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Abstract:  

Purpose: The goal of this research project is to address the increasing prevalence of 

chronic kidney disease (CKD) and the challenges associated with its early detection. 

The study proposes a new approach that combines Linear Discriminant Analysis 

(LDA) to reduce the number of features and Artificial Neural Networks (ANN) for 

accurate and early identification of CKD. The primary objective is to create a smart 

decision-making system that can help nephrologists in India diagnose CKD in the 

early stages. 

Method: The study is based on a dataset collected from DY Patil Hospital in Navi 

Mumbai. It consists of around 500 records with 21 attributes. To improve accuracy 

and reduce prediction time, the proposed model combines LDA and ANN. Feature 

selection is carried out using Recursive Feature Elimination (RFE), which identifies 

Creatinine, BUN, and Urea as crucial factors. The methodology includes 

preprocessing, hyperparameter tuning, and classification. Statistical analyses, such 

as hyperparameter values, Friedman's Test, and parallel computing evaluation, are 

used in the comprehensive methodology. 

Results: The proposed hybrid model, referred to as a Hybridized LDA with ANN 

(HLDANN), outperforms traditional classifiers like SVM, LR, RF, DT, KNN, and 

even a standalone ANN. The model achieves an accuracy of 93.22% on a real-time 

dataset, surpassing other algorithms. Precision, recall, and F1 score metrics further 

validate the effectiveness of HLDANN. Parallel computing analysis demonstrates 

reduced prediction time with an increase in worker nodes. 

Conclusion: Based on the study, the hybrid model is an effective method for 

detecting CKD at an early stage. It provides significant accuracy improvements 

compared to existing methodologies. The key features identified in the study align 
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with known biomarkers, confirming the model's reliability. To further enhance the 

model's robustness, future research could explore additional biomarkers, diverse 

data sets, and non-invasive techniques. The proposed algorithm shows promise as a 

valuable tool for the medical community that could contribute to early CKD 

diagnosis and improved patient outcomes. 

Keywords: Chronic Kidney Disease, Glomerular Filtration Rate, Artificial Neural 

Networks, Linear Discriminant Analysis, Recursive Feature Elimination. 

 

1. Introduction 

CKD is a global public health issue with an increasing prevalence. CKD leads to difficulties 

in extracting waste products from the body and in case this worsens, these wastes get mixed 

with blood and may develop multiple complications like heart diseases, fragile bones, 

diabetes, etc. Loss of the kidney function leads to some devastating symptoms like abdominal 

pain, diarrhea, nausea, etc. In the general population, the prevalence is estimated to be 

between 11 and 13 percent, and it is linked to an elevated risk of cardiovascular disease and 

mortality when compared to the non-CKD population. CKD, on the other hand, can be 

asymptomatic in its early stages and is frequently misdiagnosed. The prevalence of this kind 

of disease is rising in developed as well as developing countries, which is something that 

needs to be addressed [1]. The hospitalization rate for such a disease increases every year by 

6.23 percent, but the mortality rate has not changed [2]. As a result, even in rich nations like 

India, CKD unawareness is common. Due to this growing unawareness, it is extremely 

imperative to overcome this disease through early detection, monitoring, and handling of the 

same. Figure 1 describes the prevalence of CKD in India in the year 2021. 

 

Fig. 1 Prevalence of CKD in India in 2021 

Intelligent decision-making systems for early and automatic diagnosis are especially 

preferred to be used against such kinds of diseases due to the dearth of personnel and 

infrastructure required for manual sickness diagnosis [3]. Data mining methods can assist in 

the prediction of the most relevant risk factors that are connected to CKD by using their 

previous medical records. Data mining algorithms can play a big role in finding out hidden 

information from huge databases and may help figure out precise treatment plans. Support 

Vector Machine (SVM), Artificial Neural Networks (ANN), Logistic Regression (LR), 

Decision Tree (DT), Extreme Gradient Boosting (XGBoost), Naive Bayes (NB), and fuzzy 
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set theory are all important AI methods that when combined with medical experience can help 

detect breast cancer, tuberculosis, heart disease, diabetes, etc. CKD is one of the pivot areas of 

this AI-based medical diagnostics development. In CKD, the kidneys’ ability to filter blood 

and eliminate metabolic waste gradually deteriorates. A blood test is used to detect how well 

the kidneys are working by looking for biomarkers like urea, creatinine, and other waste 

products in the blood. Glomerular Filtration Rate (GFR) is a metric that determines how 

much damage has been done to the kidneys [4]. This is referred     to as the estimated 

Glomerular Filtration Rate (eGFR). The phases of CKD detected based on GFR are shown in 

Table 1. 

