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Abstract

Objectives: A kind of Artificial Neural Network (ANN) known as a Back
Propagation Neural Network (BPNN) has been extensively applied in a
variety of sectors, including medical diagnosis, optical character recognition,
stock market forecasting, and others. Many studies have employed BPNN
to create decision-support tools for doctors to use while making clinical
diagnoses. Chronic Kidney Disease (CKD) is one such kind of disease which
has been receiving due importance from the past decades due to lack of
symptoms in its early stages. The goal of this work is to demonstrate the
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performance of Artificial Intelligent (AI) algorithms in the early detection
of CKD.

Method: We received 800 patients’ real-time data from DY Patil Hospitals
for this investigation. Self-Acclimation Graded Boolean PSO (SAG-BPSO),
a modified version of Particle Swarm Optimization (PSO), has been proposed
and used in this study to accomplish feature selection. Cuckoo Search Algo-
rithm (CSA) has been used to optimise the weights and biases of the BPNN.
Finally, this hybrid model is combined with BPNN for final predictions.
Finally, a comparison is made between few state of art algorithms and the
proposed approach.

Results: The accuracy noted on applying BPNN on the dataset was approx-
imately 91.45%. The combined model of BPNN+SAGBPSO provided an
accuracy of about 92.25%. The accuracy achieved for the hybrid model of
BPNN+SAGBPSO+CSA was approximately near to 98.07%.

Conclusions: This research used SAGBPSO for feature selection and CSA
for finalizing the weights and biases of BPNN. The research implemented
BPNN, BPNN+SAGBPSO and BPNN+SAGBPSO+CSA on our real time
dataset. The proposed hybrid model BPNN+SAGBPSO+CSA outperformed
all the state of art deep learning algorithms in terms of performance metrics.

Keywords: CKD, prediction, deep learning, back propagation networks,
particle swarm optimization, cuckoo search algorithm.

