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Abstract: Due to the ongoing creation of digital data, the amount of medical data has significantly expanded in recent years. the many
types of medical information, including reports, text, numbers, monitoring, and laboratory results. Because of a problem with a single
optimisation technique in the current system, classification accuracy is not considerably guaranteed. Another significant issue is error rates,
which prevents early illness prediction from being carried out effectively. This research work uses EFS (Ensemble Feature Selection) with
BPNN (Back Propagation Neural Networks) to handle the afore mentioned issues. The input data is pre-processed using KMC (K-Means
Clustering) algorithm, mainly for handling missing values and subsequently, EFS method is used to choose the features since it produces
the best fitness values using an objective function. To solve the FS problem, EFS relies on integrating many FS rather than just one FS.
Combining the results of multiple single FS approaches, such as EEHO (Entropy Elephant Herding Optimisation) and AFOA (Adaptive
Firefly Optimisation Algorithm), is one alternative for the EFS method. And EBFO (Entropy Butterfly Optimization Algorithm) acquire
improved outcomes rather than utilizing a single FS methodology. Finally, the medical dataset classification is performed using BPNN
algorithm. With the help of the BPNN algorithm, a multilayer FFNN (feed forward neural networks) is trained. The class labels in tuples
are predicted using weights that are learnt iteratively. The experimental findingsof the proposed EFS-BPNN algorithm demonstrates better
values for accuracy, sensitivity, specificity, and execution time when compared with existing methods.

Key words: Medical dataset classification, EFS, Entropy Elephant Herding Optimization (EEHO), Adaptive Firefly Optimization
Algorithm (AFOA) and Entropy Butterfly Optimization Algorithm (EBFO) and Back Propagation Neural Network (BPNN)

1. Introduction information age aids the improvement of medical science
decision-making and diagnosis. DMT tools are used to
analyse clinical records in order to create a knowledge-
based system that may help physicians make decisions [2].
Clinical databases provide data about individuals' current
health  problems, including profiles, physical
examinations, and test findings [3]. The process of

uncovering hidden knowledge from clinical records in

The procedure of diagnosing the existence of a disease is
truly laborious since it necessitates in-depth information
and extensive expertise. In general, the conventional
method of reviewing medical reports, such as heart illness
reports such as ECG (Electrocardiogram), MRI (Magnetic
Resonance Imaging), Blood Pressures, and Stress Tests by
Medical Practitioners, depends upon the prognosis of

disease. Today's medical business has access to a sizable
amount of medical data, which can be used to forecast key
details about practically all medical issues. The
practitioners would then be better able to forecast the
future thanks to these findings [1]. The most accurate
predictions over medical data have been produced by
using unique methodologies and concepts.

The researchers are encouraged to conduct research in
information extraction from clinical datasets by using
knowledge mining. DMT (Data mining techniques) have
been employed to mine rules and construct mathematical
models for assisting clinicians in their decisions. The
development of computerised database systems in this
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order to create clinical experts

Earlier analyses are not consolidated Ensemble Feature
Selection (EFS) for heart disease, PIMA, fertility and
hepatitis diagnosis. FS turn into the fundamental process
in numerous data mining purposes. Choosing suitable
attributes in the information are significant, because
unessential attributes could reduce the numerous
classifiers accuracy [4]. FS techniques are generally
separated into filter, wrapper, and embedded strategies.
Utilizing a solitary attribute subset determination
technique might create nearby optima. Other than these
three notable FS draws near, another gathering of
techniques are built over the previous FS strategies:
ensemble FS [5]. EFS builds group of attribute subsets and
afterward join these subsets to create accumulated
outcomes. EFS techniques applied to join different FS
strategies as opposed to utilizing a single FS method.
Traditional soft computing algorithms have not
proficiently working in the EFS of high dimensional
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dataset issues [6]. Then, wvarious meta-heuristic
approaches are adjusted for FS issues

A significant issue in the quickly developing field of DMT
is classification [7]. NN (Neural networks) are highly
suited to handle issues in biomedical engineering because
of their broad variety of applications and capacity to learn
complicated and nonlinear connections, including noisy
or less accurate input. According to the investigation, the
Multilayer FFNN with BPNN algorithm employing 15
input characteristics provides the maximum accuracy. The
networks were trained using BPNN algorithm with
momentum and variable learning rate. Various test data

were fed into the networks as input in order to analyse
network performance. Various test data were supplied to
the network as input in order to analyse network
performance. Physicians may use this binary Heart
Disease dataset classifier to help them categorise the
dataset. It was clear from the neural network design that
MLP NNs needed a smaller architecture in terms of
hidden node counts than other NNs and assist in
classifications of samples. As a result, the amount of
parameters, such as weights and biases, needed to create
an MLP NN is significantly less than those of other
methods. The categorization structure for medical data is
shown in Fig. 1.
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Fig 1 Structure of medical data classification

This work attempts to classify disease instances from even
small sets of clinical datasets features. In order to classify
medical data using the suggested EFS-BPNN method, this
study is helpful. The accuracy of the medical data
classifier is not entirely guaranteed, despite several
research and methodologies that have been created. The
present techniques have issues with error rates and
inaccurate classification results. This work’s suggested
EFS-BPNN technique enhances overall classification
performances while overcoming previously stated issues.
This work executes classifications with pre-processes and
feature selections as pre-phases Moreover, efficient
algorithms are used for precise findings by algorithms for
input datasets.

The remainder of the essay is structured as follows: In
Section 2, there is a brief summary of some of the research
on feature selection, pre-processing, and illness
classification algorithms. In Section 3, the suggested
technique for the EFS-BPNN system is described in depth.

