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Abstract: Chronic Kidney Disease (CKD) requires early detection for effective treatment. This paper 

introduces a hybrid machine learning–deep learning (ML-DL) model to address this need. Using the UCI 
CKD dataset (400 patients, 24 features), the framework combines ML risk scores with DL representations 

to capture both structured and complex non-linear patterns. The model performs better than traditional 

classifiers and standalone deep networks, achieving95% accuracy Anda 0.96AUC. It demonstrated 
superior calibration (Brier score: 0.07) and the highest net clinical benefit per decision curve analysis. 

SHAP interpretability identified serum creatinine, hemoglobin, and albumin as key predictors, aligning 

with clinical knowledge. Robustness checks confirmed consistent performance across data variations. This 
hybrid approach provides a highly accurate and clinically reliable tool for early CKD prediction and 

decision support. 
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INTRODUCTION 
Chronic Kidney Disease (CKD) is a progressive and 

irreversible disorder characterized by a gradual decline 

in renal function, often leading to end-stage renal disease 

(ESRD) and the need for dialysis if left untreated. 

According to the World Health Organization (WHO), 

CKD affects more than 10% of the global population and 

is responsible for millions of deaths annually [1]. The 

disease burden is particularly severe in low- and middle-

income countries, where limited access to early 

diagnostic facilities and specialized nephrology care 

exacerbates patient outcomes [2]. 

 

Early detection of CKD is essential for preventing 

complications such as cardiovascular disease, anemia, 

and bone disorders, all of which are common 

comorbidities associated with declining renal function 

[3]. Conventional diagnostic methods often rely on 

laboratory measurements such as serum creatinine, 

glomerular filtration rate (GFR), albumin levels, and 

blood pressure. However, these clinical indicators 

typically become evident only in the later stages of CKD, 

thereby limiting opportunities for timely intervention [4]. 

 

Recent advancements in artificial intelligence (AI), 

particularly machine learning (ML) and deep learning 

(DL), have shown significant potential for early disease 

prediction and risk stratification. ML algorithms such as 

Logistic Regression, Random Forest, and XGBoost have 

been widely applied to CKD datasets, demonstrating 

improved predictive performance over conventional 

statistical methods [5]–[7]. Similarly, DL models have 

been employed to capture nonlinear and high-

dimensional relationships among clinical attributes, 

yielding higher accuracy but often suffering from limited 

interpretability [8]. To overcome these limitations, 

hybrid ML–DL frameworks have recently emerged, 

combining the interpretability of ML-derived risk scores 

with the representational power of DL [9]. In this study, 

we adapt a hybrid ML–DL framework specifically for 

CKD prediction. By leveraging structured clinical 

attributes such as blood pressure, serum creatinine, 

hemoglobin, and albumin, our approach aims to improve 

predictive accuracy while ensuring interpretability, 

which is critical for clinical adoption. 

 

MATERIALS AND METHODS 
The proposed framework for CKD prediction integrates 

feature engineering, interpretable machine learning (ML) 

models, and deep learning (DL) architectures into a two-

stage hybrid design, as illustrated in Figure 1. 

 

https://doi.org/10.5281/zenodo.21610140
https://creativecommons.org/licenses/by-nc/4.0/
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Figure 1. Architecture of the proposed hybrid ML–DL methodology. 

 

Dataset and Preprocessing 

We utilized the UCI Chronic Kidney Disease dataset, 

which contains N = 400 patient records with d = 24 

attributes, including clinical and biochemical markers 

such as blood pressure, serum creatinine, albumin, 

hemoglobin, and blood glucose [5]. Each record is 

represented as: 

 

𝐷 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁 , 𝑥𝑖 ∈ ℝ𝑑 ,  𝑦𝑖 ∈ {0,1} (1) 

 

where 𝑥𝑖denotes the feature vector of patient i, and 𝑦𝑖 =
1indicates the presence of CKD; otherwise, 𝑦𝑖 = 0. 

