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Abstract: Enhancing the detection of Chronic Kidney Disease (CKD) using machine learning involves 

applying denoising techniques and sparse feature selection to identify key biomarkers, improving early 

diagnosis accuracy. CKD poses several challenges due to the complex and multifactorial nature of the 

disease. Traditional diagnostic methods often fail to identify early-stage CKD, resulting in delayed 

intervention and poor patient outcomes. The study aims to create a reliable and precise machine-learning 

framework that leverages biomarker data to effectively classify patients with Chronic Kidney Disease 

(CKD). Collect blood and/or urine samples to measure a comprehensive panel of biomarkers, including 

Creatinine, glomerular filtration rate (GFR), and other standard clinical markers. Utilize unsupervised 

learning algorithms like Denoising Sparse Auto-Encoder (DSAE) to sift through medical data, looking for 

hidden patterns indicative of CKD. Apply Term Frequency - Inverse Document Frequency (TF-IDF) to 

identify the most important pieces of information in the data, focusing on key elements like changes in 

blood tests or abnormalities in scans crucial for CKD diagnosis. Implement Sequential Selection Ratio (SSR) 

and Feature Normalization Component (FNC) techniques for feature selection and normalization. Utilize 

an Adaptive Backpropagation Neural Network (ABPNN) as the main classification model, adjusting its 

learning rate during training to improve performance 

Keywords: Chronic Kidney Disease, Glomerular Filtration Rate, Adaptive Backpropagation Neural    

Network, Sequential Selection Ratio, Feature Normalization Component, Denoising Sparse Auto-Encoder. 

 
Introduction  

 Chronic kidney disease (CKD) poses a significant health burden globally, affecting millions of 

individuals and leading to serious complications if left undiagnosed or untreated [1]. Early detection and 

classification of CKD are crucial for effective management and intervention strategies to mitigate its 

progression [2]. In recent years, there has been growing interest in leveraging biomarkers and machine 

learning techniques for CKD classification, offering the potential for improved accuracy, efficiency, and 
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personalized diagnostics [3]. This study aims to explore the integration of biomarker-driven approaches 

with machine learning algorithms for CKD classification, examining their effectiveness, challenges, and 

implications for clinical practice [4-5]. Biomarker-driven machine-learning approaches offer a promising 

avenue for enhancing CKD classification by utilizing a diverse range of molecular, cellular, and clinical 

markers to predict disease progression and severity [6-7]. These methods leverage the vast amount of 

data generated from various biomarker assays, clinical tests, and patient records to develop predictive 

models that can stratify individuals into different CKD stages with greater accuracy and precision [8]. By 

integrating advanced machine learning algorithms such as deep learning, support vector machines, and 

random forests with biomarker data, researchers aim to uncover hidden patterns, correlations, and 

predictive features that may not be readily apparent through traditional diagnostic methods. Through this 

interdisciplinary approach, this study seeks to contribute to the ongoing efforts to improve CKD diagnosis, 

prognosis, and personalized treatment strategies, ultimately leading to better patient outcomes and 

healthcare delivery [9-10]. 

 Early detection of CKD is crucial to prevent severe complications such as kidney failure, 

cardiovascular disease, and increased mortality [11-12]. However, the current diagnostic methods rely 

heavily on traditional biomarkers and clinical observations, which may lack sensitivity, especially in the 

early stages of the disease [13-14]. This study aims to enhance the detection of CKD using machine 

learning techniques by integrating a denoising and sparse feature approach with biomarkers. Traditional 

datasets often contain noise and redundant features, which can hinder the performance of machine 

learning models. By employing a denoising technique, irrelevant or noisy data can be filtered out, ensuring 

that only the most pertinent features are considered [15]. Furthermore, a sparse feature selection 

approach will be utilized to identify and prioritize critical biomarkers, reducing dimensionality and 

improving model accuracy [16-17]. The motivation for this research stems from the need for more precise, 

early-stage detection of CKD, which can lead to timely interventions and better patient outcomes [18-19]. 

By leveraging machine learning, this study aims to develop a robust predictive model that could 

significantly impact public health by providing an efficient, cost-effective tool for CKD diagnosis [20]. The 

objective of the study is to develop a robust and accurate machine-learning framework that utilizes 

biomarker data to classify patients with Chronic Kidney Disease (CKD). The remaining sections are 

arranged as follows: The literature review was described in Section 2, the proposed technique was 

described in Section 3, the results were discussed in Section 4, and the paper's conclusion was described 

in Section 5. 

Literature Survey 

 The literature survey aims to provide a comprehensive overview of existing research studies and 

developments in the field of chronic kidney disease (CKD) classification. Nageeta et al [21] examine the 

potential of precision medicine in managing Diabetic kidney disease (DKD). It embodies a patient-centric 

and scientifically sophisticated form of care that promises to transform the treatment of DKD and improve 

patient outcomes. Legrand et al [22] discuss the role of enrichment strategies to target populations that 

are most likely to derive benefit and the importance of patient-centred clinical trial endpoints and 

appropriate trial designs to guide in designing future trials. Findings show that the incidence of MAKE was 

14.3% in the balanced fluid group versus 15.4% in the saline group [odds ratio (OR) 0.90; 95% CI 0.82–

0.99].  Brown et al [23] determination of the present report is to provide perioperative teams with expert 

recommendations specific to cardiac surgery-associated AKI (CSA-AKI). Based on available evidence and 
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group consensus, a total of 13 recommendations were formulated. Duca et al [24] explored the potential 

correlation between Holter ECG parameters and comorbidities in individuals with ischemic 

cardiomyopathy experiencing heart failure (HF), with a particular focus on the primary utility of these 

parameters as prognostic indicators. Significant associations were uncovered between diabetes and 

unconventional physiological indicators, specifically the Triangular index (p = 0.035) and deceleration 

capacity (p = 0.002). De Bakker et al [25] derived a small set out of 4210 repeatedly measured proteins, 

which, along with clinical characteristics and established biomarkers, carry optimal prognostic capacity 

for adverse events, in patients with HFrEF. [Hazard ratio (95% confidence interval): 1.96 (1.17–3.40) and 

0.66 (0.49–0.88), respectively]. 