1 Introduction

CKD has become a global threat from the past decade [1]. It has become one
of the primary causes of death in developing countries like India. CKD occurs
when your kidneys are incapable of filtering wastes from the blood. The func-
tionality of kidney is usually denoted by a parameter known as Glomerular
Filtration Rate (GFR) [2]. If the eGFR (estimated Glomerular Filtration Rate)
is less than 60 ml/min for more than three months, we claim that a person may
suffer from CKD. The problem which the physicians have faced in the past
decade is that this kind of diseases are to some extent asymptomatic [3]. This
creates a big challenge for the doctors to predict and curb this disease at an
early stage. Any patient who slips into the stage 4 of CKD has very high
changes of moving into the stage 5 which is otherwise known as End Stage
Renal Disease (ESRD). The mortality rate for people moving into ESRD
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stage is quite high in developing countries like India [4]. Moreover, the costs
associated with these kinds of diseases is quite high. The financial burden
of dialysis and subsequent transplantations is very huge in the developing
countries [4]. Research has proved that there is a lot of potential in data
mining techniques if they are explored for detection of such kind of dread-
ful diseases. Researchers have implemented many Machine Learning(ML)
algorithms which have been used in the prediction of multiple diseases like
Cancer [5], Brain Tumours [6] etc. Advanced metaheuristic algorithms which
are biologically inspired have been observed to provide better results as
compared to the traditional algorithms [7]. Human errors can be reduced
to a great extent with the integration of Expert Decision Support systems
with Electronic Health Records (EHR) [8]. This has evidentially improvised
patient outcomes. Back Propagation Neural Networks (BPNN) are kind of
networks which fine tune their weights based on the error received from
the previous epoch. Since, backpropagation networks keep on updating their
weights and learn from their errors, they provide a better and reliable model
for any kind of classification problem [9]. BPNN with more than two layers
have been used widely under many applications [9]. Isa et al. [10] proposed
a hybrid Multilayer Perceptron (MLP) network where the authors combined
the clustering approach from Radial Basis Function (RBF) and combined it
with the MLP. They then tested their approach on seven benchmark datasets
present in the UCI machine learning repository. The authors further compared
their approach with twelve different classifiers and concluded that their pro-
posed approach is better as compared to the other classifiers. Hornik et al. [11]
in their research conducted an in depth study of multilayer feed forward
networks and concluded that feed forward networks are the best known
approximators. The authors in [12] proposed a hybrid Feed Forward network
where they combined Gravitational Search Algorithm (GSA) with PSO for
optimization of the weights and bias factors respectively. They also imple-
mented Fuzzy rules with the GSA for improvising the output of the classifier.
The authors implemented these algorithms on CKD as well as Mesothelioma
(MES) dataset available on University of California, Irvine(UCI) machine
learning repository. The study explored various combinations of models on
the given datasets and concluded that their proposed hybrid approach was
better as compared to the others. The authors in [13] proposed an adaptive
conjugate gradient learning algorithm which can be used for training the
multilayer feed forward networks. The authors suggested approaches for
updations in the momentum and learning rate of the network by introduction
of their algorithm. The further analysis showed that the adaptive neural
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network performed well as compared to the traditional back propagation net-
work. The authors in [14] proposed an introduction of Marquardt algorithm
for training Backpropagation algorithms. They compared the algorithms with
conjugate gradient algorithm and learning rate algorithm. They concluded
that the proposed approach was superior as compared to the others. A lot of
research has been carried out for finding out the contributions of different
Genetic Algorithm (GA) in the field of decision-making. Adem K [15] in his
research explored the importance of using PSO as a feature selection method.
The author tested various algorithms like Support Vector Machines (SVM),
k-Nearest Neighbours (kNN) and Radial Basis Functions (RBF) and Random
Subspace algorithms. They compared the accuracy of these algorithms with
and without the introduction of PSO in it. The author concluded that the intro-
duction of a feature selection module with the Random Subspace algorithm
provided the maximum accuracy. Rustam et al. [16] in their work proposed
a combination of SVM-RFE (Recursive Feature Elimination) for detection
of CKD from the gene expression data available on National Centre for
Biotechnology (NCBI). They explored the use of PSO for the gene selection
task. They later compared the hybrid algorithms and concluded that the
inclusion of PSO in the model (RPSO) had a positive effect on the overall
performance of the system. The authors in [17] used a combined approach
of Artificial Neural Networks (ANN) and PSO for behavioural predictions
along with structural optimizations for honeycomb sandwich heliostats. The
study concluded that the combined effect of ANN-PSO provide a flexible and
a time efficient tool for predicting the structural optimizations for heliostat
designers as per the requirements. The authors [18] in their research analyzed
the disadvantages of PSO as in the algorithms starts converging near the
global optima. To overcome this issue the researchers combined the PSO
algorithm with Neural Networks which are trained using Gradient Descent
Algorithm. After significant comparisons, the authors concluded that this
hybrid approach was better as compared to Adaptive PSO in terms of con-
vergence and accuracy. It is usually an overhead for the Neural Networks to
decide on the required biases and weights while updations, in case of error.
To curb this issue, Mohapatra et al., [19] in their research proposed a mod-
ified heuristic algorithm called Modified Cuckoo Search Algorithm (CSA)
which was responsible for adjustment of the weights. The authors tested the
above said algorithm on four benchmark datasets from UCI machine learning
algorithms. The authors implemented Multilayer Perceptron (MLP-CSA) and
Radial Basis Function (RBF-CSA) and concluded that these algorithms were
superior as compared to their older versions. The authors Rohit S et al., [20]
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in their research provided an empirical analysis of problems faced by the
traditional versions of Cuckoo Search algorithms. Moving in the direction
they proposed three different versions of Cuckoo Search algorithms. These
revised versions were compared with 24 datasets with different number of
attributes. Moreover, these algorithms were compared with basic state of art
algorithms like Flower Pollination Algorithm (FPA), Bat Algorithm (BA) etc.
The analysis demonstrated the proposed versions performed better than the
state of art algorithms.

This paper presents an empirical evaluation of a hybrid model consisting
of Back Propagation algorithm with meta heuristic algorithm Cuckoo Search
Algorithm for weight and bias updations for early predictions of CKD.
Further, this model is trained using an optimization algorithm named Self
Acclimation Graded Binary Particle Swarm Optimization (SAGBPSO).

The contributions of this research are as follows:

(1) A hybrid model is proposed (BPNN-CSA) which uses Cuckoo Search
algorithm to predict the weights of Back Propagation Networks.

(2) An advanced version of PSO called as SAGBPSO has been proposed
which uses advanced heuristics in feature selection.

