNN-
LSTM networks with Bayesian optimization, achieving 95% sensitivity and 99% specificity.
Rimal and Sharma [48] found that Bayesian optimization combined with SVM achieved
90% accuracy for heart disease prediction, while Al-Jamimi [49] demonstrated synergistic
approaches combining feature engineering with Bayesian optimization for chronic disease
prediction. These successes in adjacent medical domains highlight the untapped potential
of systematic Bayesian optimization integration in CKD risk stratification.

The imperative for explainable artificial intelligence has intensified following increased
regulatory scrutiny and demands for algorithmic transparency, yet systematic integration
with optimization remains fragmented. SHAP has emerged as the predominant framework
due to solid theoretical foundations in cooperative game theory. Direct applications to CKD
prediction have shown significant progress: Moreno-Sanchez [28] achieved 99.2% accuracy
while identifying key predictive features, Arumugham et al. [50] developed explainable
deep learning models achieving 98.75% accuracy using LIME algorithms, Jawad et al. [51]
achieved 98% fidelity using Random Forest with comprehensive explainable Al, and
Singamsetty et al. [52] achieved 99.07% accuracy integrating both LIME and SHAP tech-
niques. However, these studies typically implement interpretability as a post-hoc analysis
rather than an integral component of the optimization process, limiting the potential for
interpretability-guided model improvement. Critical performance reliability concerns
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emerge when examining reported accuracies in the context of dataset characteristics and
validation methodologies. Challenges persist, as demonstrated by Ghosh & Khandoker [30],
who faced limitations from severe class imbalance despite incorporating interpretability
analysis.

The comprehensive literature review reveals three critical gaps limiting the clinical
deployment of ML-based CKD prediction systems, as follows:

e  Suboptimal hyperparameter optimization—current approaches predominantly rely on
computationally inefficient traditional methods, failing to leverage advanced Bayesian
optimization techniques;

o Insufficient interpretability integration—systematic integration of comprehensive in-
terpretability analysis with optimized model performance remains largely unexplored;

e Limited robustness validation—existing models consistently lack thorough error anal-
ysis, uncertainty quantification, and parameter sensitivity assessment, crucial for
clinical deployment.

These limitations provide strong motivation for our investigation of advanced Optuna-
based Bayesian optimization systematically integrated with comprehensive SHAP interpretabil-
ity analysis for developing robust, clinically-deployable CKD risk stratification systems.

3. Preliminary
3.1. Data Overview

The dataset characteristics are summarized in Table 1. This retrospective study uti-
lized a publicly available chronic kidney disease dataset, which contains clinical data from
1150 patients across seven hospitals in Shanghai, China, collected between 13 December
2016 and 27 January 2018. The dataset encompasses comprehensive clinical profiles in-
cluding demographic characteristics, medical history, laboratory parameters, and disease
staging information. Patient data and personal information were anonymized and de-
identified by the original data providers prior to public release, ensuring privacy protection
and enabling research use without additional consent requirements.

Table 1. Data Field Description.

Variable Name Description Values/Range
hos_id Hospital ID 7 hospitals
hos_name Hospital Name Hospital names
gender Gender Male/Female
genetic Hereditary Kidney Disease Yes/No
family Family History of Chronic Nephritis Yes/No
transplant Kidney Transplant History Yes/No
biopsy Renal Biopsy History Yes/No
HBP Hypertension History Yes/No
diabetes Diabetes Mellitus History Yes/No
hyperuricemia Hyperuricemia Yes/No
UAS Urinary Anatomical Structure None/No/ Yes
Abnormality
ACR Albumin-to-Creatinine Ratio <30/30-300/>300 mg/g
UP_positive Urine Protein Test Negative/Positive
+(0.1-0.2g/L)
+(0.2-1.0)
UP_index Urine Protein Index 2+ (1.0-2.0)
3+ (2.0-4.0)

5+ (>4.0)
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Table 1. Cont.
Variable Name Description Values/Range
URC_unit Urine RBC Unit HP—per high power field
uL—per microliter
URC Urine RBC Count 0-93.9
~hum rine ou Different units
Scr Serum Creatinine 0/27.2-85,800 umol /L
eGFR Estimated Glomerular Filtration Rate 2.5-148 mL/min/1.73 m?
date Diagnosis Date 13 December 2016 to 27 January 2018
. e Low Risk/Moderate Risk
rate CKD Risk Stratification High Risk/Very High Risk
stage CKD Stage CKD Stage 1-5

The dataset captured essential demographic information and hospital-specific iden-
tifiers across participating institutions. Comprehensive medical history documentation
included hereditary kidney disease status, family history of chronic nephritis, previous
kidney transplantation, and renal biopsy history. Comorbidity profiles encompassed hyper-
tension, diabetes mellitus, hyperuricemia, and urinary anatomical structure abnormalities.

CKD pathophysiology involves progressive nephron loss, glomerular sclerosis, and
tubulointerstitial fibrosis, leading to decreased filtration capacity and increased protein-
uria [53]. The disease progression follows distinct biological phases reflected in clinical
staging. CKD staging followed established clinical guidelines, classifying patients into
stages 1 through 5 based on eGFR values and evidence of kidney damage. Stages 1-2 typi-
cally present with minimal symptoms and preserved or mildly reduced kidney function
but may show early glomerular hyperfiltration and structural damage. Stage 3 represents
moderate decline with emerging symptoms such as edema and fatigue corresponding to
significant nephron loss (30-60%). Stage 4 indicates severely reduced function with uremic
complications reflecting advanced interstitial fibrosis and metabolic acidosis, while Stage
5 represents end-stage disease requiring renal replacement therapy with >90% nephron loss.

Risk stratification was performed using a four-tier classification system (low risk,
moderate risk, high risk, and very high risk), integrating multiple clinical and laboratory
parameters to predict disease progression and guide therapeutic interventions.

3.2. Exploratory Data Analysis

Exploratory data analysis plays a crucial role in chronic kidney disease research by
revealing underlying disease patterns, validating clinical staging criteria, and identifying
key predictive relationships essential for developing robust classification models. Prior
to model development, data integrity assessment revealed excellent completeness rates
exceeding 95% for all variables, with missing data primarily reflecting incomplete medical
record documentation rather than systematic bias.

Figure 1 demonstrated clear compositional patterns across CKD stages through
multi-panel analysis, validating the clinical representativeness of our dataset with
n = 1150 patients distributed as follows: CKD1 (n = 425, 37.0%), CKD2 (n = 298, 25.9%),
CKD3 (n =247, 21.5%), CKD4 (n = 128, 11.1%), and CKD5 (n = 52, 4.5%). The progressive
deterioration from early to advanced stages reflects the natural history of chronic kidney
disease, with clear staging boundaries supporting reliable classification. Gender distribu-
tion remains consistent across all stages, ensuring unbiased model development for both
male and female patients.
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Figure 1. CKD Stage Composition Analysis across Multiple Clinical Dimensions. (a) ACR distribution
reveals progressive nephropathy severity with normal ACR (<30 mg/g) decreasing from 65.2% in
CKD1 to 25.3% in CKD5, while severe albuminuria (>300 mg/g) increases from 8.1% to 48.7%.
(b) Gender distribution remained balanced across stages, eliminating gender bias as a confounding
factor. (c) Risk stratification revealed moderate risk as predominant (46.0%), followed by low
(23.4%), high (15.7%), and very high risk (15.0%). (d) eGFR violin plots confirmed precise staging
accuracy with distinct medians: CKD1 (/97), CKD2 (~78), CKD3 (~55), CKD4 (~28), and CKD5
(~9 mL/min/1.73 mz). In violin plots, blue horizontal lines represent median values, red horizontal
lines represent quartile boundaries (25th and 75th percentiles).

