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ABSTRACT 

The analysis of health and medical data is crucial for improving the diagnosis precision, treatments and 

prevention.  Data mining, a field that can uncover patterns from large repositories, has numerous applications 

such as building predictive models which can be extremely beneficial in the healthcare industry.  Due to the 

development of modern technology, data mining applications in healthcare consist about the analysis of health 

care centres for enhancement of health policy-making and prevention of hospital errors, early detection, 

prevention of diseases and preventable hospital deaths, more value for money and cost savings, and detection of 

fraudulent insurance claims. Polycystic ovary syndrome (PCOS) is the most common endocrinopathy in women, 

primarily affecting the reproductive system, with substantial collateral negative health effects on metabolic,  

psychologic,  and cardiovascular functions. Early detection and treatment of PCOS is important since it is 

largely prevalent among women of reproductive age. A recent study has revealed that about 18% of the women 

in India suffer from this syndrome. Even though PCOS has been identified as the most common endocrinal 

disease , the author has found that there are a very limited number of researches initiated towards building a 

prediction model for PCOS. Hence, the objective of this work  is to build an efficient  prediction model  to 

predict whether a person is likely to have PCOS or not by applying meta-heuristic based  Feature Selection  

methods  to improve the accuracy of data classification for the  PCOS dataset so that the improved accuracy 

will better yield enough information to identify the potential patients and thereby improvise the diagnosis 

accuracy. In this work, in the attempt to design an efficient prediction model, three meta-heuristic algorithms 

such as Particle Swarm Optimization Algorithm(PSO), Genetic Algorithm(GA) and  Bio inspired Harmony 

Search Algorithm(BioHS) were used for feature selection and the efficiency of each method was analysed by 

using three various classifiers such as Support Vector Machine, Naive Bayes and K Nearest Neighbour.  The 

performance of all  combinations of the optimization method and the Classifiers on the PCOS dataset were 

analysed and it was found that the Bio inspired Harmony Search and  K Nearest Neighbour combination 

outperformed the other combinations. 



 
 

254 | P a g e  
 

Keywords : PCOS, meta-heuristic optimization , PSO, GA, Bio Harmony Search Algorithm, 

Classification, classifiers, SVM, Naive Bayes, KNN 

 

1. Introduction 

Polycystic ovary syndrome (PCOS) is the most common endocrine disorder worldwide in women. 

PCOS is a state in the female body that leads to the growth of multiple sacs in ovaries that are filled with fluid. 

The long-run consequences like endometrial hyperplasia, type 2 diabetes, and coronary disease are caused by 

the polycystic ovaries, chronic anovulation and hyperandrogenism are characterized by the resistance of 

hypoglycemic agents and therefore leads to high blood pressure, abdominal fat and dyslipidemia. Early 

diagnosis is very important because it has been coupled to associate increased risk for unwellness. PCOS is an 

emerging health problem during adolescence therefore the promotion of healthy lifestyles and early 

interventions are required to prevent future morbidities.[1] 

Recently, a new trend for large medical data applications is the application of computational or 

machine intelligence in medical diagnosis. A Computer-Aided decision-making system can assist a physician in 

diagnosing diseases of a patient through systematized intelligent data classification methods. Data Mining 

techniques and algorithms such as clustering, classification, SVM and Naive Bayes algorithm have been used 

for early diagnosis of chronic diseases, to predict heart diseases and liver problems. They have also been used 

for diagnosing breast cancer and diabetics. The datamining technique assigns categories to a collection of data to 

aid in more accurate predictions and analysis. 

The main objective of this work is to build an efficient prediction model for predicting  PCOS  by using 

an optimized  (Dimensionality reduced) PCOS dataset. The optimized Dataset is a dimensionality reduced one 

with relevant attributes. The optimized dataset paves the way to minimized diagnosing time to screen the risk of 

individuals for asymptomatic disease, to predict future events of disease or death. The PCOS Dataset consists of  

500 PCOS positive samples  and 500 PCOS Negative samples with 22 features  is considered  for building the 

prediction model. The relevant features of the dataset were identified using wrapper feature selection method 

based on optimization algorithm. The meta-heuristic optimization algorithm Bio inspired Harmony Search 

Algorithm( BioHS)  was used for feature selection and the classification accuracy was analysed by using three 

various classifiers such as Support Vector Machine, Naive Bayes and K Nearest Neighbour.  The BioHS was 

proposed by the authors in their previous work[ and it has been proved empirically that the BioHS exhibited 

better performance than other competitors in terms of classification accuracy and convergence rate[2]. 