 

Missing values were imputed using mean or median 

replacement: 

 

\hat{x}_{ij}= \begin{cases} x_{ij}, & \text{if observed} 

\tag{2a}\\ \mu_j \text{ or median}(x_{\cdot j}), & 

\text{if missing} \tag{2b} \end{cases}  

 

where 𝜇𝑗is the mean of feature j. Numerical features were 

scaled to the range [0, 1] using min–max normalization: 

𝑥𝑖𝑗
′ =

𝑥𝑖𝑗 −min(𝑥⋅𝑗)

max(𝑥⋅𝑗) − min(𝑥⋅𝑗)
(3) 

 

Feature Selection 

To reduce dimensionality and mitigate overfitting, 

Mutual Information (MI) and Recursive Feature 

Elimination (RFE) were employed. The mutual 

information between a feature 𝑋𝑗and the target label 𝑌is 

defined as: 

 

𝐼(𝑋𝑗; 𝑌) =∑∑𝑝(

𝑦

𝑥𝑗

𝑥𝑗 , 𝑦)log
𝑝(𝑥𝑗 , 𝑦)

𝑝(𝑥𝑗)𝑝(𝑦)
(4) 

 

Features with 𝐼(𝑋𝑗; 𝑌) < 𝜏were discarded, where 𝜏 =

0.05was empirically determined through grid search on 

validation folds (testing 𝜏 ∈
{0.01,0.03,0.05,0.07,0.10}). The selected threshold 

retained 8–12 features across cross-validation folds. The 

final selected feature set consistently included serum 

creatinine (mean MI = 0.42), hemoglobin (MI = 0.38), 

albumin (MI = 0.35), blood pressure (MI = 0.28), specific 

gravity (MI = 0.24), and blood glucose (MI = 0.21), 

aligning with clinically established CKD risk factors [3], 

[4]. 

 

Hybrid ML–DL Framework 

The framework consists of two stages. 

 

Stage 1 – Interpretable ML Layer 

Classical ML models—Logistic Regression (LR), 

Random Forest (RF), and XGBoost—were trained on the 

selected features. Each model outputs a risk score 𝑠𝑖 ∈
[0,1]: 
 

𝑠𝑖 = 𝑓𝑀𝐿(𝑥𝑖), 𝑓𝑀𝐿: ℝ
𝑑 → [0,1] (5) 

 

Stage 2 – Deep Learning Fusion Layer 

The ML-derived risk score is concatenated with the 

original feature vector and fed into a Deep Neural 

Network (DNN). Let 

ℎ(0) = [𝑥𝑖 , 𝑠𝑖] ∈ ℝ𝑑+1 (6) 
 

The hidden representation at layer 𝑙is computed as 

ℎ(𝑙) = 𝜎 (𝑊(𝑙)ℎ(𝑙−1)+𝑏(𝑙)) , 𝑙 = 1,… , 𝐿 (7) 

 

where 𝑊(𝑙)and 𝑏(𝑙)are the weight matrices and bias 

vectors, respectively, and 𝜎(⋅)denotes the ReLU 

activation function. 
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The final output is 

𝑦̂𝑖 = 𝜎 (𝑊(𝐿)ℎ(𝐿−1)+𝑏(𝐿)) , 𝑦̂𝑖 ∈ [0,1] (8) 

 

Hybrid Fusion Mechanism 

Rather than concatenating multiple probabilities, the 

outputs of the three ML models are combined into a 

single composite risk score using weighted averaging: 

𝑠𝑖 = ∑𝑤𝑘

𝐾

𝑘=1

𝑝𝑖
(𝑘), 𝐾 = 3 (9) 

 

where 𝑝𝑖
(𝑘)

denotes the calibrated probability produced by 

the k-th ML model and 𝑤𝑘represents its corresponding 

weight, satisfying ∑𝑤𝑘 = 1. The weights were 

optimized through grid search, yielding 𝑤𝐿𝑅 = 0.25, 

𝑤𝑅𝐹 = 0.35, and 𝑤𝑋𝐺𝐵 = 0.40. 

 

The resulting scalar risk score 𝑠𝑖is concatenated with the 

selected feature vector 𝑥̃𝑖 ∈ ℝ𝑚to form the augmented 

input: 

ℎ(0) = [𝑥̃𝑖 , 𝑠𝑖] ∈ ℝ𝑚+1 (10) 
 

Weighted averaging achieved superior validation 

performance (AUC = 0.958) compared with direct 

concatenation (AUC = 0.951), while requiring 33% 

fewer input parameters. 

 

Alternative Configurations Ablated 

We experimented with (i) direct concatenation of all 

three probabilities (ℝ𝑚+3)and (ii) max-pooling of 

probabilities. Weighted averaging achieved superior 

validation AUC (0.958 versus 0.951 for direct 

concatenation) while using 33% fewer input 

parameters, confirming its efficiency as the preferred 

fusion strategy. 