Table 1 Stages of CKD 

Stage Description GFR Percent Kidney 

Function 

    1 

    2 

   3A 

 

   3B 

 

    4 

    5 

Normal functioning kidney 

Slight decline in kidney function 

Moderate decline in kidney 

function 

 

Moderate decline in kidney 

function 

 

Severe decline in kidney 

function 

Kidney Failure  

 

     ≥ 90ml/min 

    60-89ml/min 

    45-59 ml/min 

 

    30-44 mL/min 

 

    15-29 ml/min 

    ≤ 15ml/min 

            ≥ 90 % 

           60-89 % 

           45-59 % 

            

           30-44 % 

           

           15-29 % 

            ≤ 15 % 

To design an AI-based treatment for CKD, data must be collected, and evidence needs to be 

studied. While diagnosing any kind of disease, the clinical decision is mainly dependent on 

the patient's symptoms and the experience of physicians [5]. The major problem in the 

prediction of CKD is that the patients do not get any symptoms up to stage 3. Only when a 

patient tries to get tested for some other disease like hypertension, blood pressure, or diabetes, 

does he accidentally get to know that his kidneys are also deteriorating.  

To streamline the diagnosis of CKD amidst symptoms resembling those of other diseases, it's 

crucial to prioritize key symptoms (features). This approach minimizes the need for extensive 

testing and requires efficient feature selection and reduction in data mining to pinpoint the 

most significant indicators [6]. Until stage     3, there are no signs or symptoms of CKD [7]. As 

a result, approaches that can detect this form of sickness in its early stages are required. The 

need for a classification system facilitates the perfect and timely diagnosis of any disease. 

Consequently, this improves the speed and efficiency of decision-making processes [8]. The 

objective of this study is to introduce a novel technique designed to swiftly identify the 

presence of CKD during its initial stages. The work aims to develop a project that will be 

beneficial to the medical community in India. 

The remainder of the paper is laid out as follows. Literature reviews based on various 

categories are discussed in Section 2. Section 3 will discuss in detail the dimensionality 
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reduction techniques. Section 4 will discuss the hybridized methodology implemented in this 

work with the proposed model and its salient features. We discuss the results obtained and 

our subsequent analysis in Section 5. Analysis concerning prediction time using multiple 

processors is discussed in Section 6. Section 7 provides the statistical analysis results. We 

provide our conclusion for this work in Section 8 followed by references. 

2. Related Works 

Numerous intelligent methods have been employed to detect CKD in its early stages. Over 

the years, AI techniques have demonstrated significant utility in the medical field. The 

following section will outline several methodologies adopted by different researchers, 

categorizing them into supervised Machine Learning (ML) and Deep Learning (DL) 

techniques. This will culminate in a recommendation regarding the preferred AI techniques 

for prediction. Notably, the datasets utilized in these studies are predominantly sourced from 

the UCI machine learning repository, which comprises 400 records, including 250 non-CKD 

and 150 CKD instances, with 25 attributes. Originating from Apollo Hospitals, Tamil Nadu, 

India, this dataset was released in 2005. Furthermore, the literature review suggests that 

existing algorithms generally exhibit satisfactory accuracy levels in prediction tasks. 