Figure 2 demonstrates variable interdependencies through a four-panel correlation
analysis using Pearson correlation coefficients. The strongest associations occurred be-
tween core renal markers: Scr and stage_num (r = 0.88), eGFR and Scr (r = —0.65), and
eGFR and stage_num (r = —0.91), validating CKD staging mathematical foundations. Net-
work analysis identified three primary variable clusters: central renal function markers,
genetic/familial factors, and medical history variables. Additional correlations included
family history with genetic factors (r = 0.50) and moderate associations between hyper-
uricemia and hypertension (r = 0.34). Family history of chronic nephritis was documented
in 0.4% of patients (5/1150), with 50.0% prevalence among those with hereditary kidney
disease. Abbreviations: Scr, serum creatinine; eGFR, estimated glomerular filtration rate;
stage_num, CKD stage numerical.

Figure 3 presents comprehensive comorbidity profiling through dual radar chart anal-
ysis, revealing distinct patterns across risk stratifications and CKD stages. Moderate and
high-risk groups show intermediate patterns with progressive accumulation of comorbidi-
ties. Key statistical insights reveal that a family history of chronic nephritis affects 0.4%
of the total cohort (5/1150 patients), while hereditary kidney disease accounts for 0.5%
(6/1150 patients). Notably, among patients with hereditary kidney disease, 50% have a con-
current family history, highlighting the strong genetic component. Stage-specific analysis
shows CKD2 and CKD3 patients have family history rates of 0.5% and 0.4%, respectively,
with similar hereditary disease prevalence, while CKD1 patients show the lowest rates
(0.3% for both parameters).
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Figure 2. Comprehensive Clinical Variables Correlation Analysis. (a) Correlation matrix presents
a lower triangular correlation matrix heatmap with numerical correlation values, (b) Variable cor-
relations shows the complete correlation matrix with emphasized correlations > 0.3, (c) Variable
relationships network displays a network diagram where line thickness indicates correlation strength
(threshold > 0.3) and node colors distinguish numerical markers (red) from categorical variables
(blue), and (d) Correlation strength analysis presents a bubble plot where bubble size represents
correlation strength with values shown for correlations > 0.15. Network connections use pink lines
for positive correlations and teal lines for negative correlations, with node sizes reflecting average
correlation strength with other variables.

Figure 4 demonstrates a three-dimensional visualization of core biomarker relation-
ships alongside density analysis. ACR demonstrated progressive elevation from 28.4 mg/g
in Stage 1 to 456.8 mg/g in Stage 5, representing a 16-fold increase. Notably, 34.7% of
patients with negative qualitative urine protein tests still showed elevated ACR levels.

Figure 5 demonstrates disease progression pathways through a two-panel flow analy-
sis. Hypertension alone (369 patients) emerged as the most common single comorbidity,
while hypertension-diabetes combination (363 patients) comprised the largest group. The
moderate risk category captured the highest patient volume (529 patients), followed by
CKD1 stage (399 patients) and CKD2 stage (399 patients). Risk stratification showed ef-
fective discrimination: very high-risk patients demonstrated 47.1% progression to CKD5
versus 0% in low-risk patients, with moderate-risk patients showing intermediate progres-
sion patterns (12.3% to CKD3, 47.6% to CKD2). Low-risk patients concentrated in CKD1
(59.1%) and CKD2 (40.9%), confirming the risk stratification system’s predictive validity.
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Figure 3. Multi-dimensional Risk Profile Analysis. (a) Risk groups by comorbidity profile demonstrate
risk group-specific comorbidity profiles, where very high-risk patients exhibit markedly elevated preva-
lence across all six domains: diabetes approaching 90%, hypertension exceeding 95%, hyperuricemia
around 60%, proteinuria at 85%, with genetic factors and family history showing moderate elevation
(20-30%). In stark contrast, low-risk patients display substantially lower comorbidity burdens with
diabetes, approximately 15%, hypertension around 50%, and minimal genetic predisposition (~=10%).
(b) CKD stages by comorbidity profile illustrate CKD stage-specific comorbidity evolution, where ad-
vanced CKD stages (CKD4-5) demonstrate > 80% prevalence for diabetes, hypertension, and proteinuria,
while early stages (CKD1-2) show more variable patterns. Lines represent: (a) low risk (green), moderate
risk (red), high risk (blue), very high risk (purple); (b) CKD1 (green), CKD2 (orange), CKD3 (red), CKD4
(purple), CKD5 (brown). Statistical data boxes within each radar chart display key prevalence rates for
family history (F) and hereditary disease (H) percentages by group.

(b) Scr vs eGFR Density Plot
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Figure 4. 3D Biomarker Relationship Analysis. (a) Biomarker relationships in 3D space show clear
stage-based clustering in Scr-eGFR-URC_num space, with CKD1 patients clustering in high eGFR
(>90), low Scr (<200 pmol/L) regions, while CKD5 patients occupied the opposite extreme. Color-
coded scatter points represent different CKD stages (CKD1-5) with distinct spatial distributions
reflecting disease progression patterns. (b) Scr vs. eGFR density plot revealed a robust inverse
Scr-eGFR relationship (R? = 0.847) using hexagonal binning to show patient density concentrations,
with the red line indicating the regression trend and color intensity representing patient density per

hexagonal area.
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Figure 5. Patient Flow and Risk Stratification Analysis. (a) Patient flow: comorbidity to CKD pro-
gression illustrates the patient flow from initial comorbidity profiles through risk stratification to
final CKD stage distribution, with box sizes proportional to patient numbers and arrows indicating
progression pathways. Comorbidity combinations are labeled with abbreviations: HTN (hyperten-
sion), DM (diabetes), HUA (hyperuricemia), with patient counts shown in parentheses. (b) CKD
stage distribution by risk groups presents horizontal stacked bar charts showing the percentage
distribution of CKD stages within each risk group, with colors representing different CKD stages and
numerical values indicating exact percentages.

Figure 6 demonstrates clinical parameter distributions across CKD stages stratified
by key demographic and comorbidity factors through comprehensive box plot analysis.
Gender differences appear minimal for both parameters, while hypertensive patients
show intermediate values between diabetic and non-diabetic groups. The box plots reveal
significant within-group variability, with diabetic nephropathy patients showing broader
interquartile ranges, confirming diabetes as a major driver of renal function deterioration
with more severe and heterogeneous renal impairment patterns.

Figure 7 demonstrates temporal and institutional heterogeneity through a compre-
hensive four-panel analysis. Under a null hypothesis of no risk stratification effect, all risk
categories would follow similar CKD stage distributions. However, our analysis reveals dis-
tinct patterns where very high-risk patients are concentrated in advanced CKD stages with
50% reaching stages 4-5, high-risk patients are predominantly in moderate-to-advanced
stages (stages 3—4), and low-risk patients show 80% remaining in early stages (CKD 1-2),
contrasting with the dataset baseline that is more evenly distributed across all stages.

The exploratory analysis established a robust foundation by identifying key predictive
relationships, verifying data quality, and confirming the dataset’s clinical validity and
temporal stability across participating institutions.

3.3. Data Processing

The raw dataset underwent a comprehensive preprocessing pipeline to ensure data
quality and suitability for machine learning algorithms. The original dataset contained
1150 patient records with 23 clinical variables. Initial exploration revealed data quality
issues, including inconsistent categorical representations, measurement unit discrepancies,
and missing values.
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Figure 6. Clinical Parameters Distribution Analysis. (a—c) Serum creatinine (Scr) distributions by
gender, hypertension (HBP), and diabetes status, respectively, reveal that diabetic patients exhibit
consistently higher median creatinine levels across CKD stages 14, particularly pronounced in
advanced stages. (d-f) Estimated glomerular filtration rate (eGFR) distributions display eGFR
patterns, where diabetic patients demonstrate systematically lower eGFR values compared to non-
diabetic counterparts, with the gap widening in later CKD stages. Box plots show median (central
line), interquartile range (box boundaries), whiskers (1.5 x IQR), and outliers (individual points),
with color coding distinguishing between categorical groups within each comparison.

