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Abstract 

 

Chronic kidney disease (CKD) is a global prevalent ailment that causes lives in a predominant 

number. CKD is the 11th most deadly cause of global mortality with 1.2 million death each year 

and according to kidney Foundation of Bangladesh, around 40,000 CKD people experienced 

kidney failure annually as well as several thousand passed away in short stage of life  because of 

CKD. Predictive analytics for healthcare using machine learning is a challenged task to help 

doctors decide the exact treatments for saving lives. Scientist researched collaboratively chronic 

kidney diseases, with the majority of their work on pure statistical models, generating numerous 

gaps in the development of machine-learning models. In this article we discussed the current 

methods and suggested improved technology based on the XGBoost (Extreme Gradient Boost), 

which combined significant characteristics of the F scores and evaluated four pre-processing 

scenarios. In addition, we provided machine training methods for anticipating chronic renal 

disease with clinical information. Four techniques of master teaching are explored including 

Support Vector Regressor (SVR), logistic Regressor (LR), AdaBoost, Gradient Boosting Tree 

and Decision Tree Regressor. The components are made from UCI dataset of chronic kidney 

disease and the results of these models are compared to determine the best regression model for 

the prediction. From this four preprocessing cases, replacing missing values with mean values of 

each column and choosing important features was most logical as it allows to train with more 

data without dropping. However, XGBoost gave the best outcomes in all four cases where it 

obtained 98% accuracy in case one where nulled valued are dropped, 98.75% testing accuracy 

for both case two and three where null values were replaced with minimum and maximum values 

of each column and it scores 100% accuracy in case four where null values are replaced with 

mean values. Thus, the system can be implemented 
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for early stage CKD prediction in a cost efficient way which will be helpful for under developed 

and developing countries. 

 

Keywords: Chorionic Kidney Disease, XGBoost, Support Vector Regressor (SVR), logistic 

Regressor (LR), AdaBoost, Gradient Boosting Tree and Decision Tree Regressor 
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Chapter 1 

 

Introduction 
 

 

1.1 Motivation 

 

The associated extent of the increased danger of clinical occurrences, which makes it a severe 

public health condition global, is affiliated with chronic kidney disease. Even though it is widely 

accepted that CKD has significant interactions with magnified hazards of end-stage excretory 

organ disease, vessel occurrences and all-cause mortality, there is still a lack of comfortable 

information on individual patients. Excrete organ damage refers to a pathology that allows the 

capacity of the kidney to be reduced by a considerable decrease in the vessel filtration rate (GFR) 

 
[4]. The kidneys operate as filters to remove the waste products from the blood in different tiny 

blood vessels. In certain cases it decomposes and kidneys lose their capacity to distinguish 

nutrients, which ends in nephropathy. CKD has no underlying cause, but it generally becomes 

irreversible and can cause severe health problems. More than ten million people are presently 

filled with nephropathy in the country in line with the Asian nation excretory organ foundation. 
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at concerning £795 for each patient diagnosed with CKD and recorded within the QOF; this can 

be to 1.45 billion a year [2]. Distinguishing individuals with CKD in early stage can facilitate 

scale back the chance of end-stage excretory organ illness. Thus, this paper makes an attempt to   

 

 

1.2 Our Contribution 
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Chapter 2 

 

Literature Review 

 

 



 

4 
 

 



 

5 
 

Chapter 3 

 

Background Studies 
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Lanka, however the current CKD burden in South Asia cannot be systematically reviewed. 

Politicians and health officials find it difficult in these countries to develop a comprehensive 

CKD burden situation and to develop appropriate steps to solve deaths and morbidities in 

connection with CKD. This phylogenetic analysis has therefore been carried out to determine the 

CKD's effect in South Asian nations. 

 

3.1 Search strategy Chronic Kidney Diseases (CKD Statistics of CKD 

 

 

 

3.2 Chronic Kidney Diseases (CKD 

 

Chronic Kidney Disease (CKD) is described as structural / functional renal defects or reduced 

GFR < 60 ml / min/1.73 m2 for 3 months. The CKD definition has been used from the K / DOQI 

practice guideline released in 2002 by the National Kidney Foundation (NKF).CKD was 

described as creatinine clearance (CrCl) or GFR of less than 60 ml / min/1.73 m2.According to 
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3.3 Statistics of CKD 
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. 
 