Section 4 provides the experimental findings and a
discussion of the performance analysis. Finally, Section 5
summarises the findings.

2. Related work

Chandra et al. (2021) presented the idea of BPNN in [8],
which is utilised for broadcasting the complete mistake
back to reduce loss. It is regarded as a BPNN for
classification since it is adaptable, simpler, and more
effective with clean data. The experimental study was
completed using data that was collected from the UCI
repository. The study uses well-known datasets related to
diabetes, cancer, the heart, and the liver. The classifier's
effectiveness has been demonstrated by the decreased
RMSE value and improved accuracy with additional
parameters. Creating a classifier system based on BPNN
could help identify doctors to handle medical issues.

For categorising clinical datasets, Leema et al. (2016)
employed an ANN (Artificial Neural Network) trained

International Journal of Intelligent Systems and Applications in Engineering

IISAE, 2024, 12(22s), 1403-1420 | 1404



using gradient descent-based BP (back propagation), PSO
(Particle Swarm Optimisation), and DE (Differential
Evolution). For better search explorations of PSO, a
modified DE approach utilising mutations is used. PSO
is used to train the ANN, and the e BP algorithm employs
generated global best values as seeds. In order to produce
the best sets of weights for NN, BP performs local
searches where NN(Neural Network) weights are
adjusted. Utilised were three standard clinical datasets
from UCI’s (University of California Irvine) ML
(machine learning) repository namely: Prima Indian
Diabetes; WDBC (Wisconsin Diagnostic Breast Cancer )
and Cleveland Heart Disease. The suggested work and
other classifier performances (gradient descent BP, DE
with BP, and PSO with gradient descent BP algorithms)
were compared with trained NN classifiers on these
datasets.

Peng et al. (2016) in their study [10] proposed the usage
of semi-supervised learning strategies to minimize tagged
information using two breast cancer datasets of UCI ML
repository. These two datasets are the subject of several
experiments that are assessed. The testing outcomes show
the algorithm's efficacy and efficiency, demonstrating that
it is a potential automated detection technique for breast
cancer.

Sakri et al. (2018) addressed in [11] how early recurrence
prediction might assist patients in receiving therapy
sooner. Accurate and quick prediction is made feasible by
the availability of vast amounts of data and cutting-edge
methodologies. This study examined the efficacies of
DMTs in selecting right features and improving forecasts
of breast cancer occurrences in datasets using classifiers
including NB (Naive Bayes), KNN (K-nearest
neighbour), and fast decision tree learner combined with
PSO.

Gradient descendent BPNN were used for classifying
clinical instances by Elgin Christo et al. (2019)'s in [12].
The study used bio-inspired techniques for feature
selections. The study processes clinical data where Hot
deck imputations handled missing values, and min-max

normalizations modifies data. AdaBoostSVM classifier
was used as fitness functions in wrappers that select
features using bio-inspired algorithms like DE
(Differential Evolution), Lion Optimisations, and GWO
(Glowworm Swarm Optimisation). Each of these
algorithms selected subsets of traits, resulting in three
feature subset outputs. Correlation-based ensemble
feature selections then identified important feature
subsets. Ensembles selected apt features based on
correlations. Gradient descendent BPNN trained on these
features. Ten-fold cross-validations were used to train and
assess classifier performances and accuracies were
assessed on Hepatitis and WDBC datasets from UCI’s ML
repository.

Devikanniga et al. (2018) focused on developing a hybrid
classifier model in [13] that uses bone mineral density
measurements to distinguish between osteoporotic
patients and healthy individuals. Then, an ANN classifier
based on the monarch butterfly aided in quick diagnostics
and thus prevention of osteoporosis. The study’s experints
were done on two datasets namely lumbar spine and
femoral neck utilising Ten-fold cross-validations. The
experimental outcomes demonstrated the classifier's
effectiveness and showed that it consistently beat the
alternative methods.

EHO (Elephant Herding Optimisation algorithm), a
nature-based ML approach Nayak et al. (2020) proposed,
was verified for identifications of lung, breast, and
cervical cancers in multiple cancer datasets. EHO's results
of classifications with/without feature selection were
validated using RMSE (Root Mean Square Error), in
comparisons with LLWNN, PSO, and EHO RMSE values
were executed.

3. Proposed methodology

EFS-BPNN technique is suggested in this study to
enhance performances of medical dataset classifications
using three processes namely pre-processing, feature
selections, and classifications. Fig. 2 displays the
proposed EFS-BPNN system's overall flow diagram.
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Fig 2 Overall block diagram of the proposed EFS-BPNN algorithm

3.1. Input dataset collection

This work’s datasets obtained from UCI ML repository
included the datasets: Pima Indians with diabetes; Heart
diseases and hepatitis, and fertility.

Hepatitis affects people of both sexes and age groups and
causes a variety of symptoms. Fatigue, anorexia, a large
liver, and other symptoms are hepatitis symptoms.

Semen samples from fertility datasets collected from 100
people from UCI ML repository was evaluated based on
WHO 2010 guidelines. Sperm concentrations connected
to socio demographics, environmental variables, health
conditions, and lifestyle choices encompassing 10
characteristics of 100 cases were used . Season, age,
childhood diseases, mishaps or severe trauma, surgeries,
high fevers the year before, alcohol use frequency, and
smoking habits were a few of the variables that impact
fertility, daily sitting time estimates, and diagnosis.

The Pima databases contain outputs of patients with
pregnancies, BMI, insulin levels, ages, glucose levels,
blood pressures, skin thicknesses, and family histories of
diabetes, together with counts of medical predictors
(independent) factors.

