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Abstract. Utilizing machine learning calculations, this study plans to foresee on-
going kidney illness. A condition wherein the kidneys cannot dispose of poisons
from the body is known as persistent kidney sickness. It is conceivably the dead-
liest disorder, and a wrong finding can achieve mortality. Chronic kidney disease
(CKD) influences around 800 individuals for every million individuals (pmp),
while end-stage renal disease (ESRD) influences 150-200 individuals for every
million individuals (pmp). In India, 18,000 to 20,000 patients (or 10% of new
ESRD cases) use dialysis. A hemodialysis treatment costs between $15 and $40,
and erythropoietin adds $150 to $200 per month. The patient may not exhibit any
symptoms during the disease's early stages that would prevent it from becoming
chronic. Several data mining and machine learning algorithms can aid the diag-
nosis of CKD. This study's dataset was obtained from the UCI repository. Expec-
tation strategies included the K-Nearest Neighbor method, Random Forest, De-
cision Tree, Support Vector Machine, Gradient Boosting, XG boost, Ada boost,
and Ensemble. The characteristics of prediction and their correlation were exam-
ined from a medical perspective.

Keywords: CKD, ESRD, XG boost, Ada boost, K - Nearest Neighbor method,
Support Vector Machine, Gradient Boosting, and, Ensemble.

1 Introduction

The steady decrease in renal capability that in the end prompts the deficiency of all
kidney capability is a sign of ongoing kidney sickness. Before all else periods of dili-
gent kidney disorder, secondary effects are honest and vague, which addresses a bit
[12]. Sometimes, people learn about their condition when it is in its final stages when
there is little chance of recovery. Constant renal sickness positioned seventeenth among
worldwide reasons for death as indicated by the 2015 Global Burden of Disease (GBD)
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study (age-normalized yearly passing pace of 192 for every 100,000 population) [1].
This disease has many causes, like diabetes and high blood pressure, and numerous side
effects, including headache, vertigo, and frequent urination. In India, chronic renal dis-
ease ranks eighth among the leading causes of death, according to GBD 2015 [2]. One
survey found that CKD affects one in seven Americans. In India, roughly 87% are con-
nected to hypertension, 37% to diabetes, 22% to CVD (cardiovascular sickness), 6.7%
have a background marked by intense renal injury, and 23% have been involved in
selective drugs in the past [2]. In its advanced stages, chronic kidney disease is costly
to treat and cure. Prediction at an early stage is therefore crucial. Other than the kidneys,
other internal organs in the body can be affected by chronic kidney disease, which can
also cause other diseases. A proper diagnosis can lead to effective treatment and a
healthy lifestyle. This application challenges minimal consciousness of ongoing kidney
illness. The disease with the lowest awareness level is chronic kidney disease. Due to
the absence of symptoms, people are more likely to be in the terminal stage than others.
People's ignorance is exacerbated by the high cost of both diagnosis and treatment.

The goal is to develop an awareness so that people can become mindful of their
medical issues and the seriousness of this illness. In this course of the investigation, a
variety of calculations, including Logistic Regression, K-Nearest Neighbour, Random
Forest, Decision Tree, Support Vector Machine, Gradient Boosting, XG Boost, Ada
Boost, and Ensemble, were utilized. Preprocessing has separated the dataset into train-
ing and testing sets. By feeding data into our models and evaluating their predictions'
accuracy, we have created models. Parameters like age, blood pressure, the number of
red and white blood cells, and more are considered. Figure 1 portrays the work process.

2 Literature Review

2.1 Diagnosis of Patients with chronic kidney disease by using two fuzzy
classifiers

To analyze CKD patients, the task was to create fluffy classifiers, fluffy rule-building
master frameworks, and fluffy ideal-associated memories [3]. The dataset that was uti-
lized was taken from the archive for Al at UCI [3]. They likewise incorporated a couple
of composite datasets with different corresponding sounds to dissect the two sorts of
fluffy techniques. The preparation and forecast sets were converged in pairs [3] after
each mathematical trait was separately exposed to around 11 degrees of the correspond-
ing commotion. A matrix with 121 information classifications was developed to look
at order rates.

