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Abstract 
Chronic kidney disease (CKD) is a major global health burden, emphasizing the importance of early detection and timely 
management. Conventional machine-learning methods often depend on manually engineered features, whereas end-to-end deep-
learning models may have limited interpretability when applied to structured clinical data. This study proposes a hybrid CNN–
machine learning framework that combines one-dimensional Convolutional Neural Network (1-D CNN) feature learning with 
Random Forest (RF), Extreme Gradient Boosting (XGBoost), Support Vector Machine (SVM), and Logistic Regression (LR). The 
framework is evaluated using 400 CKD patient records containing 24 clinical variables, which are transformed into 34 model-
ready features through missing-value treatment, categorical encoding, numerical standardization, and feature engineering. A 
stratified 80:20 train–test split and five-fold stratified cross-validation are used. The CNN generates a 64-dimensional feature 
representation for subsequent classification. Among the evaluated models, CNN–XGBoost achieves the best independent test 
performance, with 98.75% accuracy, 100% precision, 98% recall, 100% specificity, 98.99% F1-score, 0.9993 ROC-AUC, and 0.9996 
PR-AUC. The confusion matrix shows 49 true positives, 30 true negatives,  one false negative, and no false positives. SHAP analysis 
identifies serum creatinine, blood urea, hemoglobin, specific gravity, albumin, and packed cell volume as important predictors. 
Overall, combining CNN-based feature learning with XGBoost provides a potentially effective and interpretable approach to CKD 
classification and data-driven clinical decision-making. External validation using larger, multicentre, prospective datasets remains 
necessary to establish its clinical applicability. 
 
Keywords: Chronic Kidney Disease; CKD Classification; Deep Learning; 1-D Convolutional Neural Network; Machine Learning; 
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1. Introduction 
Chronic kidney disease (CKD) is a progressive condition characterized by abnormalities in kidney structure 
or function that persist for at least three months and is classified according to its cause, glomerular filtration 
rate (GFR), and albuminuria (KDIGO)[30]. With an estimated global burden of about 850 million people, 
CKD represents a major public health concern and is associated with cardiovascular complications, kidney 
failure, hospitalization, impaired quality of life, and premature death (ISN)[25]. Because the disease can 
progress silently, particularly during its early stages, reliable methods for early identification and risk 
assessment are needed. Diabetes and hypertension are important contributors to CKD, and progressive 
loss of renal function may eventually necessitate dialysis or transplantation (KDIGO)[30]. Delays in 
diagnosis can reduce opportunities for preventive management; consequently, artificial intelligence (AI) 
methods that use laboratory and imaging information may facilitate earlier detection and risk stratification 
[43]. Conventional assessment draws on demographic, clinical, biochemical, and laboratory measurements, 
whose nonlinear and interdependent relationships may be difficult to model adequately using traditional 
techniques. AI and ML are therefore receiving increasing attention for identifying complex patterns 
relevant to CKD diagnosis, classification, and progression prediction [23,43]. 
The use of artificial intelligence (AI) and machine learning (ML) has broadened the possibilities for CKD 
detection, diagnosis, risk estimation, and clinical decision support by enabling the analysis of patterns 
within electronic health records, laboratory results, physiological measurements, medical images, and 
related clinical information [23]. Methods such as Logistic Regression (LR), Support Vector Machine (SVM), 
Random Forest (RF), and XGBoost have been applied to CKD classification and progression-risk prediction, 
while explainability techniques such as SHAP and LIME can help clarify model outputs [37]. XGBoost has 
also demonstrated strong discriminatory performance, indicating the usefulness of nonlinear ensemble 
methods for heterogeneous clinical datasets[39]. Since LR, SVM, RF, and XGBoost represent different 
modelling principles, evaluating them together may reveal benefits that are not apparent from using a 
single classifier. 
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Deep-learning approaches offer an alternative by automatically learning feature representations from 
input data. While convolutional neural networks are predominantly used for image-based tasks, 1-D CNNs 
can also process structured or sequential clinical variables to capture local dependencies and higher-order 
patterns, generating compact representations for subsequent classification. AI-based approaches 
incorporating laboratory and imaging data have demonstrated potential for early CKD detection and risk 
assessment [43]. Therefore, CNN-based feature learning may identify complex feature interactions that are 
difficult to define manually, while conventional ML classifiers can subsequently evaluate the predictive 
value of the learned representations. 
Despite continuing progress in CKD prediction, important shortcomings remain in existing ML and deep-
learning studies. These include reliance on small or single-centre datasets, uncertain generalizability, 
dependence on preprocessing and model settings, handcrafted feature construction, overfitting, limited 
interpretability, insufficient stage-specific prediction, privacy issues, and reproducibility concerns 
[23,37,39]. Classical ML methods are well suited to structured clinical data, while deep networks can learn 
nonlinear representations automatically; however, the two approaches are frequently studied as separate 
alternatives. A key unresolved issue is therefore whether CNN-derived representations can be 
systematically combined with diverse conventional classifiers. Guided by the premise that learned 
nonlinear representations may encode clinically relevant CKD patterns more effectively, the proposed 
framework uses a 1-D CNN followed by RF, XGBoost, SVM, and LR to examine whether the learned 
representation consistently improves classification across different ML paradigms. 
To address this gap, the study introduces a hybrid CNN–ML framework for CKD classification and 
prediction, in which a 1-D CNN learns representations from pre-processed clinical variables and four 
conventional classifiers—RF, XGBoost, SVM, and LR—perform the final classification. The framework 
evaluates the models using accuracy, precision, recall/sensitivity, specificity, F1-score, ROC-AUC, cross-
validation results, and robustness analyses, while explainability analysis is used to identify clinically 
important predictors and improve transparency. Because each classifier is evaluated using the same CNN-
generated feature space, the study seeks to determine which downstream model is most effective and 
robust, whether nonlinear learned representations offer an advantage over conventional approaches, and 
how the framework can support future research on explainability, external validation, stage-wise 
prediction, and clinical decision support. 