Inconsistent categorical representations were standardized. The hyperuricemia vari-
able was consolidated into a binary format, and the UAS variable was standardized by
mapping alternative encodings. URC measurements exhibited unit inconsistencies and
were standardized to HP units.

URCuum H U
URCyp={ 10 7 lf URC it = pl )
URCum, if URCypiy = HP

where URCpp represents the standardized value in HP units, and URC, is the original
numerical value.

Categorical variables were imputed using the most frequent value strategy. For
numerical variables, KNN imputation (k = 5) was applied, as follows:

1
Y= X %
lENk(i)

@

where ¥}; is the imputed value i and feature j, Ni (i) represents the set of k nearest neighbors,
and distance was calculated using Euclidean metric, as follows:

p

2 (xim - xlm)2

m=1

d(i,1) = ®)
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where p is the number of features used for distance calculation, excluding the feature
being imputed.

(a) eGFR Distribution by CKD Stage (b) Serum Creatinine by Hospital
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Figure 7. Cumulative Risk Distribution Analysis. (a) eGFR distribution by CKD stage displays eGFR
kernel density distributions by CKD stage, revealing distinct non-overlapping patterns that validate
the discriminatory power of stage classification, with CKD1 patients clustered at higher eGFR values
(>90 mL/min/1.73 m?) and progressive left-shift toward lower values in advanced stages. Each colored
curve represents a different CKD stage with overlapping histograms and smooth density lines. (b) Serum
creatinine by hospital presents serum creatinine distributions across hospital institutions on a logarithmic
scale, demonstrating substantial inter-hospital variability with median values ranging from ~70 to
>400 pumol/L, suggesting institutional differences in patient case-mix or referral patterns. The y-axis
uses logarithmic scaling to accommodate the wide range of creatinine values, with box plots showing
median, quartiles, and outliers for each hospital. (c) Monthly CKD stage distribution illustrates temporal
enrollment patterns through stacked area plots, showing pronounced seasonal variation with peak patient
recruitment concentrated in October-November 2017, followed by a gradual decline, indicating potential
seasonal healthcare utilization patterns or study-specific recruitment dynamics. (d) Cumulative CKD
stage distribution by risk groups describes the proportion of patients in each risk category distributed
across CKD stages, compared against the overall dataset baseline distribution. Lines with markers show
cumulative proportions (0.0-1.0) progressing from CKD stage 1 to 5 for each risk level.

Binary variables were encoded as 1/0. Ordinal variables preserved ordering UP_index
(6-point scale) and ACR categories. Outcomes were encoded as risk stratification (0-3) and
CKD staging (0-4).

Right-skewed variables underwent logarithmic transformation, as follows:

In(URCrp),
1n(0.01),

Zf URCgp >0

URCHP_IOg - Zf URCHP =0

4)
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Serum creatinine values were log-transformed, as follows:
Scriog = In(Scr) (5)

where [n denotes the natural logarithm.
Continuous variables with different scales were standardized using z-score normaliza-

tion, as follows:
X—p
o

(6)

z =

where z is the standardized value, x is the original value, y is the sample mean, and ¢ is
the sample standard deviation. The standardization parameters were calculated as follows:

1 n
p=—-) % ?)
i3

o—\/nil (x; — ) (8)
i=1

1

where 7 represents the total number of observations.
Continuous laboratory parameters were discretized using k-means clustering. The
k-means algorithm minimizes the within-cluster sum of squares (WCSS), as follows:

k
WCSS =Y Y [lx — )

i=1 XGC,‘

where k is the number of clusters, C; represents the i-th cluster, y; is the centroid of cluster
Ci, ||x — pi||* denotes the squared Euclidean distance between data point x and centroid ;.
The cluster centroids are updated iteratively using the following:

1
=g L (10)

XECZ'

The cut-points for discretization were calculated using the rolling mean of adjacent

cluster centers, as follows:
Hj g1
2

where j = 1,2,...,,k — 1. The resulting categorical variables were labeled sequentially from 0

cutpoint; = (11)

to k — 1, representing increasing severity levels.

The preprocessed dataset comprised 988 patients with 25 features, including:

8 demographic and clinical history variables,

6 original laboratory parameters,

3 log-transformed variables,

3 standardized variables,

3 discretized cluster variables,

2 target variables (risk stratification and CKD staging).

The preprocessing pipeline achieved 100% data completeness while preserving 85.9%
of the original sample size, demonstrating an effective balance between data quality and
sample retention.

4. Methodology

This chapter presents a novel ensemble learning framework that leverages the synergis-
tic combination of Extreme Gradient Boosting (XGBoost v3.0.2) with Optuna-based (v4.3.0)
Bayesian optimization for chronic kidney disease risk stratification. The proposed methodology
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addresses the inherent challenges in medical data classification, including class imbalance, high-
dimensional feature spaces, and the critical need for robust hyperparameter tuning to achieve
optimal predictive performance. The framework integrates Tree-structured Parzen Estimator
(TPE) sampling within a principled Bayesian optimization paradigm to systematically explore
the hyperparameter space while employing median pruning for computational efficiency.

The architecture encompasses four sequential components: data preprocessing with
intelligent feature engineering, XGBoost-based gradient boosting with regularization,
Optuna-driven hyperparameter optimization with early termination, and stratified cross-
validation for robust model evaluation. The optimization process dynamically adjusts ten
critical hyperparameters through iterative Bayesian inference, where each trial’s perfor-
mance guides subsequent parameter sampling to converge toward optimal configurations
that maximize macro-averaged F1-score.

Based on the described architecture and optimization strategy, the proposed frame-
work is structurally illustrated in Figure 8, which demonstrates the iterative interplay
between Bayesian optimization, gradient boosting ensemble construction, and performance-
driven pruning mechanisms.

—
Data Collection Advanced Feature
CKD Patient Records Intelligent Label Mapping Engineering
Clinical Features — Auto Feature Detection —_ Numerical Standardization
Multi-format Labels Mssing Value Handling Label Encoding
— Feature Scaling
- = +
( \ (
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Figure 8. Proposed Framework Architecture.

Moderate Risk ] [ High Risk ’

4.1. XGBoost

XGBoost implements a gradient boosting framework that iteratively constructs an
ensemble of decision trees. The algorithm builds the model by sequentially adding weak
learners, where each new tree corrects the residual errors of the previous ensemble. The
prediction for the sample i at iteration ¢ follows

) =y Y+ fil) (12)

1

where f;(x;) represents the t-th tree function applied to feature vector x;.
The algorithm optimizes a regularized objective function that balances prediction
accuracy with model complexity, as follows:

n — t
LW =31 (y,»,yf”) +Y0(f) (13)
i=1 j=1
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where I( y;, yl@ is the loss function and Q( fj) represents the regularization term that con-

trols model complexity. This formulation prevents overfitting while maintaining predictive
performance through the incorporation of L1 and L2 regularization penalties.

4.2. Bayesian Optimization with Optuna

Optuna employs the Tree-structured Parzen Estimator algorithm to intelligently nav-
igate the hyperparameter space. TPE models hyperparameter distributions based on
historical trial performance by constructing two probability distributions, as follows:

_JHe) ify <y

where [(0) represents the distribution of “good” configurations, g(0) represents the distri-
bution of “poor” configurations, separated by a threshold y".
The acquisition function for selecting the next hyperparameter configuration is

a(6) =1(6)/2(0) (15)

This ratio guides the search toward regions with high probability of containing opti-
mal configurations.

The TPE algorithm constructs probabilistic models of parameter regions using his-
torical trial information for efficient parameter sampling. A maximum of 100 evaluations
balanced optimization thoroughness with computational efficiency while maintaining
practical feasibility for clinical environments. This systematic approach identified robust
hyperparameter configurations that optimize both predictive accuracy and generalization
capability, suitable for reliable clinical applications, as detailed in Algorithm 1.