 Dovrolis et al [26] explored the diversity in mRNA expression profiles of inflammation and 

immunity-related circulating genes for the development of biomarkers that could predict the 

effectiveness of immunotherapy-based treatments using ICIs for individuals with mccRCC. The results 

show that gene expression can be used to classify these samples with high accuracy and specificity. Swain 

et al [27] developed a machine-learning model that can use publicly available data to forecast the 

occurrence of chronic kidney disease. Out of all the applied learning techniques, support vector machine 

(SVM) and random forest (RF) achieved the lowest false-negative rates and test accuracy, equal to 99.33% 

and 98.67%, respectively. Islam et al [28] examined the potential of several different machine-learning 

approaches for providing an early diagnosis of CKD has been investigated. The findings show that the 

greatest performance indicators are an accuracy of 0.983, a precision of 0.98, a recall of 0.98, and an F1-

score of 0.98 for the XgBoost classifier. Hussain et al [29] introduced a deep learning (DL) clinical diagnostic 

system aimed at enhancing the automatic identification and classification of CKD. This refined iteration 

yields impressive test performances in terms of accuracy: 99.98%, recall: 99.89%, precision: 99.84%, F1 

score: 99.86%, specificity: 99.84%, Micro AUC: 99.99%, and testing time of 0.0641 seconds per image. 

Rehman et al [30] present a chronic kidney disease (CKD) prediction model to classify CKD patients from 

NCKD (Non-CKD). The accuracies of LR were 98.5% and 97.5% for train & test datasets. While LDA accuracy 

was 96.07% and 96.6% for train and test datasets. Likewise, MLP attained 95% and 94.1% accuracy for 

training and test datasets. 

Proposed Research Methodology 

 The proposed research methodology aims to leverage a multifaceted approach to advance the 

diagnosis and classification of Chronic Kidney Disease (CKD). By integrating cutting-edge machine learning 

techniques with comprehensive biomarker analysis, this methodology seeks to extract valuable insights 

from patient data to improve CKD diagnosis accuracy and patient outcomes. The methodology will 

encompass data acquisition, pre-processing, feature extraction, machine learning model development, 

and evaluation, with a focus on harnessing the power of biomarkers and machine learning algorithms to 

enhance CKD classification capabilities. 
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Figure 1: Block Diagram of the Proposed Work 

 Figure 1 shows the block diagram of the proposed work. Collaborate with clinical institutions to 

recruit patients diagnosed with Chronic Kidney Disease (CKD). Utilize unsupervised learning algorithms 

like Denoising Sparse Auto-Encoder (DSAE) to sift through medical data, looking for hidden patterns 

indicative of CKD.  Apply Term Frequency - Inverse Document Frequency (TF-IDF) to identify the most 

important pieces of information in the data, focusing on key elements like changes in blood tests or 

abnormalities in scans crucial for CKD diagnosis. Implement Sequential Selection Ratio (SSR) and Feature 

Normalization Component (FNC) techniques for feature selection and normalization. Utilize an Adaptive 

Backpropagation Neural Network (ABPNN) as the main classification model, adjusting its learning rate 

during training to improve performance.  

 

 (a) Data Acquisition 

 To enhance the detection of CKD using machine learning, collaboration with clinical institutions is 

essential to recruit patients with confirmed CKD diagnoses. This collaboration will provide access to a 

diverse patient cohort, ensuring a comprehensive dataset that reflects various stages and types of CKD. 

Blood and urine samples will be collected from participants to measure a wide range of biomarkers, 

including standard clinical markers such as creatinine and estimated glomerular filtration rate (eGFR), 

which are commonly used in CKD diagnosis and monitoring.  In addition to these traditional markers, the 

study will explore and incorporate novel biomarkers that have shown potential relevance to CKD. These 

may include inflammatory markers like C-reactive protein (CRP) and interleukin-6 (IL-6), which are 

associated with kidney inflammation and damage. Genetic markers linked to CKD risk, such as specific 

single nucleotide polymorphisms (SNPs), will also be included to provide a more comprehensive 

understanding of the disease's progression. The integration of these diverse biomarkers will enable the 

development of a more accurate and robust machine-learning model, improving the early detection and 

classification of CKD, ultimately leading to more personalized and effective treatment strategies for 

patients.  
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(b) Data Pre-processing and Feature Extraction  

 To enhance the detection of Chronic Kidney Disease (CKD), unsupervised learning algorithms like 

Denoising Sparse Auto-Encoder (DSAE) will be utilized to process medical data and uncover hidden 

patterns associated with the disease. DSAE is particularly effective in managing high-dimensional data, 

such as biomarker panels, by reducing noise and retaining critical features that contribute to accurate 

classification. This approach allows the model to learn a compressed representation of the data, which 

emphasizes the most relevant factors and patterns that may indicate the presence or progression of CKD. 

Term Frequency-Inverse Document Frequency (TF-IDF) will be applied to further refine the data analysis 

process by identifying the most important elements within the dataset. Although traditionally used in text 

mining, TF-IDF can be adapted to highlight key features in clinical data, such as specific changes in blood 

tests, like elevated creatinine or reduced glomerular filtration rate (GFR), and subtle abnormalities in 

imaging scans. By focusing on these critical components, the combination of DSAE and TF-IDF will enhance 

the model’s ability to distinguish between CKD and non-CKD cases, leading to more precise and timely 

diagnosis. This dual approach will improve the robustness of the detection system and support early 

intervention and personalized treatment planning for CKD patients. 

(i) Denoising Sparse Auto-Encoder (DSAE) 

 The early detection of Chronic Kidney Disease (CKD) is critical for effective treatment and 

improved patient outcomes. This study introduces a machine learning framework that leverages 

Denoising Sparse Auto-Encoder (DSAE) to enhance the detection of CKD using biomarkers. By denoising 

and extracting sparse, high-quality features from clinical data, this approach aims to improve the precision 

and reliability of CKD predictions. The integration of DSAE with biomarkers allows for more robust 

modelling, minimizing noise while capturing essential patterns, ultimately contributing to earlier diagnosis 

and better management of CKD. 