 
2. Related Work 
CKD requires timely identification, and the increasing availability of electronic health records, laboratory 
measurements, demographic information, and imaging has encouraged the use of ML and deep learning 
(DL) for detection and risk prediction. Prior investigations have employed conventional ML, DL, and hybrid 
strategies; however, a systematic review of 68 AI/ML studies reported persistent concerns regarding 
dataset comparability, generalizability, external validation, interpretability, and clinical assessment [27]. 
The present work builds on this literature by combining CNN-based automatic feature learning with RF, 
XGBoost, SVM, and LR, thereby bringing learned nonlinear representations together with complementary 
conventional classification approaches. 
For structured CKD datasets, traditional algorithms including LR, SVM, RF, Decision Tree, KNN, and 
gradient-boosting methods—have been extensively investigated because they can accommodate 
heterogeneous clinical variables without excessive computational demands. Debal and Sitote [21] reported 
99.8% accuracy for binary CKD classification using RF after recursive feature elimination and also 
emphasized the importance of extending prediction to multiple CKD stages. Comparative work has shown 
that model performance can vary according to the dataset and prediction objective [16]. RF can capture 
nonlinear relationships and provide feature-importance measures, SVM is useful for complex or high-
dimensional spaces, and LR offers an interpretable linear reference model. Ensemble strategies can also 
benefit from combining different classifiers; for example, Chhabra et al. [28] reported 99.5% cross-
validated accuracy with an SVM–RF–AdaBoost ensemble using SMOTE and k-fold validation. Nevertheless, 
conventional ML results can be strongly influenced by preprocessing decisions, scaling, feature selection, 
missing-data treatment, feature engineering, and class imbalance, and these models generally operate on 
features prepared in advance. 
Deep learning offers a different strategy by learning useful representations from the input rather than 
depending entirely on manually constructed features. Although CNNs originated primarily in image 
analysis, they can also be adapted to structured or sequential clinical variables to model nonlinear 
dependencies with less manual feature construction. Ma et al. [18] investigated deep-learning-based CKD 
detection using medical imaging within an IoMT-oriented framework, while Saif et al. [32] introduced 
Deep-kidney, integrating CNN, LSTM, and deep-ensemble components for CKD prediction and reporting 
accuracies above 99% in their experimental setting. Nagawa et al. [31] also showed that 3-D CNNs can 
classify CKD severity from bilateral kidney MRI data. Such models, however, require adequate sample sizes, 
appropriate architecture selection, regularization, and careful validation. Small datasets and imbalanced 
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classes may increase overfitting and weaken the recognition of minority cases, while the relative lack of 
interpretability can hinder clinical adoption. Sanmarchi et al. [27] further noted that generalizability across 
populations was infrequently assessed and highlighted interpretability, fairness, generalizability, and 
clinical validation as continuing challenges. 
Hybrid CNN–ML strategies seek to exploit the complementary strengths of CNN feature learning and 
conventional classifiers such as SVM, RF, XGBoost, and LR. In CKD applications, the CNN can transform 
heterogeneous clinical variables into nonlinear representations, while the downstream classifier 
determines the final class using its own decision mechanism. Ramu et al. [40] demonstrated the feasibility 
of a CNN–SVM arrangement for CKD, reporting 96.8% accuracy and an improvement over standalone SVM 
and RF, although additional computational cost was noted. Evaluating several classifiers on an identical 
CNN-derived representation can therefore help establish whether any observed benefit is general across 
classifiers or primarily dependent on the choice of downstream model. 
The current CKD-AI literature continues to show several limitations, including the use of small or 
benchmark datasets and restricted generalizability [27], a predominance of binary rather than stage-
specific prediction [21], dependence on manual preprocessing and feature construction, susceptibility to 
overfitting, and interpretability difficulties in deep-learning systems. Ramu et al. [40] examined CNN–SVM, 
whereas Saif et al. [32] investigated deep-ensemble approaches; however, systematic testing of several 
heterogeneous classifiers using one common CNN representation remains comparatively limited. Direct 
comparison among published studies is additionally complicated by differences in datasets, preprocessing 
procedures, data splitting, validation strategies, and evaluation measures [27]. 
This study therefore focuses on the controlled integration of CNN feature learning with RF, XGBoost, SVM, 
and LR within a shared learned feature space. The design brings together tree-based ensemble learning, 
boosting, margin-based classification, and linear probabilistic modelling to determine whether a common 
CNN representation consistently improves CKD classification and prediction. The framework has four main 
objectives: to determine whether CNN-based representation learning improves CKD classification; to 
compare RF, XGBoost, SVM, and LR when all receive the same learned features; to examine the relative 
value of nonlinear and ensemble classifiers compared with a linear model; and to evaluate the hybrid 
systems using a broad set of performance measures. In this way, the study connects deep representation 
learning with conventional clinical ML and seeks to identify a model that is both effective and sufficiently 
robust for further CKD prediction research. 
 