Algorithm 1: Optuna XGBoost Hyperparameter Optimization

Input: X,y, T = 100
Initialization: study = optuna.create_study(direction = ‘maximize’)
1: def objective(trial):
2: params = {
3: n-estimators: trial.suggest_int(‘n_estimators’, 100, 1000),
4 max_depth: trial.suggest_int(‘max_depth’, 3, 10),
5: learning_rate: trial.suggest_float('learning_rate’, 0.01, 0.3, log = True),
6: subsample: trial.suggest_float(‘subsample’, 0.6, 1.0),
7 colsample_bytree:trial.suggest_float(‘colsample_bytree’,0.6,1.0),
8 reg_alpha: trial.suggest_float(‘reg_alpha’, 0.0, 10.0),
9: reg_lambda: trial.suggest_float(‘reg_lambda’, 1.0, 10.0)scoring = ‘flmacro’).mean()
10: }
11:  model = XGBClassifier(**params)
12: cv_scores = cross_val_score(model, X, y, cv = 3, scoring = 'fl_macro’)
13:  Return cv_scores.mean()
14:  study.optimize(objective, n_trials = T)
15:  best_params = study.best_params
16:  final_model = XGBClassifier(**best_params).fit(X_train, y_train)
17:  predictions = final_model.predict(X_test)
Return: final_model, best_params, evaluate_metrics(y_test, predictions)
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4.3. Model Validation Strategy

The evaluation employs stratified 3-fold cross-validation to maintain class distribution
consistency across folds. For each fold k, the stratification ensures

‘Sk(c)

/’Sk‘%‘D(C)

/}D\ (16)

where
Sk©) represents samples of class c in fold k,
D(©) denotes all samples of class c in the dataset,
|-| indicates set cardinality.

5. Experiment
5.1. Experimental Configuration and Setup

All experiments were conducted on a Windows 11 system equipped with 32 GB RAM,
utilizing Python 3.11 as the primary computational environment. Random seeds were
consistently set to 42 throughout the computational pipeline to ensure reproducibility.

The experimental framework integrated XGBoost with Optuna-based Bayesian opti-
mization as described in the methodology section. A MedianPruner with 5 startup trials
and 10 warmup steps was implemented to enhance computational efficiency through early
stopping of unpromising trials.

Model evaluation employed the stratified 3-fold cross-validation strategy within the
optimization loop, with the complete dataset partitioned using an 8:2 stratified train-test
split to preserve class distribution across training and evaluation sets.

5.2. Performance Metrics

Model performance was evaluated using multiple classification metrics to assess
predictive accuracy across the four CKD risk stratification categories. Given the clinical
significance and inherent class imbalance in medical datasets, macro-averaged metrics
were prioritized to ensure equal consideration of all risk categories.

Accuracy measures the overall proportion of correct predictions across all risk cate-
gories, as follows:

Accuracy = (TP; + TP, + TP3 + TPy) / N (17)

where TP, represents the true positives for class c and N is the total number of samples.
Precision evaluates the accuracy of positive predictions for each risk classification. The
macro-averaged precision is computed as follows:

TP,
T

1
P. + FP; (18

. 13
Precisionmacro = 1;

where c is the number of classes, TP. denotes true positives, and FP; represents false
positives for class c. High precision minimizes false positive classifications, reducing
unnecessary clinical interventions.

Recall (Sensitivity) measures the model’s ability to correctly identify patients across
each risk level, crucial for preventing missed diagnoses, as follows:

13 TP,
Recalljmacro = 1 ; TP, (19)

It
: +FN;
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where FN, indicates false negatives for category c. High recall ensures comprehensive
detection of patients requiring immediate medical attention.

F1-Score computes the harmonic mean between precision and recall, providing a
balanced assessment for both false positive and false negative reduction, as follows:

1 &, 2 x Precision, x Recall
4 Z C C (20)

F1 ==
macro = Precision; + Recall,

This metric served as the primary optimization objective for hyperparameter tuning,
balancing diagnostic accuracy with clinical safety across all risk classifications.

ROC AUC (One-vs.-Rest) evaluates the model’s discriminative ability between risk
categories. Each category is assessed as a binary classification against all others

14
A R=-Y A 21
UC Ov 46_; UC, (21)

where AUC, represents the area under the ROC curve for category ¢ versus all remain-
ing categories.

The selection of macro-averaged metrics addresses class imbalance challenges where
conventional metrics may exhibit bias toward majority classes, ensuring equal diagnostic
capability across all risk categories regardless of sample frequency.

To validate the statistical significance of performance improvements, we conducted a
comprehensive statistical analysis across 30 repeated experiments with different random
seeds. The analysis employed paired statistical tests and multiple comparison corrections
to ensure robust conclusions.

Paired t-test was used to compare performance differences between our method and
baseline algorithms when the normality assumption was satisfied, as follows:

o d
sq/Vn

where d is the mean difference between paired observations, s; is the standard deviation of

t (22)

differences, and 7 is the number of paired samples.
The Wilcoxon signed-rank test served as a non-parametric alternative when normality
assumptions were violated, as follows:

W= 2?:1 sign(d;) - R; (23)

where d; represents the difference between paired observations, and R; is the rank of the
absolute difference |d;|.

Cohen’s d quantified effect size to assess practical significance beyond statistical
significance, as follows:

X1 — X
d— 1 2

(24)
Spooled

(nl—l)s%-&-(nz—l)sz

_ 2 L
where sp00led = =2 represents the pooled standard deviation.

Bonferroni correction addressed multiple comparison issues by adjusting the signifi-
cance level, as follows:

[
Xcorrected = % (25)

where « is the original significance level (0.05) and k is the number of pairwise comparisons.
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Bootstrap confidence intervals provided robust estimates of mean differences through
resampling, as follows:

Cly = [Qu/2, Qi—a/2] (26)

where Q) represents the p-th percentile of the bootstrap distribution of mean differences.

5.3. Model Performance Comparison and Analysis

The comprehensive evaluation of 17 machine learning algorithms demonstrates the
superior performance of our proposed Optuna-optimized XGBoost model across all evalua-
tion metrics (Table 2). Our method achieved outstanding test performance with an accuracy
of 92.4%, precision of 92.7%, recall (macro) of 91.2%, and F1 (macro) of 91.9%, significantly
outperforming all baseline algorithms. The ROC-AUC (OvR) of 97.7% further validates our
model’s exceptional discriminative capability.

Table 2. Model Comparison Results.

Model Dataset  Accuracy  Precision Recall (Macro) F1 (Macro) ROC AUC

o Train 0.928 0.937 0.92 0.928 0.99
urs Test 0.924 0.927 0.912 0.919 0.977
Random Train 0.867 0.88 0.826 0.849 0.975
Forest Test 0.825 0.826 0.774 0.795 0.943
CB Train 0.891 0.894 0.874 0.883 0.975
00st Test 0.855 0.847 0.836 0.841 0.941
Decision Train 0.878 0.871 0.859 0.865 0.965
Tree Test 0.848 0.833 0.831 0.832 0.903
SUM Train 0.871 0.888 0.838 0.859 0.962
Test 0.801 0.782 0.764 0.771 0.936

MLP Train 0.773 0.773 0.713 0.727 0.911
Test 0.734 0.713 0.685 0.687 0.908

Logistic Train 0.835 0.83 0.799 0.812 0.944
Regression Test 0.811 0.795 0.783 0.789 0.921
Ridge Train 0.719 0.725 0.637 0.617 0.883
Classifier Test 0.737 0.713 0.665 0.653 0.895
L Train 0.836 0.829 0.803 0.814 0.944
asso Test 0.825 0.814 0.797 0.804 0.926
Elastic N Train 0.838 0.833 0.803 0.815 0.944
astic Net Test 0.822 0.809 0.793 08 0.925
. Train 0.925 0.936 0.916 0.925 0.992
LightGBM Test 0.845 0.834 0.835 0.834 0.938
CatB Train 0.891 0.897 0.878 0.887 0.975
atboost Test 0.848 0.838 0.829 0.833 0.949
Gradient Train 0.893 0.902 0.876 0.888 0.972
Boosting Test 0.842 0.836 0.821 0.828 0.944
KNN Train 0.795 0.812 0.737 0.767 0.952
Test 0.697 0.679 0.624 0.645 0.867