Heart Statlog data included information about chest pains,
levels of serum cholesterol and fasting blood sugars,
electrocardiographic results, max. heart rates, old
peaks/slopes on faults and exercise based angina. The
ages/genders of the patients were also used.

3.2 Pre-processing using KMC algorithm

The KMC method is employed in this work's pre-
processing in order to improve the dataset's illness
identification accuracy. In this work, both structured and
unstructured datasets are used. Hepatitis data and fertility
data are examples of unstructured datasets. Pima and
Heart Statlog data are examples of structured datasets.
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KMC is a practical clustering technique that uses cluster
beginning centroids to classify similar data [15]. The
Euclidean distance concept is used to identify the cluster
centroids. Starting with a random partitioning, (i) data
point are re-assigned to clusters whose centres are closest
to them while (ii) continuous re-computations of cluster

Before K-Means

centres based on averages of. These procedure were
stooped when there were no more assignments. Intra-
cluster variances computed as sums of squares of
differences between features and cluster centres were
reduced. Figure 3 depicts algorithmic example of KMC.

After K-Means

Fig 3 KMC algorithm

KMC implementation’s efficacy and their linear runtimes
are two important advantages. The counts of clusters in
this work is maintained at one per class. Utilise the
formula below to determine the Euclidean distance in
order to determine the cluster centroids.

d(i,j) = Y2, —y)?

1)
Where x;, y; Euclidean points in n space
Algorithm 1: Algorithmic KMC

1. Identify cluster counts (k) from structured/unstructured
datasets,.

2. Create the cluster centres pl,... pk.

3. Decide cluster centres of k data points) and use their
locations.

4. Select cluster means and randomly allocate points to
clusters.

5. Determine cluster centres nearest to data points, use
distance measures and locate missing values using (1).

6. Add clusters to data points.

7. Recalculate cluster centres (cluster means of points).
8. ldentify and remove incorrect or missing values.

9. Stop when all assignments are over.

Instances from original datasets that lack certain attributes
were eliminated and dataset is divided into two sets, one
including cases that are totally complete and have no
missing values and the other containing instances that are
partially complete and have missing values. Full instances
were clustered by KMC to yield independent instances,

and attributes without values were normalized. Newly
entered instances were examined to determine their
groupings in appropriate classes after KMC on datasets
from generated clusters. When assigned points are in
proper clusters, they are made permanent, and procedures
repeated for all occurrences. Otherwise, next values are
allocated and compared until the correct clusters are
determined. As a consequence, the preprocessing method
successfully increases the accuracy of sickness
categorization by utilising the KMC algorithm.

3.3 EFS

The idea behind ensemble learning is that EFS strategies
are specified to provide an optimal subset of features by
integrating various FS based on EEHO, EBFO, and
AFOA. The typical EFS design involves combining the
outcomes of FS approaches to provide a representational
capacity [16]. The development of several feature pickers
and the aggregate of the decisions are the two fundamental
aspects of EFS approaches.

331 EBFO

In this study, the best characteristics from the medical
dataset are chosen by the use of EBFO. EBFO is a novel
algorithm that draws inspiration from nature and imitates
the food-seeking (more accurate with certain attributes)
and butterfly mating behaviour to solve categorization
issues in the medical illness diagnosis. The suggested
EBFO Algorithm mimic butterfly’s sense of smell to
select most advantageous traits and locate nectar partners
[17]. Based on research, it has been shown that butterflies
can identify the source of smell with a high degree of
classification accuracy.
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Butterfly's fitness values correlate to (classification
accuracy) their intensities which change as they travel
from one location to another. EBFO Algorithm makes
extensive usages of sensory modalities (c), intensities of
stimuli (1), and power exponents (a) to deliver optimal
feature selections [18]. | is related to fitness (accuracy) for
EBFO algorithm's choice of features from medical
datasets. EBFO algorithm formulates smell as functions
of physical stimuli intensities using these concepts and
equation (9).

f=cl® )

Where f represents perceived intensities of scents, ¢
represents sensory modalities created by classification
accuracies, In represents stimulus intensities, and a
represents power exponents that are dependent on
modalities. a and c in the interval [0, 1]. However, if a =
0, it indicates that none of the other butterflies are able to
smell. Thus, the behaviours of algorithm depends on
parameters a. C is yet another crucial variable that affects
the EBFO algorithm's operation and the rate of
convergence. In terms of searches, the following idealised
descriptions of butterfly characteristics are given as
examples:

1. Butterflies exude scents that attract other butterflies.

2. Butterflies migrate at random or in specific directions
and best of them emits maximum smell.

3. Goal functions determine stimulus intensities of
butterflies.

EBFO operates in the phases of initializations (start of
runs), iterations and finalizations (on finding best
optimum selections). Classification accuracy is calculated
using the EBFO method and its solution space during the
startup phase. Additionally, the values for the EBFQ's
parameters are assigned. In the feature selection search
space, butterfly locations (features), together with fitness
and smell values, are generated at random. After finishing
the starting phase, the algorithm starts the iteration phase.
During each iteration, each butterfly in the feature
selection solution space is moved to a new location, and
the classification accuracy values are then computed. All
butterfly fitness values are initially computed throughout
the solution space in the procedure. These butterflies will
then release scent where they are by applying equation (3).
During the period of global search, denoted by equation
(3), the butterfly advances towards the fittest solution
(9)(optimal features).