 During the encoding step, an input vector xi  ∈  ℝC is processed by applying a linear deterministic 

mapping and a nonlinear activation function 𝑙 as follows: 

    αi = f(xi) = l(W1xi + b1)     (1) 

 Where W1  ∈  ℝK×C is a weight matrix with K features and b1 ∈  RK is the encoding bias. In this 

study, we consider a leaky rectified linear unit (LReLU) activation function for l(x). It can be represented 

as 

    y = {
x, ifx ≥ 0

ωx, ifx ≤ 0
      (2) 

 The slope ω of the LReLU is set to 0.01. Then we decode a vector using a separate linear decoding 

matrix 

     zi = W2αi + b2      (3) 

Where W2  ∈  ℝK×C and b2  ∈  ℝC are a decoding weight matrix and a bias vector, respectively 

   L(X, Z) =
1

2
∑ ‖xi − zi‖

2
+

λ

2
‖W‖2M

i=1     (4) 

 Where 𝑋 and 𝑍 represent the training and reconstructed data, respectively. KL(ρ ‖ ρ̂) is the 

sparse penalty term, which can be denoted as the following formula: 

    KL(ρ ‖ ρ̂) = ρlog
ρ

ρ
+ (1 − ρ)log

1−ρ

1−ρ
    (5) 
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 Where KL(⋅) is the Kullback–Leibler divergence. We recall that 𝛼 denotes the activation of hidden 

units in the autoencoder; let ρ̂  =  (1/M) ∑ [α(i)]M
1   be the average activation of 𝛼 averaged over the 

training set XC×M. Then our objective function in sparse autoencoder learning can be written as follows: 

     L(X, Z) + β ∑ KL(ρ ‖ ρ̂)K
j=1     (6) 

 With the introduction of the KL divergence weighted by a sparsity penalty parameter β in the 

objective function, we penalize a large average activation of α over the training samples by setting ρ small. 

Table 1: Algorithm for DSAE 

Algorithm 1: DSAE 

(1) Input:  

(2) Training set 𝑋  

(3) Weight decay parameter λ, weight of sparse penalty term β, sparse 

parameter ρ  

(4) Procedure:  

(5) Initialize parameters (W1, b1), (W2,  b2)  

(6) Get x i̅ by stochastic corrupting the input vector xi .  

(7) FOR j = 1 to T do  

(8)      Loss =  L(X, Z)  +  β ∑K j = 1 KL(ρ ‖ ρ)̂  

(9)      Use the L-BFGS algorithm [58] to update (W1, b1), (W2,  b2)  

(10) ENDFOR  

(11) Output: (W1, b1) Which is utilized for convolution kernels 

Algorithm 1 shows denoising Sparse Auto-Encoder (DSAE) is designed to enhance the detection 

of Chronic Kidney Disease (CKD) by efficiently extracting relevant, sparse features from clinical biomarker 

data. The algorithm begins by taking the input training set X and initializing the parameters, including 

weights and biases (W1, b1), (W2,  b2), as well as key hyperparameters such as the weight decay 

parameter λ, sparse penalty weightβ, and sparse parameter ρ. A stochastic corruption process is applied 

to the input vectors, introducing controlled noise to improve robustness. During training, the loss function 

is computed by combining reconstruction loss L(X, Z) with a sparsity constraint using the Kullback-Leibler 

(KL) divergence. This encourages the extraction of sparse, meaningful features. The Limited-memory 

Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) algorithm is then employed to update the model parameters 

iteratively. After training, the optimized weights and biases (W1, b1) are utilized for convolution kernels, 

allowing the model to enhance CKD detection by learning denoised and sparse representations of the 

biomarker data. 
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Figure 2: Illustration of a Single-Layer DSAE 

Figure 2 illustrates a single-layer Denoising Sparse Auto-Encoder (DSAE) used for enhancing 

Chronic Kidney Disease (CKD) detection. In this model, input data, consisting of biomarkers, is first 

corrupted with noise to create a partially obscured version. The autoencoder then reconstructs the 

original input by learning sparse representations, where only a small number of neurons are active. This 

sparse coding encourages the network to capture essential patterns in the biomarker data while filtering 

out noise. The hidden layer captures crucial features, which are refined and used for CKD detection, 

improving the model's robustness and accuracy. 

The Denoising Sparse Auto-Encoder (DSAE) is a specialized machine-learning model aimed at 

enhancing Chronic Kidney Disease (CKD) detection by efficiently processing clinical biomarker data. This 

approach integrates two key techniques: denoising and sparse feature extraction. First, DSAE introduces 

controlled noise to the input data, which helps the model learn more robust, generalized features by 

focusing on essential patterns and ignoring irrelevant noise. Secondly, the sparse feature extraction 

encourages the model to identify only the most critical features from the biomarkers, reducing complexity 

and improving accuracy. By leveraging this combination, DSAE strengthens the ability of machine learning 

models to detect CKD early and accurately, making it a powerful tool for clinical diagnosis and 

management. 

(ii) Term Frequency - Inverse Document Frequency (TF-IDF) 

 Term Frequency-Inverse Document Frequency (TF-IDF) is a widely used technique in natural 

language processing and information retrieval that quantifies the importance of a word within a 

document relative to a collection of documents. In the context of enhancing Chronic Kidney Disease (CKD) 

detection using machine learning, TF-IDF can play a crucial role in feature extraction from biomarker data. 