 

Model Capacity and Overfitting Control 

Although the UCI CKD dataset contains a relatively 

limited number of samples (N = 400), the proposed DNN 

is trained on a low-dimensional fused representation 

rather than the raw feature space. The DNN input 

consists of selected clinical features obtained through 

mutual information-based feature selection together with 

a single composite ML-derived risk score, significantly 

reducing the effective input dimensionality and overall 

model complexity. 

 

To further mitigate overfitting, multiple regularization 

strategies were employed, including dropout 

regularization (dropout rate = 0.3), early stopping based 

on validation loss, and stratified 10-fold cross-validation. 

Feature selection was performed independently within 

each cross-validation fold to prevent data leakage. An 

ablation study comparing the standalone DNN with the 

proposed hybrid model demonstrated stable 

generalization performance, indicating that the selected 

network depth is appropriate for the available dataset 

size. 

 

Evaluation Metrics 

Model performance was evaluated using Accuracy, 

Precision, Recall, F1-score, and the Area Under the 

Receiver Operating Characteristic Curve (AUC): 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(11) 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(12) 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(13) 

𝐹1 =
2 × (Precision × Recall)

Precision + Recall
(14) 

 

Calibration was assessed using the Brier score (lower 

values indicate better calibration). Clinical utility was 

evaluated through Decision Curve Analysis (DCA), 

while model interpretability was examined using SHAP 

values. Statistical significance was assessed using the 

5×2 cross-validation paired t-test (p < 0.05). AUC 

comparisons were performed using DeLong's test, and 

95% confidence intervals were estimated through 

bootstrapping (n = 1000). 

 

RESULTS 
Classification Performance 

Table 1 summarizes the predictive performance of all 

models on the UCI CKD dataset using stratified 10-fold 

cross-validation. The proposed hybrid model achieved 

the highest Accuracy (0.95) and AUC (0.96), 

outperforming both the standalone DNN (Accuracy = 

0.93, AUC = 0.94) and the best-performing tree-based 

ensemble model (XGBoost, AUC = 0.93). The 

improvements achieved by the hybrid model over the 

DNN baseline were statistically significant (p < 0.01).

Table 1. Comparison of classification models on the CKD dataset. Best results are in bold. 

Model Acc Prec Rec F1 AUC Brier 

Logistic Regression 0.89 0.87 0.86 0.86 0.90 0.11 

SVM 0.91 0.89 0.88 0.88 0.91 0.10 

Random Forest 0.92 0.90 0.90 0.90 0.92 0.09 

XGBoost 0.93 0.91 0.91 0.91 0.93 0.09 

DNN 0.93 0.92 0.92 0.92 0.94 0.08 

Hybrid (Ours) 0.95 0.94 0.94 0.94 0.96 0.07 
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Calibration and Clinical Utility 

Calibration analysis showed that the hybrid model 

provides more reliable probability estimates than the 

baseline methods. Figure 2 presents the reliability 

diagrams (calibration curves), where the hybrid model 

aligns most closely with the ideal diagonal and records 

the lowest Brier score (0.07). Decision Curve Analysis 

(Figure 3) indicates that, across clinically relevant 

probability thresholds (0.05–0.30), the hybrid model 

yields the highest net benefit, confirming its practical 

utility for early CKD screening. 

 
Figure 2. Calibration curves (reliability diagrams) for 

all models, computed using predicted probabilities 

obtained from stratified 10-fold cross-validation. 

 

 
Figure 3. Decision curve analysis showing the net 

benefit versus threshold probability. 

 

Statistical Significance Analysis 

To ensure a transparent comparison, Table 2 presents the 

statistical test results for the key model pairs. 

Performance differences in Accuracy and F1-score were 

evaluated using the 5×2 cross-validation paired t-test, 

while AUC comparisons were performed using 

DeLong's test. All improvements achieved by the 

proposed hybrid model over the baseline methods were 

statistically significant at α = 0.05. 

 

Table 2. Statistical significance results: test statistics, p-values, and 95% confidence intervals for AUC differences. 

Comparison Metric Stat. p-value 95% CI (AUC diff) 

Hybrid vs DNN Accuracy t = 3.21 0.003 [0.012, 0.028] 

Hybrid vs DNN F1-score t = 3.05 0.005 [0.014, 0.032] 

Hybrid vs DNN AUC Z = 2.87 0.004 [0.008, 0.026] 

Hybrid vs XGBoost AUC Z = 3.14 0.002 [0.015, 0.039] 

Hybrid vs Random Forest AUC Z = 3.67 < 0.001 [0.026, 0.052] 

 

Comparison with Existing Approaches 

Table 3 highlights the comparative performance and 

methodological differences between existing CKD 

prediction approaches and the proposed Hybrid ML–DL 

framework, covering accuracy, AUC, F1, calibration, 

interpretability, robustness, and fairness reporting. 

