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Abstract: This article discusses significant advancements in diagnosing chronic kidney
disease (CKD) using state-of-the-art machine learning methods. It employs two CKD detection
models: the gradient boosting decision tree (GBDT) model and dropout additive regression
tree (DART) model. The models are used for CKD detection within the light gradient boosting
machine (LightGBM) framework. This article also describes a new dual-stage feature
selection strategy to improve model inputs by selecting relevant features while maintaining
transparency. The LightGBM feature importance score was used to identify critical features
of CKD patients during the feature selection phase. Additionally, the SHapley Additive
exPlanations (SHAP) method is utilised to assess the significance of individual attributes,
making the model predictions easier to understand. The experimental evaluation utilised
a dataset containing 24 features related to CKD. The developed GBDT and DART models
demonstrated high accuracy, sensitivity, and specificity levels. The GBDT model exhibited a
sensitivity of 99.20%, a specificity of 100%, and an accuracy of 99.50%. Similarly,
the GBDT-based model achieved a precision of 98.80%, a sensitivity of 99.20%,
and a specificity of 100%.

Keywords: Chronic kidney disease, Machine learning, Gradient boosting decision trees,
Light gradient boosting machine framework, SHapley Additive exPlanations.
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Introduction

A gradual decline in renal function leads to chronic kidney disease (CKD), resulting in impaired
filtration of waste products and surplus fluids from the bloodstream [31]. This condition is
progressive and tends to deteriorate over time, potentially resulting in kidney failure if not
treated appropriately [21]. CKD can be influenced by various factors, such as diabetes,
high blood pressure, autoimmune disorders, genetic anomalies, infections, and other medical
conditions. Symptoms of CKD include fatigue, weakness, diminished appetite, nausea,
vomiting, hives, muscular cramps, and changes in urinary output [9]. These symptoms may not
become apparent until the disease advances. CKD comprises various stages, ranging from
moderate to severe. The standard approach to managing CKD generally involves addressing
the root cause, regulating blood pressure and blood sugar levels, limiting protein consumption,
and administering drugs to mitigate potential problems, such as anaemia, bone disease,
and cardiovascular ailments. In severe cases, kidney transplantation or dialysis may be required.
Many people with CKD are unaware of their condition until it progresses to an advanced stage,
primarily because of the absence of noticeable symptoms during the early phases of the disease
[17]. The initial phase of CKD may be asymptomatic. Generally, the human body can
experience a considerable reduction in kidney function [10]. Hence, unless routine screening
for an unrelated ailment arises, such as blood or urine tests, kidney disease typically occurs in
advanced stages.

It is important to promptly acknowledge a medical condition, as it can prevent CKD from
progressing to a more serious stage. Timely detection and intervention in patients with CKD
have advantages such as alleviating or halting the development of the condition and potentially
avoiding the need for costly dialysis or kidney transplantation, both of which carry significant
risks of morbidity and mortality. CKD may lead to various unfavourable consequences
such as anaemia, skeletal abnormalities, and cardiovascular complications [5, 29].
Prompt identification and intervention can help individuals effectively manage these outcomes
and enhance their overall well-being. Screening techniques allow for the timely identification
of individuals with an increased risk profile, facilitating swift intervention measures.
Prompt detection of CKD is crucial for preventing its progression, addressing related issues,
determining and addressing root causes, and carrying out screenings for at-risk individuals.
Machine learning (ML) can improve the prediction and diagnosis of CKD and its consequences
while also enhancing treatment effectiveness in the initial stages of the disease [24, 33, 35].
This involves using ML algorithms trained on comprehensive patient datasets to detect risk
factors and predict the likelihood of CKD development. In doing so, healthcare providers can
implement timely interventions and hinder the progression of this ailment. Moreover, ML has
the potential to identify specific indications in patient data that may suggest either CKD or its
associated complications [12, 40].

Biomarkers play an important role in identifying and monitoring early disease progression.
ML methods can be used to analyse patient information to customise treatment strategies.
This process helps to identify patterns that guide personalised treatment plans, leading to
benefits such as optimised dosage, reduced side effects, and improved patient outcomes.
ML algorithms are not limited to customising pharmaceuticals, but also extend to the evaluation
of medical imaging data, including ultrasound, computed tomography (CT) scans, and magnetic
resonance imaging (MRI). These algorithms help to identify signs of kidney damage or illness,
contributing to the timely identification and monitoring of CKD progression [8, 23].
ML has the potential to enhance our understanding of CKD and its effects, as well as to assess
the effectiveness of treatments for patients with this condition. However, it is important to note
that ML should be viewed as a supplementary tool alongside other diagnostic and therapeutic
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approaches rather than as a replacement for clinical expertise.

Artificial intelligence (Al) models have great potential to detect and predict CKD and identify
individuals at risk for unfavourable outcomes. However, the lack of interpretability and
comprehensibility of these models presents challenges that limit their acceptance and
effectiveness in the clinical environment [37, 44]. Explainable artificial intelligence (XAl)
approaches can be used to address these challenges and enhance the transparency and
interpretability of Al models [25]. This enables physicians to better understand how these
models generate predictions and recommendations. For example, XAl can help identifying the
main factors driving a model’s predictions, analyse the relationship between different
components, and clarify the decision-making process leading to the model’s final output [27].
Implementing XAl techniques can improve the transparency and interpretability of Al models,
assisting clinicians in making well-informed decisions about patient treatment and ultimately
leading to improved outcomes for individuals with CKD.

This study employs two models designed to identify CKD, utilising the light gradient boosting
machine (LightGBM) [19] and the gradient boosting decision tree (GBDT) [39, 41], as well as
the dropout additive regression tree (DART) [38]. These models employ a dual-stage feature
selection approach. Initially, important features associated with CKD were identified by
assessing the relevance score of each feature. The utilisation of LightGBM is crucial for
identifying the essential elements for classification procedures. In the secondary feature
selection stage, a limited number of interpreted features are selected using the XAl technique
[28]. The SHapley Additive exPlanations (SHAP) technique, which is a fundamental
component of XAl, plays a central role in the feature selection procedure. Incorporating XAl
elements into the detection process is believed to enhance the trust and confidence of medical
professionals in the proposed model.

The contributions of this article are as follows. This study proposes the use of GBDT and DART
as evolutionary ML models for identifying CKD. The identification procedure for CKD has
been enhanced using the GBDT and DART models within the architecture of LightGBM.
A dual-stage feature selection technique was proposed using both the LightGBM feature
importance and the feature score provided by the SHAP explainable approach. In this analysis,
feature importance and SHAP serve as dual-stage feature selection techniques. In this study,
we empirically assessed a dataset containing 24 CKD-related features. The models built using
the GBDT and DART showed impressive accuracy, sensitivity, and specificity.

