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 Chronic kidney disease (CKD) is a growing health problem that demands 

accurate stage prediction for timely clinical intervention. Conventional 

machine learning (ML) models, although widely used, often struggle to 

capture complex, non-linear relationships in clinical data. To address this 

limitation, this study proposes a deep learning (DL) framework based on two 

tabular architectures: attention network (AttentionNet) and tabular 

transformer (TabTransformer). AttentionNet assigns higher importance to 

clinically relevant features through an attention mechanism, while 

TabTransformer uses self-attention to model dependencies among clinical 

variables. These models were evaluated against baseline approaches, 

including residual multilayer perceptron (ResMLP), wide and deep (WnD), 

and a standard multilayer perceptron (MLP). The dataset comprised 1,446 

patient records with 26 validated features after leakage removal, spanning 

five CKD stages. Preprocessing involved cleaning, categorical encoding, 

normalization, and evaluation using 10-fold cross-validation. Results 

showed that ResMLP and TabTransformer consistently achieved the highest 

accuracy and F1-scores, both exceeding 99%, with minimal variation across 

folds. Ablation analysis revealed the critical role of glomerular filtration rate 

(GFR) and serum creatinine (SC), as their removal led to notable 

performance degradation. High area under the curve (AUC) values further 

confirmed model robustness. Overall, DL-based tabular models offer a 

reliable foundation for CKD stage prediction and clinical decision support 

systems. 
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1. INTRODUCTION 

Chronic kidney disease (CKD) is a major global public health concern, affecting more than  

850 million people worldwide, with recent global estimates indicating a steadily rising prevalence across 

both developed and developing regions [1], [2]. The disease is progressive in nature and, if not identified in 

its early stages, can lead to renal failure and the need for dialysis or transplantation. Early detection of CKD 

stages is therefore crucial for timely medical intervention and improved patient outcomes. 

Conventional clinical assessment methods and statistical approaches have been applied for CKD 

stage prediction. Traditional machine learning (ML) algorithms such as decision trees, support vector 

machines, and logistic regression have demonstrated some predictive capability [3], [4]. However, these 

models often face challenges in handling complex non-linear interactions among multiple clinical variables, 

resulting in reduced generalization and inconsistent performance across diverse patient groups [5]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Deep learning (DL) methods provide an opportunity to overcome these limitations by automatically 

capturing intricate feature interactions without manual engineering. Recent advances in DL for tabular 

medical data have shown significant improvements in classification and diagnosis tasks [6], [7]. Building 

upon these developments, this study proposes a DL framework using two modern architectures, attention 

network (AttentionNet) and tabular transformer (TabTransformer), along with baseline networks such as 

residual multilayer perceptron (ResMLP), wide and deep (WnD), and multilayer perceptron (MLP).  

The contributions of this work are fourfold: i) development of a leakage-safe preprocessing pipeline 

with 26 validated clinical features; ii) implementation of two advanced DL models, AttentionNet and 

TabTransformer, tailored for CKD stage prediction; iii) comprehensive evaluation through 10-fold cross 

validation (CV) and ablation studies to assess the clinical importance of glomerular filtration rate (GFR) and 

serum creatinine (SC); iv) comparative analysis with baseline models to demonstrate the robustness and 

reliability of the proposed approach. The remainder of this paper is organized as follows. Section 2 reviews 

existing literature on CKD prediction and tabular DL methods. Section 3 explains the dataset, preprocessing 

pipeline, and model architectures. Section 4 presents the experimental setup, results, and discussion.  

Section 5 concludes with key insights, limitations, and future research directions. 

 

 

2. RELATED WORKS 

As in the paper [8], classical ML on tabular laboratory and clinical variables has delivered strong 

baselines for CKD prediction, with boosted trees and careful feature pruning reaching near-ceiling accuracy 

on benchmark datasets. Aoki et al. [9] showed that compact risk models trained on large, real-world 

laboratory streams can anticipate a 30% decline in estimated GFR within 5 years, achieving a receiver 

operating characteristic (ROC)-area under the curve (AUC) near 0.85 and highlighting eGFR slope and 

albuminuria as dominant signals. Sanmarchi et al. [10] surveyed clinical CKD applications of ML and noted 

three persistent gaps: limited external validation, sparse attention to fairness, and interpretability constraints. 