A while later, the presentation of two fleecy classifiers was evaluated using imitated
datasets; For FuRes and Froth, the typical expectation rates were 98.1% + 0.5 percent
and 97.2% + 1.2 percent, individually. These two fluffy classifiers are pivotal instru-
ments for precisely anticipating CKD patients [3].
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2.2 Diagnosis of chronic kidney disease by using random forest

The quantitative and subjective consequences of this venture were investigated, and the
outcomes showed that the irregular woodland classifier played out the best [6]. Random
Forest is the sole starting point for this undertaking. Accuracy is achieved when the
outcomes are contrasted with the clinical determination. This would be an impediment.
Moreover, the tested dataset does not matter in the present.

2.3  Prevalence of chronic kidney disease in China: A cross-sectional survey

To recognize the essential driver of constant kidney sickness, this drive has provided
an overview [7]. The discernment that no previous move in China has consolidated an
expected glomerular filtration rate (¢GFR) and albuminuria is an improvement for this
review. A representative trial of Chinese adults was compiled in this outline. An eGFR
of less than 60 mL/min/1.73 within seeing albuminuria was described as CKD [4]. The
etiology of persistent renal disease was the primary focus of the paper, rather than the
development of an information-input-based ML model for its preparation and evalua-
tion. Additionally, China must utilize it [9].

2.4 Incorporating temporal EHR data in Predictive Models for risk
stratification of Renal Function Deterioration

Models inherent in this venture utilized transient information from electronic health
records (EHRs) [8], which all together work on the administration of constant infec-
tions. The results demonstrated the way that recollecting transient information for a
patient's clinical history can work on the assumption of renal capacity decline [5]. The
way that this drive has depended on well-being records from earlier years and puts less
accentuation on persistent kidney infection is a huge downside.

2.5  Prevalence of chronic kidney disease in an adult population

In a grown-up populace reconnaissance program, this drive decided the predominance
of persistent kidney illness and the hazard factors for it. 73% of 51-year-elderly people
ladies without a background marked by ongoing renal sickness were inspected in a
cross-sectional investigation of 600 adults.

Questions were requested from the participants [4]. Over a portion of individuals
who participated had diabetes mellitus (DM), hypertension, or weight in their families,
and 30% had persistent kidney illness [4].
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3 Existing System

Utilizing huge scope CKD information, a brain network-based classifier was devel-
oped, and its exactness on test information was 95% [10]. Moreover, the CKD infor-
mational index given by the UCI machine learning archive was used in by far most of
the past examinations. A pre-owned picture enrollment to recognize changes in renal
morphology.

CKD was researched utilizing K-nearest neighbor (KNN), support vector machine
(SVM), and the delicate free appearance of class associations. Both KNN and SVM
obtained a precision of 95.7% [11]. Moreover, CKD was analyzed utilizing a fluffy
rule-building master framework, fluffy ideal cooperative memory, and halfway least
squares discriminant investigation with a scope of 95.5% to 97.9% accuracy [12]. The
diagnosis of CKD has been improved by their research.

4 Proposed System

Investigation made use of a wide range of machine learning techniques, including K-
Nearest Neighbors, Support Vector Machine, Decision Tree, Logistic Regression, Ran-
dom Forest, Gradient Boosting XG Boost, and AdaBoost [13].

The listed strategies are all used to make, train, and assess a model. There are 400
entries with 21 characteristics in the dataset that were obtained from the UCI repository
[14]. Algorithms for classification received this data.

This comprises five modules:

e Data Collection
Data Preparation
Model Selection
Analyze and Prediction
Accuracy on the test set

4.1 Data Collection

It is the first and most crucial stage in the model's construction. The information col-
lection ought to be exact so the model's forecasts are more exact. The dataset has been
taken from the repository for machine learning at UCI [14].