xitt=xf + (2 x g" —x{) X f; ®)
« ECEy,

where x} stands for i butterfly’s solution vectors x; in
iterations counts t., g* stands for selected feature solutions
(current best) in current iterations. it butterfly’s fragrance
is f; and r € [0, 1] are randomized values in local searches
depicted by Equation (4),

xftt = xf + (2 xxf —xf) X f; 4)
« ECE,

where xf feature selection space’s j™ butterfly and xj

feature selection space’s k™ butterfly. When these
butterflies belong to the same swarm and r € [0, 1]
implies randomized numbers then equation (11) turns into
local random walks. Butterflies have the ability to look for
food and a partner at both local and global sizes in order
to get the greatest selection of features from the dataset.
Switch probabilities p are used in EBFO to move from
general global searches to focused local searches. Up
until the halting requirements are not fulfilled, the
iteration process is continued. At the end of iterations, best
possible solutions with highest fitness are obtained. To
choose the ideal amount of features in the medical dataset,
the EBFO algorithm additionally has feature weight
applied in equation (4). The goal of the EBFO method was
to increase the classifier's accuracy by making the best
possible feature choices from the available medical
dataset. By minimising the distance between two sample
distributions, an optimisation issue is solved, and the best
probability distribution parameters are then obtained. This
technique is known as cross entropy (CE). The CE
approach provides high resilience, outstanding flexibility,
and good global search capabilities.

_1¢N fxiv)
CE = ﬁZi:l Is<r g(xi)

®)

where x! implies random samples from f(x; v) with
sampling densities g(x). To determine ideal significance
sampling densities, Kullback-Leibler divergences, or
cross-entropies are used to calculate distances between
sampling distributions.

The suggested EBFO algorithm's general phases are
displayed in algorithm 2's flowchart. In step 1 of algorithm
2, the starting population is created by counting the
features in the medical dataset, and step 2 of the algorithm
computes the stimulus intensity I; at x; using sensor
modalities ¢ and power exponents a. Following are
applied for stopping criteria (Step 4), a butterfly's
fragrance value is determined (Step 6). Finding the
population's greatest feature came next (Step 8), and then
r was developed (Step 10). If r>p, move using equation
(4), else move at random using equation (12). Then, in
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steps 17 and 18, you update a value and evaluate people command (Step 19) to finish the procedure. Fig. 4 depicts
in light of their new standing. Finally, use the end while EBFO algorithm.

Set Initial butterfly population

{

Evaluate fragrances f and identify best feature (butterflies with max.
Fragrance)

le
*‘ A

Generate random number between 0 and 1

v

o [e]
gH If r<p H =

Perform global search by equation (3) | Perform local search by equation (4)

} }

Update the feature weight via Expected Cross Entropy (ECE) via equation (5)

{

Evaluate fitness and update position P and a

Is termination criteria is
met

(%]
Y
>-l

Optimal solution achieved

No

End

Fig 4 flowchart of EBFO

Algorithm 2: EBFO
Input: Medical datasets (Pima Indians Diabetes, Heart-Statlog, Hepatitis, and Fertility data sets)
Objective function: Classifier accuracy, f(x), x = (X1, X3, ..., Xgim) dim = no.of dimesnions

Outputs: Optimal feature selections

1. Generate initial n butterfly populations x; = (i = 1,2, ..., n) based on dataset features
2. Stimuli intensities I; at x; obtained using classification accuracies f(x;)
3. Define sensor modalities ¢, power exponents a and switch probabilities p
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4. Do until criteria for stopping is not met
5. Do for butterflies fin population
6. Compute fragrances using Equation (3) and compute entropy dependent weights based on equation (5)
7. End for
8. Find best butterflies
9. For butterflies f in populations do
10. Generate randomized values r
11. If r < pthen
12. Shift towards best butterflies (optimal features) using equation (3) and compute entropy dependent
weights based on equation (5)
13. Else
14. Move in a randomized manner based on equation (4)
15. End if
16. End for
17. Update a’s values
18. Feature evaluations based on their changed positions
19. End while
20. Display best solutions outcomes worst fireflies

3.3.2  AFOA algorithm

AFOA method is used in this study to choose features
from provided datasets. The physiological and social
The Firefly algorithm is based on characteristics of real
fireflies which generate quick flashes that are signals
of impending dangers as well as in luring
(communicating with) their spouses. The Firefly
Algorithm (FA) uses the problem's objective function
to produce this flashing characteristic. The same idea
underlies FA and firefly flashing lights. A firefly group
is prompted by the brightness of the light to go to
alluring and intense locations that are designed to
produce the best resolution over the desired place.

A couple of the firefly traits are normalised by this
technique, which may be demonstrated as follows [19]:

(i All fireflies, regardless of their sexual
orientation, are drawn to different people.

(i) Because the brightness of a firefly is directly
proportional to its attractiveness, when two fireflies are
present, the one with the greater brightness attracts the
one with the lower brightness. If it can't discover a
brighter firefly in the region, a firefly will randomly
change direction.

The brightness of the firefly is statistically influenced
by the objective function. The basic operation of the
firefly algorithm is shown in Fig. 5.

) Vi [t At
J0€ (JJ - z;)

best firefly
.’.I i i j' ;
J

Fig 5 Basic mechanism of the firefly algorithm

FA was selected as it has the ability to provide best
answers to multi-objective problems. For a
maximisation problem, the brightness can simply be
proportional to the objective function. To keep things
simple, it is assumed that the attraction of a firefly is
determined by its brightness or light intensity, which is
linked to the encoded goal function.

Until the convergence criteria are met, these phases are
iteratively repeated. a) Attractiveness and Light
Intensity at the Source: According to the inverse square
law, the amount of light varies as follows.