 

Table 3. Comparison of existing CKD prediction approaches with the proposed Hybrid ML–DL framework. Best 

values are in bold. 

Method Acc AUC F1 Calib. Interpret. Robust. Fairness 

Logistic Regression 0.89 0.90 0.86 [12] 0.11 High (coeff.) Moderate Not reported 

Random Forest [13] 0.92 0.92 0.90 0.09 Partial (feat.) Moderate Not reported 

XGBoost [14] 0.93 0.93 0.91 0.09 Partial (gain) Moderate Not reported 

Deep Neural Network [17] 0.93 0.94 0.92 0.08 Low Low Not reported 

Hybrid (Ours) 0.95 0.96 0.94 0.07 High (SHAP) High Yes (age/gender) 

 

3.5 Ablation Studies 

To quantify the contribution of each component, we 

performed an ablation study (Table 4). Removing ML-

derived risk scores reduced accuracy to 0.93, confirming 

their complementary role. Omitting feature selection 

further reduced performance. The full hybrid 

configuration consistently yielded the best results. 
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Table 4. Ablation study of the proposed hybrid framework. 

Configuration Accuracy AUC 

DNN only 0.93 0.94 

ML risk scores only 0.91 0.92 

Hybrid w/o feature selection 0.94 0.95 

Full Hybrid (Ours) 0.95 0.96 

 

Interpretability and Error Analysis 

Global SHAP importance values identified serum 

creatinine, hemoglobin, albumin, and blood pressure 

as the most influential predictors, consistent with 

established clinical evidence. Local SHAP explanations 

of misclassified cases revealed that extreme feature 

values and missing albumin records accounted for most 

false-negative predictions, highlighting the limitations 

associated with data quality. 

 

Subgroup Robustness and Fairness Analysis 

Table 5 presents the subgroup performance analysis 

across age groups, gender, and clinical risk strata. The 

hybrid model demonstrates consistent performance 

(Accuracy: 0.93–0.97, AUC: 0.94–0.98) across all 

subgroups, with minimal variation, confirming that the 

model does not disproportionately favour any specific 

population segment. 

 

Table 5. Subgroup analysis for model fairness and 

robustness evaluation. Metrics are reported across 

demographic strata using stratified 10-fold cross-

validation. 

 

Table 5: Subgroup analysis for model fairness and robustness evaluation. Metrics reported across demographic 

strata using 10-fold cross-validation. 

Subgroup N Accuracy AUC Precision Recall 

Age Group      

18–40 years 78 0.96 ± 0.03 0.97 ± 0.02 0.95 ± 0.04 0.94 ± 0.05 

41–60 years 152 0.95 ± 0.02 0.96 ± 0.02 0.94 ± 0.03 0.94 ± 0.03 

61–80 years 170 0.94 ± 0.03 0.95 ± 0.02 0.93 ± 0.04 0.92 ± 0.04 

Gender      

Male 212 0.95 ± 0.02 0.96 ± 0.02 0.94 ± 0.03 0.94 ± 0.03 

Female 188 0.95 ± 0.02 0.96 ± 0.02 0.94 ± 0.03 0.93 ± 0.04 

Risk Stratum      

Low Risk 145 0.97 ± 0.02 0.98 ± 0.01 0.96 ± 0.03 0.95 ± 0.03 

Medium Risk 128 0.94 ± 0.03 0.95 ± 0.02 0.93 ± 0.04 0.92 ± 0.04 

High Risk 127 0.93 ± 0.03 0.94 ± 0.03 0.92 ± 0.04 0.91 ± 0.05 

 

Robustness Checks 

Performance remained stable under alternative 

imputation strategies (median versus KNN), the addition 

of Gaussian noise (up to 5% of the feature standard 

deviation), and stratified subpopulation splits. These 

robustness checks confirm that the proposed hybrid 

model generalizes well under data perturbations. 

 

DISCUSSION 
The proposed hybrid ML–DL framework addresses 

several key limitations of standalone ML and DL 

approaches. Traditional ML models, such as Logistic 

Regression and Random Forest, achieve reasonable 

predictive accuracy and provide partial interpretability; 

however, they generally lack calibration analysis, 

robustness evaluation, and fairness assessment. Deep 

Neural Networks offer higher predictive accuracy than 

conventional ML models, but their limited 

interpretability and the absence of clinical utility 

assessment restrict their adoption in real-world clinical 

practice. 