It contains 401 patient records. The prediction takes into consideration all 19 attrib-
utes. Table 1 contains data concerning patient attributes and the tests used to get them.
There is a description of their classification, values, and description. It is possible that
the prediction will not use every attribute in Table 1.
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Table 1. Information on the Attributes

. .. Attribute Attribute

Attributes [Description Type of Test Type Values

age Age - Numerical | years

bp Blood Pressure BP_test Numerical | Mm/Hg

sg Specific Gravity Tests_test Nominal |1.006, 1.011

al Albumin Urine test Nominal 0,1,2,3,4

su Sugar Urine test Nominal 0,1,2,3,4

rbe Red Blood Cells Urine_test Nominal igggﬁh al

pe Pus Cell Urine_test Nominal iﬁgcl)l:rlﬁ al

pee Pus Cell Clumps Urine_test Nominal ;r:ts ;I;te,sent

bai Bacteria Urine_test Nominal ;r::;?;’s ent

bgr Blood Glucose Random | Blood test Numerical | Mgs/dl

bu Blood Urea Blood test Numerical | Mgs/dl

se Serum Creatinine Blood test Numerical | Mgs/dl

sod Sodium Blood test Numerical | mEqg/1

pot Potassium Blood test Numerical | mEg/l

hemo Hemoglobin Blood test Numerical | Gms

pev Packed Cell Volume Blood test Numerical | %

whe White Blood Cell Count | Blood _test Numerical | Cells/emm

. millions/

re Red Blood Cell Count | Blood test Numerical emm

htn Hypertension BP_test Nominal Yes, no

dm Diabetes Mellitus Diabetes test Nominal Yes, no

cad Coronary Artery Disease| ECG, X-Rays, Blood test | Nominal Yes, no

appet appetite Doctor’s A Nominal Good, Poor

pe Pedal Edma Oedema Assessment Nominal Yes, no

ane Anemia CBC( plete blood count) | By inal Yes, no

class Classification - Nominal |Ckd, No Ckd

In Figure 1, the "class" section contains either 0 or 1 qualities. The patient does not
have chronic kidney disease (CKD) if the value is "0." A CKD patient is represented
by the value "1."
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Fig.1. Information on the Attributes

4.2  Data Preprocessing

The arrangement of information contains both numeric and ostensible qualities. The
numeric values "0" and "1" are created from the nominal values "Yes" and "No," "Pre-
sent," and "Not Present." Figure 2's nominal values for pus cells, pus cell lumps, bac-
teria, and red blood cells are changed to the numerical values 0 and 1 in Figure 3 fol-
lowing preprocessing. To reduce data disturbance, some missing values in red blood
cells were removed.

Utilizing capabilities from the Panda library, the clamor causing invalid qualities
that impact the model's accuracy is dispensed with. To work on the general viability of
the model, the information is separated into preparing and testing portions with an 80/20
proportion.
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KNN attribution was utilized to adjust the qualities to the closest number. By com-
puting the Euclidean distance for each example, invalid qualities were disposed of and

values were adjusted.

age blood_pressure specific_gravity albumin sugar red_blood_cells pus_cell pus_cell_clumps bacteria blood_gluco

0 48.0 80.0 1.020 1.0 0.0 NaN normal notpresent notpresent
1 7.0 50.0 1.020 4.0 0.0 NaN normal notpresent notpresent
2 620 80.0 1.010 20 3.0 normal normal notpresent notpresent
3 48.0 70.0 1.005 4.0 0.0 normal abnormal present notpresent
4 510 80.0 1.010 2.0 0.0 normal normal notpresent notpresent
395 55.0 80.0 1.020 0.0 0.0 normal  normal notpresent notpresent
396 42.0 70.0 1.025 0.0 0.0 normal  normal notpresent notpresent
397 12.0 80.0 1.020 0.0 0.0 normal  normal notpresent notpresent
398 17.0 60.0 1.025 0.0 0.0 normal  normal notpresent notpresent
399 58.0 80.0 1.025 0.0 0.0 normal normal notpresent notpresent

400 rows x 25 columns

Fig.2. Before Pre-Processing

age blood_pressure specific_gravity albumin sugar red_blood_cells pus_cell pus_cell_clumps bacteria

48.0 80.0 1.020 1.0 0.0 0 1 o] o]

7.0 50.0 1.020 4.0 0.0 1 1 0 0
62.0 80.0 1.010 20 3.0 1 1 o] 1]
48.0 70.0 1.005 4.0 0.0 1 0 1 0
51.0 80.0 1.010 2.0 0.0 1 1 0 o]
55.0 80.0 1.020 0.0 0.0 1 1 o o
42.0 70.0 1.025 0.0 0.0 1 1 0 0
12.0 80.0 1.020 0.0 0.0 1 1 () o
17.0 60.0 1.025 0.0 00 1 1 o] o
58.0 80.0 1.025 0.0 0.0 1 1 o] o]

Fig.3. After Pre-Processing

4.3 Feature Selection

The connection between characteristics and class designations is shown by the heat
maps' absolute values.