(3) An empirical evaluation of these algorithms has been performed on the
CKD dataset (BPNN+SAGBPSO+CSA).

(4) A comparison of all these algorithms with the state of art algorithms
have been performed based on performance metrics.

The structure of this paper is as follows. Section 2 provides a description
of the data used in this research and the suggested methodology. The imple-
mentation’s outcomes and comparisons with several state-of-the-art models
are discussed in Section 3. Section 4 talks about the conclusion and the future
works.

2 Methods and Tools
2.1 Dataset Details

The dataset of patients was received from DY Patil Hospitals, Nerul, Navi
Mumbai. The dataset consisted of 800 records collected over a period of 2
years from January 2021 to December 2022. It was a completely balanced
dataset with 400 records of CKD patients and 400 of non-CKD patients
respectively. All ethical protocols have been followed while gathering data.
The dataset included 21 decision making attributes and 1 classifica-
tion attribute. These are the attributes which are tested by clinicians for
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Table 1 Attributes contributable to CKD with their acceptable ranges

Features Units Acceptable Ranges Observed Ranges from Real Time Data
age - 25-60 25-60
gender - M-Male F-Female M-Male F-Female
vol ml 2-7 ml 2-5ml
sg mg/dl 0-1.25 0-1.25
freq ml 0-7 0-5
sod mg/dl 0-177 0-163
pot mEq/L 0-55 047
chlo mEq/L 0-76 0-76
phos mEq/L 0-89 0-83
prot gms 0-12 0-9

alb gms 0-10 0-5
glob gms 0-15 0-7
urea mgs/dl 0-197.2 4.75-183.3
creatinine mgs/dl 0-26.2 0-11.4
bun mgs/dl 0-183 0-165
uric acid mEq/L 0-421 0-391
rbe millions/cmm 3.0-12.0 5.0-9.0
wbc cells/camm 2.0-15.0 6.0-11.0
pcv cells/cumm 0-73 0-54

pe - yes,no yes,no
ane - yes,no yes,no
classification - ckd/motckd ckd/motckd

determination of CKD. The attributes and their details are presented in
Table 1.

2.2 Pre-processing Techniques

The data received from the hospital was not standardized for using in back
propagation algorithms. As a result, we had to perform basic pre-processing
techniques on the dataset. They have been explained in the following para-
graph. This dataset had total of 18 nominal attributes and 3 categorical
attributes.

(i) Handling Missing Data
Few of the records had missing data under some attributes. The best
way to avoid the same is to delete those records. But the dataset size was
less, as a result, we computed those values by mean imputation method.
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In this method, the missing entries were replaced by the mean of those
columns. This was possible only for the nominal attributes.

(ii) Data Encoding
Categorical values had to be converted to numerical values for ease of
calculations. As a result, we replaced the yes/no in the categorical values
as 1 and O respectively.

(ii1) Data Standardization
For further ease of calculations and to maintain a standardization on the
data received, we implemented normalization techniques under which
all the data got scaled between —1 and +1 respectively.

2.3 Particle Swarm Optimization (PSO)

It is a kind of heuristic technique which tries to design an optimal solution by
keeping in mind the movement of birds in search of food.

By recreating the movement and clustering of birds, the heuristic tech-
nique known as Particle Swarm Optimization (PSO) determines the ideal
solution. Another way to describe it is as a social psychology-based algo-
rithm. The essential concept of PSO, according to Kennedy and Eberhart [21],
is to presume that a flock of birds is present in a specific area. The flock
gradually approaches the single food source in the area by following the
bird closest to it, changing its search orientation, and exchanging information
through messages with one another. The fundamental idea behind PSO is
that a single particle can determine the best solution (Py.,:) for the particle
by itself, and a group of particles can determine the best solution (Gpest)
by interacting with one another [22]. Each particle modifies the direction of
search and velocity in each iteration depending on its own impulse (P ) and
(Gbest)-

The position X; and velocity V; for particle i in a p-dimensional search
space are defined as by Equations (1) and (2) respectively.