The authors in [9] proposed three classifiers SVM, RF, and DT which were able to 

diagnose  CKD.KNN has been used for data assertion techniques. Amongst these classifiers, 

RF gives the best accuracy of 97.2%. The authors in [10] in their research implemented 

Support Vector Machine (SVM) and ANN for their analysis. Their findings indicated that 

ANN exhibited superior accuracy compared to SVM. However, their analysis also revealed 

that employing ANN necessitated more time in comparison to SVM. The researchers in [11] 

in their research used DT. The project had a near-perfect accuracy of 93%. The authors 

concluded that the analysis had to be based on recent evidence. The authors in [12] devised a 

technique for doctors to use in predicting the development of Chronic Renal Failure (CRF) in 

patients. On the CRF data set, the authors used Naive Bayes, KNN, tree-based classification, 

and random subspace algorithms. The KNN classifier gave a 94      percent accuracy rate in the 

random subspace according to the authors. The researchers in [13] developed a gradient-

boosting-based prediction model to diagnose CKD using patients' EHR and billing data. It 

provided an accuracy of about 87%. To predict CKD in diabetic patients, the authors in [14] 

created several artificial intelligence models like Convolutional Neural Networks (CNN), 

ANN, Light Gradient Boosting Model (GBM), etc. Age, gout, diabetes mellitus, 

sulphonamide use, and angiotensin’s were chosen as the most critical factors for CKD 

prediction by the Light GBM model. When compared to other models, CNN had the best 

performance of about 97%. The authors in [15] developed a novel hybrid technique for 

diagnosing CKD by combining the effects of SVM with Random Forest. It gave a prediction 

accuracy of about 92.5 percent. They explored the WEKA tool for finding accuracy. The 

researchers in  [16] suggested an artificial neural network model for CKD diagnosis. The 

diagnostic sensitivity values in this study varied from 91.1 to 92.5 percent, whereas the 

diagnostic                                specificity values ranged from 90.9 to 92.2 percent. The authors used Ant Colony 

Optimization (ACO) for feature selection. They concluded that when they combined the 
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effects of ANN with ACO, they got satisfying results. The authors in [17] have used Naive 

Bayes, DT, and KNN for this task of classification. The findings were that Naive Bayes has a 

lesser precision and KNN took a longer time than other algorithms for prediction. They 

concluded that of all the three algorithms, DT gave the best performance. The researchers [18] 

in their research used the Autoencoder network for prediction. They tested it on only 100 

patients and got an excellent accuracy of 100%. They suggested that it should be explored 

more for real-time patients. The authors [19] in their research for the detection of CKD 

implemented Probabilistic Neural Networks. The authors implemented the same on 361 

patients’ records received from a hospital and looked after stage-wise classification of patients 

also. The accuracy achieved was near 93%. The researchers in [20] implemented a hybrid of 

CNN + SVM. They worked on ultrasonography photographs of patients for their prediction. 

They also concluded that the hybrid model provided a sound accuracy of 88%. 

From the above literature survey, we found out that different algorithms and techniques have 

been applied to date to detect CKD at its early stages. Few of these algorithms have given 

exemplary results. Genetic algorithms and fuzzy logic techniques have also been implemented 

to study their effect on the early detection of CKD. The deep learning algorithms gave better 

performance than the traditional machine learning algorithms. For our initial analysis based 

on a comparison of Machine Learning, Deep Learning, and Fuzzy Logic techniques, we 

implemented six Machine Learning and three Deep Learning algorithms on the mentioned 

UCI Dataset [21]. The performance of these models has been described in Fig.2. Based on the 

above review and analysis, we found out that Deep Learning models provide better accuracy 

(approx. 83%) as compared to Machine Learning models. This paper is based on further 

enhancements in our Deep Learning model with an intuition to increase accuracy and reduce 

prediction time. 

 

Fig. 2 Performance of standard algorithms. 