By identifying significant patterns and distinguishing relevant biomarkers, TF-IDF helps optimize sparse 

feature selection, improving the efficiency of machine learning models. This method supports denoising 

techniques to enhance the accuracy of CKD detection while minimizing irrelevant data interference. 
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Figure 3: Flow chart of TF-IDF  

 Figure 3 illustrates a flow chart for a Term Frequency-Inverse Document Frequency (TF-IDF) 

approach, focusing on the classification of terms based on positively and negatively tagged reviews. In the 

context of Chronic Kidney Disease (CKD) detection using machine learning with denoising and sparse 

feature selection, this process could be applied to the classification of biomarkers. First, both positively 

and negatively tagged biomarkers are processed by constructing term frequency and presence vectors, 

followed by TF-IDF calculation to weigh the significance of each biomarker. These values are then fed into 

a relative classification process, which assigns weights (e.g., +1.5 or -1.5) to determine the most relevant 

biomarkers, thus enabling the model to identify key features that contribute to CKD detection while 

ignoring noise. The system improves feature sparsity, facilitating more accurate CKD prediction through 

machine learning models. 

 In the first part term presence vector and term frequency vector are constructed in (9) and (10) 

for positively tagged documents using (7) and (8). 

    TFP = [

c11 ⋯ c1d

⋮ ⋱ ⋮
ct1 ⋯ ctd

]     (7) 

Where,  

TFP=Term Frequency Matrix for positively tagged documents  

t = term d = document  

TF[i][j]  =  cij = count of term i in document j 

   TPP = [

p11 ⋯ p1d

⋮ ⋱ ⋮
pt1 ⋯ ptd

]        (8) 

Where,  

TPP = Term Presence Matrix for positively tagged documents. 

 t = term. d = document.  

TF[i][j]  =  pij = presence of term i in document j  

                     = 1 if term i is present in document j otherwise 0. 



  

SGS Initiative, VOL. 1 NO .4 (2026): LGPR 

     Pctd = ∑ ctj
d
j=1               (9) 

Where,  

Pctd = Frequency of term t in positively tagged documents.  

cij = count of term t in jth document. 

     Pt = ∑ ptj
d
j=1             (10) 

Where,  

Pt = Number for positively tagged documents with term t. 

 Ptj = presence of term t document j  

 In “(8)” TFIDF of the terms is calculated by using the vectors in (9) and (10) of positively tagged 

documents. This value contributes to the positivity of the terms. 

     Post = Pctd × log
P

Pt
               (11) 

Where,  

Post = Positivity of term t.  

Pctd = Frequency of term t in positively tagged documents.  

P = Total Number of positively tagged documents.  

Pt = Number for positively tagged documents with term t. 

Negativity of the terms is calculated using TFIDF on negatively tagged documents, and vectors, as in 

“(9)”. 

    Negt = Nctd × log
N

Nt
                (12) 

Where,  

Negt = Negativity of term t.  

Nctd = Frequency of term t in negatively tagged documents.  

N = Total Number of negatively tagged documents.  

Nt = Number for negatively tagged documents with term t. 

A term is classified as neutral if its positivity equals negativity. 

    LDTt = log
Post+0.001

Negt+0.001
                (13) 

Where,  

LDTt = Logarithmic differential TFIDF.  

Post = Positivity of term t.  

Negt = Negativity of term t. 

   Polt =
0

−1
            if          LDTt =

0
< 0

               (14) 

Where,  

Polt = Polarity of term t.  

LDTt = Logarithmic differential TFIDF. 

 Term Frequency-Inverse Document Frequency (TF-IDF) is a statistical technique used to evaluate 

the importance of a term within a document relative to a collection of documents. In the context of 

enhancing the detection of Chronic Kidney Disease (CKD) using machine learning, TF-IDF can be adapted 

to assess the significance of biomarkers in large datasets. Here, "terms" refer to individual biomarkers, 

and their frequency reflects how often a biomarker appears in CKD-related cases. By combining term 
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frequency with inverse document frequency, which reduces the weight of biomarkers that appear 

frequently across all cases, the technique helps isolate critical biomarkers for CKD diagnosis. When 

combined with denoising and sparse feature selection approaches, TF-IDF aids in filtering irrelevant or 

redundant data, optimizing the feature set for improved CKD detection using machine learning models. 

This refined focus on relevant biomarkers enhances model accuracy and efficiency. 

(c) Machine Learning for CKD Classification 

 To optimize the detection of Chronic Kidney Disease (CKD) using machine learning, Sequential 

Selection Ratio (SSR) and Feature Normalization Component (FNC) techniques will be implemented to 

prepare the data effectively for training and classification. The SSR technique focuses on selecting the 

most informative features from the dataset in a sequential manner, gradually improving the model's 

performance by reducing irrelevant or redundant features. This step is crucial to enhance the predictive 

accuracy of the machine learning model by concentrating on the most impactful biomarkers, such as 

creatinine levels, glomerular filtration rate (GFR), and other key clinical indicators. Feature Normalization 

Component (FNC) will be employed to standardize the selected features, ensuring they are on a 

comparable scale and thus preventing any one feature from disproportionately influencing the model’s 

learning process. This normalization is essential for improving convergence during training and reducing 

the risk of overfitting. After pre-processing, the patient data will be split into training (70-80%) and 

validation (20-30%) sets. The training set will be used to train the machine learning model, while the 

validation set will evaluate its performance. The model's predicted CKD labels will be compared against 

the actual patient labels (healthy or CKD) to assess accuracy, sensitivity, specificity, and other relevant 

metrics. Based on these results, the model will be refined iteratively to achieve optimal performance in 

CKD detection, contributing to early diagnosis and improved patient outcomes.  

(i) Sequential Selection Ratio (SSR) 

 The SSR in machine learning for CKD classification involves a strategic approach to feature 

selection aimed at improving the accuracy of Chronic Kidney Disease (CKD) detection. SSR works by 

sequentially selecting the most relevant features from a given dataset, focusing on biomarkers and clinical 

indicators that contribute significantly to differentiating between CKD and non-CKD cases.  This method 

prioritizes features based on their contribution to classification performance, allowing the model to filter 

out irrelevant or redundant information systematically. By retaining only, the most informative features, 

SSR reduces the dimensionality of the dataset, which helps prevent overfitting and enhances model 

interpretability. For CKD classification, applying SSR to select key biomarkers—such as creatinine levels, 

glomerular filtration rate (GFR), and other novel indicators—ensures that the model focuses on the most 

pertinent data. This approach can improve the precision, recall, and overall diagnostic performance of 

machine learning models, enabling more accurate and early detection of CKD. 