 

In contrast, the proposed hybrid model not only achieves 

the best predictive performance (Accuracy = 0.95, AUC 

= 0.96) but also demonstrates superior calibration 

(lowest Brier score = 0.07) and the highest net clinical 

benefit in Decision Curve Analysis. The incorporation of 

SHAP-based interpretability provides both global and 

local model explanations, while robustness checks and 

subgroup fairness analyses confirm the model's 

generalizability across diverse patient populations. 

 

The weighted fusion strategy (w<sub>LR</sub> = 0.25, 

w<sub>RF</sub> = 0.35, w<sub>XGB</sub> = 0.40), 
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derived from Equation (9), outperformed direct 

concatenation (AUC 0.958 versus 0.951) while requiring 

33% fewer input parameters, demonstrating that compact 

and interpretable representations can effectively 

complement deep learning. Although the UCI CKD 

dataset contains a relatively limited number of samples 

(N = 400), the use of dropout regularization (dropout rate 

= 0.3), early stopping, and stratified 10-fold cross-

validation effectively mitigated overfitting, as confirmed 

by the ablation studies. 

 

CONCLUSION 
This study presented a novel hybrid ML–DL framework 

for chronic kidney disease prediction by integrating 

machine learning-derived risk scores with deep neural 

representations. Experimental results obtained using the 

UCI CKD dataset demonstrated that the proposed model 

consistently outperformed both classical ML algorithms 

and a standalone DNN, achieving an accuracy of 95% 

and an AUC of 0.96. 

 

The three primary contributions of this work are: (i) the 

introduction of an interpretable hybrid ML–DL fusion 

strategy that improves predictive performance; (ii) a 

rigorous evaluation of calibration, clinical utility, and 

fairness, which are often overlooked in previous studies; 

and (iii) the demonstration of model stability and 

interpretability through ablation studies and SHAP-

based analyses. 

 

Future work will focus on validation using external 

multi-centre cohorts, extending the framework with 

attention-based or gating mechanisms, incorporating 

temporal and longitudinal patient data for trajectory-

based risk prediction, integrating uncertainty 

quantification and counterfactual explanations, and 

exploring federated or privacy-preserving learning 

paradigms for deployment in real-world healthcare 

environments. 
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      D = { (   x  i ,   y  i )  }  i = 1  N ,   x  i ∈  ℝ  d ,      y  i ∈ { 0 , 1 }   (1)


    x  i


    y  i = 1


    y  i = 0


    𝜇  j


        x  i j ′ =     x  i j − min ⁡ (   x  ⋅ j )  max ⁡ (   x  ⋅ j ) − min ⁡ (   x  ⋅ j )   (3)


    X  j


  Y


      I (   X  j ; Y ) =   ∑    x  j    ∑  y  p (   x  j , y ) log ⁡   p (   x  j , y )  p (   x  j ) p ( y )   (4)


  I (   X  j ; Y ) < 𝜏


  𝜏 = 0 . 05


  𝜏 ∈ { 0 . 01 , 0 . 03 , 0 . 05 , 0 . 07 , 0 . 10 }


    s  i ∈ [ 0 , 1 ]


        s  i =   f  M L (   x  i ) ,   f  M L :  ℝ  d → [ 0 , 1 ]   (5)


       h   ( 0 ) = [   x  i ,   s  i ] ∈  ℝ  d + 1   (6)


  l


       h   ( l ) = 𝜎  (    W   ( l )  h   (  l − 1 ) +    b   ( l ) ) , l = 1 , … , L   (7)


    W   ( l )


    b   ( l )


  𝜎 ( ⋅ )


          y ^  i = 𝜎  (    W   ( L )  h   (  L − 1 ) +    b   ( L ) ) ,     y ^  i ∈ [ 0 , 1 ]   (8)


        s  i =   ∑  k = 1  K    w  k   p  i   ( k ) , K = 3   (9)


    p  i   ( k )


    w  k


  ∑   w  k = 1


    w  L R = 0 . 25


    w  R F = 0 . 35


    w  X G B = 0 . 40


    s  i


      x ~  i ∈  ℝ  m


       h   ( 0 ) = [     x ~  i ,   s  i ] ∈  ℝ  m + 1   (10)


   (  ℝ  m + 3 )


      Accuracy =   T P + T N  T P + T N + F P + F N   (11)

