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Abstract

PCOS is the most predominant endocrine problem among women of repro-
ductive age, which affects ovaries and causes irregularities in menstrual cycles,
weight gain, and hirsutism [1]. The condition probably results from a mix of
causes, including qualities and ecological elements. The aim of this study is
to investigate the performance of Binarized Butterfly Optimization Algorithm,
Binarized Grey Wolf Optimization Algorithm, Binarized Genetic Algorithm
and Binarized Cuckoo Optimization Algorithm in terms of classification accu-
racy. Kaggle PCOS dataset is used for this work and it has 541 records and
43 attributes. The study aims to investigate the performance of four optimiza-
tion algorithms in terms of classification accuracy for predicting PCOS disease.
The BGWO optimization algorithm outperformed the other algorithms with
99% accuracy, while the BGA produced the most optimal subset. The study
highlights the significance of feature selection in improving the performance of
classification algorithms.

Key words: polycystic ovarian syndrome, feature selection, optimization
algorithms, classification, accuracy

1. Introduction. Among women of conceptive age, PCOS is the most pre-
dominant endocrine problem [2]. PCOS influences ovaries and causes sporadic
or missing periods, ovarian growths, extended ovaries, overabundance androgen,
weight gain and hirsutism. It disrupts the regular menstrual cycle and causes
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irregularities when reproductive hormones are disturbed. According to statistics
from WHO, 3.4% of women worldwide have PCOS. Current developments in AI
have brought encouraging results in medical diagnostics. The authors of [3] em-
ployed machine learning methods, to predict the PCOS based on Kaggle dataset.
Amsy et al. [4] suggested possible features based on the importance of traits using
machine learning algorithms. The main objective is to develop an effective and
optimal algorithm that increases PCOS diagnostic accuracy by choosing the min-
imal features possible. Feature selection optimization algorithms are commonly
used in machine learning applications to reduce the complexity of models, improve
performance, and enhance interpretability. Four optimization algorithms with bi-
narized representation are used in this work. In the context of feature selection,
classifiers are used to analyse the applicability and its performance serves as the
objective function. Feature selection optimization algorithms look for the best
possible combination of features to maximize the classifier’s performance. In this
work, multiple classifiers (Decision tree, KNN, Gaussian and SVM) are used to
ensure that the selected features are robust, and not biased towards a particular
type of classifier. The remaining section of the article is organized as follows:
Section 2 contains a brief literature survey on PCOS diagnosis and prediction and
the proposed technique is discussed in Section 3. The outcomes and conclusion of
the suggested method are covered in Sections 4 and 5.

2. Literature review. Rani et al. [2] proposed a method to control PCOS
with the benefits of polyphenols. Soni and Vashisht [5] predicted PCOS using
data mining techniques. Neetha et al. [6] detected the presence of PCOS with
hybrid classification like Bayesian and Neural Network classifier. Deshpande and
Wakankar [7] detected PCOS by counting the number of follicles in an ovarian
ultrasound picture and this method’s attained accuracy is 95%. The works [8–10]
proposed different methods for detecting and predicting PCOS. Alam et al. [11]
investigated the utilization and applications of Genetic Algorithms in engineering
pedagogy. Tubishat et al. [12] enhanced BOA algorithm for feature selection;
and Rajalaxmi et al. [13] designed a system utilizing BIGWO variations to select
the most significant symptoms of Parkinson’s disease. The earlier works [4,14,15]
focused on identifying potential features and employing classification methods for
predicting PCOS using machine learning techniques. The existing works [3,16–18]
have explored various methods for PCOS prediction and these studies demon-
strated the potential of these methods.

3. Research methodology. This proposed work helps to diagnose PCOS
by analysing the symptoms of the patients. Figure 1 shows the design of the
proposed framework.