 

3.4 Risk Factor of Chorionic Kidney Disease 

 

The progressive and generally irreversible disease is chronic kidney disease (CKD). Different 

types of results are concerned with CKD, such as time to dialog, transplantation or GFR. 

Statistical analyzes to examine the relationship between these results and risk factors boosted a 

number of methodological issues. The objective of this research was for these challenges to be 

overviewed and certain statistical methods identified which could address them. Chronic kidney 

disease (CKD) is a general 
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to be "interval censored. Ideally, in the assessment, interval censorship should be taken into 

account, particularly if the time interval between successive measurements is long. Furthermore, 

the assessment of survival may have to take into consideration competing hazards. By definition, 

a competing event is an event that hinders the observation of the interest case. Death, for 

instance, is a competing event for any progression case as patients who die during follow-up can 
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In the section on following outcomes, the noticeable CKD results examined in the selected 

papers are identified and the methods of stagnation used in each kind of outcome are described 

and discussed. We present some future analysis methods where it is necessary. 
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Chapter 4 

 

Proposed Methodology 

 

The system in this thesis dealt with the reduction of functions and the selection of learning 

algorithms for chronic kidney disorder. With the exception of ANN, multiple ML strategies are 

compared without hyper-optimizing the CKD dataset and the XGBoost model performs best. 

The model XGBoost will then be our basic model. The XGBoost model is optimized, its 

performance is analyzed and far better than the current models, based on the full statistical 

measurements. The workflow of this thesis is discussed in Figure 1. 
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Figure 1. Work diagram 
 
 

 

4.1 Dataset 

 

In our thesis, the CKD dataset was obtained from the open source research library of the 

University of California Irvine (UCI) [28 ] which had developed by Dr. P. Soundarapandian. The 

data set includes 25 characteristics of total 400 patients where 250 patients are CKD positive and 

150 patients are normal. The age of individual patients in the dataset ranges from 60 to 90 years 

old. The comparative average density in the dataset varies between one.005 and 1.025, whilst 

every glucose and albumen varies between 0-5. Patients ' Blood Pressure ranges 
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Table 1 . Dataset description  
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Table 2. Dataset for 400 patients  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

4.2 Data Pre-processing 

 

In this thesis, the dataset we used from UCI, has a lots of blank or null data which are needed to 

solve in this pre-processing stage which is shown in the Table 2. Moreover, the non- numerical 

values are needed to be converted numerical values. Using the process below, we converted all 

non numerical values into numerical: 
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Figure 2. Numerical value conversation process 

 

Table 3. Missing value representation  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 3 shows the missing values rate before preprocessing. Now, to preprocessing the dataset, 

we propose four cases, 

 

1. Drop all missing values. 



 

17 
 

2. Replace all missing values with min value. 

 
3. Replace all missing values with max. 

 
4. Fill all missing values with mean values. 

 
 
 
 

Firstly, when the dataset is converted into data frame using pandas, it replaces all blank values 

with NaN. Then for developing cases, as the medical data is imbalanced and only 158 patients’ 

are available, the above processes are applied using “dropna( )” and “fillna(parameters)” 

functions. We will evaluate all cases to generate the best case scenario. 

 

4.3 Prediction Models 

 

We applied XGBoost (Extreme Gradient Boosting) algorithmic program for this prediction 

model [15-20]. XGBoost is Associate in Nursing optimized version of Gradient Boosting call 

Tree (GBDT). XGBoost is Associate in Nursing optimized version of Gradient Boosting call 

Tree (GBDT). The core operate of GBDT depends on several call tree instead of one single tree. 