Literature review

Several approaches have been proposed by various authors to identify CKD. Recently,
different ML techniques have been explored for predicting CKD [17]. A study [17] gathered
data from 660 individuals diagnosed with CKD and 440 healthy individuals. To analyse data
and predict the occurrence of CKD, researchers have utilised multiple ML methods, such as
logistic regression, decision trees (DTs), random forests (RFs), artificial neural networks
(ANNS), and support vector machine (SVM) methods. According to these findings, the
accuracy of the RF algorithm was 95.80% and the highest. The primary risk variables for CKD,
included age, blood urea nitrogen (BUN), serum creatinine (SCr), uric acid (UA), and
phosphorus (P). We developed a hybrid methodology for CKD identification by fusing the
RF algorithm with the multi-objective firefly optimisation algorithm (MOFFA) in a different
investigation [18]. The hybrid approach achieved 90.00% accuracy in predicting CKD,
surpassing other algorithms. This powerful predictive tool has the potential to create
individualised treatment regimens for patients with chronic diseases, thereby supporting
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medical practitioners in enhancing patient care strategies. Similarly, [11] revealed an innovative
strategy for applying ML algorithms to predict CKD. Patients with CKD who participated in
the study provided information about their population demographics, laboratory test results,
and medical history. Using feature selection techniques, ML algorithms have created predictive
models for CKD forecasting, outperforming traditional techniques and achieving remarkable
accuracy, suggesting that ML based models are valuable tools for timely identification and
effective management.

Using different classifiers, such as DT, regression tree (RT), k-nearest neighbours (k-NN), and
SVM, based on patient records ML can improve CKD diagnosis [30]. The authors
pre-processed the data using feature-selection techniques and trained several classification
models to produce prediction models for CKD diagnosis. This study suggests that merging
ML approaches can significantly increase the efficacy and accuracy of CKD diagnosis.
A corresponding investigation [20] assess the efficacy of ML methodologies in forecasting
CKD by employing patient related data. Researchers have used many ML techniques to design
CKD detection models. The results revealed that, compared to logistic regression and DTS,
the SVM method exhibited the highest degree of accuracy in predicting chronic renal ailments.
A study [7] significantly advanced the state of healthcare by creating a smart system that
employs ML to predict and categorize CKD. Using a patient dataset, the program accurately
forecasts CKD. DTs are the most effective techniques, demonstrating the potential of ML for
accurate diagnostic tools and early detection and treatment.

In addition to individual ML algorithms, ensemble methods have been proposed to identify
CKD. Recently, authors [15] suggested an ensemble approach for CKD detection.
Their research utilised a dataset containing the demographic and clinical information of
individuals with and without CKD. The ensemble design employed six classification
algorithms: DT, RF, naive Bayes, k-NN, SVM, and ANN. The findings indicate that the
performance of the ensemble classifiers, specifically the RF and ANN classifiers, surpassed
that of the basic classifiers (DT, naive Bayes, k-NN, and SVM classifiers) in terms of the area
under the curve receiver operating characteristic (AUC-ROC) score, sensitivity level, and
F1-score calculation. Based on the findings of this study, we suggest that ensemble classifiers
are more suitable for predicting CKD.

However, this ensemble method has several limitations. There is a limitation in terms of the
size of the dataset used in this study [15], which may undermine its ability to accurately
represent a wider population. Additionally, important variables, such as genetic susceptibility,
lifestyle choices, and environmental factors, were not considered when predicting CKD.
Future studies should address these issues in order to develop more accurate CKD prediction
algorithms. Researchers conducted a study [32] using Al-based algorithms for CKD prediction
and monitoring. This study used data pre-processing, ML-based algorithms, and interpretability
analysis to improve the prediction of CKD progression. The Al algorithms achieved 87.10%
and 81.90% accuracy, highlighting the importance of interpretation in clinical decision-making
and patient outcomes.

CKD has been predicted using deep artificial neural networks (DANNS). A recent study
compared the ANN and SVM models for CKD prediction [1]. According to the study findings,
the ANN and SVM models had substantial predictive power for CKD detection. Regarding the
accuracy and AUC, the SVM model performed better than the ANN model. DANN refers to
a unique approach for predicting CKD [22]. Authors determined that the DANN technique had
an amazing prediction accuracy rate of 92.50% and an exceptional sensitivity rate of 95.50%,
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which examined a sample of 400 people who had been evaluated for CKD. These results
demonstrate the intriguing potential of DANN for predicting CKD. DANN was used in a novel
manner to effectively detect CKD [34]. This DANN model, which had 4 hidden layers was built
using patient data from electronic health records, and was trained using a sizable dataset of
more than 160 000 individuals. When performance was measured against several parameters,
it became clear that the model could forecast CKD progression up to 1year in advance.
The authors recommend incorporating this sophisticated DANN model into the clinical
decision-making processes to improve early CKD diagnosis and therapy. The authors suggested
a method for detecting CKD using a multilayer perceptron algorithm. For datasets with
an uneven distribution of classes, this method is intended to forecast CKD [42]. Only a small
percentage of more than 3 000 participants with medical records included in the dataset for the
study had symptoms of CKD. The authors used oversampling techniques on the minority class
and trained a hybrid multilayer perceptron model to handle the issue of imbalanced data.
Multiple metrics were used to assess the performance of the model and showed outstanding
accuracy, sensitivity, and specificity in predicting CKD. According to the authors, the use of
this multilayer perceptron model as a screening tool for early CKD detection in high-risk
patients is promising.

Materials and methods

The operating procedure of the concepts of LightGBM [19] is briefly discussed in this section
concerning GBDTs [41] and dropout meets DART [38]. LightGBM is a gradient boosting
architecture that combines GBDT and DART techniques. This framework is superior to other
implementations of gradient boosting techniques in that it is explicitly designed to increase the
training speed and efficiency. GBDT and DART algorithms, chosen for their ability to
successfully handle CKD, serve as the foundation for the proposed model. These features were
identified using a feature importance analysis and explainable Al techniques. Following the
utilisation of the dataset, a comprehensive elucidation was conducted, which was then
succeeded by implementing dual-stage feature selection. The CKD detection module suggested
in this study incorporates feature selection in two distinct steps. Consequently, each stage was
explained individually, accompanied by its corresponding explanations.

Dataset

The dataset used in this study was derived from the Unified Configuration Interface machine
learning repository (UCI ML repository) [22], which contains 400 samples, corresponding to
a patient with 24 attributes. Attribute descriptions are presented in Table 1.