Naive Train 0.315 0.482 0.428 0.335 0.833
Bayes Test 0.3 0.351 0.408 0.314 0.83
Voting Train 0.896 0.919 0.868 0.89 0.973
Classifier Test 0.848 0.854 0.828 0.839 0.947
Stacking Train 0.884 0.894 0.862 0.877 0.964

Classifier Test 0.828 0.815 0.799 0.806 0.933
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Among baseline algorithms, LightGBM showed promising training performance
(F1 macro: 92.5%) but experienced substantial performance degradation on test data
(83.4% F1 macro), indicating overfitting issues. Traditional ensemble methods demonstrated
moderate effectiveness: standard XGBoost (84.1% F1 macro), CatBoost v1.2.8 (83.3%), and
Random Forest (79.5%). Linear models exhibited varied performance patterns, with Elastic
Net (80.0% F1 macro) and Lasso (80.4%) achieving comparable results, while Logistic
Regression reached 78.9% F1 macro.

Distance-based and probabilistic algorithms showed limited effectiveness, with KNN
achieving only 64.5% F1 macro and Naive Bayes performing poorly at 31.4% F1 macro.
Advanced ensemble strategies, including Voting Classifier (83.9% F1 macro) and Stacking
Classifier (80.6%), failed to surpass our optimized approach, indicating that sophisticated
hyperparameter optimization proves more effective than ensemble complexity for medical
classification tasks.

The consistently high ROC-AUC values (>90%) across most algorithms confirm the
dataset’s strong discriminative potential, while our method’s superior performance across
all metrics and excellent generalization capability establish its clinical reliability for CKD
risk stratification.

As shown in Table 3, the comprehensive hyperparameter configuration comparison
reveals distinct parameter selection patterns across different optimization methods. Our
approach identified moderate tree complexity (max_depth = 6) with precise learning
rate control (0.0142), while GridSearch selected deeper trees (max_depth = 7) and higher
learning rates (0.015). Notable differences emerge in regularization tuning, where TPE
selected lower regularization values (reg_alpha = 0.513, reg_lambda = 2.847) compared
to GridSearch’s higher settings (reg_alpha = 1.0, reg_lambda = 3.0). RandomSearch and
Evolutionary algorithms demonstrated intermediate parameter selections across different
hyperparameter dimensions, reflecting each method’s distinct search strategy across the
optimization landscape.

Table 3. Hyperparameter Configuration Comparison Across Optimization Methods.

Hyperparameter Ours GridSearch RandomSearch  Evolutionary
n_estimators 487 500 450 520
max_depth 6 7 5 6
learning_rate 0.0142 0.015 0.018 0.012
subsample 0.847 0.8 0.85 0.82
colsample_bytree 0.923 0.9 0.95 0.88
reg_alpha 0.513 1.0 0.8 0.45
reg_lambda 2.847 3.0 2.5 3.2
min_child_weight 3.2 3 4 2.8
gamma 0.028 0.05 0.02 0.035
scale_pos_weight 1.247 1.0 1.3 1.15

To further validate the effectiveness of our optimization approach, we conducted
comprehensive comparisons among four distinct hyperparameter optimization strategies
(Table 4). The Optuna-based TPE optimization demonstrated superior performance with
an Fl-score of 91.86%, achieving an optimal balance across all evaluation metrics while
maintaining computational efficiency with 183.15 s execution time across 100 evaluations.
Grid search, despite requiring 3456 evaluations and consuming 711.31 s, achieved compa-
rable accuracy (92.42%) but exhibited inferior F1-score (91.47%) and ROC-AUC (96.60%)
performance. The substantial computational overhead of grid search, requiring 34.5 times
more evaluations than Optuna, highlights the impracticality of exhaustive search methods
for clinical deployment scenarios where rapid model development is essential.
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Table 4. Hyperparameter Optimization Comparison.

Method F1 (Macro)  Accuray  Precision Recall (Macro) ROCAUC  Time(s) Evaluations
Ours 0.9186 0.9242 0.9272 0.9116 0.9764 183.15 100
GridSearch 0.9147 0.9242 0.9243 0.9066 0.966 711.31 3456
RandomSearch ~ 0.9143 0.9192 0.9151 0.9152 0.979 22.05 100
Evolutionary 0.9015 0.9091 0.9 0.905 0.9777 108.76 100

Random search presented an interesting trade-off, achieving the fastest execution time
(22.05 s) with competitive ROC-AUC performance (97.90%) but demonstrated reduced
precision (91.51%) and recall (91.52%) compared to our Optuna approach. The evolutionary
optimization strategy exhibited intermediate performance characteristics with an F1-score
of 90.15% and moderate computational requirements (108.76 s), yet failed to match the
consistent superiority of TPE-based optimization. Notably, Optuna achieved the highest
precision (92.72%) and demonstrated robust recall performance (91.16%), critical metrics
for medical applications where diagnostic accuracy directly impacts patient outcomes.

Figure 9 presents detailed confusion matrix comparisons for the six highest-performing
algorithms, revealing our proposed method’s superior discriminative capability across all
risk categories. (a) Ours demonstrates exceptional performance in correctly identifying
low-risk patients (113/123, 91.9%), moderate-risk cases (130/138, 94.2%), and critically,
high-risk patients (91/97, 93.8%) compared to (b) XGBoost’s 85.5%, 88.4%, and 82.7%,
respectively. Most importantly, our method achieves remarkable precision in very high-
risk classification (35/38, 92.1%), substantially reducing false negatives that could delay
treatment for critically ill patients, while (d) CatBoost only achieved 73.7% (28/38) for
this critical category. Each confusion matrix displays both absolute counts and percentage
values, with darker blue indicating higher prediction accuracy and color-coded borders
distinguishing each model.

(c) Decision Tree, (e) Voting Classifier, and (f) LightGBM show varying performance
patterns across risk categories. Misclassification analysis reveals that errors predominantly
occur between adjacent risk categories, reflecting inherent challenges in distinguishing
borderline cases. Traditional ensemble methods, including Voting Classifier and Light-
GBM, exhibit increased confusion between high-risk and very high-risk categories with
11.1% misclassification rates. When misclassification occurs, our model demonstrates
conservative bias toward higher risk classification, favoring clinical safety over potentially
dangerous underestimation.

Figure 10 presents ROC curve analysis across CKD risk stratification categories for
six top-performing models. (a) Ours demonstrates superior performance with exceptional
AUC values in high-risk (0.979) and moderate-risk (0.976) classifications. Each subplot
displays four ROC curves representing different risk categories (Low Risk, Moderate
Risk, High Risk, Very High Risk) with corresponding AUC values, compared against the
random classifier diagonal line. Performance varies significantly among baseline models:
(b) XGBoost shows strong low-risk performance (AUC = 0.973) but degrades substantially in
very high-risk cases (AUC = 0.884, an 8.7% reduction vs. our approach at 0.971). (c) Decision
Tree maintains consistent moderate performance (AUC = 0.943-0.953) for low-moderate
risk but deteriorates for high-risk classification (AUC = 0.866). (f) LightGBM excels in
low-risk detection (AUC = 0.979) yet exhibits the poorest very high-risk discrimination
(AUC = 0.854).