3.1. Data set description and cleaning. The data is collected from ten
different hospitals in Kerala, India. It consists of 541 instances and 43 attributes
including target attribute. Target class labels in this dataset are 1 for women
with PCOS and 0 for women without PCOS. The PCOS Kaggle dataset has to be
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Fig. 1. Proposed system design

pre-processed, among 43 attributes; the most important 29 attributes are chosen
according to gynaecologist’s suggestion and those are sub-symptoms of selected
symptoms. All the missing values are removed and the data is validated. Out of
29 attributes, 11 attributes are categorical and 18 attributes are numerical values.

3.2. Feature selection. 3.2.1. Binarized Butterfly Optimization Algorithm.
The BBOA is a meta heuristic algorithm that can be used to solve optimization
problems in various fields. In BBOA, the search process is modelled as a collec-

Algorithm 1: BBOA
Input: Population Size PS, Input features N, Sensory modality c,
Stimulus Intensity I, max_iter t, alpha a, epoch p
Output: Optimal subset g∗, Accuracy
BEGIN

while max_iter not reached do
for each feature n in population N do

compute the fragrance using Eq1
Generate random r in [0,1]
if r < p then

Move for best feature using xt+1
i = xti + (r2 ∗ g∗ − xti)× fi

(global search)
else

Move randomly using xt+1
i = xti + (r2 ∗ xtj − xtk)× fi

(local search)
end if
compute the Fitness function for the new solution

end for
end while
return the optimal subset g∗ of features

END
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tion of virtual butterflies that communicate with each other using pheromone-like
information. The search is directed toward better solutions using this data and
Algorithm 1 describes BBOA

(1) f = cIa,

where I is level of stimulation, a is power exponent coefficient, and c is sensory
modality coefficient. The algorithm’s speed of convergence is significantly influ-
enced by the parameters a = 0.1 and c = 0.01 with the help of randomly generated
threshold in fitness function. There are two main phases for updating butterflies’
positions: Global search and Local search phase.

3.2.2. Binarized Grey Wolf Optimization Algorithm. The algorithm mimics
the wolf’s hierarchical social structure, with alpha, beta, and gamma wolves serv-
ing as leaders. An initial population of wolves is utilized by the BGWO algorithm,
each representing a potential solution to the optimization problem. These wolves
communicate with one another and adjust their positions in accordance with their
social hierarchy and hunting behaviour. Algorithm 2 shows the steps of BGWO.

3.2.2.1. Encircling prey. Grey wolves hunt by encircling their victim. It is
written as equation (2) and (3).

B = |c.xp (t)− x (t) |(2)
x (t+ 1) = xp (t)− S.B,(3)

where t denotes the current iteration, cand S represent coefficient vectors, xp
denotes the prey’s position vector. The vector A is calculated as

S = 2a.r1 − a; c = 2.r2,

Algorithm 2: BGWO
Input: Population Size PS, Input features N, Superior search agent Xχ,
second superior search agent Xβ, third superior search agent Xγ,
max_iter t
Output: Optimal subset g∗, Accuracy
BEGIN

Initialize PS, Xχ, Xβ, Xγ
Initialize c
While c < t

for each feature n in population N
Update the position of the current search feature using eq. (6)

end for
Compute the fitness g∗

Update Xχ, Xβ and Xγ
t = t+ 1

end while
Return Xχ

END
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where r1, r2 are random vectors in the range [0, 1], and the components of a are
linearly decreasing from the range of 2 to 0.

3.2.2.2. Hunting. Grey wolves are capable of tracking and encircling their
prey. The Alpha wolf leads the hunt. The wolf’s beta and delta siblings take after
him. The x wolves come after these first three wolves.

(4) Bα = |c1.xα − x| ; Bβ = |c1.xβ − x| ; Bγ = |c1.xγ − x|

(5) x1 = xα − S1. (Bα) ; x2 = xβ − S2. (Bβ) ; x3 = xγ − S3. (Bγ)

(6) xi (t+ 1) = x1 + x2 + x3/3.

