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Abstract:

Background: Chronic kidney disease (CKD) is a major global health burden that is frequently asymptomatic in
its early stages, making automated screening from routine clinical and laboratory data attractive. However,
when the CKD label is derived from the glomerular filtration rate (GFR), including GFR as a predictor causes
target leakage and artificially perfect performance. We aimed to develop and compare leakage-aware
machine-learning models for CKD detection.

Methods: A publicly available kidney-function dataset of 5,000 patient records (26.3% CKD) was used. GFR was
excluded from the feature set to avoid target leakage, and nine clinical and laboratory variables were retained.
Random forest and XGBoost classifiers were trained using an 80:20 stratified split. Class imbalance was
addressed with SMOTE applied only within the training and cross-validation folds. Models were assessed by
five-fold stratified cross-validation and on a held-out test set with bootstrap 95% confidence intervals (1,000
replicates); discrimination, calibration, and interpretation via SHapley Additive exPlanations (SHAP) were
examined.

Results: Both models discriminated CKD almost perfectly. XGBoost was marginally superior, with a test
accuracy of 0.997 (95% Cl 0.993—-1.000), ROC-AUC of 0.9997, sensitivity of 1.000, specificity of 0.996, and the
lower Brier score (0.003), versus an accuracy of 0.995 for random forest. Both models were well calibrated, and
SHAP identified serum creatinine, blood urea nitrogen, and urinary protein as the most influential predictors —
consistent with established markers of kidney function.

Conclusions: A leakage-aware, calibrated, and interpretable modeling workflow yielded highly accurate CKD
classification, with XGBoost slightly outperforming random forest. External and prospective validation on real-
world clinical data is required before clinical use.
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l. Introduction

Chronic kidney disease (CKD) is a progressive condition characterized by the gradual loss of kidney
function and has become a major global public health problem. Recent estimates indicate that CKD affects
roughly 9% of the world’s population—on the order of 700 million people—and that its prevalence has
continued to rise over the past three decades, driven largely by population growth, ageing, and the increasing
burden of diabetes and hypertension (1). Untreated CKD can progress to end-stage renal disease requiring
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dialysis or transplantation, and it substantially increases the risk of cardiovascular disease and premature
death (1, 2).

A central difficulty in CKD management is that the disease is frequently asymptomatic in its early
stages, so that many patients remain undiagnosed until kidney function is already markedly impaired (2).
Diagnosis and staging rely primarily on the glomerular filtration rate (GFR) together with routine laboratory
markers such as serum creatinine, blood urea nitrogen (BUN), and proteinuria (2). Because these variables are
collected during ordinary clinical care, they provide a natural basis for automated screening tools that could
flag high-risk individuals earlier and support timely intervention.

Machine learning has emerged as a promising approach for this task, and tree-based ensemble
methods in particular have shown strong and consistent performance on tabular clinical data. Random forests
aggregate many decorrelated decision trees to reduce variance and improve generalization (3), whereas
extreme gradient boosting (XGBoost) builds trees sequentially with regularization to achieve high accuracy on
structured data (4). Several studies have applied these algorithms to CKD prediction with encouraging results:
Ghosh and Khandoker reported that XGBoost outperformed other classifiers with an area under the curve of
about 0.97 (5); Halder et al. developed a multi-classifier CKD prediction pipeline deployed as a web application
(6); and ensemble models combining random forest and boosting have been shown to predict renal function
decline with good discrimination and external validity (7). Explainable-Al approaches have further been used to
make such models more transparent to clinicians (8).

Despite these advances, developing a reliable and trustworthy CKD classifier involves several
methodological challenges. Clinical datasets are often imbalanced, with far fewer diseased than healthy cases,
which can bias models toward the majority class; the Synthetic Minority Over-sampling Technique (SMOTE)
and its variants are widely used to mitigate this problem (9). In addition, the opaque nature of ensemble
models limits their clinical acceptance, motivating the use of post-hoc interpretation methods such as SHapley
Additive exPlanations (SHAP) to quantify how each feature contributes to a prediction (10). A further, less
frequently addressed issue is the risk of target leakage: when the outcome label is itself derived from one of
the input variables, including that variable as a predictor produces artificially perfect performance that does
not generalize.