Chen et al. [11] set out a protocol to standardize evaluation across CKD prognosis and diagnosis studies, 

addressing inconsistent reporting that complicates head-to-head comparisons. Khalid et al. [12] synthesized 

progress on predicting CKD progression and emphasized pragmatic choices in variable selection and 

validation that improve transportability. Complementing this, Pan and Tong [13] performed a meta-analysis 

indicating that artificial intelligence models can match or exceed conventional risk equations for CKD 

prognosis, while still needing better calibration across populations. Beyond generic progression,  

Ruget et al. [14] reported time-to-event modeling for renal replacement therapy and stage transition, 

illustrating how survival-aware objectives add clinical utility. Feature selection for medical tabular data has 

advanced on two fronts. Battistella et al. [15] proposed graphical ensembling to stabilize feature subsets and 

improve downstream accuracy, while reviews on imbalanced medical data [16] cataloged sampling and 

algorithmic remedies that reduce bias in minority classes without sacrificing precision. Broader surveys of 

metaheuristic feature selection framed reproducible evaluation and robust subset discovery for clinical 

datasets [17]. 

Transformer-based methods have moved from images to sequential electronic health records 

(EHRs) and tabular data. Yang et al. [18] introduced TransformEHR, a generative encoder–decoder 

pretraining approach that improved precision–recall on multiple clinical tasks, signaling the value of 

sequence-aware representations for longitudinal care trajectories. In oncology EHR, Veisi et al. [19] applied 

a transformer to primary-care pathways and reported AUROC above 0.92 for early breast cancer detection, 

demonstrating that attention over temporal codes can outperform regression baselines. For tabular health data 

generation and augmentation, Kang et al. [20] combined transformers with GANs to synthesize 

heterogeneous medical tables more faithfully than prior conditional tabular generative adversarial network 

(CTGAN)-style models, suggesting a route to address data scarcity and privacy. Finally, domain-wide 

perspectives continue to underline unresolved issues—dataset shift, imbalance, and transparent  

reasoning—across CKD prediction studies [21], [22]. Cardiovascular risk cohorts [23], which achieved good 

transparency but did not evaluate feature ablation robustness. More recently, categorical boosting (CatBoost) 

with nature-inspired optimization reached accuracy near 99% while ranking SC and GFR as top features, 

further supporting the current findings [24]. 

Overall, recent work converges on three insights: i) compact feature sets anchored in routinely 

collected labs remain competitive [8], [9]; ii) stability-oriented feature selection and imbalance handling 

improve reliability on medical datasets [15], [16]; and iii) transformer architectures that encode care 

timelines or column-wise relations offer measurable gains, especially when pretraining and synthetic 

augmentation are used judiciously [22]–[25]. The present study builds on these directions by pairing 

clinically grounded features with attention-based modeling and clear reporting to enhance transportability 

and interpretability. Recent transformer-based models such as survival transformer for electronic health 
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records (STRAFE) and kidney failure deep learning (KFDeep) primarily focus on longitudinal or  

time-to-event CKD prediction using sequential EHR data [26]. In contrast, this study formulates CKD stage 

prediction as a multi-class classification problem using static, leakage-controlled clinical features, with 

explicit emphasis on robustness and clinical feature importance through ablation analysis. 

 

 

3. METHOD  

The proposed work aims to develop a robust DL framework for CKD stage prediction using 

clinically validated features. The workflow begins with preprocessing and leakage control, followed by 

feature handling and dataset preparation. Models including AttentionNet and TabTransformer are then 

trained and evaluated against baseline networks such as ResMLP, WnD, and a standard MLP. Ablation 

studies further assess the clinical impact of removing specific biomarkers such as GFR and SC. The complete 

pipeline is illustrated in Figure 1, which depicts the architecture from data input to final model evaluation. 
 