Materials and Methods 

The dataset which consists of 500 PCOS Positive  and 500 PCOS negative patients  was used for 

building the prediction model. The study protocol was approved by the Ethics Committee of Erode Cancer 

Center, Erode, Tamilnadu, India. The Parameters considered are FSH, LH, TESTOSTERONE, ESTROGEN, 

SHBG, ANDROSTENEDIONE, HCG, AMH, DHEA, PROGESTERONE, ESTRDIOL, HBA1C, CORTISOL, 
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PROLACTIN, FT3, FT4, Height (cm), Weight (kg), BMI, Systolic BP, Diastolic BP , Insulin PP, menstrual 

cycle length. 

2. Literature Review 

In [3], a prediction model for PCOS  was suggested to assist the physicians for their final decision on 

their patients. The proposed model consists of building of a sample dataset of clinical information of patients 

with and without PCOS from the Health Care Professionals followed by selection of the features relevant to the 

solution and building the predictive model (using Machine learning technique) by using the sample as a 

Training dataset. Validation testing can be used to assess the quality of the model. 

An algorithm based on Fuzzy neural subset evaluation and artificial neural network has been proposed 

which reduces the task of classification and feature selection separately [4]. The neural fuzzy rough set 

algorithm reduces the number of attributes measure. The selected attributes from the NFRS algorithm is fed into 

Artificial neural network for further reduction. The proposed algorithm achieves best results in classifying 

PCOS. It combines the neural fuzzy rough subset evaluation and artificial neural network together for the better 

performance than doing the tasks separately. 

A new approach  has been suggested in  which the detection of PCOS  was done automatically by 

calculating no of follicles  in ovarian ultrasound image and then incorporating clinical, biochemical and imaging 

parameters to classify patients in two groups i.e. normal and PCOS affected. The number of follicles is detected 

by ovarian ultrasound image processing using pre-processing which includes contrast enhancement and filtering, 

feature extraction using Multiscale morphological approach and segmentation. Support Vector Machine 

algorithm is used for classification. The proposed method obtained 95% accuracy on classifying [5]. 

An application  was designed in [6] to classify Polycystic Ovary Syndrome based on follicle detection 

using USG images. The proposed approach helps the physicians to detect PCO follicles in a shorter time. The 

proposed algorithm results showed that the best accuracy gained from SVM -RBF Kernel on C=40. It shows 

that the system can reach a maximum of 82.55% accuracy on classifying PCOS. 

In [7],  a novel, effective and automated method for the computer-aided diagnosis of PCOS was 

proposed using ovary ultrasound images. The proposed method is based on the fact that follicles always appear 

as low-echo local minimum areas inside the contour of the ovary. The proposed method had two major 

functional blocks: pre-processing phase and follicle identification based on object growing. Experimental results 

showed that the proposed system is very effective in follicle identification for PCOS diagnosis. 

 A machine-learning algorithm was developed to predict new PCOS genes. Analysis on degrees of 

PCOSDB genes or PCOSKB genes were done separately. Experiments show that the proposed method has 

increased the classification accuracy for the medium and large size problems within time. PCOS candidates 

were predicted with a posterior probability >0.9. Evidence supporting 7 of the top 10 predictions has been found 

[8]. 
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 It has been investigated whether women with polycystic ovary syndrome have an elevated risk of 

postnatal depression. Analysis for the association between PCOS and PND has been made. Over one in three 

women with PCOS had PND, whereas in women without PCOS the prevalence was around one in four. 

Reproductive profiles of women with PCOS contrasted with those of other women in terms of difficulty 

conceiving, mode of conception, pregnancy complications and neonatal outcomes [9]. 

3. Proposed work 

3.1 Harmony Search 

 Harmony search is a meta-heuristic algorithm that mimics the improvisation process of musicians[10]. 

The Harmony Search is a simple concept with few parameters and easy implementation, with the theoretical 

background of the stochastic derivative. Solutions of the optimization method correspond to musicians and also 

the harmony of the notes generated by a musician corresponds to the fitness of the solution. The algorithm was 

initially developed for discrete optimization and later expanded for continuous optimization. It helps in finding 

out near-global optimal solutions by searching the entire solution space. Existing clustering algorithms are 

facing limitations on their low clustering accuracy. 