In this study, we developed and compared random forest and XGBoost classifiers for CKD detection
using a publicly available kidney-function health dataset. Because the CKD label in this dataset is defined from
GFR, we deliberately excluded GFR from the predictor set to avoid target leakage and trained the models on
the remaining clinical and laboratory variables. Class imbalance was addressed with SMOTE applied only within
the training and cross-validation folds, model performance was assessed using stratified cross-validation
together with bootstrap confidence intervals on a held-out test set, and calibration was examined alongside
discrimination. Finally, the best-performing model was interpreted using SHAP to identify the most influential
predictors and to verify that the model’s behavior is consistent with established clinical knowledge of kidney
function.

1. Materials and Methods

Dataset

The study used a dataset of 5,000 patient records comprising ten predictor variables and a binary chronic
kidney disease (CKD) outcome (CKD_Status). The predictors consisted of eight continuous laboratory and
clinical variables—serum creatinine, blood urea nitrogen (BUN), urine output, age, urinary protein, and daily
water intake—together with two binary comorbidity indicators (diabetes and hypertension) and one
categorical variable representing medication class (ACE inhibitor, ARB, diuretic, or no medication). In the raw
data, empty cells in the medication field did not denote missing values but rather patients receiving no
pharmacological treatment; these entries were therefore recoded as a dedicated “No medication” category
prior to modeling.
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Outcome definition and exclusion of GFR

The CKD label was derived directly from the estimated glomerular filtration rate (GFR). Because GFR is the
quantity used to define the outcome, retaining it as a predictor would constitute target leakage and produce
circular, over-optimistic performance estimates. GFR was therefore excluded from the feature set, and all
models were trained on the remaining nine predictors. The resulting cohort showed a moderate class
imbalance, comprising 3,685 non-CKD cases (73.7%) and 1,315 CKD cases (26.3%).

Study design and data partitioning

The dataset was divided into training and test sets using an 80:20 stratified partition (random seed = 42),
preserving the outcome prevalence in both subsets (n = 4,000 for training and n = 1,000 for testing). The test
set was held out and left untouched until the final evaluation.

Preprocessing and class balancing

All preprocessing steps were fitted within a single pipeline to prevent information leakage from the test set.
Continuous variables were imputed using the median, and the categorical medication variable was ordinal-
encoded, with previously unseen categories mapped to a reserved code. To address the class imbalance, the
Synthetic Minority Over-sampling Technique for mixed numeric—categorical data (SMOTENC) was applied
exclusively within the training data and cross-validation folds and was never applied to the test set, ensuring
that resampling could not inflate the reported test performance.

Models and hyperparameters

Two ensemble classifiers were compared. The Random Forest model used 300 trees, a maximum depth of 8,
and a minimum of 2 samples per leaf. The XGBoost model used 250 trees, a maximum depth of 3, a learning
rate of 0.05, subsample and column-subsample ratios of 0.9, and L2 regularization (A = 3). A fixed random seed
was used for both models to ensure reproducibility.

Cross-validation and evaluation

Model stability was assessed by five-fold stratified cross-validation on the training set, using accuracy as the
scoring metric. Final performance was evaluated on the held-out test set using accuracy, area under the
receiver operating characteristic curve (ROC-AUC), area under the precision—recall curve (PR-AUC), sensitivity,
specificity, positive and negative predictive values (PPV and NPV), F1 score, the Matthews correlation
coefficient (MCC), and the Brier score for calibration. Ninety-five percent confidence intervals (Cls) were
obtained by non-parametric bootstrap resampling of the test predictions (1,000 replicates). Discrimination and
calibration were further examined using ROC curves, precision—recall curves, and reliability (calibration) curves
based on ten quantile-defined bins.

Model interpretation

The best-performing model by test accuracy was interpreted using SHapley Additive exPlanations (SHAP). A
tree-based SHAP explainer was applied to a random sample of test observations, and mean absolute SHAP
values were used to rank feature importance and to characterize the direction of each feature’s effect on the
predicted CKD risk.

