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Abstract

Infertility on the part of working women between the ages of 22 and 30 is becoming an increasingly prevalent public
health concern in urban and economically developed locations. The purpose of this study is to get an understanding of
the numerous variables that contribute to infertility by analysing datasets found in the NFHS-5 and DLHS4, as well
as literature that has been examined by experts. A number of variables, including but not limited to work stress, a
sedentary lifestyle, hormone imbalances, reproductive illnesses such as polycystic ovary syndrome (PCOS), and delayed
marriage, are included in this category. We built a predictive analytics model employing state-of-the-art machine
learning algorithms as SVM, Random Forest, Logistic Regression, Naive Bayes, and Logistic Regression to improve
the early detection of infertility risk. With a forecast success rate of 93%, the Random Forest algorithm outperformed
the others. Using these numbers, we can create a thorough health monitoring system that suggests all women over the
age of 22 should be checked every six months. These examinations include, among other things, evaluations of the
patient's mental health, testing of thyroid function, ultrasounds of the pelvic, and hormone tests (including AMH,
LH, and FSH). This approach makes it easier for medical professionals to intervene at an earlier stage and improves
reproductive health by providing individualised risk assessments and treatment recommendations. With the potential
to improve diagnostic timings and encourage informed, timely treatment decisions, the study presents a novel approach
to incorporate predictive analytics into reproductive healthcare for working women. This approach has the potential
to improve diagnostic timings.

Keywords: Infertility, Working Women, NFHS-5, DLHS-4, PCOS, Predictive Health System, Preventive Care,
Lifestyle Management.

L. INTRODUCTION

With millions of women affected worldwide, infertility is a major health concern with far-reaching
emotional, social, and psychological consequences.. Because of a convergence of factors, including
physiological, occupational, lifestyle, and environmental variables, infertility is becoming increasingly
prevalent among working women in their twenties and thirties, particularly in metropolitan and semi-
urban regions[1]. This is especially true in locations where there is a high concentration of urban and
semi-urban areas. Early detection and timely action are the two most important factors in achieving
improved outcomes for women who are at risk. The findings of this study propose a system for health
monitoring and predictive analytics that makes use of cutting-edge computational methods and health
data in order to assess and lessen the likelihood of infertility among working women.

Working women's growing infertility burden

The rising participation of women in the labour market has resulted in a variety of lifestyle and
occupational pressures that may have a negative impact on reproductive health. This is despite the fact
that women's greater labour market participation is an essential indicator of economic growth. Inadequate
diet, mental stress, excessive screen time, sedentary habits, and a lack of work-life balance are some of the
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causes that may lead to hormonal disturbances and menstrual irregularities[2]. Other risks include
delaying marriage, placing an excessive amount of focus on employment, and not getting enough sleep.
These days, a significant number of women who are of reproductive age are affected by illnesses such as
obesity, thyroid dysfunction, polycystic ovary syndrome (PCOS), and other disorders that are closely
related. The fact that these underlying disorders are frequently ignored until the attempt at conception is
made may lead to complications and a delay in diagnosis.
The Value of Early Diagnosis and Health Promotion Programs
In order to lessen the psychological, monetary, and physical burdens that are associated with infertility, it
is necessary to promptly evaluate and monitor reproductive health indicators. Regrettably, the bulk of
healthcare systems in existence today respond to medical emergencies rather than focussing on
preventative measures. We suggest using a proactive predictive strategy to help bridge this gap. This would
make it easier to find people who are at a high risk and then direct them to get medical help, change their
lifestyle, and get whatever tests they need[3]. The use of a well-designed prediction model may prove to
be an invaluable resource for gynaecologists, endocrinologists, and general practitioners for the
enhancement of patient outcomes via the implementation of individualised risk assessments.
Predictive Analytics' Function in Fertility Care
Data mining, machine learning, and statistical modelling are the three methods that are used in predictive
analytics. These methods are utilised to analyse massive datasets and uncover patterns that assist in
forecasting health outcomes. We are able to construct a system that evaluates risk factors such as body
mass index (BMI), age, stress levels, urban/rural location, and diagnosed reproductive conditions by
applying these techniques to national health surveys such as the NFHS-5 and DLHS-4, as well as electronic
health records and clinical variables based on the literature[4]. To identify high-risk situations for early
intervention, algorithms like Logistic Regression, Support Vector Machines (SVM), Naive Bayes, and
Random Forests may provide reliable predictions and classification models.
Creating a System for Health Monitoring
Under the proposed system, women who are above the age of 22 would be compelled to voluntarily
submit themselves to routine health exams. No less often than once every six months, these tests must to
be carried out[5]. Tests of the thyroid, ultrasounds of the pelvic, assessments of mental health, and a
hormonal profile (including AMH, LH, and FSH) would all be included in these examinations. In order
to provide a risk score, the prediction model, which accepts the data that has been acquired, makes use
of the parameters that have been discovered. The women who have scores that range from moderate to
high risk are urged to consult with specialists, while the women who have scores that are lower risk get
personalised guidance on how to maintain their reproductive health[6].
11. Objectives
1. To use national health statistics to uncover important lifestyle, medical, and sociodemographic
variables that increase the risk of infertility among working women.
2. To create a health monitoring system based on predictive analytics in order to identify infertility
situations early and provide individualised treatment.