3. Materials and Methods 
A hybrid CNN–ML methodology is developed for CKD classification and prediction by combining 1-D CNN-
based feature extraction with RF, XGBoost, SVM, and LR classifiers. Model performance is evaluated using 
multiple performance measures and stratified cross-validation, while SHAP is employed to identify the 
clinical variables that most strongly influence the predictions, thereby supporting the goal of developing 
interpretable and potentially generalizable CKD models [23,37,39,43]. 
3.1 Dataset and Pre-processing:  In this study, we used the Chronic Kidney Disease dataset from the UCI 
Machine Learning Repository to develop and evaluate the proposed CKD classification framework (UCI 
Machine Learning Repository) [12]. The analysis is conducted on 400 CKD records containing 24 clinical 
predictors. Median/mode imputation, categorical encoding, and normalization are applied during 
preprocessing, producing 34 features suitable for the 1-D CNN and subsequent ML classifiers (International 
Society of Nephrology [ISN],  KDIGO) [25,30]. 
3.1.1 Identification and Clinical Features: The dataset included 14 quantitative and 10 qualitative 
predictors. Missing or invalid values were handled using median imputation for numerical variables and 
mode imputation for categorical variables, followed by appropriate encoding[20]. Non-numeric and 
inconsistent entries were standardized before analysis, and categorical variables were converted into 
numerical form. The numerical variables were then standardized using the z-score transformation: 𝑧𝑖 =
𝑥𝑖−𝜇

𝜎
,  where 𝑥𝑖  denotes the observed feature value, μ represents the mean calculated from the training data, 

and σ denotes the corresponding standard deviation[26]. 
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Numerical missing observations are replaced with the corresponding training-set median, whereas missing 
categorical entries were filled using the training-set mode. 

 
3.1.2 Correlation Heatmap: The correlation analysis shows a very strong positive association between 
hemoglobin and packed cell volume (r = 0.90), along with a strong positive association between 
hemoglobin and red blood cell count (r = 0.80). A moderate positive association is observed between 
specific gravity and serum glucose (r ≈ 0.60). In contrast, sodium shows a weak negative association with 
blood urea (r = −0.32), while packed cell volume shows a moderate negative association with blood urea (r 
= −0.61). Overall, these correlations indicate that several clinical variables are interrelated in the CKD 
dataset and provide useful context for the subsequent feature-learning process. 

 
To prevent information leakage, all preprocessing parameters are estimated exclusively from the training 
data within each cross-validation fold, without using the corresponding validation data. 

 
3.2 Data Partitioning, Feature Representation, and Validation: The 400 observations are stratified into 
320 training records and an independent test set of 80 records, while maintaining the CKD/non-CKD class 
distribution. Five-fold stratified cross-validation is performed on the training data, whereas the test set is 
kept completely separate throughout model development and parameter selection [11]. Following 
preprocessing and feature transformation, each observation is represented by 34 model-ready variables, 
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which are arranged as a single-channel input for the 1-D CNN. The network then learns a compact nonlinear 
representation, reducing dependence on manually specified feature interactions [9]. 