3. Dimensionality Reduction Techniques 

To design any efficient machine learning algorithm, the most difficult part is identifying the 

most important attributes in any given data set. Feature selection and Feature extraction 

methods extract the most significant features and eliminate unrelated features from the 

dataset for enhancing classification performance [21]. These types of methods in turn help 
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lower computational costs and improve results. Machine learning, data mining, bioinformatics, 

biometrics, and information retrieval all have benefitted                                            from dimensionality reduction 

techniques [22]. Dimensionality reduction solutions are designed to minimize dimensions by 

eliminating duplicate and dependent elements and transferring them from a higher 

dimensional environment, which could lead to a curse of dimensionality, to a space with less   

dimensions. This research work focuses on using LDA for dimensionality reduction. It 

captures attribute interaction as well as local interaction between features. This approach can 

also handle multiclass problems and is resistant to noisy and partial data. The LDA approach 

is used to convert the features into a shallow-dimensional space that enhances the proportion 

of between-class disparity to within-class variance, ensuring utmost class separation [22]. 

LDA can be categorized into two types. In class-dependent LDA, each class possesses its 

unique shallow-dimensional space for projecting its data, whereas in class-independent LDA, 

each class is considered distinct from the others. In this variant, all classes project their data 

onto a single shallow-dimensional space. The LDA methodology operates by converting the 

original data matrix into a lower-dimensional space [22]. The LDA approach works by 

projecting the original data matrix into a shallow dimensional environment. The entire 

process of dimensionality reduction has been explained in Figure  3. 

 

Fig. 3 Dimensionality Reduction Technique 

4. Proposed Model Hybridized LDA-Based ANN(HLDANN)  

In this paper, we propose a hybrid model which has been built to predict CKD in its early 

stages. The main idea of the hybrid model is to combine the features of LDA and ANN which 

will create a more robust architecture. The benefits of dimensionality reduction along with 

the aid of ANN will help in giving more accurate and faster results. The test results show that 

the proposed model has a sound accuracy and takes less time in prediction as compared to the 

other algorithms discussed. 
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Salient Features of the proposed model. 

1. Less complicated design. 

2. Better Accuracy 

3. Faster prediction due to implementation of dimensionality reduction techniques with 

ANN. 

4. Focus on important features only by using Feature Extraction Techniques. 

4.1   Selection of LDA over PCA 

PCA aims to uncover the primary directions of variance within a dataset as part of its 

unsupervised dimensionality reduction process. The goal is to identify a more manageable 

subset of variables or traits that best represent the salient patterns in the data. Preprocessing 

data for machine learning algorithms is a common application of PCA. The goal of LDA, a 

supervised technique for dimensionality reduction, is to identify the linear feature 

combination that best divides a dataset's classes. The goal is to make the data less 

dimensional while keeping the information that matters most for class differentiation. While 

LDA is widely used for feature selection and classification, PCA is frequently used for 

exploratory data analysis and data preprocessing for machine learning algorithms. Due to the 

above reasons, the above research uses LDA over PCA for feature extraction. 

4.2   Study Design and Dataset 

This is an analytical study that has been conducted on the patients of DY Patil Hospital Navi 

Mumbai, for 2.5 years. We collected approximately 500 records from the patients who came 

to be tested for      CKD. These had 250 CKD and 250 Non-CKD records. It consisted of around 

21 attributes that are usually used by hospitals/clinicians to check whether a patient has CKD 

or not. A list of such parameters and their ranges has been provided in Table 2.  

Table 2: Details of CKD Dataset 

Features Units Ranges 

 age 

 gender 

 vol 

 sg 

 freq 

 sod 

 pot 

 chlo 

 phos 

 prot 

 alb 

 glob 

 urea 

 creatinine 

- 

- 

ml 

mg/dl 

ml 

mg/dl 

mEq/L 

mEq/L 

mEq/L 

gms 

gms 

gms 

mgs/dl 

mgs/dl 

25-60 

M-Male F-

Female 

2-5 ml 

0-1.25 

0-5 

0-163 

0-47 

0-76 

0-83 

0-9 

0-5 

0-7 

4.75-183.3 



Panamerican Mathematical Journal 

ISSN: 1064-9735 

Vol 35 No. 2s (2025) 

 

 

394 
https://internationalpubls.com 

 bun 

 uricacid 

 rbc 

 wbc 

 pcv 

 pe 

 ane 

classification 

mgs/dl 

mEq/L 

millions/cmm 

cells/cumm 

cells/cumm 

- 

- 

- 

0.03-11.4 

0-165 

0-391 

5.0-9.0 

6.0-11.0 

0-54 

yes,no 

yes,no 

ckd/notckd 

 

A line graph was plotted to understand the amount of these biochemical parameters in the 

blood stream of the CKD as well as Non-CKD patients. This graph helped us in identifying 

major parameters for decision making. Out of the 21 major parameters, we found out that the 

major 3 parameters for predicting CKD were Urea, BUN, and Creatinine. This has been 

evidently presented in Fig 4 ,5, 6 and 7.   