The good thing about this theorem is that a lot of call plait will provide odd results however 

integration all of those, provides a higher performance and smart accuracy. XGBoost is 

especially developed to resolve supervised learning issues wherever it denotes to the 

mathematical structure that is applied to get the longer term worth . Afterwards, the dataset is 

split into coaching and testing half Generally, the free ensemble model contains a set of 

classification and regression tree, shortly CART. To train the coaching dataset victimization 

XGBoost, we want objective operate. As learning tree design is a lot of advanced than ancient 

optimization wherever gradient will be simply taken, we are able to use additive strategy 

wherever the quality will be reduced by adding new tree one by one rather than all trees quickly. 
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S1: Preserve 10% of the sample as the validation set and another 10% is for validation. To build 

an optimized XGBoost CKD model, use the remaining eightieth. The "n estimators" which 

decide the age of enlightenment of the model are ready for 100 stops to investigate the fit. 
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4.3.1 Support Vector Regression 

 

The Support Vector Regression [10,11] is the AI algorithm controlled regression model, which 

can be used for any schedule or rebound problems. It is essentially used in structural problems, in 

any event. We describe every datum in this algorithmic norm as a point in n dimensional area 

where n is the amount of highlights that one has with an assessment of each element as an 

estimate of a certain order in question. We make order at this point by creating the hyper-plane 

that clearly separates the two classes. Analysts will regularly compute each learning item with 

the value of each component, as a certain quantity in n-dimensional territory. To arrange this, 

finding the hyperplane which is good at separating the 2 classes. It is a double straight 

classification nonprobabilistic that frequently controls how-ever with an auxiliary non- 
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straightand mathematical description and a robust program for the algorithm. SVR model can be 

a contour of the occasions as focus in marked territory so that a straight-line is structured and 

divided. Current experiences are then marked into the indistinguishable region and expected that 

the class within which the hole they fall would be maintained. SVR's most interesting point is the 

indiscriminate reality that in large-scale areas it is potent. 

 

4.3.2 Decision Tree Based Prediction Model 

 

Decision tree[ 12] is a learning algorithm used to characterize and regress. It is implemented by 

dividing the information into two or more subsets that support info factor estimates. The most 

divided areas can be seen by an estimated function or a discordant foundation. The information is 

divided into groups recursively until there is only one instance in the leaves. This is used to 

implement the decision tree classificator by applying a partner degree in sophisticated adaptation 

to the CART rule. Decision trees are evident to decipher and view, as opposed to many 

calculations of schemes. Moreover, no pre-processing is required as anomalies do not impact the 

performance. Additionally, the Euclidian separation is not reinforced. Highlight scaling is not 

necessary henceforth. In addition, scaling can lead to implicit misconceptions because the 

characteristics are adapted. Decision trees cope with each unmixed and numerical variables as 

information worthy of the whole model along these lines, as the data set comprises all sorts of 

component. In this model it confuses and is highly not straightforward the connection between 

the component variable and the target variable. A decision tree therefore has a greater likelihood 

of flanging linear models such as rearrangement reappearances. Although decision Tree has 

several benefits, they also have a few disadvantages. Firstly, Decision Trees to fit is caused by 
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creating a tree that is overly confused and thus does not predict fresh information well. Finally, 

the perfect tree is not restored, because Decision Trees are ravenous algorithms. 

 

4.3.3 Gradient Boosting 

 

Boosting is a way to transform weak learners structure into powerful learners. Every new tree fits 

into a modified version of the initial information set when boosting. In the first instance, the 

AdaBoost Algorithm can be clarified by incorporating the gradient boost algorithm (gbm). The 

AdaBoost Algorithm commences with a decision tree, where each inference is given equal 

weight for each observation. After assessing the first tree, we improve the weights and decrease 

the weights of the findings, which are difficult to identify and simple to distinguish. This 

weighted information is the basis for the second tree. The concept here is to enhance the first 

tree's projections. Therefore Tree 1 + Tree 2 is our new model. The identification coefficient of 

this new 2-tree set model is then estimated and a third tree emerges to predict the amended 

components. For a certain number of iterations, we reiterate these processes. Then trees assist to 

identify observations not well categorized by the past trees. The following trees The weighted 

sum of projections produced by the tree models of the past ensemble model is therefore 

predictions of the final model. Gradient Boosting gradually, additively and sequentially trains 

many models. Gradient Boosting progressively, synergistically, and linearly trains many models. 