All the clinical features outlined in Table 1 are causally linked, either directly or indirectly,
to the development of CKD. However, not all features are essential for CKD classification.
The significance of feature selection lies in its ability to enhance the accuracy and efficiency of
the classification model by reducing feature space dimensionality and eliminating irrelevant or
redundant information.
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Table 1. Chronic kidney disease dataset

Features Mean Std | Min| 25% | 50% | 75% | Max
Age of subjects (age) 51.54 | 16.98 2 42 55 64 90
Blood pressure (bp) 76.58 | 1351 | 50 70 80 80 180
Specific gravity (sg) 1.02 0.01 |1.005/ 1.01 | 1.015 | 1.02 |1.025
Albumin (al) 1.11 1.31 0 0 0 2 5
Sugar (su) 0.51 1.05 0 0 0 1 5
Red blood cells (rbc) 0.12 0.32 0 0 0 0 1
Pus cell (pc) 0.19 0.39 0 0 0 0 1
Pus cell clumps (pcc) 0.11 0.31 0 0 0 0 1
Bacteria (ba) 0.06 0.23 0 0 0 0 1
Blood glucose random (bgr) 131.75 | 88.00 0 93 1145 | 150 | 490
Blood urea (bu) 5753 | 4945 | 15 27 43 | 70.25 | 391
Serum creatinine (sc) 3.08 563 | 04 0.9 13 | 3.05 | 76
Sodium (sod) |136.86 9.33 | 45 134 136 | 141 | 163
Potassium (pot) 4.70 282 | 25 4 4.7 5 47
Hemoglobin (hemo) | 12.37 | 2.79 | 3.1 /10.8375| 12.1 | 148 | 17.8
Packed cell volume (pcv) 38.14 | 8.39 9 34 37 44 54

White blood cell count  (wbcc) |8353.282526.03| 2200 | 6975 | 8248 | 9400 |26400

Red blood cell count (rbcc) 4.50 091 | 21 4 4.1 5.2 8
Hypertension (htn) 0.37 0.48 0 0 0 1 1
Diabetes mellitus (dm) 0.34 0.48 0 0 0 1 1
Coronary artery disease  (cad) 0.09 0.28 0 0 0 0 1
Appetite (appet) | 0.21 0.40 0 0 0 0 1
Pedal edema (pe) 0.19 0.39 0 0 0 0 1
Anemia (ane) 0.15 0.36 0 0 0 0 1

Stage | feature selection using feature importance

Within the framework of a classifier such as LightGBM, feature importance scores
quantitatively assess the relative significance of each feature in facilitating precise predictions.
These scores offer insights into the influence of each feature on the model’s decision-making
process, and are calculated using two primary approaches: split importance and gain
importance. In the split importance method, the significance of feature i is quantified based on
its frequency of use for splitting the dataset across all DTs in the model. Let T denote the total
number of DTs and n; denote the number of splits in tree t. The split importance S; for feature
i is mathematically expressed as follows:

S =Y, Z;}il I(split at j in tree t uses feature i), 1)

where [(split at j in tree t uses feature i) is an indicator function that equals 1 if the split
uses feature i, and O otherwise. Features with a higher split importance are considered more
relevant because they frequently partition the data, facilitating accurate predictions.

In contrast, the gain importance method evaluates the improvement in the model’s performance,
as measured by the loss function £, owing to the splits involving a given feature.
For a split j in tree t using feature i, the gain G; ; is calculated as follows:

Gij = Lypefore spiit — Larter spiits (2)
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Where Lyefore spuic 15 the loss before the split and L sty spiic IS the weighted sum of the losses

in the child nodes after the split. The total gain importance G; for feature i is given by the
following Eq. (3):

G, =YT_, Z;‘il I(split at j in tree t uses feature i) G; ;. )

Features with higher gain importance are prioritised because they contribute significantly to
reducing the loss function, thereby improving the model’s predictive performance.
These complementary approaches enable LightGBM to assign higher significance to features
that play a critical role in segmenting data and enhancing prediction accuracy.

Two independent techniques, GBDT and DART, were used to identify the essential features
associated with CKD. These approaches were applied using a LightGBM classifier. The feature
significance scores are listed in Table 2. It is noteworthy that the DART algorithm chooses
fewer features than the GBDT method. Given the fewer features, the analysis becomes more
intriguing when considering whether DART’s selective feature choice leads to maximum
detection accuracy in the later detection phases. Examining DART’s effectiveness of DART in
feature selection and its potential influence on the final detection accuracy is an exciting area
of inquiry.

Table 2. CKD features with feature importance scores generated by GBDT and DART

Features GBDT | DART Features GBDT | DART
Age of subjects 1 1 Sodium 20 43
Blood pressure 4 26 Potassium 8 17
Specific gravity 38 0 Hemoglobin 55 80
Albumin 4 19 Packed cell volume 61 12
Sugar 0 0 White blood cell count 2 10
Red blood cells 0 0 Red blood cell count 55 77
Pus cell 0 0 Hypertension 0 0
Pus cell clumps 0 0 Diabetes mellitus 0 0
Bacteria 0 0 Coronary artery disease 0 0
Blood glucose random 23 9 Appetite 0 0
Blood urea 16 10 Pedal edema 0 0
Serum creatinine 106 89 Anemia 0 0

To assess the effectiveness of feature selection using feature importance ratings obtained from
GBDT and DART, we generated a visual representation of the feature correlation matrix
(Fig. 1). The sparsity pattern of the matrix is apparent, indicating a lack of interrelations among
all features. In addition, the Stage | feature selection process, which is led by feature importance
scores, successfully eliminates a significant portion of correlated features, strengthening their
contribution to improving the capacity of the model to distinguish between different classes.

- - - - B - Ee.
a) GBDT
Fig. 1 Feature correlation of selected features after Stage | feature selection
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Stage Il feature selection using SHAP as an explainable Al approach

At this stage, SHAP were employed to identify the most clinically relevant features in
predicting CKD. The SHAP values quantify the contribution of each feature to model’s
prediction, enabling the selection of features based on their importance in a clinically
interpretable manner.

The SHAP values are derived using concepts from cooperative game theory, in which ML
model is considered as additive function. The model output f(x) is decomposed into
contributions from individual features as follows:

fO) = o + XiLi i, (4)

where ¢, is the base value, the average model prediction across the dataset; ¢; is the SHAP
value for feature i, representing its contribution to the prediction; M is the total number
of features.

For a specific feature i and data point x, the SHAP value is computed using the following:

SHAP(i, x) = Yep gy D e ) — F(z2,2)], (5)

|z

where Z is the set of all features; z is the subset of features excluding feature i; |z| is the size
of the subset z; f(z;,x) is the model prediction where feature i is included in subset z;
f(z,x) is the model prediction when feature i is excluded.

This summation averages the marginal contributions of feature i over all possible subsets z,
weighted by subset sizes. To make the computation of SHAP values efficient,
instead of evaluating all possible subsets of features (which are computationally expensive),
a background dataset was used. The background dataset represents a sample of the feature
space, against which the feature contributions are compared. Using this dataset, the SHAP value
for a specific feature i and data point x is approximated as follows:

. 1
SHAP(i,x) =135, [f(2,x) - £(2®, %)), (6)
where S is the number of samples in the background dataset; zi(s) is a binary vector indicating
that feature i is present for sample s, whereas other features may be included or excluded;

z(®) is a binary vector indicating that feature i is absent for sample s; f(zi(s),x) is the model’s

prediction when feature i is included for the data point x; f(z(s),x) is the model’s prediction
when feature i is excluded from the same data point.