Since usually patients having diabetes and hypertension tend to have more pressure on their 

kidneys, we targeted their records for our analysis. Keeping this thing in mind, we aim to 

predict CKD at least 6 months before a person enters stage 3 of CKD. 

 

Fig. 4 Contributing Factors in Decision Making 

 

Fig. 5 Urea Levels of Patients with and without CKD 
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Fig. 6 Creatinine Levels of Patients with and without CKD 

 

Fig. 7 BUN Levels of Patients with and without CKD 

 

4.3   Data Pre-processing 

The preparation phases included the estimation of missing values, the normalization of data, 

and the elimination of noise. Some data received from the hospital was incomplete, so by 

applying imputation methods, we tried to fill them. 

4.3.1 Handling Missing Values 

124 records were found to have some missing attributes. The easiest method for dealing with 

missing values is to ignore records; however, this is not a good solution for tiny data sets, such 

as ours. During the data preparation process, the data set is inspected to see whether any of the 

attribute values are not present. The missing tuple values were scaled using statistical methods 

of median imputation. This was possible only for numerical data. According to us, the data 

received was very skewed, hence we decided to use the median approach for replacing 

missing values. 

4.3.2 Categorical Data Encoding 

Categorical values must be encoded into number values because this will be helpful for the 

ML algorithms for their analysis. The binary numbers “0” and “1” are used to indicate the 

features of categories like “no” and “yes,” respectively. 
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4.3.3 Data Transformation 

The technique of altering values on the same scale so that normalization can be maintained 

throughout data is called data transformation [23]. Regardless of the unit of weight, machine 

learning algorithms interpret higher values as greater and lower values as lesser. Data 

transformations change the values in a data set to allow for additional processing. This study 

uses a data normalization strategy to increase the accuracy of machine learning models [24]. 

This process standardizes the data by rescaling it to a range of -1 to +1 with a mean of 0 and 

standard deviation of 1. 

4.3.4 Outlier Detection 

Outliers are anomalous observations that stand out from the remaining data. An outlier could 

be the result of the error or measurement variability. An outlier can mislead the machine 

learning algorithm's learning process. It results in longer training times, lower model 

accuracy, and, ultimately, poorer results [25]. This study uses the Interquartile Range (IQR) 

technique to remove outliers before feeding data into the learning algorithm. 

4.3.5 Feature Selection Process 

Feature nomination means selecting only those sub-features for training that may be helpful 

in the prediction of CKD. Usually, training a model on a few selected features for prediction 

is always better   than training on all features. The benefits of Feature selection are as follows: 

1. The machine learning algorithm can train more quickly as a result. 

2. A model becomes less complicated and is simpler to interpret as a result. 

3. If the proper attribute gets selected, a model’s accuracy increases. 

4. Overfitting is decreased. 

In this work, we tried to implement the Recursive Feature Elimination Technique. As a result, 

we explored three possible methods: 

1. Forward Selection: Here, we start with no model being added to the process. With every 

iteration, we add one feature at a time and keep on analyzing till the performance improves. 

2. Backward Elimination: In this method, the model starts with all features and tries to 

remove the least        significant feature during each iteration. This process continues up to the 

time there is no change in performance metrics even after the removal of any feature [26]. 

3. Recursive Feature Elimination (RFE): In this, it repeatedly finds the best and the worst 

performing subsets after each iteration. It follows the greedy approach to find an optimal 

solution. It creates the feature sets every time based on left-out features. It then selects the 

best features out of the given ones. We selected RFE for our project since the method was 

very easy to configure, and we found it to be computationally less expensive as compared to 

the other two wrapper methods. 