X; = (2}, 27

19

x?,...,x?) fori=1,2,...,N (D
Vi = (v, v, v}, 00 fori=1,2,...,N )

19 Yo Vg s Ug
Where xI” and v are the position and the velocity of the particles
respectively.
These parameters are reformed with the help of the Equation (3):

Pmaz — Pmin (3)

D = Dmag — ter X -
maxiter
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Where maziter is the maximum number of iterations carried out and p is
the weight of inertia.
The velocity updation is done using Equation (4)

Pt +1) = pol(t) + ¢ xrx (s —al(t)) +co xrx (sg—xf(t))
“4)

Here cl and c2 are the two coefficients, r is any random number, sf

represents the position of the particle, z’ is the optimal position and s/ in
the optimal best.
And position updations are done using Equation (5)

2P (t4+1) =2l (t) + 0P (t + 1) (5)

2.3.1 BPSO

Binary PSO is a technique in which position of a particle is determined by
binary values (0 or 1) instead of discrete values [23]. A particle’s velocity is
determined by both its own experience and the experience of other particles.
Each particle’s velocity is determined using its prior velocity, personal best
(pBestPos), and global best (gBestPos). The objectives of BPSO have been
achieved by super imposing sigmoidal activation function on the discretized
velocity.

This type of system may face the problem of convergence.

2.3.2 Proposed-SAGBPSO

Providing a solution over the same we propose our advanced PSO algorithm
named as SAGBPSO-Self Acclimation based Binary PSO, which will follow
a hierarchical structure.

In this algorithm, we divide all the particles into two groups masters and
slaves [31]. Every particle with a high fitness value is marked as master and
the others are slaves. While processing, if any slave gets a better fitness value
as compared to its current master, the slave gets updated to become a master
now. The slaves are trained to follow their masters only. Updations on the
pBestPos and gBestPos was made based on the following rules:

(1) If the fitness value of particle x is lower than the fitness value of
pBestPos, set pBestPos of particle x to the location of particle x.

(2) If any pBestPos is changed and its fitness criteria falls below the fitness
criteria of the current gBestPos, set gBestPos to the updated pBestPos of
particle x.
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2.4 Cuckoo Search Algorithm (CSA)

The cuckoo search method is thought to be the most effective meta-heuristic
optimization technique, driven by the cuckoo birds’ obligate brood para-
sitism behaviour. Therefore, to improve the BPNN weights for future use
in the prediction process, CSA employing Levy flights is examined in the
current research [24]. The nest of another bird is used by cuckoos to lay
its eggs [24]. If these eggs are identified as being strange, they can either
be accepted or discarded. The cuckoo eggs are highly likely to resemble
the host bird’s eggs, which lowers the likelihood that they will be dis-
covered. The method then employs the random walk-through Levy flight
behaviour [32]. The algorithmic rules are as follows.

(1) Every cuckoo lays a single egg at a time and places it in a random nest.

(2) The best nests with top-notch solutions (eggs) will endure to the
following iteration.

(3) Itis assumed there are a set number of host nests available. A probability
P which has only two options [0,1] is used to realize a foreign egg host.

The updation of the weights using Levy Flight algorithm is done using
Equation (6).
Zi new — Zz old + (>‘ + Levy(ﬁ)) (6)

Where Z; ey 1S the new updated weight, Z; ;4 is the old weight, ) is the
learning rate and Levy(3) is the Levy distribution for any specified random
walk.

2.5 Back Propagation Neural Networks

The back propagation algorithm is a weight adjustment training algorithm
used to reduce output error in neural networks [25]. After one epoch, the
predicted output is compared to the expected output, and error is produced
depending on the difference. This error spreads throughout the network back-
ward. The error is adjusted, and this process repeats upto the time a higher
accuracy is not achieved [26]. There are total four types of Back propagation
Networks namely Levenberg Marquardt, Bayesian regularization, Resilient
Back Propagation and Scaled Conjugate.

We tried and implemented all the four algorithms on our real time dataset.

The results have been depicted in Figure 1.

Also, we tested the above said algorithms for their training time. This can
be depicted from Table 2.
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Comparison of Different Back Propagation

Algorithms
88
87
x 86
S 85
e
S 84
Q
< 83
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Levenberg Bayesian Scaled conjugate Resilient back
marquardt regularization gradient propagation
Algorithms

Figure 1 Performance of various back propagation algorithms.