III. LITERATURE REVIEW

Khan, Fida & Akhter, Muhammad & Khan, Inam & Haider, Zeeshan & Khan, Noor & ]Jr, jist.
(2024), If a woman cannot conceive after a year without birth control, she is deemed infertile. Many
things may go wrong with ovulation, fallopian tubes, hormones, uterine abnormalities, infertility, and
other difficulties. Infertility may harm a person's mental, emotional, and social wellbeing. Our proposed
research will employ cutting-edge machine learning techniques to predict female infertility. We used
logistic regression, Naive Bayes, SVM, and Random Forest to analyse a dataset of reproductive health-
related medical features. The Random Forest algorithm's excellent attributes allowed it to attain 93%
accuracy. The results suggest that this technology might be used to diagnose infertility early and provide
personalised treatment programs. This study will also help infertile couples and people and affect
reproductive healthcare[7].

Findikli, Necati & Houba, Catherine & Pening, David & Delbaere, Anne. (2025), Female infertility,
a complicated disorder that affects millions of women worldwide, is caused by hormonal disturbances,
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genetic predispositions, environmental factors, and harmful lifestyle choices. Traditional diagnostic
methods including hormonal, genetic, and ultrasound imaging may be laborious and interpretative. In
recent years, artificial intelligence (Al) has revolutionised reproductive health by streamlining, improving,
and personalising infertility testing and treatment. By evaluating big and complex data, detecting hidden
patterns, and providing data-driven insights, artificial intelligence (AI) might improve ART clinical
decision-making. This narrative review examines the latest breakthroughs in artificial intelligence (Al) for
female infertility diagnosis and therapy, including technological improvements, clinical implications, and
field limitations. Al may transform reproductive healthcare in the future. As Al-based reproductive care
technologies evolve, better, cheaper, and more personalised fertility therapy is expected[8].

Adekola, Folayemi & Oludele, Awodele & Kuyoro, Shade & Publication, Esci. (2024), Infertility in
Nigeria causes financial, emotional, and psychological hardships for women. A rising number of clinical
risk factors contribute to female infertility. The aims of Assisted Reproductive Technology (ART) include
the development of technologies to forecast human infertility to help Nigerian women. This work uses
three basic models to create an ensemble machine learning model for early infertility prediction in
women/[9].

Liao, ShuJie & Jin, Lei & Dai, Wan-Qiang & Huang, Ge & Pan, Wulin & Hu, Cheng & Pan, Wei.
(2020), Al is being used in medicine, but reproductive health research is scarce. This work builds a
machine learning-based infertility risk evaluation system. Given the intricacy of infertility diagnosis and
therapy, it helps doctors comprehend their patients' problems. The first step is feature selection to remove
eight infertility traits. After partitioning feature anomalous intervals using entropy-based feature
discretisation, the weight of each feature was calculated using random forest. Finally, physicians may
utilise patients' overall risk ratings to predict pregnancy outcomes, which helps choose targeted treatment.
We separated patients by age and devised a risk assessment system for each age group to improve
diagnostic precision. Stability tests demonstrate the system's good functioning. This article's infertility risk
assessment method is a significant Al-reproductive health study[10].