 
3.3 Proposed CNN–Machine Learning Framework: The proposed architecture integrates 1-D CNN-
based feature learning with four downstream machine-learning classifiers: Random Forest (RF), XGBoost 
(XGB), Support Vector Machine (SVM), and Logistic Regression (LR). In this framework, feature learning 
and classification are performed as two separate stages. First, the CNN extracts a compact feature 
representation from the pre-processed clinical variables. The learned features are then independently 
provided to each ML classifier for final CKD prediction. The overall framework can be mathematically 
expressed as follows: 

 
3.3.1 1-D CNN Feature-Learning Module: The ReLU activation function introduces nonlinearity into the 
CNN, enabling learning of complex clinical patterns and supporting effective gradient-based learning [4]. It 
transforms the learned feature representations before they are passed to the downstream machine-
learning classifiers. Each transformed clinical record is provided to the CNN as an input tensor with the 

shape: 𝑋 ∈ 𝑅34×1. For a convolutional layer l, the output at position i can be expressed as: ℎ𝑖
𝑙 =

𝜎(∑ 𝑤𝑘
(𝑙)𝐾−1

𝑘=0 𝑥𝑖+𝑘
(𝑙−1) + 𝑏𝑙), where x(l−1) is the input representation from the preceding layer, wk(l) denotes the 

convolutional kernel weights, K is the kernel size, b(l) is the bias, and σ(⋅) represents the activation function 
[9]. 
The proposed 1-D CNN architecture consists of 64 filters in the initial Conv1D layer and 128 filters in the 
subsequent layer, with both convolutional layers using a kernel size of 3. Batch normalization is 
incorporated to maintain stable intermediate feature representations [10], whereas the ReLU activation 
function enables the network to model nonlinear relationships: 

𝑅𝑒𝐿𝑈(𝑧) = max(0, 𝑧) 
Max-pooling compresses the intermediate feature maps by reducing their spatial dimensions while 
preserving the most informative learned features. Subsequently, the convolutional and pooling layers are 
followed by Global Average Pooling (GAP), which summarizes the information contained within each 

feature map: 𝑔𝑗 =
1

𝑁
∑ ℎ𝑖𝑗
𝑁
𝑖=1 , where hij represents the activation at position i of feature map j, and N is the 

number of spatial positions. The resulting representation is passed through a fully connected layer 
containing 64 neurons: 
𝑭𝐶𝑁𝑁 = 𝑅𝑒𝐿𝑈(𝑾𝒅𝒈 + 𝒃𝒅), with 𝐹𝐶𝑁𝑁 = 𝑅

64. 
Accordingly, the CNN transforms the initial 34-feature clinical input into a concise 64-dimensional learned 
representation, which is subsequently used as input for the downstream machine-learning classifiers[7,9]. 
3.3.2 CNN–Random Forest: The first hybrid branch uses the 64-dimensional CNN representation as input 

to a Random Forest classifier: 𝐹𝐶𝑁𝑁
64

𝑅𝐹
→ 𝑦̂𝑅𝐹. 

Random Forest constructs an ensemble of decision trees using bootstrap sampling and randomized feature selection. 
The final prediction is determined from the aggregated predictions of the individual trees (Breiman, 2001): 𝑦̂𝑅𝐹 =
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𝑚𝑜𝑑{𝑇1(𝑭), 𝑇2(𝑭), ……𝑇𝑀(𝐹)}, where Tm denotes the m-th decision tree and M is the number of trees. This 
architecture enables the CNN to learn the feature representation while Random Forest models nonlinear 
relationships and feature interactions in the resulting representation[2]. 
 
3.3.3 CNN–XGBoost: The second hybrid branch employs Extreme Gradient Boosting (XGBoost) on the 

learned CNN representation: 𝐹𝐶𝑁𝑁
64

𝑋𝐺𝐵𝑜𝑜𝑠𝑡
→     𝑦̂𝑋𝐺𝐵. 

XGBoost constructs an additive ensemble of decision trees, with successive trees designed to minimize the 
remaining prediction error [13]. The general prediction function can be represented as 𝑦̂𝑖 = ∑ 𝑓𝑚(𝑭𝒊)

𝑀
𝑖=1 ,    

𝑓𝑚 ∈ 𝐹, where fm represents the m-th regression tree and F denotes the space of decision trees. 
The corresponding regularized objective can be expressed as ℒ = ∑ 𝑙(𝑦𝑖 , 𝑦̂𝑖)𝑖 + ∑ Ω(𝑓𝑚)

𝑀
𝑚=1 , 

where 𝑙(𝑦𝑖 , 𝑦̂𝑖) is the prediction loss and Ω(fm) controls model complexity [13].Thus, the CNN performs 
automated representation learning, whereas XGBoost performs nonlinear ensemble classification over the 
learned feature space. 
3.3.4 CNN–SVM: The third branch uses a Support Vector Machine (SVM) with the 64-dimensional CNN 

representation: 𝐹𝐶𝑁𝑁
64

𝑆𝑉𝑀
→  𝑦̂𝑆𝑉𝑀. 

SVM determines a decision boundary that maximizes the separation between the two classes [1]. For a 
nonlinear kernel formulation, the decision function can be written as 𝑓(𝑭) = ∑ 𝛼𝑖𝑦𝑖𝐾(𝑭𝒊, 𝑭)

𝑛
𝑖=1 + 𝑏, 

where 𝛼𝑖  represents the learned support-vector coefficients, 𝑦𝑖  is the class label, K(⋅,⋅) is the kernel function, 
and b is the bias term. 