The important steps involved in HS algorithm are: 

1. The problem and algorithm parameters are initialized 

2.  Harmony memory is initialized 

3. A new harmony is improvised 

4.  The harmony memory is updated. 

5. Until the stopping criterion is met, steps 3-4 repeated. 

In HS algorithm, a new Harmony vector, , is generated based on three rules: (1) 

memory consideration (2) pitch adjustment and (3) random selection. Generating a new harmony is called 

„improvisation‟. The HMCR, Harmony Memory Consideration rate, which varies between 0 and 1, is the rate of 

choosing one value from the historical values stored in the HM, while (1 – HMCR) is the rate of randomly 

selecting one value from the possible range of values.  

 Every component obtained by the memory consideration is examined to determine whether it 

should be pitch-adjusted. This operation uses the PAR parameter, Pitch Adjustment Rate, which is the rate of 

pitch adjustment as follows: 

Pitch adjusting  ←    Yes with probability   PAR Decision for         

                                   No with probability (1- PAR) 

 

 The value of (1 - PAR) sets the rate of doing nothing. If the pitch adjustment decision for  is 

YES,  is replaced as follows: 

                         =    ± rand ( ) * BW, 

 where  

      BW is an arbitrary distance bandwidth 
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           rand ( ) is a random number between 0 and 1  

 

3.2 Enhanced Bio inspired Harmony Search (BioHS) 

 In Harmony Search (HS), the update of the Harmony memory (HM) highly depends on the past search 

experiences which slow down the search process [11]. So, the exploitation phase of the HS method has been 

refined and the selection process used has been enhanced. The food source exploitation feature of the Artificial 

Bee Colony method is employed to improve the fitness of the solution candidates in the HM. This new approach 

called as BioHS modifies the pitch adjustment step of HS and this modification allows this algorithm work 

efficiently and speeds up the convergence process [12]. 

 While the Bio inspired HS algorithm has been used as a global search strategy across the whole solution 

space, the K-NN classifier has been used for finding the classification accuracy for the best harmony found in 

every iteration The Bio inspired Harmony Search algorithm has been modified to accommodate the wrapper 

strategy to perform the feature selection process. The following Pseudo code illustrates the BioHS wrapper 

algorithm embedded with K-NN classifier 

 

(i) Randomly initialize the Harmony Memory (HM) with initial set of solutions  

( Harmony Vectors, HV) with normalized values  from the original data set 

 

      Represent the solutions using Equation (2) and evaluate the accuracy value of each solution  

      vector by  1-NN (HVi )  // where 1≤  i ≤ HMS) 

(ii) Improvise a new Harmony: Define  a selected subset of features 

      for  i = 1 to D do (where D represents Dimension of the dataset) 

        if (rand >HMCR),  

        begin 

           Randomly select a harmony from HM, RHVi 

           MHVi = Mutate (RHVi)   

           Represent  the vector solution MHV  using  condition (A)  

            ACC_MHV = K-NN ( MHV )//calculate the accuracy value using K-NN// 

            ACC_RHV = K-NN(RHV) 

          if ACC_MHV >= ACC_RHV// Compare the accuracy values of MHV and RHV 

           NewHi = MHVi 

          else  

           NewHi = RHVi 

              if (rand>PAR) 

              adjust NewHi  within limit 

         endif 

             end begin 

             else 

              NewHi =  RSV //randomly selected vector solution from HM 

          endif 

        Next-for 

         Represent  NewH using condition (A)  

         ACC_NewHV = K-NN(NewH]) 

 //  The new harmony vector replaces the worst harmony vector in HM and w is the                                                                                                                     

index of Worst harmony 

(iii)  Update the harmony memory:  if ACC_NewHV > ACC_HVw   

                                                                 HVw   = NewHV                      
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 (iv)  Check the Stopping Criterion :  If the maximum number of  improvisations  is satisfied,  

          Iteration is terminated else repeat steps (ii) and (iii) 

  (v)   Select the best Harmony in HM: find the best harmony , HVB 

     ACC_HVB = K-NN(HVB) 

(vi)   Return the best harmony  vector solution in Harmony Memory  HVB as the best feature subset along with 

the accuracy value ACC_HVB 

 

3.3 The Classifiers  

3.3.1 K Nearest Neighbour 

1. Determine parameter K 

2. Calculate the distance between the query-instance and all the training samples (Eucledian distance). 

3. Sort the distance and determine nearest neighbors based on the K-th minimum distance. 

4. Gather the category of the nearest neighbors. 

5. Use a simple majority of the category of nearest neighbors as the prediction value of the query. 

3.3.2 Support Vector Machine 

In machine learning, Support-Vector Machines are supervised learning models with associated 

learning algorithms that analyze data used for classification and regression analysis. Given a set of training 

examples, each marked as belonging to one or the other of two categories. 