 

 

 

Figure 1. Proposed architecture for CKD stage prediction 
 
 

3.1.  Dataset and features 

The study was carried out on a CKD dataset consisting of 1,446 patient records. Each record 

contained 27 clinical variables including both laboratory and categorical attributes, along with a five-class 

disease stage label. After leakage checks, 26 valid features were retained for training. The data were split into 

training, validation, and test sets as shown in Table 1. The stage-wise distribution of cases is provided in 

Table 2, showing a moderate imbalance, with stage 1 containing the highest samples (390) and stage 3 the 

lowest (222). 
 
 

Table 1. Dataset and split sizes with feature and class 

counts 
Split Samples 

(n) 

Features 

(p) 

Classes 

(k) 

Train 867 26 5 

Validation 289 26 5 

Test 290 26 5 
 

Table 2. Stage-wise sample counts (original labels) 
Stage Count 

1 390 

2 262 
3 222 

4 325 

5 247 
 

 
 

3.2.  Preprocessing 

Preprocessing ensures that the dataset is leakage-free, normalized, and ready for training. To ensure 

reliability of the modeling process, preprocessing was performed in three steps. Leakage control: exploratory 

analysis revealed that the column class (cls) showed leakage, as it contained information directly correlated 

with the target [27]. This feature was dropped before model training. Details are shown in Table 3. 

Normalization: all numeric features were normalized to zero mean and unit variance to reduce scale 

differences. Encoding: categorical features such as hypertension (HTN), diabetes mellitus (DM), and anemia 

(ANE) were encoded into binary representations for compatibility with neural network inputs. The stepwise 

process is shown in Figure 2, which highlights how leakage features were removed, numeric variables 

normalized, and categorical variables encoded. 
 

 

Table 3. Leakage checks and remediation 
Column Issue Action 

cls Potential label leakage Dropped before training 
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Figure 2. Preprocessing pipeline including leakage control, normalization, and encoding 
 

 

3.3.  Proposed models 

3.3.1. AttentionNet 

The AttentionNet incorporates an attention mechanism to focus on clinically significant features. 

The computational flow is shown in Figure 3, where feature embeddings are processed, attention weights are 

applied, and the aggregated representation is passed to the classifier [28]. The AttentionNet model is a  

feed-forward neural architecture augmented with an attention mechanism. The network computes weighted 

representations of hidden units using the relation (1). Where, 𝛼𝑖𝑗 is the attention coefficient, 𝑒𝑖𝑗 is the 

attention score, and ℎ𝑗 is the hidden representation. This mechanism allows the model to emphasize clinically 

relevant features such as GFR and SC during training. 

 

𝛼𝑖𝑗 =  
exp(𝑒𝑖𝑗 )

∑ exp(𝑒𝑖𝑘)𝑘
 , 𝑐𝑖 = ∑ 𝛼𝑖𝑗ℎ𝑗𝑗  (1) 

 
 

 
 

Figure 3. Schematic of AttentionNet highlighting feature weighting through attention mechanism 
 

 

3.3.2. TabTransformer 

The TabTransformer adapts self-attention layers to capture dependencies between features. The 

process is represented in Figure 4, which shows embedding layers, transformer blocks, and classification 

layers [29]. TabTransformer adapts the transformer encoder for tabular datasets. Its self-attention layers capture 

dependencies between categorical and numeric variables. The forward pass is expressed as in (2) and (3). 

 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 ( 
𝑄𝐾𝑇

√𝑑𝑘
) 𝑉 (2) 

 

𝐻(𝑙+1) = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚( 𝐻(𝑙) + 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝐻(𝑙))) (3) 

 

Here 𝑄, 𝐾, 𝑉 represent query, key, and value matrices and 𝑑𝑘  is the scaling factor. 
 

 

 
 

Figure 4. TabTransformer architecture adapted for CKD stage prediction 
 
 

AttentionNet and TabTransformer were selected due to their suitability for moderate-sized clinical 

tabular datasets and their ability to model feature interactions without heavy pretraining requirements. 