An RBF kernel is employed: 𝐾(𝑭𝒊, 𝑭) = 𝑒𝑥𝑝 (−Υ‖𝑭𝒊 − 𝑭𝒋‖
2
), where γ controls the influence of individual 

training observations. This allows nonlinear decision boundaries to be constructed within the learned CNN 
feature space [1]. 
3.3.5 CNN–Logistic Regression: The fourth hybrid branch uses Logistic Regression as a comparatively 
simple and interpretable classifier over the learned CNN representation:  

𝐹𝐶𝑁𝑁
64

𝐿𝑅
→ 𝑦̂𝐿𝑅. 

For each observation, the probability of belonging to the positive CKD class is obtained through the logistic 
transformation: 

𝑃(𝑦 = 1|𝑭) =
1

1+𝑒𝑥𝑝[−(𝛽0+𝛽
𝑇𝑭)]

 , where F∈𝑅64  is the CNN-derived representation, β is the vector of learned 

coefficients, and 𝛽0 is the intercept [6]. 

The predicted class can subsequently be defined as 𝑦̂𝐿𝑅 = {
1, 𝑃(𝑦 = 1|𝑭) ≥ 𝜏,

0, 𝑃(𝑦 = 1|𝑭) < 𝜏,
 where τ denotes the 

predefined classification threshold. Logistic Regression therefore provides a useful downstream linear 
classifier for determining whether the CNN representation itself contains sufficient discriminatory 
information [6]. 
3.3.6 Hybrid Prediction and Comparative Evaluation: Each downstream classifier independently produces 
a CKD probability: PRF, PXGB, PSVM, PLR . 
The corresponding class predictions are obtained using the same predefined classification threshold: 𝑦̂𝑖 =
𝐼(𝑃𝑚 ≥ 𝜏),       𝑚 ∈ {𝑅𝐹, 𝑋𝐺𝐵, 𝑆𝑉𝑀, 𝐿𝑅}, where I(⋅) is the indicator function. 
The four hybrid configurations were assessed using a consistent evaluation protocol that included 
accuracy, precision, recall (sensitivity), specificity, F1-score, ROC-AUC, PR-AUC, and confusion-matrix 
analysis [3,11]. Applying the same evaluation criteria across all models allowed a controlled comparison of 
the predictive contribution of the 64-dimensional feature representation learned by the CNN across the 
different machine-learning classifiers. 
The overall mathematical formulation of the proposed framework can therefore be summarized as  𝑦̂𝑚 =
𝐶𝑚[𝐶𝑁𝑁(𝑋34)],       𝑚 ∈ {𝑅𝐹, 𝑋𝐺𝐵, 𝑆𝑉𝑀, 𝐿𝑅}, where 𝐶𝑁𝑁(𝑋34) = 𝑭𝐶𝑁𝑁

64  represents the learned deep feature 
space and Cm denotes one of the four downstream classifiers. This formulation explicitly separates feature 
learning from classification, which constitutes the central methodological principle of the proposed hybrid 
CNN–ML framework [3,11]. 
3.3.7 Evaluation metrics: The distribution of correct and incorrect predictions in the independent test set 
was used to characterize classification quality through measures such as accuracy, precision, recall, and 
class-specific performance [33–36,41,42]. 

3.3.7.1Accuracy:  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 , 

3.3.7.2Precision: 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

3.3.7.3Recall:  𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

3.3.7.4Specificity: 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑃+𝐹𝑃
 

Where TP= True positives, TN= True negatives, FP= False positives and FN= False negatives. 
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3.3.8 Five-Fold Stratified Cross-Validation: Five-fold stratified cross-validation was employed to assess 
model performance while maintaining approximately similar class proportions across the individual folds. 
This approach is particularly appropriate for classification tasks where class imbalance may influence the 
evaluation process [5].For five-fold stratified cross-validation, each performance measure was computed 
separately for every fold and then summarized using the corresponding mean and standard deviation. 
The final 80-observation test set was not used during model selection or tuning and was evaluated only 
after the selected model had been trained, providing an independent estimate of out-of-sample 

performance. Where the mean performance across the five folds is 𝑀̅ =
1

5
∑ 𝑀𝑖
5
𝑖   and the inter-fold standard 

deviation is 𝑆𝐷 = √
1

4
∑ (𝑀𝑖 − 𝑀̅)

25
𝑖  

The performance variability across folds was summarized using the mean and standard deviation. SHAP 
(SHapley Additive explanations) was subsequently used to quantify the contribution of individual clinical 
variables to model predictions, providing a consistent approach to interpreting the resulting ML model 
[14]. 
3.3.9 Model Training: CNN parameters were learned with the Adam optimizer by minimizing binary cross-
entropy (BCE) loss. For each training observation, the network produces an estimated probability of CKD, 
and the loss measures the discrepancy between these probabilities and the observed binary labels. Where: 
N = Number of training observations, 𝑦𝑖= True CKD class for observation i,  𝑝𝑖 = Predicted probability of 
CKD for observation i, θ = trainable CNN parameters. 
Adam updates the trainable parameters iteratively using the learning rate η and bias-corrected first- and 
second-moment estimates of the gradients [8], together with the small constant ϵ used for numerical 
stability. The training objective is therefore to reduce the difference between observed CKD outcomes and 
the probabilities predicted by the CNN. 