3.3.3 Naive Bayes 

It is a classification technique based on Bayes‟ Theorem with an assumption of independence among 

predictors.  

Bayes theorem provides a way of calculating posterior probability P(c|x) from P(c), P(x) and P(x|c).  

 

   

 P(c|x) is the posterior probability of class (c, target) given predictor (x, attributes). 

 P(c) is the prior probability of class. 

 P(x|c) is the likelihood which is the probability of predictor given class. 

 P(x) is the prior probability of predictor. 

3.4 Cross-Validation  used for evaluating the Model 

Cross-Validation is a statistical method of evaluating and comparing learning algorithms by dividing 

data into two segments: one used to learn or train a model and the other used to validate the model. In typical 

cross-validation, the training and validation sets must cross-over in successive rounds such that each data point 

has a chance of being validated against. The basic form of cross-validation is k-fold cross-validation. Other 

forms of cross-validation are special cases of k-fold cross-validation or involve repeated rounds of k-fold cross-

validation. 

https://en.wikipedia.org/wiki/Machine_learning
https://en.wikipedia.org/wiki/Supervised_learning
https://en.wikipedia.org/wiki/Algorithm
https://en.wikipedia.org/wiki/Statistical_classification
https://en.wikipedia.org/wiki/Regression_analysis
https://courses.analyticsvidhya.com/courses/introduction-to-data-science-2/?utm_source=blog&utm_medium=6stepsnaivebayesarticle
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Leave-one-out is the degenerate case of K-Fold Cross Validation, where K is chosen as the total 

number of examples. LOOCV involves using K observations from the original sample as the validation data, 

and the remaining observations as the training data. This is repeated such that each observation in the sample is 

used once as the validation data.  

For a dataset with N examples, N/K experiments are performed 

For each experiment, N-K examples are used for training and the remaining example is used for testing 

The true error is estimated as the average error rate on test examples 

 

4. Experimental Results and discussion 

4.1 Experimental Setup 

The clinical dataset has been obtained from different hospitals and has been labelled by specialist. 

Women with PCOS and obesity tend to have more pronounced endocrine disturbances. They had more 

suppressed SHBG levels and had higher androgen and estradiol levels compared with the normal persons. This 

eventually will result in more pronounced disturbance of ovarian function, exemplified by a higher rate of 

amenorrhoea in obese women with PCOS. Moreover, it has been shown that in obese women with PCOS and 

more severe cycle disturbance, there is need for higher dosages of ovulation induction drugs and an increased 

risk of non response to such treatment. The dataset consists of 1000 patients‟ clinical reports in which PCOS is 

diagnosed according to the new Rotterdam criteria. 

500 of PCOS positive and 500 of PCOS negative were used for training and testing the model. 

4.1.1 Parameter Setting 

For HS algorithm, parameters are set to the range of values suggested in [10] and recommended in [11] 

for solving Engineering Optimization algorithms. The usage of Harmony Memory is important and in order to 

use this memory more effectively, it is assigned as a parameter HMCR ∈ [0, 1],  called Harmony Memory 

Considering Rate. The recommended range for HMCR is [0.7, 0.95] [13]. The Pitch Adjusting Rate (PAR) is 

the parameter used to control the degree of the adjustment. The recommended range for PAR is [0.1, 0.5] [11]. 

The size of the Harmony Memory was set as 10, HMCR = 0.9, PAR = 0.3, BW = 0.01 and the maximum 

improvisation (iteration) number was 1000 for all test problems. The standard PSO has been used. In this 

algorithm, the inertia weight ω is kept as 0.9  and the acceleration factors c1 and c2 have been kept as 0.8 and 

1.2 respectively as recommended in [13].  For the GA, the chromosomes number is 30, crossover rate and 

mutation rate is 1.0 and 0.1 respectively [14].  