The approximation reduces the computational complexity by leveraging the background dataset
S to evaluate the impact of each feature instead of iterating through all subsets of features in
the dataset. Background datasets often consist of representative or sampled training data points.
This makes SHAP feasible for real-world applications such as CKD prediction.

SHAP values serve as powerful tools for both local and global interpretabilities in feature
selection [26, 40]. Locally, SHAP values explain the impact of each feature i on the model
prediction f(x) for a specific data point x. Globally, aggregating SHAP values across all data
points provides a ranking of feature importance, enabling the identification of the most
influential features [40]. These features were visualised in descending order of their
SHAP scores, highlighting those with the greatest clinical relevance. For CKD prediction,
applying SHAP enhances model interpretability by linking predictions to clinically significant
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factors and focusing on key features, thereby reducing dimensionality and improving model
efficiency without sacrificing performance. This systematic approach ensures that the model
remains both predictive and clinically aligned, thereby offering a robust explainable
Al framework for CKD detection. The SHAP values also provide a quantitative measure of the
influence of each feature on the model forecast for a certain data point. These values can be
used to elucidate the rationale behind a given prediction by emphasising the key characteristics
and their corresponding effects on the prediction. Fig. 2 illustrates the features arranged in

descending order based on their SHAP scores. Fig. 3 shows the force plot of each feature.
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The SHAP force diagram fully explains the ML model prediction. The prediction is broken
down into distinct contributions from each feature, making it easier to explain the specific
conclusions of the model. The force plots show each feature as a vertical bar. The bar size and
direction indicate how much an attribute’s value deviates from its baseline. When the bar
expanded to the right, the prediction increased, and when it expanded to the left, it decreased.
The features sc, bcc, sg, hemo, pcv, and sod contribute most to GBDT in our situation.
The features sc, rbcc, hemo, and sod contributed the most to dropouts in DART. To make
a choice, the decision-making modules received each feature separately.

The adoption of a two-stage feature selection process, utilising feature importance scores in
Stage | and SHAP values in Stage Il, markedly enhanced the model’s performance compared
to single-stage selection. Stage I, driven by GBDT and DART feature importance metrics,
efficiently filtered the features based on their split and gain contributions, thereby eliminating
redundant and less significant variables. This step ensures the initial reduction of noise and
improves data segmentation for accurate predictions. However, single-stage selection methods
often fail to account for the interpretability and contextual relevance of features in complex
clinical datasets, such as CKD. By incorporating SHAP values in Stage Il, the model refined
its focus to clinically explainable and predictive features, ensuring that the selected features not
only had statistical significance but also aligned with domain knowledge. This additional
refinement eliminated residual correlated or redundant features, further reducing overfitting
risks and enhancing the generalizability of the model. Together, the complementary strengths
of the two stages synergistically improve the classifier’s predictive accuracy and
interpretability, demonstrating the robustness of this approach in identifying meaningful and
impactful features.

Decision making using a LightGBM

LightGBM is a gradient boosting framework developed by Microsoft Research with the
primary objective of achieving high speed, accuracy, and scalability. The use of many
optimisation strategies enhances the efficiency of the training process and diminishes memory
consumption, rendering it well-suited for datasets that are extensive in scale and high in
dimensionality. LightGBM employs a gradient-based methodology to construct a collection of
DTs to enhance the residual error of the preceding tree. Regarding working with sizable datasets
with high-dimensional features, LightGBM has several benefits. This method involves
converting continuous features into discrete features using histograms, which reduces the
number of unique feature values and conserves memory. In addition, this algorithm builds DTs
using a leafwise approach, which requires fewer nodes and splits while maintaining an accuracy
comparable to that of the conventional level-wise method.

GBDT and dropouts that meet DART are methods employed within the LightGBM framework.
The GBDT is a boosting technique that uses an iterative approach to construct DTs.
The algorithm aims to minimise the gradient of the loss function throughout each iteration.
The procedure was initiated by fitting an initial model to the dataset, followed by the
progressive incorporation of further models. Each subsequent model aims to rectify errors made
by its predecessor. The ultimate prediction is derived from the aggregate of all models with
each model’s contribution being weighted. GBDTs are widely recognised for their exceptional
precision and have been extensively utilised in various practical domains, including but not
limited to web search ranking and targeted advertising. To predict a given subject S; whether
the subject suffers from CKD can be determined by LightGBM (GBDT) as follows:

D; = sigmoid(X[w; = f;(S)]), ()
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where D; is the predicted output for subject S;. The sigmoid function that converts the sum
of the predictions to a probability value between 0 and 1 is represented by
sigmoid (X [w; * £;(S)]). The weight assigned to the j* tree in the ensemble is denoted as w;.
The prediction of the jt" tree for subject S; is represented as £j(S;). The weight assigned to each
tree was dependent on its performance throughout the training process. The weight of a tree
increases proportionally to its performance. The LightGBM employs a loss function, such as
binary cross-entropy, to quantify the discrepancy between the predicted and actual values of
the model during the training process. The weights of the trees in the ensemble are updated
using the gradient of the loss function.

By contrast, DART can be regarded as a variation of GBDT that incorporates a novel
regularisation approach known as dropout. The dropout technique was employed to eliminate
a portion of the trees randomly during the training phase. This strategy effectively mitigated
overfitting and enhanced the overall generalisation capability. In addition to its primary
enhancements, DART incorporates supplementary advancements such as feature subsampling
and a more adaptable tree construction approach, which can further enhance the accuracy of the
model. DART algorithm demonstrates notable efficacy when confronted with datasets that
exhibit high levels of noise or that possess numerous dimensions. Consequently, it has become
a popular choice in the context of ML contests. DART presents the output of a given subject
S; as follows:

D; = sigmoid (M)

S[wj+d;]

(8)

where d; represents the dropout rate for the jt" tree, which is a value between 0 and 1 that
determines the probability of dropping a node in the tree during the training process.

XGBoost [4] and CatBoost [14], two commonly used gradient boosting frameworks, have not
been able to match the performance of LightGBM in terms of training speed and precision
across a variety of test datasets. The successful application of this technique has also been
demonstrated in various fields, such as image classification, object recognition,
natural language processing, and biological data analysis. In this study, GBDT and DART from
LightGBM were chosen over other ensemble techniques, such as XGBoost and CatBoost,
because of their computational efficiency, adaptability, and interpretability. LightGBM’s
histogram-based learning technique significantly reduces the training and prediction times,
enabling rapid experimentation and model optimisation. While the CKD dataset is not highly
imbalanced, LightGBM’s flexible boosting mechanisms and customizable loss functions
provide robust handling of its characteristics. Additionally, DART mitigates overfitting by
introducing tree dropouts during training, thereby enhancing generalisation without requiring
extensive hyperparameter tuning. Importantly, LightGBM integrates seamlessly with SHAP,
facilitating  feature  importance ranking and clinically meaningful insights.
Comparative experiments demonstrated that LightGBM achieved comparable or slightly better
predictive performance than XGBoost and CatBoost while maintaining lower computational
costs. This combination of efficiency, accuracy, and interpretability made the GBDT and
DART suitable choices for CKD detection in this study.