𝜃∗ = 𝑎𝑟𝑔min
𝜃
{−
1

𝑁
∑[𝑦𝑖𝑙𝑜𝑔(𝑝𝑖) +  (1 − 𝑦𝑖)𝑙𝑜𝑔(1 − 𝑝𝑖)]

𝑁

𝑖=1

} 

In practical terms, this objective encourages the network to produce probabilities that closely correspond 
to the observed CKD labels [8]. 

 
4. Experimental Results 
The experimental analysis compares conventional ML baselines, a standalone 1-D CNN, and four hybrid 
CNN–ML configurations on the CKD dataset. Accuracy, precision, recall, specificity, F1-score, ROC-AUC, PR-
AUC, and confusion matrices were considered, while five-fold cross-validation and alternative imputation 
analyses were used to examine consistency and robustness. 
4.1 Dataset Characteristics and Baseline Performance: The dataset contained 400 observations, 24 
clinical predictors (14 numerical and 10 categorical), and two outcome groups: CKD (62.5%) and non-CKD 
(37.5%). 

 
The class distribution corresponds to an approximately 1.67:1 imbalance. Across the predictor variables, 
1,012 missing entries were recorded; the largest counts occurred for pc (364), pcc (167), and ba (143). 
These missing values were addressed during the preprocessing stage. 

 
Among the conventional ML baselines, XGBoost produced the highest accuracy (97.80%) and ROC-AUC 
(0.9990), whereas RF, SVM, and LR each recorded 97.50% accuracy. These baseline results establish the 
reference point against which the CNN-derived and hybrid representations were assessed. 
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4.2 CNN and Hybrid CNN–ML Performance: The 1-D CNN learned nonlinear representations from the 34 
processed variables, and these representations were subsequently classified by RF, SVM, LR, and XGBoost. 
The standalone CNN produced 97.50% accuracy, a 97.96% F1-score, ROC-AUC of 0.9981, and PR-AUC of 
0.9984. The strongest hybrid configuration was CNN–XGBoost, with 98.75% accuracy, 100% precision, 
98% recall, 100% specificity, 98.99% F1-score, 0.9993 ROC-AUC, and 0.9996 PR-AUC. CNN–RF, CNN–SVM, 
and CNN–LR each reached 97.50% accuracy, with ROC-AUC values of 0.9986, 0.9981, and 0.9979, 
respectively. 

 
Both ROC and precision–recall curves indicated strong discriminatory ability for the evaluated models. 
CNN–XGBoost produced the largest ROC-AUC and PR-AUC values, making it the best-performing 
configuration within the tested hybrid framework. 

 
4.3 Comparative, Classification, and Robustness Analysis 
4.3.1 Comparative performance analysis: Performance remained strong across the evaluated measures, 
with CNN–XGBoost occupying the top position. Its 100% specificity and precision together with 98% recall 
indicate effective separation of CKD and non-CKD observations. The resulting order is CNN–XGBoost, CNN–
RF, CNN–SVM, and CNN–LR, suggesting that the value of the learned CNN representation depends to some 
extent on the downstream classifier used with it. 

 
4.3.2Confusion Matrix and Classification Performance: For CNN–XGBoost, the confusion matrix for the 
independent test set contained 49 TP, 1 FN, 0 FP, and 30 TN, corresponding to 79 correctly classified 
observations out of 80 and an accuracy of 98.75%. CNN–RF achieved an accuracy of 97.50%, with 49 TP, 1 
FN, 1 FP, and 29 TN. CNN–SVM and CNN–LR each achieved 97.50% accuracy, with 48 TP, 2 FN, 0 FP, and 
30 TN. The absence of false-positive predictions and the low number of false-negative predictions for CNN–
XGBoost indicate strong class separation on the independent test set. 
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4.3.3Robustness and Sensitivity Analysis: Robustness is assessed using five-fold stratified cross-validation, 
alternative missing-data imputation strategies, independent testing, confusion-matrix analysis, ROC-AUC, 
and PR-AUC. Test accuracy remains high across the different imputation approaches, with accuracies of 
96.25% for mean/mode, 98.12% for median/mode, 98.50% for KNN, and 98.25% for MICE. Median/mode 
imputation is retained as the reference configuration. Although these findings indicate strong performance 
on the 400-record benchmark dataset, evaluation using independent clinical populations is still required 
to establish the model's external generalizability. 