10r) =%
6)

Where I(r) stands for light intensities at attractiveness

7,.2

Attractions created in random assignments of features
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b) While the intermediate is given, the light intensity is
as follows:

I(r) = Ipexp (—yr)
(7)
Where [, stands for medium’s absorption coefficients

c) To avoid the singularity, the following Gaussian
form of the approximation is considered

I(r) = Iyexp (—=yr?)
(8)

Attractions of fireflies are proportional to light
intensities as seen by adjacent ones. New solutions are
achieved in variations and randomly changing pixels.
Firefly’s attractiveness 8 is computed as:

B = Boexp(—yr™)
9)

Where g, is the attractiveness at r=0.

Distance between any two fireflies (features) i and j are
positioned and the distance is computed as follows

Tij = \[Zzzl(xi,k - xj,k)z
(10)

Where x; ;. is the k™ factor of the spatial match x; of the
kth firefly and d is the amount of dimensions. AFOA is
produced by introducing adaptations for both random
and absorption parameters. These improvements
improve the capacity of both local and global search by
altering the parameter linearly during the duration of
iterations [20]. AFOA is used to give the best features
for the datasets that are provided by selecting the best
features in terms of higher fitness values.

Calculate the parameter « as follow:

t

a(t+1) = (1-—)a(t)
(11)

a adjusts the value to the degree of the optimization's
distance deviation in order to improve the solution's
correctness and speed of convergence. It is also altered
as follows to improve the population's adaptability.

a = Apin + (@max — Amin) X % — Xpese ||/ Lmax
12)

Where Lyax = (Xworst — Xpest)
(13)

Amaxand apizare the maximum and minimum
features respectively. In Eq. (13), the location of the
worst individual at generation t fireflies are represented
by x,0rst; @nd distances between worst and global
optimal individuals are represented by L,,... In early
stages, the firefly individuals are dispersed across
space, with majority of them being at long distances

from globally ideal individuals. At this stage, the value
of Ilx; — xpes: |l 1S greater, and L, o, and (Xmax — Xmin)
are fixed. Eq. (12) revealed that higher values of early
on have greater total optimisation impacts. As a result
of algorithm's implementation, individual fireflies i are
drawn to other fireflies that are brighter. As time goes
on, firefly individuals i will cluster around the global
ideal people. At this point, the value of x_i-x_best is
lower, which is advantageous for enhancing the search
for optimal features throughout the provided datasets.
The value of is altered in accordance with the location
of the optimum at each iteration, speeding up the
algorithm's convergence [16]. The data above shows
that the step size factor adjusts dynamically and
adaptively depending on the distance between firefly
individuals, balancing the capacity to move quickly and
easily

In this research, a new fitness function assumes
accuracy and execution time which is given by

1 1
(L)
_EE/E/M‘*'Haccuracy
14
(14)

where I; is the counts of dropped features. m, is the
total counts of features sent with higher accuracy

fG) =

ex

I¢ is the features in the dataset i.

P,,;," is the initial feature.

eg Is the execution time and e, is the maximum
allowable delay.

X =x; + ,[?Oe'wz(xj - xi) + a(rand — %)
(15)

Where x; and x; is distance between two firefly
features

Each feature's fitness value is computed inside the
population. The counts of features in a batch is chosen
at random in the first generation. Each firefly's fitness
value is computed. The selection process is then
utilised to choose two particular fireflies. Along with
having a higher brightness, Firefly also has the greatest
fitness value, making it the feature of choice for the
following generation.

Algorithm 3: AFOA for feature selection

Input data: Pima Indians Diabetes, Heart-Statlog,
Hepatitis, and Fertility data sets

Output: Optimal features

1. Obijective function (x), x = (x1,...,)T take into
account high accuracies of classifiers

2. Set initial firefly populations xi (i=1, 2, ...,
n)
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3. Light intensities Ii at xi obtained using f(xi)
4, Specify coefficients of light absorptions y

5. while (t < MaxGeneration)

6. for i=1:n all n fireflies (features)

7. for j=1:i all n fireflies (features)

8. if (Ij > Ii), Move firefly i towards j in d-
dimension;

9. end if

10. Changes in attractiveness based on distances r
using exp[—yr]

11. Use (14) and (15) to calculate the fitness
function.

12. Use (10) to compute an objective model.

13. Compute fresh options and update light
outputs

14. Eliminate unnecessary elements

15. Use (12) to update ideal characteristicss.

16. end for j

17. end for i

18. Sort the fireflies and identify their top
qualities right now.

19. End while

20. Fireflies i shift to more attractive ones

21. Return best features

According to method 3, the AFOA method is utilised
to provide the best results based on fitness, which has a
better measure for classifier accuracy. The fireflies are
rated in the AFOA algorithm, and the best fitness
values are used to choose the best firefly. The firefly
iteration is continued after the innovative best solutions
are added to the firefly pool. As a result, the AFOA
algorithm is used in this study to choose the
characteristics with the highest accuracy. When test
datasets' extracted features are put to AFOA, they
provide correlation matching with data features. If
maximal brightness is achieved, the input test datasets
will contain characteristics related to illnesses;
otherwise, the input test datasets will contain features
related to health.