Regarding the given research, the RFE algorithm has proved Blood Urea Nitrogen (BUN), 

Serum Creatinine, and Urea to be the most important features. These selected features are 
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depicted in Figure 8. 

 

Fig. 8 Important Features 

4.4  Methodology 

The suggested model has been illustrated in Figure 9. 

 

Fig. 9 Proposed Model 

With an intent to receive better accuracy for our model, we tried enhancing the model by 

applying Dimensionality Reduction and Feature Elimination techniques. In this approach, we 

have tried to implement LDA and RFE over ANN. Pre-processing, model training and hyper-

tuning, and label classification are the three stages of the proposed model. The CKD data set 

is split into training and testing data sets after applying fundamental pre-processing 

techniques. The percentages are set as 80% and 20%, respectively. Only a few of the study’s 

21 features were selected via RFE. The processing complexity of the approach is decreased 

by the RFE algorithm, which values each feature according to its significance. Finally, 

attributes that are redundant or unimportant are eliminated. The learning model is                            fed the 

most crucial traits. LDA has been added on top of ANN By addition of this layer, the total 

number of features used for decision-making has now been reduced to 3 instead of 11. A list 

of such features has been specified in Table 3. In essence, this is done so that we can advance 
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toward intra-class low variance and inter-class high variance without penalizing the 

misclassifications [27] 

Table 3: Number of features selected by RFE and RFE+ LDA 

Sr. 

No 

RFE RFE+LDA  

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

 dm 

 sod 

 pot 

 alb 

 urea 

 creatinine 

 bun 

 ht 

 hgb 

 su 

 bp 

urea 

creatinine 

bun 

The ANN receives the results of this layer. The suggested model has 5 layers: 1 input layer, 2 

hidden layers, 1 dropout layer, and 1 output layer. The dropout layer is typically added to 

neural networks to lessen the impact of underfitting. The two concealed levels are followed 

by the introduction of this layer. Dropout rates for the drop layer are 0.2. Since LDA and RFE 

were already in place when ANN was introduced, there were now just 3 neurons in the input 

layer of ANN as opposed to 23 neurons previously. The hyperparameters must be used to 

optimize any ANN. Our network uses the "adam" optimizer [28]. When it comes to offering 

an ideal gradient descent, the Adam optimizer performs far better than many other 

algorithms. This is so because the effects of the two separate gradient descent approaches can 

be combined. Because of its simple and efficient classification approach, the Rectified Linear 

Unit (ReLU) stands out as the most widely recognized activation function in deep learning 

models [30]. The trials' findings show that the representations made using the suggested 

approach are discriminative and improve classification accuracy. When implementing real-

time data prediction using shallow ANN (ANN with a single hidden layer), the prediction 

received was near 87.32 percent. As discussed above, we implemented a heterogeneous model 

by implementing the features of RFE and LDA above ANN. As a result, the ANN was 

trained and subsequently tested only for the selected features. Due to this, we  received a 

slightly high accuracy of approximately 91 percent. Since the dataset received was quite 

unbalanced, we also planned to check the precision, recall, and F1 score as our performance 

metrics. The entire process has been explained using the below algorithm. 

Algorithm: Hybridized LDA with ANN Input: A dataset consisting of 200 real-time records 

Output: Classification: Whether CKD or Not CKD 

Algorithm: 

1. Provide the dataset to the Feature extraction module. 
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2. Out of the 21 features provided, the module returns the most important 11 features. 

2.1 for Each subset Pi, i=1 to S 

Keep the Pi most important Variables Preprocess the data 

Train the model on the training set using Pi predictors Calculate the model’s performance 

Recalculate the rankings of each predictor End 

2.2 Calculate the performance profile and determine the number of predictors 

3. Feed these predictors to the LDA module for dimensionality reduction 

3.1 The mean (m) value of each input (x) for each class (z) can be estimated as: 

𝒎 = 𝟏 ∕ 𝒏𝒛 ∗ 𝜮 ⋅ 𝒔𝒖𝒎(𝒙) (4.4.1) 

where nz is the total number of instances in class k. 