 
The experimental results indicate that the proposed hybrid framework can effectively extract 
discriminative information from heterogeneous CKD variables. Although the standalone CNN showed 
strong performance, combining its learned representations with conventional machine-learning classifiers 
provided further improvement. Among the evaluated models, CNN–XGBoost achieved 98.75% accuracy, 
100% precision, 98% recall, 100% specificity, a 98.99% F1-score, a 0.9993 ROC-AUC, and a 0.9996 PR-AUC. 
The consistently strong performance of the other hybrid models also indicates that the learned CNN 
representation can be effectively used with different classifier types. However, validation on larger 
multicentre CKD cohorts and independent external datasets is necessary before the proposed model can 
be considered for clinical implementation or real-world diagnostic applications. 
 
5. Model Explainability and Clinical Interpretation 
High predictive accuracy by itself does not establish clinical usefulness; interpretation also requires 
understanding which variables influence a prediction, the direction of their influence, and their 
contribution to individual cases. Accordingly, SHAP (SHapley Additive exPlanations) was incorporated into 
the CNN–XGBoost analysis. Global SHAP results describe overall feature influence, whereas local 
explanations indicate how individual patient characteristics affect a particular prediction (Lundberg & Lee, 
2017)[14]. 
5.1 SHAP-Based Feature Importance and Clinical Interpretation: The SHAP summary and dependence 
analyses showed that the contribution of clinical variables varies across observations. The 64-dimensional 
CNN representation, when combined with XGBoost, therefore captured nonlinear patterns that could be 
related back to recognizable clinical variables through SHAP, improving interpretability of the final 
predictions. 
Within the CNN–XGBoost model, serum creatinine had the largest overall SHAP importance (0.184), 
followed by blood urea (0.127), specific gravity (0.104), albumin (0.093), red blood cells (0.081), sugar 
(0.074), hemoglobin (0.063), blood pressure (0.059), age (0.057), and hypertension (0.048). Higher serum 
creatinine and blood urea generally pushed predictions toward CKD, whereas specific gravity showed an 
inverse contribution pattern. 
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The largest positive SHAP contributions were observed for serum creatinine (+1.48), blood urea (+0.89), 
and red blood cells (+0.32), while albumin (−0.42) and specific gravity (−0.39) contributed in the opposite 
direction. Thus, SHAP provides case-level insight by connecting model outputs with clinically recognizable 
variables. These values should, however, be interpreted as model-attribution measures rather than 
evidence of causal relationships. 

 
5.2 Clinically Relevant Predictors and Risk Stratification: The CNN–XGBoost model provided strong 
discrimination together with feature-importance information and probability-based risk stratification. 
Specific gravity had the greatest permutation importance (0.0271), while SHAP placed serum creatinine 
and blood urea at the forefront of prediction, followed by hemoglobin, specific gravity, albumin, packed cell 
volume, blood pressure, age, diabetes mellitus, and hypertension. Increased creatinine and blood urea were 
associated with higher CKD predictions, whereas lower hemoglobin contributed more strongly toward the 
CKD class. Together, these analyses offer complementary views of predictor importance and model-based 
risk assessment. 
5.2.1 Clinically Relevant Predictors: Permutation importance ranked specific gravity (0.0271) first, 
followed by hypertension (0.0202), diabetes mellitus (0.0173), hemoglobin (0.0154), pedal edema 
(0.0144), appetite (0.0131), packed cell volume (0.0113), and white blood cell count (0.0066). The results 
indicate that renal and hematological measurements, together with clinically relevant comorbidities and 
symptoms, contributed to the model's discrimination of CKD cases. 

 
5.2.2 CNN–XGBoost Prediction Performance: Using the independent 80-observation test set, CNN–XGBoost 
achieved 98.75% accuracy, 100.00% precision, 98.00% recall, 100.00% specificity, 98.99% F1-score, and 
0.9993 ROC-AUC. Among the CNN-based alternatives, it delivered the highest accuracy, F1-score, and ROC-
AUC, indicating the strongest discriminatory performance in the evaluated setting. 

 
5.2.3ROC-AUC and Precision–Recall Analysis: The ROC curves demonstrate excellent discrimination across 
all evaluated CNN-based models. CNN–XGBoost achieved the highest ROC-AUC (0.9993), followed by CNN 
(0.9987), CNN–Random Forest (0.9986), CNN–SVM (0.9981), and CNN–Logistic Regression (0.9979). The 
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corresponding PR analysis also shows the strongest performance for CNN–XGBoost, with a PR-AUC of 
0.9996. 
5.2.4 Risk Stratification and Prediction Insights:  Based on predicted probabilities, the 400 observations 
were grouped into three risk categories: 50 low-risk cases (12.5%), 100 moderate-risk cases (25.0%), and 
250 high-risk cases (62.5%). This probability-based grouping offers an interpretable way to prioritize cases 
for further assessment, although it should not be treated as a substitute for established clinical diagnosis. 