Compared to architectures such as attentive interpretable tabular learning (TabNet) and feature tokenizer + 

transformer (FT-transformer), which often involve higher computational complexity and extensive 

hyperparameter tuning, the chosen models provide a balanced trade-off between performance, interpretability, 

and training stability. This makes them more practical for real-world clinical deployment scenarios where 

computational efficiency and reproducibility are critical. 
 

3.4.  Baseline models 

To assess comparative performance, three widely used baselines were implemented. ResMLP 

introduces skip connections into standard MLPs for improved gradient flow. Multilayer perceptron baseline 
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(MLPBaseline) is a conventional fully connected neural network. WnD combines wide linear models with 

deep feature extractors, effective for tabular prediction. 

 

3.5.  Evaluation setup 

Model evaluation was carried out with 10-fold CV to ensure robust generalization. The stepwise 

flow for CV is shown in Figure 5, illustrating how the dataset was partitioned into training and validation 

folds, and how metrics were aggregated across folds. Metrics included accuracy (Acc), F1-score, and  

ROC-AUC. ROC-AUC was obtained by integrating the true positive rate (TPR) against the false positive  

rate (FPR). 

 

 

 
 

Figure 5. The 10-fold cross-validation framework for CKD stage prediction 

 

 

4. RESULTS AND DISCUSSION 

4.1.  Overall performance 

The average outcomes of the main models are presented in Table 4. AttentionNet reached an 

accuracy of 99.10% and an F1 of 99.10%, while TabTransformer performed similarly with an accuracy of 

98.97% and an F1 of 98.96%. Both models achieved AUC values close to 1.000, confirming their reliability. 

A broader comparison across all models is given in Table 5. ResMLP stood out with the best mean 

accuracy of 99.72% and F1 of 99.72%, followed by TabTransformer at 99.24%. This shows that DL methods 

designed for tabular data can outperform classical MLP baselines. 
 

 

Table 4. Leakage-safe k-fold performance summary (mean ± std) 
Model Acc (mean ± std) F1 (mean ± std) AUC (mean ± std) 

AttentionNet 99.10 ± 0.82 99.10 ± 0.82 0.99986 ± 0.00018 

TabTransformer 98.97 ± 1.61 98.96 ± 1.62 0.99989 ± 0.00021 

 

 

Table 5. Model comparison (10-fold CV, REMOVE_FEAT=[]) 
Model Acc_mean (%) Acc_std F1_mean (%) F1_std AUC_mean (%) AUC_std 

ResMLP 99.72 0.58 99.72 0.58 100.00 0.00 

TabTransformer 99.24 1.24 99.23 1.25 100.00 0.01 
MLPBaseline 99.17 0.85 99.17 0.85 99.99 0.02 

WideAndDeep 98.69 1.15 98.69 1.15 99.95 0.08 

AttentionNet 98.62 1.30 98.62 1.31 99.95 0.05 

 

 

4.2.  Per-fold cross validation 

The detailed per-fold results are summarized in Table 6. The outcomes remained stable across all 

10-folds, with accuracy values typically above 98%. The folds with lower values were rare and usually 

involved the AttentionNet, which still maintained a strong performance overall. This consistency highlights 

the robustness of the models under different splits of the data. 

 

4.3.  Ablation studies 

The ablation outcomes are shown in Table 7. When GFR was excluded, ResMLP still achieved an 

accuracy above 99%, while AttentionNet dropped to about 91.8%. This indicates that attention-based models 

depend more strongly on GFR compared to ResMLPs. Notably, this represents a performance reduction of 

more than 7% for AttentionNet and over 5% for WnD models, clearly emphasizing the critical clinical 

importance of GFR in CKD stage prediction. Further results with both GFR and SC removed are given in 

Tables 8 and 9. ResMLP again maintained top performance, while WnD suffered the largest losses. This 

demonstrates the clinical importance of GFR and SC in predicting CKD stages. 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 5, October 2026: 4711-4723 

4716 

Table 6. Per-fold results (10-fold CV, REMOVE_FEAT=[]) 
Model Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10 

MLPBaseline Acc 1.0 0.9931 0.9862 0.9931 0.9724 0.9862 1.0 1.0 0.9931 0.9931 
F1 1.0 0.9931 0.9863 0.9931 0.9722 0.9863 1.0 1.0 0.993 0.993 