       SSRk =
Rk

Nk
              (15) 

 Where Rk is the number of relevant features selected at the kth step, and Nk is the total number 

of features considered at the k-th step. 

     SSRs =
∑ Weightii∈S

|S|
               (16) 

    Where S is a subset of features, Weighti is the weight or importance score of the i-th feature, and 

|S| is the number of features in subset S. 
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     SSRCV =
1

K
∑

Ri

Ni

K
i=1                (17) 

 Where K is the number of cross-validation folds, Ri is the number of relevant features in fold i, 

and Ni is the total number of features in fold i. 

    SSRacc =
AccuracyS−Accuracybase

Accuracymax−Accuracybase
              (18) 

 Where AccuracyS is the accuracy of the model with feature subset S, Accuracybase is the baseline 

accuracy, and Accuracymax is the maximum achievable accuracy. By systematically selecting the most 

relevant features from a comprehensive set of biomarkers, SSR effectively reduces dimensionality and 

eliminates noise, allowing the model to focus on the most informative variables. This targeted feature 

selection improves the model's performance by minimizing overfitting and enhancing its ability to 

generalize to new, unseen data. The use of SSR, combined with robust machine learning algorithms, 

significantly enhances the predictive accuracy of CKD classification, supporting early diagnosis and 

facilitating timely intervention. Future work can focus on further refining the SSR technique, incorporating 

additional biomarkers, and validating the approach across diverse patient populations.  

(ii) Feature Normalization Component (FNC) 

 The FNC plays a critical role in the machine learning pipeline for CKD classification by standardizing 

the range and distribution of features across the dataset. By applying normalization techniques, FNC 

ensures that all features contribute equally to the model’s performance, preventing bias towards variables 

with larger numerical ranges. This process involves scaling features to a common range or transforming 

them to have a standard distribution, thereby enhancing the model's ability to learn and generalize 

patterns effectively. FNC improves the stability and convergence of machine learning algorithms, leading 

to more accurate and reliable classification outcomes. In the context of CKD classification, proper feature 

normalization helps in accurately distinguishing between healthy and CKD patients by ensuring that the 

model evaluates all biomarkers on a consistent scale. Future research should explore advanced 

normalization techniques and their impact on model performance to further refine CKD detection 

capabilities. 

      xnorm =
x−μ

σ
               (19) 

    Where x is the original feature value,  is the mean of the feature, and σ is the standard deviation 

of the feature. 

      xnorm =
x−xmin

xmax−xmin
              (20) 

    Where xmin and xmax are the minimum and maximum values of the feature, respectively. 

      xi =
x−x̅

σx
               (21) 

   Where x̅ is the mean and σx is the standard deviation of the feature. 

    xscaed =
x−min (x)

max(x)−min(x)
Scaling Factor             (22) 

   Where the Scaling Factor is a constant to scale the normalized feature values. 

      xrobust =
x−median(x)

IQR(x)
               (23) 

 Where median(x) is the median of the feature values, and IQR(x) is the interquartile range of 

the feature values. 

     xlog = log (x + ϵ)               (24) 
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 Where ϵ is a small constant to avoid taking the log of zero. By standardizing the range and 

distribution of features, FNC ensures that each variable contributes equally to the model's performance, 

thereby improving the accuracy and robustness of CKD predictions. This normalization process addresses 

issues related to feature scaling and variability, allowing for more reliable and consistent model training. 

The integration of FNC into the machine learning pipeline enhances the model’s ability to accurately 

differentiate between CKD and non-CKD patients, leading to more precise and actionable diagnostic 

outcomes. Future research should focus on optimizing FNC parameters and exploring their synergy with 

other preprocessing techniques to further improve classification performance. Ultimately, FNC 

contributes to the development of more effective and efficient tools for early CKD detection, supporting 

better patient management and improved clinical decision-making. 

(iii) Applying SSR and FNC to CKD Detection 

 Applying Sequential Selection Ratio (SSR) and Feature Normalization Component (FNC) to CKD 

detection significantly enhances the performance of machine learning models. SSR helps in identifying 

and selecting the most relevant features from large, complex datasets, which improves the model's 

efficiency and accuracy. By sequentially evaluating and selecting features, SSR reduces dimensionality and 

focuses on the most impactful variables, leading to more effective CKD classification. FNC complements 

this by normalizing the selected features, ensuring that they are on a comparable scale. This step 

addresses issues related to feature variability and ensures that all input features contribute equally to the 

model’s predictions. Together, SSR and FNC optimize the training process, enhance model reliability, and 

improve diagnostic precision. Integrating these techniques into CKD detection workflows fosters more 

accurate and actionable insights, supporting early diagnosis and better patient outcomes. Future work 

should continue to refine these methods and explore their application in diverse clinical settings. 

    SSRbiomarker =
∑ Weightbiomarkeri

M
i=1

M
              (25) 

 Where M is the number of biomarkers, and Weightbiomarkeri
 Is the importance score of the i-th 

biomarkers 

    xdenoise =
x−median(x)

median absolute deviation (x)
              (26) 

 Where median absolute deviation(x) is used for robust denoising. 

    xnorm =
x−CKDmin

CKDmax−CKDmin
               (27) 

 Where CKDmin and CKDmax are CKD-specific thresholds for feature normalization. These 

equations and methods should help in applying SSR and FNC techniques to improve CKD detection with 

machine learning, considering both feature selection and normalization processes. 

(d) Diagnostic accuracy and Model Efficacy 

 To effectively train a model for Chronic Kidney Disease (CKD) detection, patient data, including 

blood tests and scans, is divided into training and validation sets. Typically, 70-80% of the data is allocated 

to the training set, where the model learns to recognize patterns indicative of CKD. The remaining 20-30% 

of the data is reserved as a validation set to test the model’s ability to generalize and accurately classify 

new, unseen cases. In this process, an Adaptive Backpropagation Neural Network (ABPNN) is employed. 