According to Figure 3, the highest correlation (>0.5) exists between hypertension
(htn), packed cell volume (PCV), and hemoglobin (hemo). Albumin (al), red blood cells
(RBC), pus cells (pc), blood glucose random (bar), red blood cell count (rc), diabetes
mellitus (dm), appetite (applet), and pedal edema (pe) all have a relationship that is
stronger than 0.30. The connection between the additional elements is closer to 0.30.
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When evaluating the characteristics, the correlation and medical perspective were
taken into consideration

4.4 Model Training

To improve the model's accuracy and efficiency, the data are divided into 80 and 20
ratios. whereas model training accounts for eighty percent. The model was trained using
nine different algorithms was listed in Figure 4, and the one that performed the best
during testing was used for prediction

coc W ST SRR

s QREE - O ESEEI

v e R TR
- -t~ - I

oo R

- DB

red_Blood_cells .ﬂ
s cett R

s _cell_clurmps -
pacteria -RE
Blood_glucose random R
blood ures E
serum_creatinine ﬂ
seium [IEEL

parassiun R
hesmeglobin B0
packed_cetl_vatume e8]

whilee blosel cell count m
Fest_Bleoad_cell_count .

—
anseres_rrerirus (RN
saranary_arery_asease [l
.

petn_ et [

rancrna T

class -

ne

o

o

oo

oo

i a - H

—0.2

ﬂﬂﬂﬂﬂﬂﬂﬁ!ﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂ! :
Eﬂﬂﬂﬂﬂlﬁﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂ

ﬂﬂﬂﬂlﬂlﬂlﬂﬂﬂﬂﬂﬂﬂ .

e -
aanemia -
class

bactena -

alburnin

»
&
E

Unramed: 0

s el churas -
SAMUM_Creatning -
peida_prema -

ciabeles_malits -

brod_ghicase,_randam, -
caranary_artery_dissass -

Fig.4. Heat Map (Correlation between attributes)

5 Evaluations

The experimental results showed that Ada boost and the RF classifier provides the
greatest precision, with DT, XG Boost, and Gradient Boosting achieving respective
levels of accuracy of 98.75%, 98.75%, and 97.50% [15]. We can ascertain which algo-
rithm produced the most accurate disease predictions from Table 2 to 10 [16].



136 G. Suresh Reddy et al.

Nearest Neighbour
Training Results Testing results
Accuracy Score: 0.6500 Accuracy Score: 0.6188
Table 2. Results of K-Nearest Neighbour
K- Nearest Neighbour
0 1 Accuracy Macro Avg Weighted Avg
Precision 65% 0.0 65% 32.50 4225
Recall 100% 0.0 65% 50.00 65.00
Fl-score 78.79% 0.0 65% 39.39 51.21
support 52 28 65 80.00 80.00