Software

All analyses were performed in Python using the scikit-learn, imbalanced-learn, XGBoost, SHAP, and Matplotlib
libraries.

1. Results

Overall performance. Both models were highly stable across the five training folds, with mean cross-validated
accuracies of 0.9955 (SD = 0.0017) for XGBoost and 0.9930 (SD = 0.0034) for Random Forest. On the
untouched test set, both classifiers separated CKD from non-CKD cases almost perfectly. Both identified every
CKD case (sensitivity = 1.000) with a negative predictive value of 1.000, meaning no true CKD cases were
missed. XGBoost slightly outperformed Random Forest in accuracy (0.997 versus 0.995), specificity (0.996
versus 0.993), and PPV (0.989 versus 0.981), and produced the higher F1 score (0.994 versus 0.991) and MCC
(0.992 versus 0.987). Complete metrics with bootstrap 95% confidence intervals are presented in Table 1.
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Table 1. Test-set performance of the Random Forest and XGBoost models, with 5-fold cross-validated accuracy

and bootstrap 95% confidence intervals (1,000 replicates).

Metric
5-fold CV accuracy (mean % SD)
Accuracy
ROC-AUC
PR-AUC
Sensitivity
Specificity
PPV

NPV

F1 score
MccC

Brier score

Random Forest
0.9930 + 0.0034
0.995 (0.990-0.999)
0.9998 (0.999-1.000)
0.9993 (0.998-1.000)
1.000 (1.000-1.000)
0.993 (0.987-0.999)
0.981 (0.964-0.996)
1.000 (1.000-1.000)
0.991 (0.982-0.998)
0.987 (0.976-0.997)
0.0053 (0.003-0.009)

XGBoost

0.9955 +0.0017
0.997 (0.993-1.000)
0.9997 (0.999-1.000)
0.9992 (0.997-1.000)
1.000 (1.000-1.000)
0.996 (0.991-1.000)
0.989 (0.974-1.000)
1.000 (1.000-1.000)
0.994 (0.987-1.000)
0.992 (0.982-1.000)
0.0033 (0.001-0.007)
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Figure 1. Receiver operating characteristic (ROC) curves for the Random Forest and XGBoost models on the

test set.

The ROC curves for both models rose almost vertically toward the upper-left corner and then ran along the top

of the plot, corresponding to an area under the curve of 1.000 (to three decimal places) for each model. This

indicates near-perfect ranking of CKD versus non-CKD cases: across essentially all decision thresholds, the

models achieved a very high true-positive rate while keeping the false-positive rate close to zero.

Discrimination was therefore preserved despite the moderate class imbalance.

36

wwwe.iarjournals.com



American Journal of Sciences and Engineering Research www.iarjournals.com

Precision-Recall Curve
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Figure 2. Precision—recall curves for the Random Forest and XGBoost models on the test set.

The precision—recall curves remained close to the upper boundary across the full recall range, with an average
precision of 0.999 for both models. Because precision—recall analysis focuses on the minority (CKD) class, this
result confirms that the models maintained high precision even as recall approached 1.0, and that the
excellent discrimination was not an artifact of the majority class dominating the ROC analysis.
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Figure 3. Calibration (reliability) curves for the Random Forest and XGBoost models, with Brier scores.

Both models were well calibrated, with reliability curves lying close to the diagonal of perfect calibration, so
that predicted probabilities closely matched the observed event proportions. XGBoost showed marginally
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better calibration, reflected in a lower Brier score (0.003 versus 0.005). This means the predicted risks can be
interpreted as meaningful probabilities rather than as bare classification labels.
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Figure 4. SHAP summary plot for the XGBoost model, showing the impact of each predictor on model output.