333 EEHO

The clever heuristic EEHO algorithm is based on the
nomadic lifestyle of elephants. The elephant herd
mostly has the following two criteria for the selection
of aspects from medical condition diagnosis, according
to observation and research of the elephants. The first
trait is that an elephant herd is divided into several
clans, each of which has a patriarch and followers who
adhere to his directives for the best selection of
characteristics from illness diagnostics. Another
defining characteristic of the herd is the lack of one
adult male elephant. Young elephants will live away
from the other elephants when they are adults. Clan
updating and splitting, the two concepts that make up
the core of EEHO, are both influenced by these two
characteristics [21]. Equation (16) describes the update

process for the clan updating operator, which is the
initial characteristic of the elephant herd.

xn,i’j =xi‘j +r*xax* (xb‘i —xi,j) *ECEW (16)

where old (x; ;) and new (x,;;,) feature positions of
clan i’s elephants in medical datasets while a€[0, 1] is
the factoring scale; x;,; implies best fitness valued
feature positions (classification accuracies) in clansi. r
stands for randomized numbers with normal
distributions in the interval [0, 1]. Equation (2) depicts
the majority of individuals' update processes (features),
but each clan's matriarch has not been changed [22].
Assuming specific feature values are observed for
implying target features data in EEHO, the weights of
medical dataset’s features are determined. This weight
value has now been changed for the EEHO algorithm.
The weight from Expected Cross Entropy (ECE) is
used to determine the relevance of the attributes. ECE
is based on the Kullback-Leiber (KL) distance and
measures the difference between the topic class's
probability and its probability when a certain
characteristic is present. You may explain computer
equation (17)

Cross Entropy (CE)(f) a7)

IC|
P(fle
=D Y Pl log 12

where f is the feature, P(f) is the probability of data
that contains appearing in the training set, P(c;) is the
probability of class c;in the training set, P(f|c;) is the
probability of data that contains feature inclass c;,
and |C|is the total amount of classes in training set.
The formula of information entropy is given by
equation (18),

Information Entropy (IE)(f) (18)
ICl

— _Z P(fle) log(P(flcy)

i=1

In a summary, combine equation (17) and equation (18)
together; the ECE equation is as follows by equation
(19),
¢l (19)
P(f)
ECE (f) = ———— ) (P(flc;
CE () = 15 1 g;( (fled
P(flc;) +
+)log (fle) + €

P(c;)
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Information entropy equals zero (IE(f)=0) if feature f is
unique to a single class. Therefore, it is necessary to
include a small parameter as a regulator in the
denominator. Equation (20)—(21) illustrates the
matriarch's updating process for the feature selection
process for illness detection.

Xnij = B * Xci (20)
1 & (21)
Xei = Tl,—l X Zl xl-’}
]:

where P stands for scales in the interval [0, 1]. Centre
positions (features) in clans i is x.; computed using
equation (20), clan counts of elephants i is n; and
updates of matriarch positions (feature related to clans).
Second elephant herd characteristic can be abstracted
to provide separating operators and separation
procedures are depicted in (22),

Xw,i = Xmin T 1 * (Xmax = Xmin) (22)

where x,, ; Xmax and Xmin represent top and lower bounds
of elephant's locations (feature positions), respectively.
r implies values in the interval [0, 1], and represents
positions (feature position) with poorest fitness values
(classification accuracies) in clans i. Algorithm 4
displays the workings of the proposed EEHO
algorithm. It begins with the population being
initialised with the counts of features from the medical
dataset, after which the fitness value (classification
accuracy) is evaluated. Based on this, the poorest
features (medical illness characteristics) are then
eliminated from the clan, and the method is then started
with t iterations up to T_max. Steps 6 through 8 are
used to carry out two operations for each feature, such
as clan update and the other being separating. Once
these procedures have been carried out, step 11 to step
13 should be used to expel the worst elephant from the
clan. Finally, in step 14, locate the best features. Similar
to that, Fig. 6 shows the suggested system's flowchart.

Start
v

Initializations
L2

o
¥

Fitness evaluations based on classification

Y

Sort the characteristics (population) from best to worst
according to their fitness function (classification
accuracy)

Y
v

 Clanupdates using equation (20) |
 opertorsepartionsusig s 22 |
v

Evaluate each elephant individual (features) according to its position

Y

t=t+1

¢

Output the best solution

Y

End

Fig 6 flowchart of EEHO algorithm

Algorithm 4: Enhanced Elephant Herding
Optimization (EEHO) algorithm

1. Initialize  parameter values and set
population and feature counts

2. Evaluate fitness using positions of features
and their classification accuracies

3. While t < Ty, do
4. Fori =1ton.do
5. For j=1 to n; ((Feature counts

(elephants)) in clans) do
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6. Update x; ; and generate x,, ; ; based
on equations (16), produce feature weight by ECE (f)
in equation (19)

7. If x; j = xp; then

8. Update x; ; and generate x,, ; ; based
on the equations (20-21)

9. End if

10. End of for loop

11. Fori=1ton.do

12. Substitute worst features by modified
network weights in clans i using equation(22)

13. End of for loop

14, Individual feature evaluations based on

their new positions
15. End of while loop
3.3.4  Aggregation function

A suitable aggregation function is used to merge
the many ranked results into a single ensemble list,
assigning each characteristic a "overall score" based on
its position (rank) in the initial records. Consider L;be,
the result of applying certain feature selection
technique to k™ bootstrap test (k = 1,..., B), as the
ranking list. A final score is then calculated for each of
the initial characteristics f;(i =1,..N) using the
formula score; = score (f;) = aggr(1i1,7iz, - Tig)-
Here, aggr is a suitable aggregation function, and r_ik
is the rank of the ith feature in the kth ranked list. The
traits are ranked in the final ensemble list from most
significant to least significant based on their total scores
[38]. The optimal feature are selected which increases
the medical dataset classification  accuracy
prominently.