Logistic Regression

Training Results Testing results
Accuracy Score: 0.9250 Accuracy Score: 0.9219
Table 3. Results of Logistic Regression
0 1 Accuracy | Macro Avg | Weighted Avg
Precision | 96% 86.67% | 92.5% 91.33 92.73
Recall 92.30% | 92.85% | 92.5% 92.58 92.50
Fl-score | 94.11% | 89.65% | 92.5% 91.88 92.55
support 52 28 92.5 80 80
Support Vector Machine
Training Results Testing results
Accuracy Score:0.6500 Accuracy Score:0.6188
Table 4. Results of Support Vector Machine
0 1 Accuracy Macro Avg | Weighted Avg
Precision | 65.00% | 0.0 65% 32.50 4225
Recall 100% 0.0 65% 50.00 65.00
Fl-score 78.78% | 0.0 65% 39.39 51.21
support 52 28 65 80 80
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Decision Tree
Training Results Testing results
Accuracy Score: 0.987 Accuracy Score: 1.0000
Table 5. Results of Decision Tree
0 1 Accuracy | Macro Avg Weighted Avg
Precision 100% 96.55% | 98.75% 98.28 98.79
Recall 98.07% | 100% 98.75% 99.03 98.75
Fl-score 99.02% | 98.24% | 98.75% 98.63 98.75
support 52 28 98.75 80 80
Random Forest
Training Results Testingresults
Accuracy Score: 1.0000 Accuracy Score:0.9844
Table 6. Results of Random Forest
0 1 Accuracy | Macro Avg Weighted Avg
Precision 100% 100% 100% 100 100
Recall 100% 100% 100% 100 100
F1-score 100% 100% 100% 100 100
support 52 28 100 80 80
Gradient Boost
Training Results Testing results
Accuracy Score: 0.9875 Accuracy Score: 1.0000
Table 7. Results of Gradient Boost
0 1 Accuracy Macro Avg| Weighted Avg
Precision 100% 96.55% 98.75% 98.27 98.79
Recall 98.07% 100% 98.75% 99.03 98.75
Fl-score 99.02% 98.24% 98.75% 98.63 98.75
support 52 28 98.75 80 80
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XG Boost

Training Results
Accuracy Score: 0.9875
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Table 8. Results of XG Boost

Testing results
Accuracy Score: 0.9688

0 1 Accuracy | Macro Avg | Weighted Avg
Precision 100% 96.55% 98.75% 98.27 98.79
Recall 98.07% 100% 98.75% 99.03 98.75
Fl-score 99.02% | 98.24% 98.75% 98.63 98.75
support 52 28 98.75 80 80
Ada Boost

Training Results
Accuracy Score: 0.9875

Testing results
Accuracy Score: 1.0000

Table 9. Results of AdaBoost

0 1 Accuracy | Macro Avg | Weighted Avg
Precision 100% 96.55 98.75% 98.27 98.79
Recall 98.07% | 100% 98.75% 99.03 98.75
Fl-score 99.02% | 98.24% | 98.75% 98.63 98.75
support 52 28 98.75 80 80
Ensemble

Training Results
Accuracy Score: 1.0000

Testing results
Accuracy Score:0.9906

Table 10. Results of Ensemble

0 1 Accuracy | Macro Avg | Weighted Avg
Precision 100% | 100% 100% 100 100
Recall 100% | 100% 100% 100 100
Fl-score 100% | 100% 100% 100 100
support 52 28 1 80 80
6 Results

Ada boost and the RF classifier provide the greatest precision, according to the experi-
mental results, with DT, XG Boost, and Gradient Boosting achieving respective levels
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of accuracy of 98.75%, 98.75%, and 97.50%. We can ascertain which algorithm pro-
duced the most accurate disease predictions from Table 11 [17-25].

Table 11. Comparison of Algorithms

S.No Algorithm Training Accuracy | Testing Accuracy
1 Support vector Machine 0.6188 0.6500
2 Decision Tree 1.0000 0.9870
3 KNN 0.6188 0.6500
4 Logistic Regression 0.9219 0.9250
5 Random Forest 0.9844 1.0000
6 XG Boost 0.9688 0.9875
7 Ensemble 0.9906 1.0000
8 Gradient Boost 1.0000 0.9875
9 Ada Boost 1.0000 0.9875

220
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Fig.5. Comparison of Accuracy

The above figure 5 tells which algorithm has the highest accuracy. Additionally, a web applica-
tion is developed with MySQL as the backend and the Python framework Flask as the front end.
Based on basic blood and urine test results, this application helps determine whether a person has
CKD.

7 Conclusion

Chronic kidney disease currently is the most widespread disease across the world. Di-
agnosis in its early stages is crucial but minor symptoms make it a difficult task. In our
proposed system we have successfully achieved the highest accuracy with a random
classifier. This can help people to detect CKD easily. This project can further be ex-
tended as a more viable app. It can also be developed to detect the stages by taking X-
rays as input.
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