Table 2 Performance of various back propagation algorithms

Algorithm Training Time in ms
Levenberg Marquardt 5.35
Scaled Conjugate 8.67
Bayesian Regularization 13.78
Resilient Backpropagation 22.32

We have used Levenberg Marquardt in our research since it gave us the
best performance.

2.6 Development of Proposed Hybrid Models

We have applied SAGBPSO and CSA to the BPNN network for getting
optimal results. These mechanisms are referred to as BPNN+SAGBPSO and
BPNN+SAGBPSO+CSA respectively. The second phase was to perform a
comparative analysis of all the methods and verify the advantages we receive
when introducing our proposed model.

2.6.1 BPNN+SAGBPSO

The input layer in the dataset that was received had 21 variables, the hidden
layer neurons are set to have 12 layers, and the final output layer is either
labelled as CKD or NON CKD. A PSO contains 60 particles, each of which
is positioned by use of a matrix. The best weights and biases are determined
in the subsequent steps.
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. The results of PSO are significantly influenced by the particle’s indi-
vidual acceleration coefficient (al), the acceleration coefficient of the
participating group (a2), the maximum weight of inertia (Wyqz), and
the minimum weight of inertia (w;,) [12].

Table 3 Parameter selection for SAGBPSO
al a2 Wmax Wmin

2 2 0.7 0.3

. Initial particle velocity and position are determined by random numbers,
with values ranging from O to 1.
. Use Equation (7) to compute the output from the input layer to the
hidden layer, and then Equation (8) to determine the final outcome from
the hidden layer to the output layer. The output is the categorization
outcome determined by BPNN.

f(sj)zl/ <1+6$p<— <Zwij‘l‘i—9]’))),j:1,2,...,h
1=0

(7

Where n represents the number of input nodes, w;; is the weight of ith
node to jth node, 0, is the bias introduced and z; is the input.

k
O = wij- fs;) =0, k=1,2,...,m (8)
=1

where 0, is the bias for output layer and wy; is the weight of hidden
layer j to output layer k.

. Calculate each particle’s fitness value and contrast it with the fitness
value from the previous iteration. The current particle position becomes
the new P, if the initial adaptive value is superior.

. Compare the fitness values of 60 particles. Within them, the population-
optimal solution Gy,egt is the least of them.

. As the number of iterations rises, the inertia weight P’s value will drop,
allowing the particle to enhance its capacity for local exploration in a
subsequent iteration.

. Update the particles’ position and velocity using Equations (4) and (5).

. Repeat the steps 5 to 7 until 400 iterations are done.



1406 A. Khade et al.

2.6.2 BPNN+SAGBPSO+CSA

To optimize BPNN, this part combines PSO and CSA. The reasons behind
combining the two is that CSA has a benefit in optimization. However, there
were few significant issues with CSA [27]. To address this issue, we propose
a combination of PSO + CSA. This will help eradicating the issues introduced
due to CSA. Parameters used for this hybrid model were

Table 4 Parameter selection for SAGBPSO+CSA
al a2 Wmax Wmin A

2 2 0.7 03 0.1

After basic pre processing techniques, the following steps were fol-
lowed:

(1) Define the best(t) and worst(t) based on the above equations.
(2) Update the velocity and positions of particles using the equation using
Equations (9) and (10) respectively.
temp = (temp + (xl; & x;)) 9)
UZ;-H = (w ® vly) + c1 @ (pbestl; & aty)
+2® (gbestzj @ :c’:y) + 3 ® temp (10)

(3) Repeat the above steps until total number of iterations are not equal
to 400.

3 Results and Discussions

Performance Metrics

The above algorithms were compared using the standard performance evalu-
ation parameters like Accuracy, Precision, Recall, F1 score, Specificity, Root
Mean Square Error (RMSE) and Area Under Curve (AUC).

Table S Performance evaluation of hybrid model

Model Accuracy Precision Recall FI Score Specificity RMSE AUC
BPNN 91.45 9136  91.17 91.76 91.34  0.3321 0.715
BPNN+PSO 91.47 91.06 9217 91.16 91.44  0.4321 0.725
BPNN+SAGBPSO 92.25 9273 9256 9332 9412 0.4312 0.671

BPNN+SAGBPSO+CSA  98.07 98.43 9843  98.12 98.12  0.8316 0.732
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The performance of the models is mainly dependent on the number of
particles and number of iterations used while optimization. System Perfor-
mance in terms of system accuracy based on varying number of particles for
Max 400 iterations is depicted in Table 6.