AUC 1.0 0.9998 0.9999 1.0 0.9995 1.0 1.0 1.0 1.0 1.0 

ResMLP Acc 0.9862 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.9861 
F1 0.9863 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.9861 

AUC 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 

WideAndDeep Acc 0.9931 0.9862 0.9724 0.9931 1.0 0.9655 1.0 0.9861 0.9931 0.9792 
F1 0.9931 0.9862 0.9725 0.9931 1.0 0.9653 1.0 0.9862 0.993 0.9791 

AUC 0.9999 0.9984 0.9996 0.9999 0.9998 0.9977 1.0 1.0 1.0 0.9998 

AttentionNet Acc 0.9931 0.9931 0.9655 1.0 0.9724 0.9724 1.0 0.9792 1.0 0.9861 
F1 0.9931 0.9931 0.9653 1.0 0.9722 0.9724 1.0 0.9793 1.0 0.9861 

AUC 0.9997 0.9991 0.9989 1.0 0.9994 0.9989 1.0 0.999 1.0 0.9996 

TabTransformer Acc 1.0 1.0 1.0 1.0 0.9724 1.0 1.0 0.9722 0.9792 1.0 
F1 1.0 1.0 1.0 1.0 0.9719 1.0 1.0 0.9722 0.979 1.0 

AUC 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.9997 0.9999 1.0 

 

 

Table 7. Ablation study (10-fold CV, REMOVE_FEAT=['grf']) 
Model Acc_mean (%) Acc_std F1_mean (%) F1_std AUC_mean (%) AUC_std 

TabTransformer 99.17 0.79 99.17 0.79 99.97 0.04 

ResMLP 99.03 0.74 99.04 0.74 99.96 0.04 

MLPBaseline 97.30 1.32 97.29 1.34 99.84 0.18 
WideAndDeep 94.06 2.67 94.08 2.63 99.34 0.43 

AttentionNet 91.84 3.53 91.87 3.45 98.79 0.66 

 

 

Table 8. Per-fold results (10-fold CV, REMOVE_FEAT=['grf']) 
Model Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10 

MLPBaseline 

Acc 0.9724 0.9793 0.9931 0.9586 0.9517 0.9655 0.9722 0.9931 0.9722 0.9722 

F1 0.9724 0.9792 0.9931 0.9583 0.9506 0.9654 0.9717 0.9931 0.9724 0.9725 

AUC 0.9993 0.9994 1.0 0.9965 0.9942 0.999 0.9993 1.0 0.9979 0.998 

ResMLP 

Acc 0.9862 0.9931 0.9931 0.9862 1.0 0.9793 0.9792 0.9931 1.0 0.9931 

F1 0.9862 0.9931 0.9931 0.9862 1.0 0.9795 0.9793 0.9931 1.0 0.9931 

AUC 0.9991 0.9991 1.0 0.9997 1.0 0.9993 0.9994 0.9999 1.0 0.9995 

WideAndDeep 

Acc 0.9103 0.9172 0.9103 0.9448 0.9586 0.9448 0.9444 0.9861 0.9722 0.9167 

F1 0.9123 0.9167 0.9112 0.9448 0.9579 0.9452 0.944 0.9862 0.9724 0.9174 

AUC 0.9881 0.9891 0.9932 0.9886 0.9935 0.998 0.9953 0.9999 0.9978 0.9907 

AttentionNet 

Acc 0.9586 0.9241 0.8621 0.8759 0.9103 0.9103 0.9444 0.9444 0.9653 0.8889 

F1 0.9588 0.9244 0.8652 0.8765 0.9087 0.9109 0.9438 0.9436 0.9654 0.8899 

AUC 0.995 0.9835 0.9863 0.9785 0.9855 0.9814 0.9925 0.9954 0.9972 0.984 

TabTransformer 

Acc 0.9931 0.9931 0.9931 1.0 1.0 0.9862 0.9792 1.0 0.9931 0.9792 

F1 0.9931 0.9931 0.9931 1.0 1.0 0.9863 0.9793 1.0 0.993 0.9791 

AUC 0.9997 0.9993 0.9999 1.0 1.0 1.0 0.9989 1.0 0.9998 0.9992 

 