34 Disease classifications using BPNN

In this study, the BPNN algorithm is used to
classify diseases. Gradient descent BPNN with variable
learning rates is the type of neural network employed
in this study. The input, hidden, and output layers are
parts of BPNN whose architecture is depicted in Fig.
7.

hidden layer hidden hidden Qutput Predictions
1 layer 2 layer 3 layer

Fig 7 BPNN architecture

The most popular artificial neural network
method is the basic FFNN BPNN algorithms.
Algorithm modifies network weights using error
propagations between outputs to inputs. By calculating
the weights, the network reduces error during training.
The gradient-descent method, in which the set of
weight vectors made up of weights is modified by the
learning parameters, can be used to carry out the
minimization technique. It is possible to take into
account network characteristics like learning rate,
constant, training error, and counts of epochs. The
weights are initialised to random values before training.
Weights should be initialised with modest values to
prevent saturation. The entire sample is randomly
divided into training and test groups in order to assess
the network's efficacy. The 80/20 rule, which states that
80% of the data are utilised for training and 20% are
used for testing, is used to test the model. The training
method is deemed effective in accordance with this
classification strategy when the MSE reduces. The
definition of an algorithm's training period is the
number of epoch counts required to meet the halting
condition.

The hidden layer's activation function is a
sigmoidal function, whereas the output layer's
activation function is a linear function. The following
equation is used to compute the total counts of
concealed nodes:

H=2n+1
(23)

where H is the counts of hidden nodes and n is the
counts of input nodes. 'e steps involved in this process
are given below

Table 1: Parameter setting for BPNN

Parameter Value Meaning
N Feature Counts of input
selected by | nodes
EFS (features)
H 2n+1 Counts of
hidden nodes
Higyer 1 Hidden layer
0] - Output

Algorithm 5: BPNN

Step 1: The disease features selected by the ensemble
feature selector are given as the input of the BPNN.
Initial parameters are initialized as shown in Table 1.
Step 2: The input of the hidden layer and the output of
the hidden layer are calculated using equations (24) and
(24):

Apet = 2W;j 0; + 0

(24)
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Where w; ; are weights of input nodes where @; implies
bias
0; =
(25)
In order to determine the output on the jth node in this
study, the log-sigmoid activation function, which has a
range of [0,1], will be used.

Step 3: Gradient descents computer error rates and
learning rates rise on low error rates and reduce in the
case of larger errors.

Step 4: Utilizing BP and gradient descents error and
learning rate’s new weights and bias are updated until
error rates converge, Steps 2 and 3 are repeated.

Step 5: Use (26) to lower the mistake rate.

1
1+e~Anet.J

Step 6: Accurately classify the features for the provided
datasets.The output error function at the output neuron
is defined as;

1

E= f=1(te — o (a))?

(26)

n : output node counts of output layers.
t,: kth unit’s desired outputs.

oy kth unit’s network outputs.

0; : jth unit outputs.

0; : ith unit outputs.

W;; - weights of links from units i to j.

aqet,j jth unit’s net input activation functions

It helps with careful initial weights and bias
selections, learning rates, momentums, network
architectures, activation functions, and their gain
values. Additionally, its utilization to increase training
effectiveness and hasten network’s convergence and
effective modification of weights and enhance medical
dataset classification performances. The weights are
calculated using the gradient descent method, and the
network is modified to reduce output error. The
gradient descent BPNN method is seen in Fig. 8.

Weight update
— e

mor «——

/ | Backpropagation
X < Wi ./,w Optimization such as
N / X0=1 Gradeent Descent
N
W . \Wo Calcuiation of
X2 . \\ , Sy —g. tost funcrion
;\:‘:w 7 Z‘\\ / ">
t >
S\ %
J/ P s |
//I o
/ tput
W/ Net input Activation .
7 function function Classified result
"4
Xa
input
Medical data
Fig 8 Gradient descent BPNN algorithm
1. Experimental result

To evaluate how well the EFS-BPNN performed, four
data sets from the UCI ML repository were used. Input
data for ML were normalised between [0, 1]. The
present techniques that are taken into account include
the TWin Support Vector Machine (TWSVM) [24], the
Feature Selection Method Combined with Twin-
Bounded Support Vector Machine (FSTBSVM) [25],
and the AFOA-TBSVM that is evaluated with the
proposed EFS-BPNN algorithm. The proposed method
is compared to the existing algorithm in terms of
performance measures including accuracy, sensitivity,
specificity, and execution time. Hepatitis data was
gathered from the following link:
https://www.kaggle.com/datasets/codebreaker619/hep
atitis-data

Hepatitis information is gathered from the website
https://www.kaggle.com/datasets/gabbygab/fertility-
data-set.

The Pima data is gathered from the following source.
https://www.kaggle.com/code/vincentlugat/pima-
indians-diabetes-eda-prediction-0-906/data

The data for the Heart Statlog is gathered from the
following URL.
https://www.kaggle.com/datasets/shubamsumbria/statl
0g-heart-data-set?select=statlog.csv

Accuracy

Accuracies are determined as overall correctness of
models and computed as total actual classifications
(T, + T,) which are segregated by sums of
classification parameters (T, + Ty + Fp +
F,). Accuracy is computed as: :

Tp+Th

Accuracy = ———
y (Tp+Tn+Fp+Fp)

(27)
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Where Tp is true positive, Tn is true negative, Fp is
false positive and Fn is false negative

B TwsvM

100 T T T EE FatesvM L
[C]AFOA-TBSVM

= I =FS-BPNN

70

60 -

50 -

Accuracy (%)

40 -

30

20

Diabetes Fertility Hepatitis Statlog

Methods

Fig 9 Accuracy

As can be seen in Fig. 9, both the current and new
approaches are used to evaluate the comparability
metric's accuracy. The x-axis uses the datasets and
approaches, while the y-axis displays the accuracy
value. The present processes make use of these
algorithms. TWSVM, FATBSVM, and AFOA-
TBSVM offer lesser accuracy for the supplied Pima,
Heart-Statlog, Hepatitis, and Fertility datasets, but the
suggested EFS-BPNN method offers superior
accuracy. To increase classification accuracy, pre-
processing techniques are employed to eliminate noise
and fill in missing information. The best features are
combined using the EFS process, and accuracy is
increased using the gradient descent BPNN technique.