AdaBoost and Gradient Boosting Algorithms differ greatly by identifying weak learners ' 

inadequacies throughout the two algoritms. While the AdaBoost model recognizes the 

weaknesses with elevated weight information points, the increase in gradients works by the same 

with loss feature gradients. The loss function is a measure of how good the coefficients of the 

model fit the information at the base. A logical interpretation of loss function is what we try to 
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optimize. For instance, if the sales price are predicted by regression, it would be based on the 

error between true and forecast house prices. the loss function. Likewise, the loss function would 

assess how useful our predictive model is for poor loans to be classified if it's our objective to 

categorize loan defaults. A major reason to use gradient boosters is that it enables one to 

optimize a cost function indicated to the user, rather than a loss function that generally provides 

less control and is not fundamentally compatible with real-world uses. 

 

4.3.4 Logistic regression Based Prediction Model 
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4.3 Model Evaluation 

 

here, we used K-fold cross validation in order to avoid overfitting. We adopt the most popular 

one of K = 10 that divided data equally to 10 folds, where nine folds are utilized for training and 

the remaining one fold is for evaluation. The data set has been reworked and validated over 

again. Only the test information have been used to evaluate the model prediction after the 

training. Through the comparison of different ML algorithms and various parameter settings, the 

models can therefore be obtained as well as their accuracy and standard deviation. Additional 

criteria should also be taken into account. We comply with all performance measures ' 

conventional definitions. The followings are the fundamental terms: 

 
 
 

 

True Positive (TP): This is denoted as the number of CKD cases that are correctly predicted as 
CKD. 

 

False Positive (FP): This is denoted as the number of healthy cases that are wrongly predicted 
as CKD. 

 

True Negative (TN): This is denoted as the number of healthy cases that are correctly 
predicted as healthy. 

 

False Negative (FN): This is denoted as the number of CKD cases that are wrongly predicted as 
healthy. 
 
 

 

• Accuracy  refers a metric used to assess the quantity that is properly predicted by a particular 

class over the overall sample number. The calculation can be done as: 

(1) 
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• Precision is the ratio of the number of correctly predicted CKD cases over the total number of 

the predicted CKD cases and calculated as :  

 

 

• Sensitivity denotes ratio of the properly predicted amount of CKD instances to the complete 

CKD instances and is calculated as: 

  

  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(2) 

(3) 

(4) 
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Chapter 5 

 

Result and Analysis 

 

After doing the preprocessing and applying prediction models, the evaluation methods are used 

for selecting the best model to predict chronic kidney disease in early stage. To evaluate the 

model, accuracy, sensitivity, specificity and F-1 score are measured for training and testing 

validation. The dataset is split into 80:20 ratio to separate training and testing dataset. So, total 

320 patients details are used for case 3,4,5 and 80 patients details for testing. However, as we are 

dropping null values for case one, therefore, only 126 rows of data are used for training and total 

32 data row are used for testing. 

 

Overall, XGBoost performs best and has therefore been adopted as our main ML algorithm. The 

XGBoost model has then been modified with the optimizing technique of the parameter 4.3 on 

all functions. The model was trained and targeted on the data set of the training. An early-stop 

parameter was set to 10 to prevent overfitting of the model. 

 

To analysis the result, first of all, we shows the correlation of the whole dataset in figure 3. The 

correlation shows the dependencies of each feature with rest features. It is visualized using 

python’s seaborn library’s corr ( ) function and heatmap. 
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Figure 3 shows the correlation of dataset parameters.  
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Table 4. Model Comparison in for Case One 
 
 

ML Model Accuracy F1 Score Sensitivity  Specificity 

      

Logistic Regression 100% 100% 100%  100% 

      

AdaBoost 100% 100% 100% 96.26% 

      

SVR 95% 96% 96.77%  92.12% 

      

Gradient Boosting Regressor 100% 98.03% 100% 93.33% 

      

XGBoost 98.75% 98% 98%  100% 

      