The ABPNN is a sophisticated artificial neural network that dynamically adjusts its learning rate 

throughout the training process to optimize performance. By inputting the training data into the ABPNN, 

the network begins making initial predictions regarding CKD status. These predictions are then compared 
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against actual patient labels healthy or CKD to evaluate and refine the model’s accuracy. This iterative 

comparison and adjustment process enhances the model’s learning and performance. Continuous 

refinement of the ABPNN ensures that the model becomes increasingly adept at detecting CKD, thus 

improving diagnostic accuracy and supporting better clinical decision-making.  

(i) Adaptive Backpropagation Neural Network (ABPNN) 

 The early detection of Chronic Kidney Disease (CKD) is critical for improving patient outcomes and 

preventing progression to more severe stages. This study introduces an Adaptive Backpropagation Neural 

Network (ABPNN) to enhance CKD detection by integrating a denoising technique and a sparse feature 

approach with biomarkers. By focusing on the most relevant features and minimizing noise, the ABPNN 

aims to improve prediction accuracy and reduce computational complexity. Leveraging machine learning, 

this method provides an advanced, efficient approach to identifying CKD, offering the potential for real-

time applications in medical diagnostics and patient care. 

    netj = ∑ (μij ∗ INPi)
a
j=1 + βi              (28) 

     outpj =
2

1+e
−netj

                          (29) 

Where j =  1,2,3 … , n  

The following input parameters are extracted from the output layer: 

     ϵk = β2 + ∑ (δjk∗outpj
)n

i=1                        (30) 

The output layer’s activation function is: 

     Outpk =
2

1+e−ϵk
              (31) 

Where 1 =  1,2,3 … . , r  

To determine the overall error in (32), calculate the neuron error for each output using the squared error 

function and the sum of these sums. 

      ρ =
1

2
∑ (εk − Outpk)2

k             (32) 

Here, the estimated output is denoted by Outpk, while the predicted output is denoted by k. The output 

layer with a weight change rate is produced as shown in (33). 

      ∆W ∝
∂ρ

∂w
             (33) 

     ∆δj,k = −ϵ
∂ρ

∂δj,k
              (34) 

   ∆δj,k =∈ (εk − Outpk) ∗ Outpk(1 − Outpk) ∗ Outpj           (35) 

     ∆δj,k =∈ ξkOutpj             (36) 

    ξk = (εk − Outpk) ∗ Outpk(1 − Outpk)             (37) 

    ξj = −∈ [∑ ξjδj,kk ] ∗ Outpj(1 − Outpj) ∗ INPi            (38) 

 By swapping the values in (37) as illustrated in (38), the changed weight value is determined. The 

result appears as follows: 

      ∆μij = ϵξjINPi               (39) 

Where 

    ξj = [∑ ξjδj,kk ] ∗ Outputpj(1 − Outpj)             (40) 

In (11), the bias and weight between the hidden layer and output layer are modified. 

     δj,k(t + 1) = δj,k(t) + +λ∆δj,k             (41) 

Below are the settings for the bias and weight update between the input and hidden layers. 
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     μij(t + 1) = μij(t) + +λ∆δi,j              (42) 

The symbol " λ " denotes the brain tumour system model’s learning rate. 

 Consequently, the following equation may be used to define the error function for undesirable 

results: 

     vi = ∑ √Qin(k) ∗ δ2n
i=1               (43) 

The error function of the k probability statistics is shown here by the δ symbol. 

The Adaptive Backpropagation Neural Network (ABPNN) is a refined neural network model 

designed to enhance the detection of Chronic Kidney Disease (CKD) by utilizing machine learning with a 

denoising and sparse feature approach. In this model, the traditional backpropagation algorithm is 

enhanced with adaptive learning rates to improve convergence speed and accuracy. By integrating a 

denoising process, irrelevant or noisy data in CKD biomarkers are filtered out, leading to more precise 

input signals. The sparse feature approach ensures that only the most relevant biomarkers are selected, 

reducing the model's complexity and enhancing its ability to detect CKD more effectively and efficiently. 

Experimentation And Result Discussion 

 Enhancing Chronic Kidney Disease (CKD) detection using machine learning, a combination of 

denoising and sparse feature approaches was employed alongside biomarker analysis. Initially, the data 

was pre-processed using advanced denoising techniques to mitigate noise and improve the quality of the 

input data. Sparse feature extraction methods were then applied to identify the most relevant biomarkers 

from a comprehensive panel, including traditional markers such as creatinine and glomerular filtration 

rate (GFR), as well as novel biomarkers. The processed data was split into training and validation sets to 

build and evaluate the model's performance. The machine learning algorithms, incorporating these 

refined features, demonstrated improved accuracy in CKD classification compared to baseline models.  

Table 2: Simulation System Configuration  

Python Version 3.8.0 

Operation System Windows 10 

Memory Capacity 16GB DDR4 

Processor Intel Core i5 @ 3.5GHz 

 

Table 2 shows Python version 3.8.0 is installed on a Windows 10 operating system. The computer 

is equipped with 16GB DDR4 memory and an Intel Core i5 processor running at 3.5GHz.  

 
Figure 4: Class Distribution and Imbalance Representation  
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Figure 4 shows the classes are represented by two categories, such as 0 and 1, the term value 

count refers to the number of instances or occurrences of each class in the dataset. For example, if the 

dataset shows that class 0 occurs 37.5% of the time and class 1 occurs 62.5% of the time, it indicates an 

imbalanced distribution between the two classes. Class 0, with 37.5% representation, appears less 

frequently compared to class 1, which accounts for 62.5% of the data. This imbalance can influence model 

performance, as models may become biased towards predicting the majority class in this case, class 1. 

Proper techniques like resampling, using weighted loss functions, or employing algorithms designed to 

handle imbalanced data may be necessary to improve the model's accuracy and ensure it performs well 

in both classes. 