Agbeyangi, Abayomi & Lukose, Jose. (2025), In locations with little resources, such as money, medical
facilities, and others, maternal health is significantly worse. Deep learning and the IoT are enabling new
problem-solving frontiers. This study develops and tests a deep learning-based IoT predictive analytics
algorithm to detect maternal health risks. The BP ratio—systolic to diastolic blood pressure—was calculated
using the Maternal Health Risk Dataset. The deep learning model was examined alongside support vector
machines, gradient boosting, and random forests. Deep learning model performed balanced with 71.17%
accuracy, 72.78% precision, 70.29% recall, and 65.71% Fl-score. These findings provide hope that the
Internet of Things (IoT) and predictive analytics can improve early diagnosis and intervention, leading to
a decrease in maternal morbidity and death. Policymakers and stakeholders in healthcare with limited
resources may benefit from the research's practical results by developing more efficient and scalable
solutions[11].Overall, our study shows how predictive analytics and Al are improving early female
infertility diagnosis. Khan et al. (2024) and Liao et al. (2020) show how Random Forest machine learning
models may predict infertility based on medical and lifestyle variables. Random Forest achieved 93%
accuracy. Findikli et al. (2025) and Adekola et al. (2024) stress how Al might transform infertility
treatment by delivering efficient, customised, and cost-effective diagnostic alternatives, particularly in low-
resource regions Combining age-based grouping with feature selection and risk assessment improves
model accuracy and therapy individualisation (Liao et al., 2018). Agbeyangi and Lukose (2025) expand
the scope to maternal health, showing how loT and deep learning may construct scalable and accessible
prediction models. This highlights the need of tech-driven healthcare solutions. These studies suggest that
data-driven methods may enhance reproductive health, especially for working-age and other childbearing
women.

IV. METHODOLOGY

Dataset Description:

In a retrospective data-driven study, we examined 705 patients' health records from New Delhi's Shakti
Devi Women's Health and Fertility Centre to determine female infertility. After institutional ethics
committee approval, data collection began to comply with ICMR biological research guidelines, patient
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privacy standards, and confidentiality criteria. Its main purpose was to identify what causes infertility
among Indian women. Participants provided informed consent before data collection, and all personally
identifiable information was anonymised to ensure anonymity in accordance with ethical research norms.
This dataset contains several medical and reproductive health factors[12]. Due to their clinical relevance
and potential to predict infertility, thirteen important parameters were strictly selected for this study.
Twelve numerical characteristics and one nominal trait existed. Age, BMI, hormone profiles (FSH, LH,
TSH, prolactin), blood pressure, and glucose levels are among the number variables. Numerous studies
have demonstrated that these variables greatly affect female reproductive health and infertility concerns.
The dataset's only nominal variable classifies individuals by infertility-related clinical features. These traits
were chosen after consulting Indian reproductive health professionals and gynaecologists. The data was
used to construct and verify a predictive machine learning model to detect infertile women[13]. This
technique helps clinicians discover and treat infertility-related illnesses early to better individualised
treatment strategies. Table 1 details the selected features, their classification, and their reproductive health
clinical significance.

Table 1: Database on Infertility[14]

Characteristic Detailed description Sort
ID of the patient Personalised patient ID used for monitoring cases. Nominal
An important consideration in determining a patient's fertili
Age ) .p gap v Numeric
is their age.
Disorders of Ovulation Indicates presence (1) or absence (0) of ovulation disorders. Numeric
Blocked Fallopian Tubes | Indicates whether fallopian tubes are blocked (1) or not (0). Numeric
Lo Presence (1) or absence (0) of endometriosis, a condition .
Endometriosis . ) o Numeric
impacting fertility.
Uterine Abnormalities Indicates presence (1) or absence (0) of uterine abnormalities. | Numeric
Pelvic Inflammatory | Indicates presence (1) or absence (0) of pelvic inflammatory )
] . Numeric
Disease disease.
Presence (1) or absence (0) of hormonal disturbances affecting ,
Hormonal Imbalances o Numeric
fertility.
Premature Ovarian . . . .
.. Indicates presence (1) or absence (0) of early ovarian failure. | Numeric
Insufficiency
) ) Indicates whether autoimmune disorders affecting )
Autoimmune Disorders . Numeric
reproduction are present (1) or absent (0).
Previous Reproductive . . . .
) P Indicates past reproductive surgeries (1) or none (0). Numeric
Surgeries
Unexplained Infertility Indicates unexplained infertility (1) or not (0). Numeric
. .. Target variable: predicted fertility outcome based on features .
Infertility Prediction geL v predi v Numeric
(0 = fertile, 1 = infertile).

Proposed System:

Discovering and treating infertility is crucial due to its huge impact on people and couples. This problem
was thoroughly investigated, including 705 patient records. In the dataset, patients report reproductive
health indicators such endometriosis, ovulation problems, and obstructed fallopian tubes. This study
focusses on infertility prediction, a targeted variable, because of its relevance in predicting outcomes.
Women with and without reproductive issues must be included in this dataset[15].