      

Decision Tree Regressor 93.75% 94.84%92% 96.67% 

    
 
 

 

Here, Logistic Regression shows the best outcomes and tree structure based algorithms show 

also constant outcomes. However, though dropping null values gives good prediction results, 

it is not counted as standard as more than 60% data are dropped. 
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In case number two, where the null values are replaced with maximum value of the data 

column or 1 which represents positive Boolean. The evaluation of the best fitted are given 

below : 

 

Table 5. Model Comparison in for Case Two  
 

 

  Trainning    Testing  

ML Model  Accur F1 Sensiti Specifi Accur F1 Sensiti Specifi 

  acy Scor vity city acy Scor vity city 

   e    e   

Logistic Regression 99.06 99.24 99% 99% 98.75 98.98 98% 100% 

  % %   % %   

AdaBoost  96.75 98.83 100% 100% 92.23 99.17 100% 97.29 

  % %   % %  % 

SVR  96.67 97.32 97.32 95.55 95% 95.93 93.65 97.29 

  % % % %  % % % 

Gradient Boosting 100% 100% 100% 100% 97.5% 98.03 100% 93.33 

Regressor       %  % 

XGBoost  100% 100% 100% 100% 98.75 98.98 98% 100% 

      % %   

Decision Tree 100% 100% 100% 100% 93.75 94.84 92% 96.67 

Regressor      % %  %  
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Where, boolean positive means filling all null values with positive case , for illustration, 

positive cases are “present”, “yes”, “abnormal” etc for this dataset. Based on assuming the 

the case, out of all algorithm, XGBoost model worked better both in training and testing part 

where the accuracy in training validation was 100% and in testing , in avaergae 98.98%. 

 

For case Three, where the null values are replaced with minimum value of the data column or 

0 which represents negative boolean. The evaluation of the best fitted are given below : (It 

works poor as only 150 patients are CKD Positive.) 

 

Table 6. Model Comparison in for Case Three  
 

 

 Trainning    Testing  

ML Model Accur F1 Sensiti Specifi Accur F1 Sensiti Specifi 

 acy Score vity city acy Score vity city 

Logistic Regression 96.87 97.63 97.63% 95.41% 90% 90% 92% 87.80% 

 % %       

AdaBoost 99.19 100% 100% 98.89% 97.91 96% 92.30% 100% 

 %    %     
 
 
 
 

 

SVR 96.33  97.08 97.34% 94.64% 95% 96% 96.77% 92.12% 

           
% %  
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Gradient   Boosting  100% 98.03   100% 93.33%   97.5%    98.03   100%96.66% 

Regressor % %  
 
 

XGBoost  100% 100% 100% 100% 98.75 98.98 98% 100% 

      % %   

Decision Tree 97.34 94.84 100% 92.125 93.75 94.85 92% 96.66% 

Regressor  % %  % % %    
 
 
 
 

 

Here, boolean positive means filling all null values with positive case , for illustration, 

positive cases are “present”, “yes”, “abnormal” etc for this dataset. Based on assuming the 

case, out of all algorithm, XGBoost model worked better both in training and testing part 

where the accuracy in training validation was 100% and in testing , in average 98.98%. 

 

For case Four, Where the null values are replaced with mean value of the data column and 

selecting important features. In each column, it will check for all solid values and measure 

the mean value. Further, using the “fillna” function in pandas, null values are replaced with 

mean value. The evaluation of the best fitted are given below : 

 

Table 7. Model Comparison in for Case Four 
 
 

 Trainning      Testing  
          

          

ML Model Accur F1 Sensiti Specifi Accur F1 Sensiti Specifi 

 acy Scor vity city acy Scor vity city 

  e     e   
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Logistic Regression 99.06 99.2 98.99 99.17 96.25 97.0 96.07 96.55 

 % 4% % % % 2%   

AdaBoost 99.19 100 100% 98.89 97.91 96% 92.30 100% 

 % %  % %  %   
 
 
 
 

 

SVR  96.67 97.3 97.34 95.53 98% 98.3 98.38 97.36 

  % 4% % %  8% % % 

Gradient Boosting 100% 100 100% 100% 98.75 98.9 98% 100% 

Regressor   %   % 8%    
 
 
 
 

 

XGBoost  100% 100 100% 100% 100% 100 100% 100% 

   %    %   

Decision Tree 100% 100 100% 100% 95% 96.0 98% 90% 

Regressor   %    7%    
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This case is counted as the most important and valuable case as rather than replacing with 

min or max value, mean value is more logical. Moreover, it is done with selecting top 

features using XGBoost, as a result, it shows better output. 