3.2 Using Bayes’ theorem, we can show that the base probability (Pk) of each 

class(z) can be calculated as 

𝑷𝒌 = 𝒏𝒛/𝒏 (4.4.2) 

3.3 Based on the above data, the discriminant function can be considered as: 

𝑫𝒌(𝒙) = 𝒙 ∗ (𝒎/𝒗𝒂𝒓) – (𝒎^𝟐/ (𝟐 ∗ 𝒗𝒂𝒓)) + 𝒍𝒏(𝑷𝒌) (4.4.3) Where Dk(x) is the 

discriminant function and var is the variance respectively. 

4. The output which consists of only 3 important features now is fed to the ANN 

We take the input variables and the Neural Network equation of 

Z = W0 + W1X1 + W2X2 + …+ WnXn 

to compute the final output or the predicted Y values, called the Ypred.W0 is called the bias 

We apply the ReLu activation function and adam optimizer 

5. Ypred gives us the final prediction of whether a person is having CKD or No. 

5. Results and Discussions                                                   

The proposed model has been tested for accuracy, precision, recall, and prediction time. 

Figure 10 represents the heatmap labelling the correlations between the attributes. 
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Fig. 10 Heatmap 

Hyperparameters are variables that cannot be learned directly during the training process [33]. 

The adjustment of hyperparameters enables excellent ANN classifier accuracy while 

simultaneously lowering computing costs. Table 3 depicts the hyperparameter tuning 

implemented for the proposed model. We implemented all the above-mentioned algorithms 

and our proposed hybrid model on the dataset described above. The optimal parameter values 

are discovered using a grid search and 10-fold cross-validation [31]. The results are quite 

impressive since the proposed model gives a better accuracy as compared to the other models. 

The comparative analysis of these models is described in Table 4. 

Table 3: Hyperparameters 

Hyperparameters               Values 

    Epochs 

    Batch Size 

   Activation function 

   Optimizer  

                       30 

                       15 

                      ‘ReLu’ 

                      ‘adam’ 

 

The model is implemented on GPU processors and its performance has been tested first using 

2 and then using 4 worker nodes. This is done to understand the intent of parallel processing 

that can be involved. The proposed model is compared with different classifiers like SVM, 

LR, DT, RF, KNN, and ANN. 
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Table 4: Performance Analysis 

  Algorithms       Accuracy in % 

    SVM 

    KNN 

    LR 

    DT 

    RF 

    ANN 

    HLDANN   

              78.26% 

              72.21% 

              80.23% 

              83.1 % 

              85.34% 

              87.32% 

              93.22% 

 

We have also compared the precision, recall, and F1 scores of all the above-mentioned 

algorithms. All the 3 parameters had sound results for the proposed hybrid model as 

compared to the other models. Figure 11 describes the same. 

 

Fig.11 Comparison of precision, recall F1 score 

Fig. 12 represents the proposed model’s accuracy and loss. This shows that the accuracy of the 

proposed HLDANN       model is very promising. Fig 13 represents the AUC and ROC of the 

proposed model. 
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Fig. 12 Model Loss and Accuracy 

  

Fig. 13 ROC and AUC curve of proposed model 

We also perform a comparative analysis of how the different algorithms used in the paper 

perform on the online available as well as real time dataset depicted in Table 5. 

Table 5: Comparison of accuracy of the models on different datasets 

 Accuracy 

Model Combined UCI+ Our 

Dataset 

Our Dataset 

SVM 0.7870 0.7826 

KNN 0.7468 0.7221 

LR 0.7802 0.8023 

DT 0.8219 0.8310 

RF 0.8740 0.8534 

ANN 0.8812 0.8732 

HLDANN 0.9210 0.9322 
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The main reason behind implementing RFE was that we came across the most important 

features. The   features that played a major role in the detection of CKD were Creatinine, 

BUN, and Urea. As per records displayed by the International Society of Nephrology, till 

now the best-known biomarker for detecting kidney disease is Creatinine.  