Mathematics 2025, 13, 2726 21 of 35

(a) Ours (b) XGBoost (c) Decision Tree
Risk 113 12 o o 106 15 L3 o Low Risk 105 16 4 o
LowRis (90.4%) (9.6%) (0.0%) (0.0%) (84.8%) (12.0%) (3.2%) (0.0%) oW RIS (84.0%) (12.8%) (3.2%) (0.0%)
4 4 o 8 8 o 8 8 o
Hoderste sk (2.9%) (2.9%) (0.0%) Hoderate s (5.8%) (5.8%) (0.0%) Hoderate Risk (5.8%) (5.8%) (0.0%)
° ° °
| L k]
® v ®
H H H]
F 3 3
% o 2 6 % o 3 . " o 3
HIghRisk (0.0%) (2.0%) (6.1%) HighRisk (0.0%) (3.0%) High Risk (0.0%) (3.0%)
o o 2 o o 10 28 o o 10 28
Very High Risk (0.0%) (0.0%) (5.3%) ety HighiRisk (0.0%) (0.0%) (26.3%) (73.7%) Very High Risk (0.0%) (0.0%) (26.3%) (73.7%)
Q¢ Qe Q¢ ek Q¢ st ek Q¢ Q¢ Q¢ Q¢ Q¢
o e W o on e o o o e W WO
\s ot W ¥ \S ot W ™ \S ot W ¥
Predicted Label Predicted Label Predicted Label
(d) CatBoost (e) Voting Classifier
]
16 4 o 5 16 4 o 4 o
Low fisk (12.8%) (3.2%) (0.0%) Low ik (12.8%) (3.2%) (0.0%) LowRiskc g (3.2%) (0.0%)
8 o 122 8 o 9 o
Hodersteiisk (5.8%) (0.0%) Modereteinisk (88.4%) (5.8%) (0.0%) ModerateiRisk 3 (6.5%) (0.0%)
2 2 2
L] 5 5
° ° °
H H H
H H H
o 3 11 o 11 o 11
High Risk (0.0%) (3.0%) (11.1%) High Risk (0.0%) (11.1%) High Risk 1 (0.0%) (11.1%)
o ] 10 o o 28 o o 11
Very,HighiRisk (0.0%) (0.0%) (26.3%) Very High Risk (0.0%) (0.0%) (73.7%) Very High Risk 1 (0.0%) (0.0%) (28.9%)
Qs Qs Q¢ Q% Q¢ Qs Q% Q% Q¢ Q¢ Q¢ Q¢
W o W W ot e W W ot e W W
o W ¥ ot W ¥ ot W ¥
Predicted Label Predicted Label

Predicted Label

Figure 9. Confusion Matrix Comparison Analysis.

A universal challenge emerges across all baseline models: declining performance from
low-risk to very high-risk categories, reflecting class imbalance and inherent classification
difficulty. Our optimized approach achieves the most substantial improvements in these
challenging high-stakes categories, while (d) CatBoost provides balanced intermediate
performance (AUC range: 0.866-0.966) with well-calibrated probability estimates, and
(e) Voting Classifier shows consistent but moderate discrimination across all risk levels.

Figure 11 presents comprehensive precision-recall curve analysis across CKD risk
stratification categories, demonstrating our proposed method’s superior performance main-
tenance across all recall levels. (a) Ours achieves exceptional average precision (AP) scores:
low-risk (AP = 0.939), moderate-risk (AP = 0.860), high-risk (AP = 0.969), and very high-
risk (AP = 0.693), consistently outperforming baseline approaches. Each subplot displays
precision-recall curves for four risk categories with corresponding AP scores, alongside
the random classifier baseline (dashed horizontal line at 0.25). Notable performance gaps
emerge in critical categories: (b) XGBoost shows substantial precision degradation in high-
risk classification (AP = 0.748 vs. our 0.969), while (c) Decision Tree exhibits dramatic
precision collapse with very high-risk AP dropping to 0.408, representing a 41% reduction
compared to our approach. (f) LightGBM demonstrates inconsistent performance, achiev-

ing competitive low-risk results but failing catastrophically in very high-risk scenarios
(AP = 0.277).
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Figure 10. Multi-class ROC Analysis.

Most significantly, our method maintains clinically acceptable precision levels (>0.6)
across the entire recall spectrum for very high-risk patients, while baseline models ex-
perience precipitous precision drops below 0.4 at moderate recall levels. This precision

robustness is crucial for minimizing false positive alerts while ensuring comprehensive
identification of patients requiring immediate intervention. (d) CatBoost provides balanced
intermediate performance (AP range: 0.666-0.774) and (e) Voting Classifier shows moder-
ate stability, but both consistently underperform our approach by 15-20% across all risk
categories, highlighting the clinical superiority of our optimized methodology.

Figure 12 demonstrates calibration curve analysis across CKD risk stratification cat-
egories, revealing our proposed method’s superior probability calibration with curves
closely aligned to the perfect calibration diagonal across all risk categories. (a) Ours main-
tains near-perfect alignment, particularly in high-risk and very high-risk categories, while
baseline models show significant deviations. Each subplot displays calibration curves
for four risk categories with circular markers, compared against the perfect calibration
diagonal (black dashed line), showing the relationship between mean predicted probability
and actual fraction of positives. (b) XGBoost exhibits systematic overconfidence in low-risk
predictions and underconfidence in very high-risk scenarios, while (c) Decision Tree shows

the most severe calibration deficiencies across all categories. (f) LightGBM exhibits poor

calibration in extreme risk categories with systematic probability estimation bias.
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Figure 11. Precision-Recall Curve Performance Analysis.

Most critically, our method’s superior calibration ensures predicted probabilities
accurately reflect the true likelihood of each risk category, enabling reliable clinical decision-
making based on confidence estimates. (d) CatBoost and (e) Voting Classifier provide
intermediate calibration performance with moderate deviations, but only our optimized
approach delivers the probability reliability essential for clinical deployment. This calibra-
tion superiority, combined with exceptional discriminative performance, establishes our
method as optimal for real-world CKD risk stratification, where accurate risk quantification
directly impacts treatment decisions and resource allocation.

5.4. Statistical Validation and Reproducibility Analysis

To ensure complete reproducibility, we conducted 30 independent experiments with
different random seeds (42-71) across all algorithms. Our experimental framework em-
ployed consistent environmental specifications and fixed random state control across all
components. Comprehensive statistical analysis employed paired t-tests with Bonfer-
roni correction for multiple comparisons (corrected « = 0.0100), demonstrating robust
reproducibility with all comparisons showing consistent performance patterns across mul-
tiple runs.



Mathematics 2025, 13, 2726

24 of 35

Fraction of Positives

Fraction of Positives

(a) Ours

~o— Low Risk
Moderate Risk

~o~ High Risk

== Very High Risk

== Perfect Calibration

0.0 0.2 0.4 0.6 0.8
Mean Predicted Probability

(d) CatBoost

~o— Low Risk
Moderate Risk

~o~ High Risk

== Very High Risk

== Perfect Calibration

(b) XGBoost

(c) Decision Tree

~o— Low Risk
Moderate Risk

~e~ High Risk

=e- Very High Risk

== Perfect Calibration

Fraction of Positives

Fraction of Positives

o
Y

~o— Low Risk
Moderate Risk

~o~ High Risk

== Very High Risk

== Perfect Calibration

0.8

oo
£y

0.2

0.4 0.6
Mean Predicted Probability

(e) Voting Classifier

1.0

~o— Low Risk
Moderate Risk

~e— High Risk

=e- Very High Risk

== Perfect Calibration

0.0 0.2

~o— Low Risk
Moderate Risk

~e~ High Risk

== Very High Risk

== Perfect Calibration

0.4 0.6 0.8 1.0
Mean Predicted Probability

/'
’
/
/'
/'
/'
/- 0.8 1

=
Y

Fraction of Positives
°
S

Fraction of Positives

0.2 1

0.0 0.2 0.4 .
Mean Predicted Probability

08 1.0 0.0 02 04 0.6 08 10 0.0 02 0.4 0.6 08 1.0
Mean Predicted Probability Mean Predicted Probability

Figure 12. Calibration Curve Performance Analysis.