3.2.3. Genetic optimization algorithm. Each solution in the population is
represented as a string of genes, where each gene corresponds to a particular
decision variable. Algorithm 3 describes the BGA steps.

3.2.3.1 Selection, crossover and mutation. In selection step, a subset of the
existing population of solutions is chosen to produce the upcoming generation of
solutions. The fitness value of each solution is determined by how well the solu-
tion fits the optimization requirements. The chosen solutions are mixed to produce
new offspring solutions during the crossover phase. This is done by exchanging
segments of genes to develop fresh offspring solutions from parent solutions. Mu-
tation is usually applied in a small number of genes within a solution, and the
changes introduced are typically small. It helps to avoid premature convergence
to a sub-optimal solution and can help to explore new regions of the search space.

Algorithm 3: BGA
Input: Input features N, Population Size PS, max_iteration t
Output: optimal subset g∗, Accuracy
BEGIN

Generate initial population of n features compute the fitness value
of each feature
Initialize Counter as 0
while (counter < t):

select pair of features from initial population
Apply crossover operation on selected features
Apply mutation on the offspring
Replace old features population with newly generated
Increment the counter by 1

end while
END

3.2.4. Binarized Cuckoo optimization algorithm. The BCOA algorithm imi-
tates the behaviour of some cuckoo bird species that lay their eggs in the nests
of other bird species, a practice known as brood parasitism. The host birds then
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incubate the cuckoo eggs, which eventually hatch into cuckoo chicks that out-
compete the host chicks for food. The BCOA algorithm works by maintaining a
population of candidate solutions, represented by nests. Each nest corresponds
to a potential solution to the optimization problem. The algorithm repeatedly
creates new nests and replaces less-fit nests with new nests in an effort to find the
best answer.

(7) xt+1
i = xti + step_size ∗ directioni ∗magnitude,

where xt+1
i is the new solution candidate, xti is the current solution candidate,

step_size is a scalar value that determines the size of the step taken by the
algorithm in each iteration and directioni is a vector that determines the direction
of the step taken.

Algorithm 4: BCOA
Input: Input features N, Population Size PS, step_size ss, magnitude m,
max_iteration t
Output: optimal subset g∗, Accuracy
BEGIN

Generate initial population of n features
Compute the fitness value of each feature
Initialize Counter as 0
while (counter < t):

for each nest do
Generate a step of magnitude ss∗m in the direction of
direction_i along the ith dimension
Update the ith dimension of the solution vector using (7)

end for
end while
return the optimal subset

END

3.2.5. Binarization and fitness function. In binarization, a threshold value is
set and any continuous variable value above or equal to the threshold is assigned
a binary value of 1, while any value below the threshold is assigned a binary value
of 0. A fitness function is used to evaluate the quality suitability of a solution or
candidate solution in an optimization or search problem.

3.3. Disease classification. In the context of feature selection, classifiers
are useful for evaluating the importance of different features in predicting the class
labels. Decision tree classifiers build the tree by iteratively choosing the optimal
feature to divide the data into two or more subsets based on a splitting criterion
like information gain or Gini measures. The KNN classifier’s performance can
be enhanced by feature selection, which can be used to decrease the number of
features. By focusing on the most informative features and lowering the dimen-
sionality of the input space, Gaussian classifier-based feature selection increases
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Binarization β(N)
Input: Solution vector s, input
features x, target variable y
Output: Accuracy
Initialize counter as 0
Begin

while counter < len(N)
r = 1/(1+ math.exp(−10 ∗ (x− 0.5)))

if r < N[i]
binarize the array

a[i] = 1

else
Continue
Increment the counter

by 1
end while

End

Fitness Function
Begin

R← count non zero entries in s
X← empty matrix with shape
len(x)
for i in range (0, len(s)− 1) do

if s[i] == 1 then do
X[:, count]← X[i]
Count← count+ 1

end if
end for
Split data into training
and testing sets
Create model classifier
Fit the classifier
Predict the model
Calculate accuracy
Return accuracy

End

the accuracy and effectiveness of classification models. SVM based feature selec-
tion is done by selecting a subset of features that results in the best classification
performance and reducing computational complexity.