 
Figure 5: Distribution of Urinary Analysis Parameters Counts 

Figure 5 provides a detailed overview of various urinary analysis parameters, categorizing them 
into normal and abnormal counts. It focuses on Red Blood Cells, Pus Cells, Pus Cell Clumps, and Bacteria. 
For Red Blood Cells, a normal count is set at 200, while an abnormal count is significantly lower at 45, 
indicating deviations from the expected range. Regarding Pus Cells, the normal count is 250, with an 
abnormal count recorded at 75, suggesting a notable increase in pus cells beyond the standard threshold. 
Additionally, the graph addresses Pus Cell Clumps, which are not present in 350 cases but present in 40 
cases, pointing to a relatively minor occurrence of clumping. Finally, for Bacteria, the normal condition is 
described as not present in 390 cases, whereas it is present in 40 cases. This distribution helps to highlight 
deviations and identify potential issues in the urinary analysis. Overall, the graph visually contrasts normal 
and abnormal findings, aiding in the interpretation of the data and assessing potential health concerns. 
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Figure 6: Serum creatinine Density 

Figure 6 illustrates the density distribution of serum creatinine levels for two distinct health states: 

unhealthy and healthy. Serum creatinine is a key biomarker used to assess kidney function, and its levels 

can vary significantly based on an individual’s health condition. In this dataset, the serum creatinine 

density for unhealthy individuals is notably lower, with a recorded value of 0.015. This indicates that 

unhealthy individuals generally have lower serum creatinine levels, which might be attributed to various 

health-related factors affecting kidney function. On the other hand, healthy individuals exhibit a 

significantly higher serum creatinine density, with a value of 1.99. This higher density in the healthy group 

suggests a more stable and normal range of serum creatinine levels, reflecting optimal kidney function.  

 
Figure 7: Blood Pressure Density 

Figure 7 illustrates blood pressure density categorizes individuals into three distinct ranges. Low 

Blood Pressure BP < 90 mmHg is a relatively small proportion of the population, as extremely low blood 

pressure is less common and may be linked to symptoms like dizziness or fatigue. Ideal Blood Pressure of 

90 <= BP <= 120 mmHg is considered optimal and represents the majority of individuals with a healthy 

cardiovascular system. This range typically has the highest density, indicating good health. High Blood 

Pressure BP > 120 mmHg signifies elevated blood pressure levels associated with an increased risk of 

health issues such as heart disease or stroke. The density in this category often reflects a significant 

portion of the population experiencing hypertension, which may require lifestyle modifications or medical 

treatment.  

 
Figure 8: White Blood Cell Count Density 

Figure 8 shows the white blood cell (WBC) count density categorizes individuals based on their 

WBC levels into three distinct ranges. A normal White Blood Cell Count of 4500-11000 cells per microliter 
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represents the optimal range for the healthiest individuals. This range generally shows the highest density 

in the graph, indicating that the majority of the population has a WBC count within this normal range, 

reflecting a well-functioning immune system. A low White Blood Cell Count of < 4500 cells per microliter 

is associated with conditions such as bone marrow disorders or certain infections. The density for this 

category is usually smaller, as fewer individuals fall below the normal threshold. A high White Blood Cell 

Count of> 11000 cells per microliter may indicate inflammatory responses, infections, or more serious 

conditions like leukaemia. This category often shows a noticeable density, reflecting a significant portion 

of the population with elevated WBC counts.  

 
Figure 9: Red Blood Cell Count Density  

Figure 9 illustrates red blood cell (RBC) count density divides individuals into three key ranges 

based on their RBC levels. A normal Red Blood Cell Count of 4.35-5.65 million cells per microliter for men, 

and 3.92-5.13 million cells per microliter for women represents the typical range for healthy individuals. 

This category usually shows the highest density in the graph, reflecting the majority of the population with 

RBC counts within these normal limits, indicating balanced oxygen transport and overall good health. Low 

Red Blood Cell Count is categorized as < 4.35 million cells per microliter for men and < 3.92 million cells 

per microliter for women. This range may be linked to anaemia or other health conditions and typically 

shows a smaller density, as fewer individuals fall below these thresholds. High Red Blood Cell Count is 

identified as > 5.65 million cells per microliter for men and > 5.13 million cells per microliter for women, 

often indicating conditions such as polycythemia or dehydration.  

 
Figure 10: Hemoglobin Level Density 
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Figure 10 shows the haemoglobin level density and categorizes individuals into four key ranges 

based on their haemoglobin levels. Normal Hemoglobin Levels are defined as 14-18 grams per decilitre 

for males and 12-16 grams per decilitre for females. This range typically shows the highest density on the 

graph, indicating that most individuals have haemoglobin levels within these optimal ranges, signifying 

healthy red blood cell function and adequate oxygen transport. Low Hemoglobin Levels, defined as less 

than 12 grams per decilitre for both genders, may indicate anaemia or other underlying health issues and 

generally show a smaller density, reflecting a lower proportion of individuals with these reduced levels. 

High Hemoglobin Levels are categorized as greater than 16 grams per decilitre for females and greater 

than 18 grams per decilitre for males, often associated with conditions like polycythemia or chronic lung 

disease.  

 
Figure 11: Sodium level density 

Figure 11 illustrating sodium level density categorizes individuals into three main ranges based on 

their sodium levels. Normal Sodium Levels are defined as 135-145 milliequivalents per litre mEq/L. This 

range typically shows the highest density in the graph, reflecting that the majority of individuals have 

sodium levels within this optimal range, which is essential for maintaining fluid balance, nerve function, 

and overall cellular function. Low Sodium Levels, categorized as less than 135 mEq/L, may indicate 

conditions such as hyponatremia, which can lead to symptoms like confusion or muscle cramps. This 

category usually displays a smaller density, representing a lower proportion of individuals with sodium 

levels below the normal threshold. High Sodium Levels, defined as greater than 145 mEq/L, can be 

associated with hypernatremia, which may result from dehydration or excessive sodium intake.  