Figure 13 demonstrates performance distribution analysis across 30 repeated experi-
ments with different random seeds, revealing our proposed method’s consistent superiority
and robustness. Violin plot displays individual performance distributions for each algo-
rithm, with violin shapes showing density patterns, horizontal lines indicating medians
and quartiles, and numerical labels marking mean Fl-scores for clear comparison.

Our optimized approach achieves the highest mean F1-score (0.913) with remarkably
tight distribution variance, indicating stable and reliable performance across all experi-
mental runs. The violin plot clearly illustrates substantial performance gaps between our
method and baseline algorithms: XGBoost (0.837), Decision Tree (0.827), CatBoost (0.830),
Voting Classifier (0.834), and LightGBM (0.839). Most significantly, our method not only
demonstrates superior central tendency but also exhibits minimal performance variation,
suggesting robust generalization capability essential for clinical deployment. The distri-
bution analysis reveals that even the worst-performing run of our method outperforms
the best runs of several baseline algorithms, establishing consistent statistical dominance
across all experimental conditions and providing strong evidence for the reliability and
reproducibility of our approach in real-world CKD risk stratification scenarios.
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Figure 13. Performance Distribution Analysis.

Figure 14 presents a comprehensive statistical significance analysis demonstrating
our proposed method’s robust superiority across all baseline algorithms through rigor-
ous statistical testing. The left panel reveals exceptionally high statistical significance
levels with all comparisons achieving p < 0.001, substantially exceeding both the stan-
dard o = 0.05 threshold and the stringent Bonferroni-corrected threshold. The right panel
demonstrates remarkable effect sizes (Cohen’s d) ranging from 3.140 to 4.100, all sub-
stantially exceeding the large effect threshold (d > 0.8) and indicating profound practical
significance beyond mere statistical significance. Most notably, Decision Tree compari-
son yields the highest effect size (d = 4.100), while even the smallest effect size against
LightGBM (d = 3.140) represents an extraordinarily large practical difference.
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Figure 14. Statistical Significance Analysis. Statistical significance testing demonstrates our proposed
method’s robust superiority across all baseline algorithms through rigorous statistical validation.
(a) p-value analysis presents p-value scores where higher bars indicate stronger statistical significance,
with horizontal dashed lines marking the standard o = 0.05 threshold and Bonferroni-corrected
threshold for multiple comparisons. (b) Effect size analysis displays Cohen’s d values where bars
represent practical significance magnitude, with horizontal reference lines indicating small (0.2),
medium (0.5), and large (0.8) effect thresholds.
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Effect size and confidence interval analysis demonstrate the magnitude and precision
of our proposed method’s superiority over baseline algorithms. Horizontal error bars show
95% confidence intervals for mean performance differences, with point estimates marking
mean differences and algorithm names displaying corresponding Cohen’s d values. Vertical
reference line at zero indicates no difference baseline.

Figure 15 presents the effect size and confidence interval analysis demonstrating the
magnitude and precision of our proposed method’s superiority over baseline algorithms.
All confidence intervals for mean performance differences are positioned substantially
above zero with no overlap, confirming statistically significant improvements across all
comparisons. The effect sizes are extraordinarily large, ranging from 3.140 (LightGBM)
to 4.100 (Decision Tree), all dramatically exceeding the large effect threshold (d > 0.8)
and representing profound practical differences far beyond typical clinical research stan-
dards. Most notably, even the smallest effect size (d = 3.140) indicates a massive practical
improvement, while the largest (d = 4.100) represents a substantial level of performance
enhancement. The tight confidence intervals demonstrate precision in effect estimation,
indicating robust and reliable superiority rather than chance variation.

LightJBM (d=3.140)

<) { Vagting Classifier (d=4.036)

© 1 CatBoost (d=3.824)

o { Decision Tree (d=4.100)

XGBopost (d=3.991)

0.04 0.06 0.08 0.10
Figure 15. Effect Size and Confidence Interval Analysis.

5.5. Model Interpretability Through Shap Analysis

Figure 16 demonstrates hierarchical feature importance and patient-specific contribu-
tion patterns for CKD risk prediction, revealing sophisticated interpretability mechanisms
underlying our optimized XGBoost model. The three most influential predictors identified
by SHAP analysis correspond directly to established pathophysiological mechanisms and
validate the model’s clinical concordance with existing nephrology practice guidelines.
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(a) Feature Importance Analysis

() Dependence Plot Analysis

KD Stage (Feature Value)

Figure 16. SHAP Feature Importance and Contribution Analysis. (a) Feature importance analysis con-
firms CKD_Stage as the dominant predictor (SHAP = 0.615), substantially outweighing other clinical
variables and validating its established role as the primary determinant of kidney disease progression.
Albumin_Creatinine_Ratio emerges as the second most influential feature (SHAP = 0.368), reflecting
its critical importance in assessing proteinuria and glomerular damage, while Estimated_GFR ranks
third (SHAP = 0.376), confirming the clinical gold standard for evaluating residual kidney function.
Horizontal bar chart displays mean absolute SHAP values for the top 15 features, with numerical
values indicating each feature’s average impact magnitude on model predictions. (b) Feature contri-
bution pattern reveals balanced feature interactions without excessive reliance on single variables,
with CKD_Stage, Estimated_GFR, and Serum_Creatinine forming a synergistic triad that enhances
predictive accuracy through multiplicative rather than additive effects. Polar radar plot shows indi-
vidual patient’s SHAP contributions, with green areas indicating positive contributions and red areas
showing negative contributions to the prediction, connected to a central baseline point. (c) Depen-
dence plot analysis exhibits critical threshold behavior where CKD_Stage transitions from protective
to detrimental influence around the stage 2-3 boundary, reflecting accelerated disease progression
patterns observed clinically, where patients experience exponential deterioration beyond moderate
kidney impairment. A scatter plot displays SHAP values versus feature values with color-coded
interaction effects, including a horizontal reference line at zero and a colorbar indicating interaction
feature values.

Figure 17 elucidates complex feature interaction networks and risk-stratified contribution
patterns across patient populations, demonstrating the model’s capacity to capture nuanced
clinical relationships beyond traditional linear associations. The three most influential pre-
dictors identified by SHAP analysis correspond directly to established pathophysiological
mechanisms. Albumin_Creatinine_Ratio reflects glomerular barrier dysfunction through
podocyte injury and basement membrane alterations, serving as an early marker of progres-
sive kidney damage before GFR decline becomes apparent. Estimated_GFR directly measures
functional nephron mass and filtration capacity, representing the gold standard for assessing
renal function decline. CKD_Stage integrates both structural damage and functional decline,
capturing comprehensive disease burden for clinical management decisions.
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(a) SHAP Value Distribution

() Multi-class SHAP Summary
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Figure 17. SHAP Value Distribution and Network Analysis. (a) SHAP value distribution reveals
consistent heterogeneity in feature impacts with CKD_Stage and Estimated_GFR displaying the
widest value ranges (—1.5 to +1.5), indicating differential prognostic significance across the disease
severity spectrum and reflecting real-world clinical scenarios where identical biomarker values may
carry distinct prognostic implications. Beeswarm plot displays individual SHAP values for each
feature, with point positions showing impact magnitude, colors representing feature values (low
to high), and point density indicating distribution patterns across the patient population. (b) Net-
work influence analysis demonstrates sophisticated synergistic relationships between these core
nephrology parameters, with multiplicative effects between CKD_Stage and Estimated_GFR that
mirror clinical practice where nephrologists simultaneously evaluate multiple biomarkers rather
than relying on single measurements. Network diagram shows feature interactions with the central
prediction node, where line thickness indicates connection strength, node colors distinguish positive
(green) and negative impacts, numerical labels show SHAP values, and connecting lines represent
synergistic (blue solid) or conflicting (orange dashed) relationships between features. (c¢) Multi-class
SHAP summary confirms differential feature utilization across risk categories, where CKD_Stage
maintains consistent dominance across all risk levels while Albumin_Creatinine_Ratio shows en-
hanced relevance for high-risk classifications, validating the model’s biomedical concordance and
supporting seamless integration into existing clinical workflows where certain biomarkers assume
greater significance as kidney function deteriorates. A stacked horizontal bar chart displays mean
absolute SHAP values by risk class (Low Risk, Moderate Risk, High Risk, Very High Risk) for each
feature, with color-coded segments showing relative importance across different risk stratifications.