LightGBM technique iteratively builds CKD detection DTs. This promotes DT creation from
samples with higher classification difficulty, improving the model’s ability to detect complex
patterns and correlations in the CKD dataset. LightGBM iteratively combines the predictions
of many DTs to create a robust predictive model that can accurately identify CKD patients.
Fig. 4 shows the LightGBM framework for CKD and non-CKD classification.
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The information presented in Fig. 4 is readily understandable without further explanation.
The CKD dataset used in this study consists of 24 unique features. The aforementioned features
are designated as unique serial numbers for ease of understanding. To improve the detection
process, a dual-stage feature selection strategy was introduced. During the preliminary phase
of feature selection, the value of each feature is quantified using a feature importance score.
Features with a score greater than zero were advanced to the next step of the selection process.
The feature importance scores were determined using the LightGBM framework which
incorporates both the GBDT and DART approaches. Notably, when utilising LightGBM with
GBDT, 13 features were selected, whereas with DART, only 12 features were chosen.
The selected attributes were subsequently arranged in descending order depending on their
relevance scores. The planned ordering of the prioritising features with the highest relevance is
processed first during the detection phase.

After the initial feature selection phase, the dataset was optimised using 13 features identified
by the GBDT algorithm and 12 features selected by the DART algorithm. The last phase of
feature selection is the assessment of SHAP scores for each feature. The SHAP scores provide
valuable insights into the individual contributions of the features in model predictions.
The LightGBM model, which incorporates the GBDT and DART, was utilised to compute the
SHAP scores for each feature. Features with SHAP scores exceeding 0.01 were considered
when developing the predictive model. In the context of GBDT, the SHAP algorithm identifies
6 features. Conversely, in the case of DART, the selection of features was based on declining
SHAP scores, resulting in the identification of four features. The set of features derived from
the aforementioned selection procedure was fed into the LightGBM detection model to obtain
a precise diagnosis of CKD. This model incorporates the GBDT and DART techniques and has
undergone thorough evaluation.

Results and discussion
The results of the proposed LightGBM-based CKD model were derived and analysed before
and after feature selection.

Performance of the detection module before feature selection

A series of experiments was conducted on the proposed framework to evaluate its effectiveness
of the recommended model. These experiments were conducted both before and after the
feature selection. Fig. 5 shows that the GBDT and DART models were utilized in the
experiment before feature selection. Fig. 5 shows that for the GBDT model, the training score
was 99.10% and the cross-validation score was 98.60%. Similarly, for the DART model,
the training score was 98.30%, and cross-validation score was 95.70%, respectively.
These findings indicate that the GBDT model outperformed the DART model in terms
of performance.
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Fig. 5 Learning curves of GBDT and DART on the original features before feature selection
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Before selecting the features, the confusion matrices for both GBDT and DART were
determined and are shown in Fig. 6. The confusion matrix utilized in this study offers valuable
insights into the performance of GBDT model for identifying CKD. The model demonstrated
exceptional accuracy by correctly identifying 167 patients as positive for the condition.
However, it committed oversight by incorrectly designating only one case as positive when it
was truly negative. Moreover, the model failed to include four instances in which the disease
was present, while it accurately recognized 108 cases as negative for the condition.
An evaluation of these data revealed that the GBDT model exhibited exceptional performance.
The classification model demonstrated a high level of accuracy (approximately 98.21%),
indicating its consistent and reliable performance in accurately categorizing the majority of the
cases. Precision, which measures the degree of accuracy in positive predictions achieves
remarkable accuracy of 99.40%. Recall, which quantifies the accuracy of properly identifying
genuine positives, is noteworthy, with a value of 97.66%. Moreover, the F1-score, a metric that
combines precision and recall, was approximately 98.52%. Similarly, when the original feature
data were input into the DART model within the LightGBM ensemble architecture, the model
successfully classified 165 occurrences as positive for the disease, demonstrating its ability to
precisely identify individuals with CKD precisely. Nevertheless, the model also exhibited
9 instances of false positives, erroneously identifying healthy persons as having a condition.
Moreover, the model failed to detect 6 instances in which individuals were afflicted with
the disease, thereby emphasizing the potential hazards associated with undetected
medical disorders. One notable advantage is that the model accurately classified 100 instances
as negative for the condition, demonstrating its proficiency in discerning those who are free
from ailments.

Tue label
8
Tue label

Predicted label Predicted label

Tue label
8
Fue label

Predicted label Predicted label

b) DART

Fig. 6 Confusion matrix of GBDT and DART under the LightGBM framework
before feature selection
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The model had a commendable level of accuracy, with an overall classification rate of
approximately 94.64%. This suggests that this approach can effectively and precisely categorize
a substantial proportion of cases. A precision of approximately 94.83% indicates that the
model’s predictions of positive cases are typically accurate. The model exhibited a recall or
sensitivity rate of approximately 96.51%, indicating its ability to accurately identify
a significant proportion of true-positive cases. Finally, the F1-score, which balances precision
and recall, was approximately 95.67%, suggesting a favourable compromise between these two
parameters. The combined findings demonstrate the efficacy of the model in detecting CKD
before the feature selection process. The GBDT model demonstrated notable proficiency in
identifying CKD, surpassing the DART model in various crucial performance metrics before
implementing any feature selection technique.

Table 3 presents the performance of the LightGBM (GBDT) and LightGBM (DART) models
before feature selection. Examination of specificity and sensitivity, revealed that GBDT model
outperformed DART model in identifying CKD. In terms of sensitivity, GBDT model had
greater sensitivity (99.08%) than DART model (91.74%). This disparity indicates that GBDT
is more effective at detecting individuals with this ailment. Additionally, GBDT model
exhibited a greater degree of specificity (97.66%) compared with DART (96.49%), highlighting
its superior ability to accurately categorise people as healthy. The results of this study indicate
that GBDT strikes a more balanced compromise between decreasing false negatives and false
positives, resulting in an enhanced Fl-score and overall accuracy. Across key indices,
the GBDT showed improved performance metrics, confirming its position as the preferred
choice for identifying CKD within this specific context.

Table 3. Sensitivity and specificity analysis of GBDT and DART models
for CKD detection before any feature selection

Performance measures GBDT DART
Specificity 97.66% 96.49%
Sensitivity 99.08% 91.74%

Performance of the post-stage | feature selection detection module

This study presents a complete examination of CKD identification of CKD utilising LightGBM
frameworks, specifically employing GBDT and DART models. Following the initial feature-
selection step, a meticulous review was performed. This study aimed to assess the significance
of various features and consequently enhance the efficacy of the model in differentiating
between patients with and without CKD. The overall outcomes are presented in Table 4.