Because XGBoost achieved the highest test accuracy, it was selected for SHAP-based interpretation. Serum
creatinine and BUN were by far the most influential predictors: higher values of both features (red points)
shifted predictions strongly toward CKD, whereas lower values (blue) pushed predictions toward the non-CKD
class. Urinary protein, urine output, and age formed a second tier of contributors, with elevated urinary
protein and reduced urine output increasing the predicted CKD risk. Hypertension and diabetes contributed
more modestly, each raising the predicted risk when present, whereas medication class and water intake had
comparatively little influence on model output. These patterns are physiologically coherent with established
markers of renal function and support the clinical plausibility of the model. Overall, after excluding GFR to
avoid outcome leakage, both ensemble models classified CKD with excellent and comparable performance,
and XGBoost was retained as the final model.

v. Discussion

In this study, we developed and compared two tree-based ensemble classifiers—random forest and
XGBoost—for the detection of chronic kidney disease (CKD) using a publicly available kidney-function dataset.
Because the CKD label in this dataset is derived directly from the glomerular filtration rate (GFR), we
deliberately excluded GFR from the predictor set and trained the models on the remaining clinical and
laboratory variables. Both models achieved excellent discrimination on the held-out test set, correctly
identifying every CKD case (sensitivity = 1.000), and XGBoost was marginally superior across accuracy (0.997),
specificity, positive predictive value, F1 score, and the Matthews correlation coefficient. Both models were
also well calibrated, with XGBoost showing the lower Brier score (0.003), so its predicted probabilities can be
interpreted as meaningful risk estimates rather than bare labels.

These findings are consistent with the broader literature, in which random forest and gradient
boosting repeatedly emerge as top performers for CKD classification. For example, Raihan et al. reported high
accuracy for an XGBoost classifier combined with SHAP-based interpretation of the contributing attributes
(11). Our SHAP analysis ranked serum creatinine and blood urea nitrogen (BUN) as the two dominant
predictors, followed by urinary protein and urine output. This ordering is clinically coherent: serum creatinine
is the principal biochemical marker used to estimate GFR and stage kidney function (12), so its prominence—
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together with BUN and proteinuria—confirms that the models learned physiologically meaningful relationships
rather than spurious associations.

A distinguishing feature of our design is the explicit attention paid to target leakage. Because the
outcome was defined from GFR, retaining GFR as an input would have produced artificially perfect
performance that reflects the label definition rather than genuine predictive signal. Data leakage of exactly this
kind has been identified as a widespread and under-recognized cause of over-optimistic, non-reproducible
results across many machine-learning fields (13). By removing GFR and by applying the Synthetic Minority
Over-sampling Technique only within the training and cross-validation folds—never to the test set—we
guarded against both feature leakage and resampling leakage, so that the reported test metrics reflect
performance on genuinely unseen data.

We also placed particular emphasis on calibration and uncertainty, aspects that are frequently
neglected in applied machine-learning studies even though poorly calibrated models can be misleading in
clinical decision-making (14). This is especially relevant when class imbalance is corrected, because
oversampling methods such as SMOTE can distort predicted probabilities and harm calibration (15). Restricting
resampling to the training folds and then confirming calibration on the untouched test set allowed us to obtain
the benefits of imbalance handling while preserving reliable probability estimates, and the accompanying
bootstrap confidence intervals convey the statistical uncertainty around each performance metric.

To make the models transparent, we interpreted the best-performing classifier using SHAP with a
tree-based explainer, an approach specifically designed to yield fast and consistent explanations for tree
ensembles and validated on medical prediction problems(16). The resulting feature-importance profile not
only enhances trust but also provides a clinically auditable account of how each variable influences the
predicted risk, which is an important prerequisite for the adoption of such tools in practice.

Several limitations should be acknowledged. First, the analysis relies on a single, publicly available
dataset; the near-perfect discrimination observed here likely reflects a high degree of separability in these
data and may not transfer to noisier, real-world electronic health records. Second, we did not perform external
validation on an independent clinical cohort, which is essential before any claim of clinical utility. Third, the
predictor set was relatively small and did not include some markers used in contemporary practice. Future
work should therefore focus on external and prospective validation using real patient data, evaluation across
more heterogeneous populations, and reporting in line with established guidance for prediction-model studies
such as the TRIPOD statement (17). Despite these limitations, the present study demonstrates a leakage-
aware, calibrated, and interpretable modeling workflow that distinguishes it from analyses that report perfect
accuracy without addressing these methodological concerns.
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