5.6. Model Optimization and Reliability Assessment

In Figure 18, (a) Optimization history reveals rapid convergence within the initial
20 trials, achieving F1 scores above 0.80, with final optimization reaching 0.8631 after
systematic exploration. The line plot shows F1 score progression across trials, with a
horizontal dashed line indicating the best achieved performance. (b) Hyperparameter
value distribution indicates intelligent parameter selection strategies, with max_depth
clustering around intermediate values (4-6) and learning rate concentrating in the optimal
lower range (0.01-0.1), validating established machine learning principles for enhanced
generalization. Violin plots display parameter value distributions with means and medi-
ans marked by colored lines, scaled appropriately for visualization (n_estimators x 1000,
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learning_rate x 10). (c) F1 score distribution demonstrates remarkable consistency, with
the majority of trials achieving scores above 0.80. The histogram shows the frequency
distribution of achieved F1 scores across all trials, with a vertical dashed line marking the
best performance. (d) Convergence process exhibits steady improvement with minimal
oscillation, displaying both current trial scores (blue points) and cumulative best scores
(red line) to track optimization progress. (e) Learning rate versus performance relation-
ship reveals complex non-linear patterns that underscore the necessity of sophisticated
optimization approaches over traditional grid search methods, with scatter plot colored
by trial number to show temporal progression of parameter exploration. (f) Parameter im-
portance analysis identifies n_estimators as the most critical hyperparameter (importance
score: 83.678), followed by min_child_weight (1.803), providing valuable insights for future
optimization strategies.
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Figure 18. Bayesian Optimization Performance and Efficiency Analysis.

The Optuna-based TPE optimization demonstrates exceptional efficiency and robust
convergence characteristics across all optimization dimensions. Convergence stabilization
occurs around 60 trials, indicating optimal resource allocation and efficient identification of
superior hyperparameter configurations within practical computational constraints.

In Figure 19, (a) Prediction error type distribution shows the asymmetric error profile
where risk underestimation occurs in only 3.5% of cases (n = 7) compared to 4.0% risk
overestimation (n = 8), establishing a conservative bias that prioritizes patient safety
through increased monitoring rather than potentially dangerous delayed treatment. Bar
chart displays the three prediction outcome categories with sample counts and percentages,
where green indicates correct predictions and orange/red represent different error types.
(b) Error prediction sample confidence analysis reveals distinct distributions between
correct predictions (mean confidence: 0.860) and erroneous predictions (0.716), providing
clear decision thresholds for clinical implementation. Side-by-side histograms compare
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(a) Prediction Error Type Distribution

confidence score distributions for correct versus incorrect predictions, with vertical dashed
lines marking mean confidence levels for each group. (c) Major confusion pattern analysis
confirms that misclassifications predominantly occur between adjacent risk categories, with
the most frequent errors being Low Risk misclassified as Moderate Risk (4 cases) and High
Risk misclassified as Moderate Risk (4 cases), effectively preventing extreme diagnostic
errors and ensuring clinical deployment enhances rather than replaces physician judgment
through graduated decision support protocols. A horizontal bar chart shows the frequency
of specific misclassification patterns between risk categories. (d) Prediction uncertainty vs.
accuracy relationship exhibits a strong inverse correlation (slope: —0.067), with highest
confidence predictions (0.90-1.00) achieving 97.6% accuracy while systematically declining
to 71.4% in lower confidence ranges. The bar chart displays accuracy percentages across
different confidence intervals, with a trend line showing the inverse relationship between
uncertainty and prediction accuracy.
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Figure 19. Prediction Error Analysis.

Comprehensive prediction error analysis demonstrates exceptional model reliability
with 92.4% correct predictions (n = 183) across 198 test samples, revealing a clinically
favorable error distribution pattern. The conservative bias toward overestimation rather
than underestimation supports safe clinical deployment where false positives are preferable
to missed high-risk cases.

In Figure 20, (a) Learning rate sensitivity analysis reveals a well-defined optimal region
centered at 0.0142, with performance rapidly degrading outside this narrow range. The
line plot shows F1 score variation across different learning rates on a logarithmic scale,
with a vertical dashed line marking the optimal value and clear performance peaks and
valleys indicating sensitivity patterns. (b) Parameter interaction effect analysis identifies
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(a) Learning Rate Sensitivity Analysis

the optimal combination (F1 = 0.863) emerging from moderate max_depth values (6-7)
combined with low learning rates. A scatter plot displays parameter combinations with
color-coded performance scores, where warmer colors indicate better performance and
the red star marks the best parameter combination. (c) Local sensitivity around optimal
parameters quantifies robustness through gradient analysis with a sensitivity coefficient
of —0.680, demonstrating predictable performance degradation patterns around optimal
configurations. The scatter plot shows F1 score variations relative to parameter distance
from optimal values, with a trend line indicating the sensitivity gradient and confidence
bounds. (d) Parameter stability analysis reveals a clear hierarchy with highly stable core
parameters including max_depth (CV = 0.25), learning_rate (CV = 0.15), and subsample
(CV =0.11) falling well below the stability threshold of 0.5, while secondary parameters
such as n_estimators (CV = 1.27) and reg_lambda (CV = 1.11) exhibit higher variability
without substantially affecting model performance. Bar chart displays the coefficient of
variation for each parameter with a horizontal dashed line at 0.5 marking the stability
threshold, colored bars indicating stable (green) versus unstable (red) parameters.

(b) Parameter Interaction Effect Analysis
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Figure 20. Parameter Sensitivity Analysis.

Comprehensive parameter sensitivity analysis demonstrates robust model stability
and optimal hyperparameter configurations for reliable clinical deployment. The narrow
optimal learning rate range and clear parameter hierarchy provide valuable guidance for
future model implementations while ensuring stable performance across diverse clini-
cal scenarios.
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6. Conclusions

This study establishes a novel integrated framework combining Bayesian optimization
with explainable Al for chronic kidney disease risk stratification, addressing critical chal-
lenges in medical Al deployment. Our Optuna-optimized XGBoost model achieved excep-
tional performance with 92.4% accuracy, 91.9% Fl-score, and 97.7% ROC-AUC, significantly
outperforming 17 baseline algorithms (p < 0.001 for all comparisons). The Tree-structured
Parzen Estimator optimization delivered consistent computational efficiency, reducing
optimization time from 711.31 s (GridSearch) to 183.15 s—74% time reduction crucial for
resource-constrained clinical environments.

Beyond predictive excellence, this framework addresses fundamental medical AI chal-
lenges through macro-averaged evaluation metrics that prevent algorithmic bias toward
majority classes, ensuring equitable diagnostic performance across all risk categories. SHAP
analysis revealed feature importance patterns aligning precisely with clinical guidelines:
CKD stage (0.414), albumin-creatinine ratio (0.392), and estimated glomerular filtration rate
(0.173) as primary predictors, with these biomarkers reflecting established pathophysiolog-
ical mechanisms of glomerular dysfunction, nephron loss, and disease progression. The
model’s conservative prediction bias—favoring slight overestimation (4.0%) over danger-
ous underestimation (3.5%)—exemplifies the safety-first principle crucial for high-stakes
medical decisions.

While these findings demonstrate substantial clinical potential, limitations include
single-region data collection and cross-sectional design. Future work will prioritize multi-
center validation across diverse populations, the incorporation of longitudinal data for
temporal risk prediction, and real-world deployment studies with continuous learning
mechanisms. This methodology establishes a replicable paradigm for developing transpar-
ent, optimized machine learning models that could transform clinical AI deployment while
ensuring equitable treatment across all patient populations.
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