 

Table 9. Top-2 models by accuracy under different ablation scenarios 
Scenario Top-1 Top-2 

FULL (no removal) ResMLP MLPBaseline 
NO_GRF (remove=['grf']) ResMLP MLPBaseline 

NO_GRF_SC (remove=['grf','sc']) ResMLP TabTransformer 

 

 

4.4.  Confusion matrices 

The confusion matrices highlight how each model classified CKD stages under different scenarios. 

With all features, ResMLP presented in Figure 6 and MLPBaseline presented in Figure 7 produced clean 

diagonals, while AttentionNet presented in Figure 8 and TabTransformer presented in Figure 9 also 

performed strongly with only minor overlap between stages 2 and 3. When GFR was removed, ResMLP 

presented in Figure 10 and MLPBaseline presented in Figure 11 continued to separate stages clearly. 

AttentionNet presented in Figure 12 showed a small rise in errors, while TabTransformer presented in  

Figure 13 remained stable. 

The toughest case was removal of both GFR and SC. ResMLP as shown in Figure 14, still produced 

a strong diagonal, MLPBaseline, as shown in Figure 15, lost some sharpness, and AttentionNet as shown in 

Figure 16 displayed more confusion in the mid-stages. TabTransformer as shown in Figure 17, held up better, 

keeping most predictions on the diagonal. 
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Figure 6. Confusion matrix—ResMLP [FULL] Figure 7. Confusion matrix—MLPBaseline [FULL] 
 

 

  
  

Figure 8. Confusion matrix—AttentionNet [FULL] Figure 9. Confusion matrix—TabTransformer [FULL] 
 

 

  
  

Figure 10. Confusion matrix—ResMLP 

[NO_GRF] 

Figure 11. Confusion matrix—MLPBaseline 

[NO_GRF] 
 

  
  

Figure 12. Confusion matrix—AttentionNet 

[NO_GRF] 

Figure 13. Confusion matrix—TabTransformer 

[NO_GRF] 
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Figure 14. Confusion matrix—ResMLP 

[NO_GRF_SC] 

Figure 15. Confusion matrix—MLPBaseline 

[NO_GRF_SC] 

 

 

 
 

  

Figure 16. Confusion matrix—AttentionNet 

[NO_GRF_SC] 

Figure 17. Confusion matrix—TabTransformer 

[NO_GRF_SC] 
 

 

4.5.  ROC curves 

Figure 18 shows the macro-average ROC for the full feature set. ResMLP and MLPBaseline both 

reach AUC = 1.000. AttentionNet is at 0.999, WideAndDeep at 0.995, and TabTransformer at 0.994. The 

curves hug the top-left, indicating near-perfect separation. Figure 19 reports results after removing GFR. 

ResMLP remains strongest with AUC = 0.998. MLPBaseline is 0.996, TabTransformer 0.993, 

WideAndDeep 0.990, and AttentionNet 0.986. The small drop shows a mild dependency on GFR, but 

ranking stays similar. Figure 20 covers the hardest case with both GFR and SC removed. ResMLP still leads 

at AUC = 0.998 and TabTransformer follows at 0.997. MLPBaseline and WideAndDeep are 0.991, and 

AttentionNet is 0.987. Even with two key labs removed, overall discrimination stays high. 
 

 

  

 

Figure 18. Macro-average ROC—deep models 

[FULL] 

 

Figure 19. Macro-average ROC—deep models 

[NO_GRF] 
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Figure 20. Macro-average ROC—deep models [NO_GRF_SC] 
 

 

4.6.  Model comparison (bar charts) 

The bar plots compare Accuracy, F1, and AUC values for all deep models under the three 

experimental settings. In the FULL feature set, as shown in Figures 21 to 23, ResMLP reached the highest 

values, scoring 1.000 in both Accuracy and F1, and also achieving an AUC of 1.000. MLPBaseline followed 

with 0.979 for Accuracy and F1, and 0.999 for AUC. AttentionNet and TabTransformer recorded slightly 

lower values, while WnD was consistently the weakest of the group. When GFR was excluded, as shown in 