Sensitivity

Sensitivities  aretrue  positive  rates, recalls,
or probabilities of detection with certain measures and
they are proportions of actual positives that are
correctly identified, For Example, the percentage of
sick people who were correctly identified as sick.

Sensitivity = TfF
pTfn

(28)

I Twsvm
[ FATBSVM L
[C__1AFOA-TBSVM
I EFS-BPNN

100

90 - (|

Sensitivity (%)

Diabetes Fertility Hepatitis Statlog
Methods

Fig 10 Sensitivity

The aforementioned Fig. 10 makes it evident that both
the current and newly suggested approaches are used to
evaluate the comparison metric's sensitivity. X-axis
shows benchmarked methods while y-axis displays
their corresponding values for sensitivity. The
proposed EFS-BPNN method has more sensitivity for
the supplied Pima, Heart-Statlog, Hepatitis, and
Fertility datasets than the existing algorithms, such as
TWSVM, FATBSVM, and AFOA-TBSVM. The
recommended strategy improves sensitivity by
choosing more relevant data. The findings indicate that
by using the best features, the proposed EFS-BPNN
algorithm enhances the performance of medical dataset
categorization.

Specificity

Specificities are true negative rates that measure
proportions of actual negatives that were correctly
identified. For Example, percentage of healthy people
who were correctly identified as healthy.

Tn
Tn+Fp

Specificity =

(29)

I TWsvm

[ FATBSVM
[CJAFOA-TBSWM ||
I EFs-BPNN

Specificity (%)

Fertility Hepatitis Statlog
Methods

Fig 11 Specificity

Specificity values of existing and proposed
methodologies were evaluated and depicted in Fig. 11
shown above. X-axis shows benchmarked methods
while y-axis displays their corresponding values for
Specificity. The suggested EFS-BPNN algorithm gives
more specificity than the current approaches, such as
TWSVM, FATBSVM, and AFOA-TBSVM, for the
supplied Pima, Heart-Statlog, Hepatitis, and Fertility
datasets. The recommended strategy improves
sensitivity by choosing more relevant data. The training
stability performance is enhanced by EFS-BPNN.
Dataset training is significantly more stable as a
consequence. The findings show that by using the best
features, the proposed EFS-BPNN algorithm enhances
classification performance.

F-measure

The outcomes of feature ranks obtained from Equation
(18) are used for selecting important features based on
their higher scores.
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The comparative values for the F-measure metric
utilising the existing and suggested algorithms are
assessed from Fig. 12. For the provided medical
datasets, the proposed EFS-BPNN algorithm offers a
higher F-measure than the current TWSVM,
FATBSVM, and AFOA-TBSVM methods. The
suggested classifier successfully predicted with an F1
score of 84% and no characteristics that were
misidentified. To offer the best characteristics, the EFS
algorithm is applied. Consequently, the suggested
algorithm offers better performance and higher
classification accuracy for the provided medical
datasets.

Execution time

The proposed algorithm exhibits lesser execution times

50 T T T I TWSVM

I FATBSVM

IS
o

[ EFs-BPNN

[ AFOA-TBSVM

Execution time (s)
N © w IS
&> & & S
T

N
S
T

15

Diabetes Fertility Hepatitis Statlog
Methods

Fig 13 Execution time

The comparisons for evaluations are done in terms of
execution times of existing and recommended
approaches, as shown in Fig. 13 above. The x-axis
represents the techniques, while the y-axis displays the
execution time value. For the provided datasets, the
suggested EFS-BPNN algorithm executes more
quickly than current techniques like TWSVM,
FATBSVM, and AFOA-TBSVM. The findings
indicate that the recommended EFS-BPNN method

makes use of optimised characteristics to enhance the
performance of the medical dataset.

2. Conclusion

The EFS-BPNN technique is suggested in this study to
enhance the performance of classifying medical
datasets. Pre-processing, feature selection, and
classification are some of the four primary components
of this study. By adding missing values and eliminating
noise, the KMC algorithm improves classification
performance. Subsequently features are selected using
EFS for identifying most pertinent and practical
characteristics. EFS are used to identify the more
important characteristics for patients with different
illness classifications. To get better results than using
a single FS approach, EFS is implemented by
combining three FS methods, such as EEHO, EBFO,
and AFOA. Both the EBFO and EEHO approaches
derive attribute weight from ECE. It is done by utilising
a distance metric that measures the disparity between
the topic class's probability and possibility under a
certain attribute condition. The feature subsets that
might be employed in the suggested classification
strategy were produced using the aggregation function.
The best attribute subset to select will rely on how well
and efficiently a classification can be made based on
the results of a diagnostic. Finally, classification is
carried out using the BPNN algorithm, which performs
better in terms of accuracy for medical dataset
classification. A collection of weights are learned
iteratively to predict the class label of tuples. According
to the experimental findings, the suggested EFS-BPNN
algorithm offers superior accuracy, sensitivity, and
specificity over current algorithms, as well as shorter
execution times. In future work, feature extraction and
hybrid classification algorithm can be developed for the
given datasets
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