Table 4. The detection ability of GBDT and DART models after stage | feature selection

Results GBDT DART
CKD Non-CKD CKD Non-CKD
Precision 97.66% 99.08% 96.49% 91.74%
Recall 99.41% 96.43% 94.83% 94.34%
F1-score 98.53% 97.74% 95.65% 93.02%
Support 168 112 174 106
Accuracy 98.21% 94.64%
Specificity 99.08% 96.49%
Sensitivity 97.66% 91.74%

271



@ Int. J. BIOAUTOMATION, 2025, 29(4), 257-284 doi: 10.7546/ijba.2025.29.4.001017

The GBDT model was initially employed to identify 13 potentially significant features.
Subsequently, the model was used to distinguish patients with CKD. Remarkably, the model
demonstrated a precision of 97.66%, signifying that its predictions of positive cases were
accurate for nearly 98.00% of occurrences. Recall, also known as sensitivity, exhibited
a notably high value of 99.41%, hence emphasising its efficacy in identifying a significant
proportion of true-positive instances. This observation was further demonstrated by the
F1-score, a statistical measure that combines precision and recall through a harmonic mean,
yielding a substantial value of 98.53%. The predictions were substantiated by the model,
which yielded a support value of 168. The performance of the model was equally promising for
separating the non-CKD participants. It achieved a precision of 99.08%, which indicates its
accuracy in making positive predictions. Additionally, it achieved a recall of 96.43%,
which signifies its ability to properly identify the majority of genuine negative cases
The F1-score for this class was 97.74%, substantiated by a support value of 112. The overall
accuracy exhibited a significant level of performance, reaching 98.21%, thereby demonstrating
its overall effectiveness. The specificity of the model, which indicates its accuracy in properly
identifying negative situations, was 99.08%. Similarly, the model’s sensitivity which represents
its effectiveness in capturing positive cases, was 97.66%. Similarly, after undergoing stage |
feature selection, which yielded 12 characteristics, DART model was proficient in detecting
CKD. The precision, recall, and F-scores for patients with CKD were 96.49%, 94.83%,
and 95.65%, respectively. The aforementioned measures, in conjunction with a support value
of 174, highlight the model’s proficiency in accurately discerning CKD cases. For individuals
without CKD, the precision metric yielded a value of 91.74%, indicating the accuracy of
correctly identifying non-CKD patients. Similarly, the recall metric achieved a value of 94.34%,
indicating the ability to correctly capture a high proportion of non-CKD patients. The F1-score,
which combines precision and recall, reached 93.02%, further highlighting the ability of the
classification model to accurately categorise non-CKD patients. The model achieved an overall
accuracy of 94.64%, a specificity of 96.49%, and a sensitivity of 91.74%.

A comparison of the two models revealed that the GBDT model demonstrated marginally
superior performance in terms of recall, F1-score, and specificity in both CKD and non-CKD
patients. Nevertheless, the DART model exhibited notable efficacy, particularly in individuals
without CKD. Both models demonstrated exceptional accuracy, sensitivity, and specificity,
emphasizing their potential for CKD detection. The analysis was augmented by the inclusion
of ROC and precision-recall curves (PRCs). Fig. 7a and Fig. 8a show ROCs of GBDT and
DART algorithms within the LightGBM framework. Fig. 7b and Fig. 8b illustrate PRCs for
GBDT and DART, respectively. The graphical representations illustrate that the LightGBM
framework has notable separability, as seen by the positioning of ROC and PRCs near the upper
left corner. The observed performance was quantified by a probability value ranging from
0 to 1, with a tendency toward values closer to 1. The results depicted in Fig. 7a demonstrate
the outstanding performance of the model, as evidenced by ROC value of 1 and PRC values
approaching 1. The observed performance exceeded the threshold point of an AUC of 0.9 with
a significance level of 0.5. The results of this study support the effectiveness of GBDT model
in generating precise individual predictions for CKD datasets. Fig. 8 presents the analysis of
ROCs and PRCs of DART model. The results demonstrated a noteworthy 99.00% performance
for both CKD and non-CKD categories for ROCs and PRCs. In addition, the dataset included
in DART model produced 99.20% ROC and 96.4% non-CKD PRC. Remarkably, the obtained
outcomes exceeded the critical AUC value of 0.9, thus achieving statistical significance at the
level of 0.5. Therefore, DART model has emerged as a strong competitor, providing superior
individual ML predictions for CKD dataset. This highlights the capacity of the system to
effectively classify and distinguish between cases in the field of CKD identification.
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Performance of the detection module after stage 1l feature selection

This subsection examines the results of the second feature-selection phase, which was
conducted using SHAP model. The objective of SHAP model in this investigation was to
provide an in-depth understanding of the key features that significantly affect CKD prediction.
This was accomplished by quantifying the individual contribution of each variable to the
prediction process. Subsequently, GBDT and DART models were used to predict CKD based
on the selected features. Fig. 9 shows the learning curves obtained from GBDT and DART
models implemented within the LightGBM ensemble framework. The findings demonstrate
that GBDT model achieved a training score of 100% and a cross-validation score of 99.60%.
On the other hand, DART model displayed training and cross-validation scores of 97.20% and
98.90%, respectively. Collectively, the results show how much better GBDT model performs
than DART model in the particular situations under study.
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Fig. 9 Learning curves of GBDT and DART for the original features
following stage 11 feature selection

Six significant and comprehensible features were found after employing SHAP to implement
the stage Il feature selection approach. These characteristics were then included in the
LightGBM (GBDT) model to enhance the accuracy of distinguishing patients with CKD from
healthy individuals. GBDT model exhibited notable performance in the provided scenario.
The model successfully identified 98.83% of the patients with CKD, demonstrating high
accuracy in its optimistic predictions. The model’s accuracy in identifying CKD positive
patients was excellent, reaching a perfect recall rate of 100%, which was also significant.
The F1-score, which skilfully blends recall and precision into a single metric, attained a
remarkable value of 99.41%.

The GBDT model has been proven to be extremely successful in identifying patients without
CKD. Accurate predictions for non-CKD patients achieved an accuracy of 100%,
indicating a remarkable degree of precision. Additionally, it had a recall rate of 98.20%,
indicating that it can correctly identify the most real negative situations. The F1-score which
considers both precision and recall, obtained an impressive value of 99.09%. This outcome
underscores the ability of the model to precisely predict non-CKD patients. In addition,
with an accuracy rate of 99.29%, the GBDT model attained a high level of overall accuracy in
consistently classifying both CKD patients with and non-CKD patients. Its specificity score
was 98.83%, demonstrating its capacity to successfully differentiate genuine negatives among
non-CKD participants. Furthermore, with a sensitivity score of 100%, this model is incredibly
effective for correctly categorising true positive patients with CKD.