Figures 24 to 26, ResMLP still led with Accuracy and F1 around 0.976 and an AUC of 0.998. MLPBaseline 

stayed near 0.95 for Accuracy and F1 and 0.995 for AUC. TabTransformer and WnD showed stable 

performance, while AttentionNet declined more sharply, especially in AUC, where it dropped to 0.985. In the 

toughest case, with both GFR and SC removed as shown in Figures 27 to 29, ResMLP and TabTransformer 

both achieved 0.969 for Accuracy and F1, and near-perfect AUC values of 0.998 and 0.997. MLPBaseline 

remained above 0.93 for Accuracy and F1 with an AUC of 0.990, while AttentionNet stayed lowest but still 

respectable with Accuracy and F1 above 0.90 and an AUC of 0.986. 
 

 

  
 

Figure 21. Accuracy of deep models [FULL] 
 

Figure 22. F1 of deep models [FULL] 
  

  

  
 

Figure 23. AUC of deep models [FULL] 
 

Figure 24. Accuracy of deep models [NO_GRF] 
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Figure 25. F1 of deep models [NO_GRF] 

 

Figure 26. AUC of deep models [NO_GRF] 

 

 

 

 

 

 
 

Figure 27. Accuracy of deep models [NO_GRF_SC] 

 

Figure 28. F1 of deep models [NO_GRF_SC] 

 

 

 
 

Figure 29. AUC of deep models [NO_GRF_SC] 

 

 

When both GFR and SC were removed, all models experienced performance loss. ResMLP still 

achieved close to 0.97 accuracy and near-perfect AUC, making it the most resilient. TabTransformer 

followed, while AttentionNet dropped further, especially in the middle stages where overlap is greater.  

These findings confirm the clinical value of GFR and SC for CKD staging. The ablation study shows that 
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the proposed framework not only performs well overall but also aligns with established medical 

knowledge, strengthening its potential use in decision support. To further enhance interpretability,  

model-agnostic explanation methods such as Shapley additive explanations (SHAP) and local interpretable 

model-agnostic explanations (LIME) can be integrated in future extensions. SHAP enables global and 

local attribution of clinical features, while LIME provides instance-level explanations for individual 

predictions. These tools can improve transparency and clinician trust when deploying DL–based CKD 

stage prediction systems. 

 

 

5. CONCLUSION 

This study presented a DL–based framework for CKD stage prediction using AttentionNet and 

TabTransformer, alongside established baseline models. Across all experimental settings, ResMLP and 

TabTransformer consistently demonstrated strong and stable performance, achieving near-perfect accuracy, 

F1-score, and AUC when all features were available. Even under feature ablation scenarios, these models 

showed greater resilience compared to AttentionNet, indicating their robustness in handling partial clinical 

information. The ablation analysis further emphasized the clinical significance of GFR and SC in CKD 

staging. The pronounced performance degradation observed when these biomarkers were removed highlights 

their critical role in disease assessment and confirms that the proposed models align well with established 

medical understanding. Notably, attention-based models were more sensitive to the exclusion of these key 

indicators, underscoring differences in how model architectures utilize clinical features. Despite the 

promising results, certain limitations should be acknowledged. The dataset used in this study was obtained 

from a single clinical source and was moderate in size, which may limit generalizability across diverse 

populations. In addition, interpretability was primarily assessed through feature ablation, rather than through 

dedicated explanation techniques at the individual prediction level. Future research will therefore focus on 

validating the proposed framework using larger, multi-center datasets to assess robustness across 

demographic and clinical variations. Further work will also explore the integration of model-agnostic 

explainability methods to provide clinician-friendly insights into individual predictions. In addition, 

extending the current stage-based classification framework toward longitudinal and survival-aware modeling 

could offer a more comprehensive view of CKD progression. Ultimately, embedding such transparent and 

reliable predictive models into real-world clinical decision support systems will be essential for practical 

adoption and improved patient care. 
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