3.4. Performance evaluation. The accuracy, precision and recall of the
outcome is used to estimate the model’s performance.

Accuracy =
TPPCOS + TNPCOS

TPPCOS + TNPCOS + FPPCOS + FNPCOS
;

Precision =
TPPCOS

(TPPCOS + FPPCOS)
; Recall =

TPPCOS
(TPPCOS + FNPCOS)

,

where True positive (TPPCOS) is a solution where classifier classifies the PCOS
positive as PCOS positive. True negative (TNPCOS) is a solution where classifier
classifies PCOS negative as PCOS negative. False positive (FPPCOS) is a solu-
tion where classifier improperly classifies the PCOS positive as PCOS negative.
False Negative (FPPCOS) is a solution where classifier improperly classifies PCOS
positive as PCOS negative.

4. Results and discussion. Four alternative optimization techniques are
tested using four traditional classifiers like Decision Tree, KNN, Gaussian, SVM.
The study also provides a table of common reduced features selected by the opti-
mization algorithms. For example, the BGWO selected features like cycle, mar-
riage status, number of abortions, weight gain, hair growth, hair loss, pimples, fast
food, follicle number (R). These common features are obtained by applying opti-
mization algorithm followed by fusion technique. Figure 2 compares the accuracy,
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Fig. 2. Comparison of different optimizers with No. of features, accuracy, precision and recall

number of selected features, precision and recall. Figure 3 shows the confusion
matrix for all optimization algorithms with four classifiers.

T a b l e 1

Common reduced features selected by the optimization algorithms

Attributes before
optimization

BMI, Hb, cycle, cycle
length, marriage status,
pregnant, No. of abortions,
I betaHCG, II betaHCG,
FSH/LH, waist:hip ratio,
TSH AMH, PRL, PRG,
RBS, weight gain, hair
growth, skin darkening, hair
loss, pimples, fast food,
reg exercise, follicle No.
(L), follicle No. (R), Avg.
Fsize (L), Avg. Fsize (R),
endometrium, PCOS (yes or
no)

Algorithms Attributes after optimization

BBOA
BMI, cycle, No. of abortions, waist:hip ratio,
skin darkening, pimples, fast food, follicle No.
(L), follicle No. (R)

BGWO
cycle, marriage status, No. of abortions,
weight gain, hair growth, hair loss, pimples,
fast food, follicle No. (R).

BGA
BMI, Hb, cycle, pregnant, II betaHCG, TSH,
AMH, weight gain, hair loss, pimples, fast
food, Avg. F size (L), endometrium

BCOA
BMI, marriage status, No. of abortions, I be-
taHCG, FSH/LH, AMH, PRG, pimples, fast
food, follicle No. (R), Avg. F size (L), en-
dometrium

Conclusion. The main contributions of the paper could be summarized
as follows: 1. Demonstrating the significance of feature selection for optimized
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Fig. 3. Confusion matrix for various optimization algorithms

PCOS diagnosis. 2. Optimized subset of features for more accessible PCOS
diagnosis. 3. Interesting methodology combining several classifiers for diversified
evaluation of the feature selection algorithms used. According to our analysis,
the BGWO optimization algorithm outperformed the other algorithms in terms of
classification accuracy, while the BGA was the most efficient in terms of providing
minimal features. The actual translational benefit lies in the possibility of findings
of this paper to be used by healthcare professionals to develop more accurate and
efficient diagnostic tools for PCOS disease. This work can be further extended to
real time hospital records such as electronic health records, scan report, health
surveys, etc., and analyse the performance of the optimization algorithms.
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