Upon completing stage Il feature selection, the SHAP analysis revealed that the LightGBM
(DART) explainer identified a total of four interpretable features. These selected features were
subsequently incorporated into DART model for accurate detection of CKD. Remarkably,
DART model exhibited high performance in this regard, with an impressive precision of
95.32% and a recall of 99.39%. These outcomes provide strong evidence that the model is
efficient in precisely detecting a noteworthy percentage of true positive patients with CKD.
Moreover, when considering the F1-score as an indicator of the balance between precision and
recall rates, it showed exceptional accuracy of 97.31%, confirming its ability to correctly
identify instances of CKD. In patients without CKD, the results demonstrated a commendable
precision of 99.08%, along with a recall rate of 93.10%. This shows how effectively DART
model can predict cases where no CKD exists while also successfully identifying significant
proportions where there is indeed no condition present. The performance of the model in this
classification was demonstrated by the resulting F1-score of 96.00%.
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According to Table 3, when evaluating the specificity and sensitivity, it is evident that GBDT
model outperforms the DART model in identifying CKD. The GBDT model demonstrated
a sensitivity of 99.08%, which was higher than that of DART model (91.74%). This difference
implies that GBDT possesses a superior ability to effectively detect individuals suffering from
this disease. Additionally, GBDT model showed greater specificity, with a value of 97.66%,
than did DART model, with a value of 96.49%, indicating its enhanced accuracy in categorising
individuals as healthy. These findings suggest that GBDT achieves an improved balance
between reducing false negatives and false positives, thus leading to enhanced F1-scores and
overall accuracy. Based on a comprehensive examination of the performance metrics and
outcomes, GBDT model proved to be the optimal selection for the identification of CKD when
employing SHAP explainable features. GBDT model demonstrated high precision and recall in
identifying CKD patients, highlighting its accurate positive predictions and capacity to identify
all true positive patients. A strong F1-score underscores its equitable effectiveness in mitigating
both false positives and false negatives. Furthermore, GBDT model exhibits a remarkable level
of accuracy, sensitivity, and precision in detecting non-CKD, thereby showing its constant and
dependable performance in both CKD and non-CKD detection scenarios. The comprehensive
performance observations are shown in Table 5.

Table 5. The detection ability of GBDT and DART models after stage Il feature selection

Results GBDT DART
CKD Non-CKD CKD Non-CKD
Precision 98.83% 100.00% 95.32% 99.08%
Recall 100.00% 98.20% 99.39% 93.10%
F1-score 99.41% 99.09% 97.31% 96.00%
Support 169 111 164 116
Accuracy 99.29% 96.79%
Specificity 98.83% 95.32%
Sensitivity 100% 99.08%

Final results of the detection module (10-fold cross-validation)

We thoroughly assessed methodologies utilising SHAP enabled explainable features,
integrated classification, and model-based techniques. The cross-validation results were
evaluated using GBDT and DART algorithms. This evaluation included all input features and
considered the features selected through the two steps of feature elimination, as illustrated in
Table 6. A comparison analysis comparing the GBDT and DART models demonstrated the
superiority of GBDT in effectively handling the problem, even in scenarios including several
classes. Although the performance of the best-performing DART model was close to that of the
GBDT model, this might be attributed to the inherent challenge of accurately predicting the
precise number of relevant features. The DART model exhibited a cross-validation accuracy
of 98.00%. Hence, both models demonstrate promise for utilisation in the classification of
CKD datasets.

The findings in Table 6 highlight the greater accuracy, precision, specificity, and sensitivity of
the GBDT model than those of the DART model. These results suggest that the GBDT model
exhibits superior overall performance. Although the DART model demonstrates commendable
performance, the consistently superior performance of the GBDT model indicates its ability to
identify CKD accurately.
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Table 6. Performance results obtained by GBDT and DART
under SHAP explainable features through 10-fold cross-validation

Results GBDT DART
Accuracy 99.50% 98.00%
Precision 98.80% 96.20%

Specificity 100.00% 98.70%
Sensitivity 99.20% 97.60%

Comparison with existing models

Before conducting a comprehensive comparison, it is imperative to acknowledge the wide array
of methodologies employed in predicting CKD, as outlined in the dataset. Different methods
use diverse algorithms, methodologies, and approaches to address the intricate challenges of
CKD identification. Measurements of accuracy, sensitivity, and specificity offer significant
insights into the performance of these approaches. In the present context, LightGBM (GBDT)
with dual-stage feature selection and LightGBM (DART) with dual-stage feature selection have
been proposed for CKD detection. These unique methodologies incorporate a dual-stage feature
selection technique that combines classifier feature importance and SHAP feature importance
scores. The objective of this study was to improve the accuracy and interpretability of
CKD prediction. Based on this understanding, we can now evaluate the efficacy and
distinctiveness of the suggested methodologies for prevailing procedures for predicting CKD.
Table 7 presents the methods used for the comparison and validation.

The comparative analysis presented in Table 7 highlights the superior performance of the
proposed LightGBM models (GBDT and DART) with dual-stage feature selection compared
to the baseline methods in terms of accuracy, sensitivity, and specificity. The proposed models
outperform traditional ML approaches, such as regression-based models, k-NN, and DTs,
largely because of the integration of a dual-stage feature selection process that identifies
a minimal yet clinically relevant subset of features. For instance, the proposed GBDT model
achieved an accuracy of 99.50%, sensitivity of 99.20%, and specificity of 100%, outperforming
state-of-the-art methods, such as principal component analysis (PCA) combined with XGBoost
or CatBoost, while using fewer features (5 vs. 10). Compared to deep learning approaches,
such as convolutional neural network (CNN) with long short-term memory (LSTM), which also
achieved high accuracy (99.17%), the proposed GBDT model demonstrated comparable or
better results with significantly fewer features, making it computationally efficient.
DART variant achieved a slightly lower performance (98.00% accuracy) but offered robustness
and efficiency, addressing overfitting through tree dropouts.

Comparing the proposed methods with existing approaches reveals several surprising
discoveries. Despite the simplicity of the latter, the proposed LightGBM (GBDT) model with
dual-stage feature selection consistently outperformed the regression-based model across all
evaluation criteria. The C4.5 DT demonstrated a slightly higher accuracy but lacked sensitivity
and specificity. Furthermore, the LightGBM (GBDT) and LightGBM (DART) algorithms
trained on dual-stage feature selection have demonstrated superior performance compared to
the k-NN algorithm, thereby emphasising their capacity to capture complex patterns in CKD
prediction effectively. Combining PCA with different classifiers exhibits diverse performance
outcomes. However, the proposed LightGBM (GBDT) and LightGBM (DART) trained on
dual-stage feature selection models regularly outperform these classifiers in terms of accuracy,
sensitivity, and specificity. When comparing the proposed LightGBM models to ensemble
techniques such as bagging, RF, and XGBoost, it was observed that the LightGBM models with
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dual-stage feature selection demonstrated similar accuracy levels while outperforming in
sensitivity and specificity. Within the domain of SVM, the methods that have been proposed
provide superior levels of accuracy, sensitivity, and specificity compared with both Laplacian
and radial basis function SVMs.