 

In particular, a measure of the usefullyness of the test region under an ROC curve where a 

larger area implies a more helpful test is used for the comparison of the usability of the trials 

with fields under ROC curves. Receiver Operating Characteristic (ROC) curve is the graph of 

True Positive Rate (TPR) against False Positive Rate (FPR). It shows the diagnostic ability of 

a model. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. ROC curve of SVR 
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In figure 4, the value of true positive rate is 98.38% and false positive (1-TPR) is 1.62%, 

based on this, ROC curve is plotted which represents the greater accuracy of the test using 

SVR prediction model. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5. ROC curve of Logistic Regression 
 
 
 
 

 

In figure 5, the value of true positive rate is 96.07% and false positive (1-TPR) is 3.93%, 

based on this, ROC curve is plotted which represents the accuracy of the test using Logistic 

Regression. 
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Figure 6. ROC curve of XGBoost 
 
 
 
 

 

In figure 6, the value of true positive rate is 100% and false positive (1-TPR) is 0.00%, based 

on this, ROC curve is plotted which represents the bestr accuracy of the test using XGBoost 

prediction model. 
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Figure 7. ROC curve of Gradient Boosting regressor 
 
 
 
 

 

In figure 7, the value of true positive rate is 98% and false positive (1-TPR) is 2.00%, based 

on this, ROC curve is plotted which represents the bestr accuracy of the test using Gradient 

Boosting prediction model. 
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Figure 8. ROC curve of  Decision Tree 
 
 
 
 

 

In figure 8, the value of true positive rate is 98% and false positive (1-TPR) is 2.00%, based 

on this, ROC curve is plotted which represents the accuracy of the test using Decision Tree 

based prediction model. 
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Figure 9. ROC curve of AdaBoost 
 
 
 
 

 

In figure 9, the value of true positive rate is 98.38% and false positive (1-TPR) is 1.62%, 

based on this, ROC curve is plotted which represents the accuracy of the test using AdaBoost 

based prediction model. 
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Based on the correction and implementing XGBoost, the core parameters is ranked which is 

shown in figure 10. It denotes for further execution, atleast this 12 parameters must be 

included among 25 parameters. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 10. Feature ranking applying XGBoost 
 
 
 
 
 
 
 
 
 
 
 

 

Table 8 shows the comparsion along with three other papers featuring total case studied, 

techniques, accuracy. 
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Table 8 : methodology Comparison 
 
 

 Author Total Techniques  Accuracy 

  Case    

  s    

      

 

Gupta D. et 

al. 01 AdaBoost  98.87% 

      
 [1]    and 88.66%     

      

 

A. Y. Al-

Hyari 01 Artificial Neural Network and Naive Bayes  88.2% and 

 et al. [2].   82.4% 

     respectively. 
 
 
 
 

 

Salekin A. [3] 01 K-NN, Random Forest and Neural Network. 99.3% (F1 Score  

   in Best Case)  
    

     

Our Proposed 04 Logistic Regression, AdaBoost, SVR, 100% (in Best  

Methodology  XGBoost, Gradient Boosting, Decision Tree Case)  

  Regressor   
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Chapter 6 

 

Conclusion 

 

 Moreover, above the three cases, the most logical case was exchanging null values with    

mean values, but we got best results for dropping null values. The main challenge of the  

research work was to manage dataset as medical dataset is not publicly accessible in our 

country and dataset that we have used is not big enough. Although the limitation, we 

managed to solve four case studies and showed the best outputs in tree based structured 

machine learning algorithms. 
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