The positive outcomes of the experiments have spurred additional investigation into 

developing enhanced hybrid methods that leverage combinations of ML algorithms. The 

proposed methodology can also be applied to the detection of many other diseases. 

6.  Analysis of results in terms of prediction time 

To understand the effect of parallel computing to reduce prediction time, we planned to 

execute the algorithm in iterations and check the time required using systems with 2 and 4 

worker nodes subsequently. Our analysis is depicted in Table 6. We executed the algorithm 

for 5 iterations on the above-said infrastructure. For this, we used Python's IParallel Package. 

The analysis shows that the time for prediction was subsequently reduced when we worked 

with 4 worker nodes instead of 2 worker nodes. 

Table 6: Analysis of parallel execution 

Iterations Worker 2(in 

ms) 

Worker 4(in 

ms) 

 1 

 2  

 3  

 4         

 5             

      8.02 

      7.16 

      7.11 

      6.22 

      6.21 

       

          6.04 

          6.00 

          5.44 

          5.12 

          5.08 

 

 

This shows that the algorithm is computationally efficient in predicting CKD in case if 

executed using   parallel computations [32]. Further, we compare the time taken for prediction 

by all the algorithms mentioned above. This has been depicted in Figure 14.This shows that 

the proposed model takes less time for prediction. 

 

Fig. 14 Prediction time in ms 
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Table 7 shows a comparative analysis of the proposed model with some of the recent works. 

For this comparison, this proposed research was tested on the data set available on the UCI 

machine learning repository for CKD analysis. The proposed model gave an outstanding 

performance of approximately 93% on the online dataset. 

Table 7: Comparative Analysis of Recent Works 

 

 

 

 

 

 

 

7.  Statistical Analysis 

To compare the performance of the models, we used Friedman’s Test [31]. Here the null 

hypothesis and alternate hypothesis have been formulated as below. 

Hnh: No significant difference between all mentioned algorithms.  

Hah: Difference between all specified algorithms. 

The significance level(α) was 0.05. Since we got the ρ value of the test as 0.25 which was 

greater than the significant level, we would reject the null hypothesis. Thus, there is a 

statistically significant difference between all the applied algorithms. 

8. Conclusions and Future Scope 

We tried to present a hybrid model with a combination of LDA and ANN for the early 

prediction of CKD.  

The subjects analyzed in our study were individuals treated at DY Patil Hospital in Navi 

Mumbai. The performance metrics that were taken into consideration were accuracy, 

precision, recall, F1 score, and prediction time. Dimensionality reduction has identified 

important attributes that have improved accuracy compared to all existing methodologies. 

The proposed algorithm outperformed all the other algorithms in terms of all the above-

mentioned metrics. The identified factors were confirmed by pathologists for confirmation of 

the effectiveness of the results. The algorithm was validated on real-time records received 

from the hospital and the results were quite promising when compared to the standard ML 

algorithms like SVM, LR, RF, DT, KNN, and subsequently shallow ANN. This work 

provided the affirmation of DL algorithms being able to classify patients into various 

categories in terms of the decision-making process. Further to that, more and more data is 

received continuously, which will help us to make the model even stronger to work 

efficiently with diversified data. 

Authors                   Model        Accuracy (%) 

[25] 

[26]  

[27] 

[28]    

[29]    

Proposed Model 

                  Ant Colony 

Optimizer 

                  Neural Network 

                  KNN 

                  CNN 

                  SVM 

                  HLDANN 

       

          79.45 

          79.31 

          83.2 

          82.45 

          87.21 

          93.22  
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In near future, research tends to move in the direction of testing many new biomarkers, which 

may           be helpful in the detection of CKD in its early stages. More research could be done to see 

how different     combinations of machine learning algorithms predict CKD. An information-

driven approach plays a very important role in handling uncertainty. The development of 

algorithms that apply a probabilistic approach in the determination of CKD may also be 

helpful in this scenario. The development of a non-invasive technique for detecting such 

diseases is a need of the time and surely it will help the medical fraternity of our country and 

outside. 
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