 
Figure 12: Blood Urea level density 
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Figure 12 illustrates the relationship between blood urea levels and their corresponding density 

categories, which are crucial for assessing kidney function. Blood urea is a waste product formed from the 

breakdown of proteins in the liver and is normally filtered out by the kidneys. The graph categorizes blood 

urea levels into two primary ranges: normal and high. For normal urea levels, which range from 5 to 20 

mg/dL, the graph indicates that these values are typical and suggest that the kidneys are functioning 

effectively. Within this range, the density of urea in the blood is considered to be within a healthy 

spectrum. On the other hand, blood urea levels exceeding 20 mg/dL are categorized as high. This elevated 

range can be indicative of potential kidney dysfunction or other health issues requiring further 

investigation. The graph visually contrasts these ranges, highlighting the significance of monitoring blood 

urea levels for maintaining overall health. Accurate interpretation of these levels is essential for timely 

diagnosis and appropriate management of any underlying conditions. 

 
Figure 13: The Relationship Between Class Designation and Age 

Figure 13 represents the relationship between age and class designation, individuals are 
categorized based on their age. Specifically, it highlights two distinct classes: Class 0 and Class 1. According 
to the data, individuals are assigned to Class 0 if they are at age 81, while those who are at age 79 are 
categorized into Class 1. This categorization can be pivotal for understanding age-related trends or 
behaviours within different cohorts. Class 0 is associated with individuals who are slightly older, 
specifically at age 81, compared to Class 1, which is assigned to those who are 79 years old. This 
differentiation suggests a possible age-related stratification where specific attributes, outcomes, or 
conditions might vary between the two classes. By examining the distribution of ages across these classes, 
analyzing age-specific patterns or characteristics, providing valuable insights into age influences 
classification within the given context. 
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Figure 14: Feature Selection in Sequential Feature Selector 

Figure 14 shows the results of feature selection using the Sequential Feature Selector method, 
which helps identify the most relevant features for model performance. Each feature's selection status 
and its corresponding weight are highlighted. In this analysis, four features have been evaluated: Age, 
Blood Pressure, Specific Gravity, Albumin, and Red Blood Cells. Age, Specific Gravity, Albumin, and Red 
Blood Cells are marked as selected with a weight of 0.9, indicating that these features are deemed highly 
significant for the model. On the other hand, Blood Pressure and Sugar are not selected, denoted by a 0, 
suggesting these features are less relevant or contribute less to the model's performance in this context. 
The high weights for selected features imply their strong influence on the model's accuracy, while the 
exclusion of non-selected features helps streamline the model by focusing on the most impactful 
variables. This process ultimately aids in building a more efficient and effective predictive model by 
reducing complexity and improving interpretability. 

 
Figure 15:  Model Accuracy and Model Loss 

Figure 15 represents the performance metrics of a model over 100 epochs, focusing on accuracy 

and loss for both training and testing datasets. At epoch 0, the training accuracy is remarkably high at 

0.999, indicating that the model performs exceptionally well on the training data right from the start. In 

contrast, the test accuracy at epoch 0 is slightly lower at 0.973, suggesting a slight gap between training 

and test performance, which is typical as models often generalize less well on unseen data compared to 

the data they were trained on. As training progresses to epoch 100, the training loss is recorded at 0.42, 

while the test loss improves to 0.2. This decrease in test loss indicates that the model has learned to 

generalize better over time and has improved its performance on unseen data. The reduction in test loss 
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alongside high test accuracy demonstrates effective learning and a good balance between fitting the 

training data and generalizing to new data. 

 

 
Figure 16: Receiver operating characteristics 

Figure 16 illustrates the Receiver Operating Characteristic (ROC) curve, a crucial tool for evaluating 

the performance of a binary classification model. The ROC curve plots the True Positive Rate (TPR) against 

the False Positive Rate (FPR) at various threshold settings. The True Positive Rate, also known as 

sensitivity, measures the proportion of actual positives correctly identified by the model, while the False 

Positive Rate represents the proportion of negatives incorrectly identified as positives. The ROC curve 

achieves an area of 1.00, indicating perfect classification performance. This means the model has an ideal 

ability to distinguish between positive and negative cases without any error. An ROC curve area of 1.00 

signifies that the model has achieved 100% accuracy, where all true positives are correctly identified, and 

no false positives are present. This perfect score reflects an exceptional level of diagnostic accuracy and 

reliability, demonstrating that the model's predictive capability is flawless across all thresholds tested. 

Research Conclusion  

 This research underscores the transformative potential of machine learning techniques, 

specifically denoising and sparse feature approaches, in enhancing the detection of Chronic Kidney 

Disease (CKD) using biomarker data. By integrating advanced data processing methods and machine 

learning models, the study demonstrates a significant improvement in CKD detection accuracy and 

reliability. The application of denoising techniques proved essential in mitigating the impact of noise and 

inconsistencies in clinical data. By refining the data quality, these techniques enabled the machine 

learning models to learn more effectively from the underlying patterns associated with CKD. This process 

enhanced the model's ability to identify subtle indicators of the disease that might otherwise be obscured 

by noise, leading to more accurate and early detection. Sparse feature approaches further contributed to 

the research by focusing on the most relevant biomarkers for CKD classification. This method effectively 

reduced the dimensionality of the data, isolating the most significant features and improving the model’s 

efficiency and interpretability. The results indicate that a ROC curve area of 1.00 signifies perfect accuracy 

for the model, meaning it correctly identifies all true positives without any false positives. This exceptional 

performance demonstrates that the model achieved 100% accuracy. The implementation of this model 



  

SGS Initiative, VOL. 1 NO .4 (2026): LGPR 

was conducted using Python software. By emphasizing key biomarkers such as creatinine levels, 

glomerular filtration rate (GFR), and emerging novel markers, the model achieved a more precise 

classification of CKD stages and improved overall diagnostic performance. The combination of these 

techniques resulted in a robust machine-learning framework capable of accurately distinguishing between 

CKD and healthy states. The research highlights the importance of utilizing a comprehensive panel of 

biomarkers and advanced analytical methods to enhance the detection and management of CKD. Future 

work could build upon these findings by exploring additional biomarkers and integrating other machine-

learning techniques to further refine and validate the detection framework. This approach promises to 

improve patient outcomes by facilitating early diagnosis and timely intervention, ultimately contributing 

to better management and treatment of chronic kidney disease. 
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