Table 7. Comparative analysis of the proposed method with existing state-of-the-art methods

Ref.| Methods #f AC‘[’(‘;:]"J‘CV Se”[so'/f)']" 'ty Spe[%'/f)']c'ty
[30] | Regression-based model 24 | 98.95 98.44 99.80
[3] |[C45DT 24 | 99.00 99.60 98.00
[3] |K-NN 24 | 95.75 93.20 100.00
[17] |PCA and AdaBoost 10 | 98.33 97.30 100.00
[17] |[PCA and DT 10 | 97.50 96.00 100.00
[17] |PCA and XGBoost 10 | 99.17 98.63 100.00
[17] |PCA and CatBoost 10 | 97.50 96.00 100.00
[17] |PCA and k-NN 10 | 59.17 64.94 48.84
[17] |[PCA and RF 10 | 97.50 96.00 100.00
[17] |PCA and Naive bayes 10 | 88.33 93.94 81.48
[17] [PCA and LightGBM 10 | 98.33 97.30 100.00
[36] |RF 14 | 80.20 82.00 81.88
[36] | XGBoost 14 | 82.27 83.29 82.91
[16] |[SVM (Laplacian) 24 | 91.71 94.84 86.71
[16] |SVM (Radial basis function) 24 | 89.95 87.94 91.27
[43] [CNN with LSTM 13 | 99.17 100.00 98.70
[6] |SVM with recursive feature elimination 9 95.50 92.20 98.8
[6] |DT with recursive feature elimination 16 | 98.60 97.70 99.40
[2] |Deep belief network with extreme ML 24 | 96.91 96.80 97.02
Proposed GBDT with dual-stage feature selection |5 99.50 99.20 100.00
Proposed DART with dual-stage feature selection |4 98.00 97.60 97.60

It has been shown that a CNN integrated with LSTM has a notable level of accuracy.
However, GBDT and DART, which are trained on dual-stage feature-selection models, have
been suggested to exhibit superior sensitivity and specificity. The accuracy and sensitivity of
the proposed GBDT and DART with dual-stage feature selection approaches surpass feature
elimination strategies, such as SVM with recursive feature elimination and DT with recursive
feature elimination.

In summary, combining a deep belief network and extreme ML exhibits similar accuracy to the
proposed LightGBM approaches. However, the LightGBM (GBDT) and LightGBM (DART)
models trained in dual-stage feature selection methods outperformed the former in terms of
sensitivity and specificity. These comparisons highlight the effectiveness of the LightGBM
models described in this study when combined with dual-stage feature selection. These models
demonstrated impressive performance in predicting CKD by utilizing classifier feature
importance and SHAP feature importance scores. They exhibit robustness across multiple
evaluation criteria, indicating their potential for accurate and reliable disease detection.

Although the CKD dataset used in this study was not highly imbalanced, imbalanced datasets
are common in medical applications, including chronic disease prediction. In cases where class
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imbalance is present, models such as LightGBM may exhibit bias toward the majority class,
potentially affecting the performance in the minority class. To address this, techniques such as
class weighting, oversampling, and undersampling can be employed to improve the handling
of imbalanced data by the model. Additionally, using evaluation metrics, such as F1-score,
precision, and recall, along with accuracy, can offer a more comprehensive assessment of model
performance. Future studies will explore these methods to enhance the robustness and
generalizability of the proposed models for imbalanced datasets.

The proposed LightGBM-based CKD detection models, with their high accuracy and
interpretability, have significant potential for integration into healthcare settings, especially for
the early detection and diagnosis of CKD. By identifying the key clinical and laboratory
features that contribute to CKD risk, the model can assist healthcare professionals in making
data-driven decisions, potentially reducing the need for invasive diagnostic procedures.
Furthermore, the model's interpretability, facilitated by SHAP values, enables clinicians to
understand the rationale behind predictions, fostering trust and adoption in clinical practice.
This interpretability is crucial to ensure that the predictions are clinically accurate. The model’s
ability to process large patient datasets efficiently allows for timely identification of at-risk
individuals, enabling early intervention and improving patient outcomes. Additionally,
the model can be integrated into decision support systems, providing real-time predictions and
personalized treatment recommendations, ultimately contributing to more accurate, efficient,
and patient-centred care. These aspects make the proposed approach relevant in clinical practice
as it could support healthcare providers in both preventive and diagnostic capacities.

Furthermore, LightGBM-based CKD detection models offer significant clinical value by
accurately predicting CKD based on a minimal set of clinically relevant features. These models
can be integrated into electronic health record (EHR) systems to provide real-time data-driven
decision support for healthcare providers. For example, the system could flag high-risk patients
during routine screenings, enabling early intervention and tailored treatment plans.
The interpretable nature of the model, facilitated by SHAP-based explanations, ensures that
healthcare providers can understand the rationale behind predictions. This transparency
enhances trust in the model's recommendations and allows practitioners to cross-verify
predictions with clinical judgment. Furthermore, the computational efficiency of the proposed
approach enables rapid predictions even in resource-constrained settings, which is particularly
beneficial in rural and underserved areas. By focusing on clinically significant features,
the model minimizes data collection burden, ensuring that its integration does not disrupt
existing workflows. Ultimately, the adoption of such models can improve patient outcomes by
facilitating earlier diagnoses, optimising resource allocation, and supporting informed
decision-making processes.

Conclusion

This study presents a detailed examination of the diagnosis of CKD using LightGBM models,
leveraging evolutionary approaches such as GBDT and DART frameworks. The primary goal
of our investigation was to determine the most effective model and combination of features that
could reliably distinguish between individuals with CKD and those without CKD. Several key
findings have emerged from meticulous experimentation and evaluation. Before applying the
feature selection, the GBDT model consistently demonstrated superior performance compared
to the DART model. This superiority was validated by detailed analyses of the learning curves
and confusion matrices, emphasising the capacity of the GBDT model to make accurate
predictions and robustly differentiate between CKD and non-CKD cases. After feature
selection, the GBDT model maintained its dominance by achieving high precision, recall,
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and F1-scores for both classes. Moreover, employing the SHAP model to evaluate feature
importance not only enhanced the interpretability of the model but also improved its overall
performance and reliability by ensuring that critical features contributed effectively to the
prediction process. Beyond these observations, this study underscores the necessity of adopting
robust ML models, such as GBDT, in CKD detection when coupled with advanced feature
selection techniques. Although traditional metrics such as accuracy, precision, specificity,
and sensitivity highlight the exceptional performance of the GBDT model, additional
evaluations using other well-known objective criteria, such as the Matthews correlation
coefficient (MCC) and AUC-ROC, further validated its reliability. The results from these
metrics confirmed the robustness of the model, even under varying experimental conditions,
thus enhancing its credibility as a practical diagnostic tool.

The consistent performance of our proposed CKD detection model across multiple
experimental setups and rounds of feature selection reaffirms its potential as a reliable and
accurate CKD detector. This study not only contributes to advancing ML applications in
medical diagnostics but also highlights the importance of combining effective feature selection
and robust modelling techniques to enhance predictive accuracy. By focusing on real-world
applicability and reliability, our findings pave the way for future research and potential clinical
integration of ML frameworks in CKD detection.

Data Availability: The chronic kidney disease dataset used in this study is derived from
previously published work [22].
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