Table 6 Performance for 400 iterations
Number of Particles/No of Iterations 20 40 60

BPNN 90.25 9143 91.50
BPNN+SAGBPSO 9234 9222 93.67
BPNN+SAGBPSO+CSA 98.12 98.07 98.54

Parameters for analysis were number of particles selected for further
decision making. We tested the two hybrid models each for 20, 40 and 60
particles.

To check the feature selection ratio, we compared PSO and proposed
SAGBPSO to determine the number of selected features. The results of the
same are depicted in Table 7.

Table 7 Features selected from PSO and SAGBPSO
Algorithms  No. of Features Selected
PSO 9
SAGBPSO 4

To verify whether inclusion of CSA has benefited in the faster updation
of weights and biases and subsequently faster predictions, we tested the time
required for results with and without inclusion of CSA. The findings are
depicted in Table 8.

Table 8 Time taken for prediction
Algorithms Time Taken in ms
BPNN 24.09 ms
BPNN+CSA 13.87 ms

To further set up the comparison of our model with the existing state of
art models, we tested our model on the CKD Dataset available online at the
UCI machine learning repository [27]. This dataset consisted of 400 records
(150 CKD and 250 Non CKD patients). This dataset had total 25 attributes.
The algorithms under considerations were Support Vector Machines (SVM),
Naive Bayes (NB), Logistic Regression (LR), Artificial Neural Networks
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(ANN), XGBoost (XGB), K Nearest Neighbors (KNN) and Decision Tree
(DT). The results depicted in Figure 2 show that our proposed hybrid model
(BPNN+SAGBPSO+CSA) performed exceptionally well as compared to the
current models for the benchmark dataset too.

Performance Comparison

0.95
0.75 I
SVM NB LR ANN XGB KNN DT

Proposed
Model

o
©

Accuracy

o
o

N

Algorithms

W Accuracy M Precision ™ Recall F1score

Figure 2 Comparison of proposed model with state of art models.

Further we present a comparative analysis between the works presented
by multiple literatures and our proposed approach in Table 9. The analysis
shows that, the proposed approach is a superior model as compared to the
others.

Table 9 Comparisons with other works presented in literature

Study Models Explored Accuracy Precision Recall F1 Score

[28] (Random Forest) RF 93.7 93.9 92.5 93.7
SVM 92.9 91.1 92.7 91.8
DT 93.5 93.4 93.6 92.5
[29] SVM 92.0 96.0 87.0 92.0
K NN 92.0 98.0 88.0 92.0
[30] NB 94.0 95.0 94.0 94.0
KNN 65.0 65.0 65.0 65.0
SVM 93.0 93.0 94.0 93.0

Proposed Study BPNN 91.45 91.36 91.17 91.34

BPNN+SAGBPSO 92.25 92.73 92.56 93.32

BPNN+SAGPSO+CSA 98.07 98.43 98.43 98.12
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From the results, we can see that the proposed hybrid model outperforms
all the other traditional models which have been described in the literature.
This type of approach will in turn help the medical fraternity in early
diagnosis of dreadful diseases like CKD.

4 Conclusions

This research focused on using a hybrid self-learning BPNN for prediction
of CKD. We have also proposed and used SAGBPSO, which is a variant of
PSO and CSA for optimization of weights and biases of BPNN. Both the
proposed models (BPNN + SAGBPSO) and (BPNN + SAGBPSO + CSA)
gave sound accuracy when supplied with real time data. The proposed models
proved to be better in terms of performance metrics as compared to all the
standard algorithms described in the study when executed on the online
dataset available.

Few limitations associated with any DL algorithm is that the size of the
data always remains a constraint. We have worked on only 800 records;
hence performance may vary if the size of data varies. Moreover, with further
advancement in time, there may be few more new parameters which can help
in faster prediction of CKD. Our study is based on a limited set of parameters.

Future Works can be in the direction of using the other heuristic optimiza-
tion algorithms like Ant Colony Optimization (ACO), Simulated Annealing
(SA), Genetic Algorithms (GA) for the prediction of CKD or any other dis-
eases. Moreover, unsupervised algorithms also can be explored to understand
their contribution in prediction of CKD.
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