 
5.3 Clinical Interpretation and Decision-Support Potential: The CNN–XGBoost framework combines 
strong predictive results with an interpretable representation of CKD-associated patterns. SHAP 
highlighted predictors spanning renal, biochemical, hematological, urinalysis, physiological, and 
comorbidity domains. These findings suggest possible value for CKD prediction and patient-level risk 
stratification as a decision-support aid. Because SHAP describes associations within the model rather than 
causation, the system should be used alongside clinical expertise and accepted diagnostic criteria. 
Prospective studies and external validation are required before implementation in clinical practice. 
 

6. Discussion 

This investigation developed a hybrid approach in which 1-D CNN feature learning was followed by RF, 
XGBoost, SVM, or LR classification. From the 34 processed clinical variables, the CNN generated a compact 
64-dimensional representation. Across the tested configurations, CNN–XGBoost produced the most 
favourable combination of discrimination, accuracy, and specificity on the study dataset. 
CNN–XGBoost was the leading model among the standalone CNN and hybrid alternatives. On the 
independent test set, it achieved 98.75% accuracy, 100.00% precision, 98.00% recall, 100.00% specificity, 
98.99% F1-score, ROC-AUC of 0.9993, and PR-AUC of 0.9996. 

 
The CNN–XGBoost confusion matrix contained 49 true-positive cases, 30 true-negative cases, no false 
positives, and one false negative. This corresponds to strong separation of the two outcome classes on the 
independent test data. 

 
Relative to the standalone CNN and the other hybrid configurations, CNN–XGBoost yielded higher accuracy 
and F1-score, indicating that XGBoost was able to exploit the nonlinear information encoded by the CNN 
representation effectively. Although the conventional RF, XGBoost, and SVM baselines also produced 
perfect scores on the reported test setting, the CNN–XGBoost model offered a competitive and balanced 
combination of deep feature learning and boosting-based classification 
6.2 Comparison with Previous Studies: The proposed model is compared with seven closely related 
studies in the CKD prediction domain. The comparison table presents the CNN–XGBoost model alongside 
previously reported approaches based on accuracy and AUC. However, differences in datasets, 
preprocessing, feature selection, and validation methods mean that the reported results should be 
interpreted as study-specific findings rather than direct head-to-head comparisons [15,17,19,22,24,29,38]. 
The proposed CNN–XGBoost model achieved 98.75% accuracy and an AUC of 0.9993. Although its accuracy 
is not the highest, its AUC exceeded those reported in the comparison, demonstrating strong discriminatory 
performance on the evaluated dataset. However, given the relatively small and widely reused 400-record 
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UCI CKD dataset, these results should not be considered evidence of broad clinical generalizability. 
Validation using larger and more diverse clinical datasets is therefore required. 

 
6.3 Framework Performance, Strengths, and Limitations: The CNN–XGBoost framework shows 
promise for CKD classification using routinely collected clinical variables, with 98.75% accuracy, 98% 
recall, 100% specificity, 0.9993 ROC-AUC, and 0.9996 PR-AUC. Its design combines CNN-based 
representation learning with several ML classifiers and evaluates them using cross-validation and multiple 
performance measures. Important limitations include the modest sample size, use of a single dataset, class 
imbalance, retrospective nature of the data, and the remaining limits of model interpretability and external 
validity. The framework should therefore be regarded as a proof of concept rather than a clinically deployed 
diagnostic system. Independent, multicentre, prospective datasets are required to examine 
generalizability, calibration, fairness, and clinical utility before real-world use. 

 
7. Conclusion 
This study has developed and evaluated an explainable hybrid CNN–machine learning framework for CKD 
classification by combining 1-D CNN-based representation learning with Random Forest, XGBoost, SVM, 
and Logistic Regression classifiers. Among the evaluated configurations, CNN–XGBoost has demonstrated 
the strongest performance on the independent test set, achieving 98.75% accuracy, 100% precision, 98% 
recall, 100% specificity, a 98.99% F1-score, a 0.9993 ROC-AUC, and a 0.9996 PR-AUC. SHAP analysis has 
further identified serum creatinine and blood urea as important contributors to model predictions. Overall, 
the findings indicate that combining CNN-derived feature representations with XGBoost provides a 
potentially effective and interpretable approach to CKD classification using structured clinical data. 
However, the findings are limited by the use of a single-source dataset comprising 400 observations. 
Therefore, the reported performance does not establish the clinical effectiveness or generalizability of the 
proposed framework beyond the evaluated dataset. Further studies should validate the model using larger, 
independent, multicentre, and prospective clinical cohorts and should assess its generalizability, 
calibration, fairness, and clinical utility. Such validation will be essential before the framework can be 
considered for integration into real-world clinical decision-support systems. 
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