4.2 Discussion on Results 

Since the proposed approach is non-deterministic, different runs with the same data may not produce the same 

result. Therefore, the proposed method was run for ten times using the PCOS  dataset to calculate the relevance 
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of the Features selected,  Best, Worst and Average classification accuracies and Standard deviation are the 

metrics considered for evaluating the performance of  the methods considered. 

4.2.1 Relevance of the Features selected 

 The optimal features selected out of 10 runs by all the methods have been depicted in Table 4.a, 

Table 4.b and Table 4.c.  It can be observed that the features selected by the proposed method BioHS-K-NN was 

more appropriate (based on the classification rates) than the other competitors. Thus the proposed approach 

found the better beneficial subset of features.  

  It can also be observed from 4.a that Bio-HS-K-NN often selected some redundant features as 

important features. From Table 4.b and Table 4.c, it can be observed that the PSO-K-NN and GA-K-NN 

algorithms neglected some important features.  

TABLE 4.a) The features  selected by BioHS and Classification Accuracies with K-NN, Naive Bayes and SVM 

classifiers in 10 runs 

RUN Features Selected 

Classification Accuracy 

BioHS-K-NN 

BioHS-

Naive 

Bayes 

BioHS-SVM 

1 1,2,7,8,9,10,11,19,22,23  88.80 % 86.36 % 87.47 % 

2 1,2,7,8,19,22,23 91.27 % 88.65 % 86.84 % 

3 1,2,19,23 98.42 % 94.67 % 92.29 % 

4 1,2,7,8,10,19,22,23 90.63 % 89.39 % 88.37 % 

5 1,2,7,8, 19,22,23 91.27 % 89.74 % 88.95 % 

6 1,2,7,8,9,19,22,23  90.65 % 89.48% 88.84 % 

7 1,2, 19,23  98.42 % 96.87% 94.84 % 

8 1,2, 19,22,23  98.94 % 96.96% 94.98% 

9 1,2,19, 22,23  98.94 % 96.95% 94.98% 

10 1,2,19,23 98.42 % 96.87% 94.84 % 
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TABLE 4.b) The features  selected by GA and Classification Accuracies with K-NN, Naive Bayes and SVM 

classifiers in 10 runs 

RUN Features Selected 

Classification Accuracy 

GA-KNN 
GA-Naive 

Bayes 

GA- SVM 

1 1,2,7,8,9,10,11,22  88.80 % 86.45 % 82.62 % 

2 3,4 84.37 % 80.38 % 73.61% 

3 1,3,7,9,11,12 86.36 % 82.86% 75.38 % 

4 1,3,6,8,11,19,22 89.25 % 88.05% 84.92% 

5 2,4,8,11,22,23 88.37 % 86.02% 81.85% 

6 1,2,19,20,21,22 94.53 % 92.73% 89.48% 

7 1,2,3,7,9,10,11,12 84.23 % 80.18% 72.85% 

8 1,3,7,9,11,12,20,22 88.74 % 87.06% 82.18% 

9 2,4,7,8,10,11,22,23 92.43 % 91.85% 86.90% 

10 1,2,3,7,9,10,11,12, 19,20 88.86 % 86.95% 82.90% 

 

TABLE 4.c) The features  selected by PSO and Classification Accuracies with K-NN, Naive Bayes and SVM 

classifiers in 10 runs 

RUN Features Selected 

Classification Accuracy 

PSO-KNN 
PSO-Naive 

Bayes 

PSO- SVM 

1 2,7,9,10,22,23  84.64% 83.47% 78.20% 

2 1,2,4,6,7,19,20,22,23 90.32% 88.68% 84.93% 

3 1,2,3,7,8,9,11,12,20,21 87.29% 85.04% 80.79% 

4 1,2.7,8,19,20 87.91% 86.07% 82.04% 

5 3,5,6,8,19,20,22 82.58% 78.93% 74.96% 

6 1,2,19,21,22,23 93.28 % 90.62% 87.66% 

7 1,2,6,7,8,22,23 92.67% 89.56% 86.96% 

8 1,2,4,9,11,19,20,21,22 94.73% 91.63% 88.06% 

9 1,2,3,6,7,8,19,20,21,23 92.11% 89.04% 86.07% 

10 1,2.7,8,19,21,22,23 95.98% 93.74% 89.29% 

 

4.2.2 Evaluation of Quality   
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For evaluating the quality of the  methods, classification accuracy has been used as the metric. Tables 

5.a, 5.b and 5.c summarize the average, best, and worst solutions of accuracy values and the standard deviation 

values from 10 runs of BioHS, PSO and GA with all the three classifiers.  The Standard Deviation values are 

calculated from the results of 10 runs produced by each method. The Standard Deviation values reveal the 

ability of a method in producing consistent result in every run.  

From the values in Table 5.a, it has been concluded that the results obtained by BioHS-K-NN are 

clearly better than the BioHS-Naive Bayes and BioHS-SVM. Likewise in Table 5.b the results obtained by 

PSO-K-NN are clearly better than the PSO-Naive Bayes and PSO-SVM and in Table 5.c the results obtained by 

GA-K-NN are clearly better than the GA-Naive Bayes and GA-SVM.  It is clearly depicted that BioHS 

performs better than PSO and GA. For the PCOS dataset, the KNN classifier is performing efficiently compared 

to other classifiers considered. Naive Bayes is better than SVM. It can be observed that the BioHS-KNN is the 

Best in terms of Classification Accuracy.   

The standard deviation value of BioHS-K-NN, which is less than 1 represents that the algorithm is 

converged to the global optimum most of the times. Further, it can also be noted that the standard deviation 

values of BioHS-K-NN is less when compared to the other two methods and the is the lowest among all. This 

shows that BioHS rarely gets trapped into local optima. Therefore it is concluded that BioHS-K-NN method is 

effective for the task of classification. 

TABLE 5.a  Performance Comparison of   the BioHS with the Three Classifiers 

Criteria BioHS+KNN      Bio HS+Naïve Bayes Bio HS+SVM 

Average Accuracy 94.58 % 92.59% 91.24 % 

Best Accuracy 98.94 % 96.96% 94.98% 

Worst Accuracy 88.80 % 82.58 % 86.84 % 

STD 0.14 0.48 0.63 

 

TABLE 5.b  Performance Comparison of   the PSO with the Three Classifiers 

Criteria PSO+KNN      PSO+Naïve Bayes PSO+SVM 

Average Accuracy 90.15% 87.68% 83.89% 

Best Accuracy 95.98% 93.74% 89.29% 

Worst Accuracy 82.58% 78.93% 74.96% 

STD 1.64 4.26 9.25 
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TABLE 5.c  Performance Comparison of   the GA with the Three Classifiers 

Criteria GA+KNN      GA+Naïve Bayes GA+SVM 

Average Accuracy 88.59% 86.25% 81.27% 

Best Accuracy 94.53 % 92.73% 89.48% 

Worst Accuracy 84.37 % 80.18% 73.61% 

STD 4.62 7.39 12.86 

 

4.2.3 Observations 

Based on the classification accuracy it can be concluded that the FSH, LH, BMI, Insulin PP and cycle 

length as the most discriminating features. The influences of these parameters are extensively studied in 

literature and authors have confirmed their importance [1]. 

Among the three optimization algorithms considered, it is evident that the BioHS outperforms PSO and GA in 

the process of Feature Selection. In the process of classification,  the  BioHS method wrapped with K Nearest 

Neighbour Classifier outperforms the other competitors considered.  

5. Conclusion 

  Polycystic ovary syndrome (PCOS) is a condition that is challenging for women and their health 

professionals in spite of the emerging technologies and exhaustive research works.  In this work, a Prediction 

Model for PCOS by using enhanced Bio Inspired Harmony Search Based Wrapper Approach is proposed. 

Twenty three features of the patients are taken into consideration. The PCOS dataset with 500 samples of PCOS 

positive and 500 PCOS negative was taken for the study and the design of the model. The discriminating 

features were  extracted from the dataset using three various Meta-heuristic optimization methods viz. BioHS, 

PSO and GA and were trained and tested.  The features extracted by the BioHS were observed to be relevant in 

terms of Classification accuracy when it was wrapped with the K Nearest Neighbour Classifier. The model 

provided consistent result in all folds. The accuracy of the prediction model can further be enhanced by 

including the data obtained related to ultrasound images. This Prediction model will enable  the doctors  to 

predict whether a patient has Polycystic Ovarian Syndrome or not based on the symptoms provided and/or can 

foresee if the particular patient is susceptible to the syndrome, thus, help in curbing PCOS by seeking medical 

help and switching to a healthier lifestyle. 
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