Data Pre-Processing

The following data pre-processing procedures are used to get the provided dataset ready for analysis and
the training of machine learning models.

1. Removing Duplicate Records: We ensured that each patient record was unique for the training model
by removing duplicate data..

2. Dealing with Nulls: We substituted valid values for missing or null ones, such as the mean or median,
or we removed rows or columns that included missing data[16].
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3. Feature Encoding: We assigned numerical values to category characteristics. To facilitate the processing
of our dataset by machine learning algorithms, we need to convert the categorical labels ("fertility" and
"infertility") to numerical values.

4. Scaling Numerical Features: To guarantee that the numerical properties are comparable in size, we
standardised and normalised them. For algorithms that take the input feature magnitude into account,
this is an essential step.

5. Splitting the Dataset: We divided the dataset in half, 80% for training and 20% for testing, in order to
evaluate the ML model's performance[17].

‘ Dataset

‘ -
. Pre-Processing

| Classification
| Technigues

Model Testing

Accuracy Infertility
Precision Prediction
Recall
Fl-Score Fertility

Figure 2: Proposed System [18].

Statistics

After extensive preprocessing, descriptive statistics changed dramatically. Ovulation abnormalities and
obstructed fallopian tubes were binary variables with different averages and standard deviations. The
scikitlearn Standard Scaler normalised all numerical characteristics to O and 1[19]. By ensuring that all
attributes affect analyses and machine learning models equally, more accurate predictors without scale
bias result. Since the transformation kept the categorical dataset's interpretability (unique values and
frequencies), the full dataset was more consistent and dependable for analysis.

Correlation Matrix

Correlation tables are used to assess the relationships between all categories. The correlation matrix shows
how dataset features are connected. We use Seaborn's "sns. heatmap()" to create the heatmap.
Annotations provide correlation coefficients in each cell in this manner. Additionally, a "coolwarm"
colour map highlights positive and negative associations.
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Figure 3: Regression plot with heatmap [20].
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Creating Models:

Predicting infertility in women is the primary aim of this study. A training dataset accounts for 80% of
the total, while a testing dataset accounts for the remaining 20%. The training dataset is used to train a
predictive model, while the testing dataset is used to assess the model's prediction accuracy. Our research
used Logistic Regression, Random Forest, Support Vector Machines, and Naive Bayes. For tasks involving
binary categorisation in particular, there are a number of benefits to modelling and forecasting using the
aforementioned methods [21]. Alphabet selection is a key component in healthcare research. We learnt
more and were better able to predict the risks of infertility in women by using Logistic Regression, Naive
Bayes, Support Vector Machines (SVM), and Random Forest methods.

Logistic Regression:

Logistic regression can estimate the likelihood of an event falling into one of two groups. Through the
use of inputted attributes, this model may predict instances of female infertility. It does this by combining
input characteristics in a weighted way, using a logistic (sigmoid) function on class probabilities, and
training with weights adjusted to minimise log-loss or cross-entropy loss.

Initialize weights (8) and learning rate (a).

Repeat until convergence:

Calculate predicted probabilities using the logistic function.

Update weights using gradient descent.

Return the learned weights (3)

This pseudocode explains logistic regression, which estimates infertility probability (1 for infertility, O for
non-infertility) using the characteristics supplied[22].

Pseudocode:

Initialize weights (8) and learning rate (a)

Repeat until convergence:

Calculate predicted probabilities using logistic function

Update weights using gradient descent

Return the learned weights () The weights () and learning rate () were initialised for logistic regression.
We updated weights and parameters using gradient descent and calculated anticipated probability using
logistic function each iteration. This iterative approach adjusted weights to lessen the difference between
real and output values. When the model converges, it returns the learnt weights (y). With 90% accuracy,
the logistic regression model performed well. Compared to the sample size, the algorithm predicted 90%
of the time[23].Naive Bayes: Class assighment commonly uses Naive Bayes. It predicts using Bayes'
theorem and feature independence. Naive Bayes may predict infertility by estimating conditional
probability based on attribute values. This pseudocode describes the Naive Bayes approach, which predicts
infertility using characteristics[24].

Pseudocode:

Each time class C:

Determine the previous probability P(C)

For each attribute X_i: Each time class C:

Calculate P(X_i | C) conditional probability.

For each occurrence (X_1,X 2,..., X _n):

Each time class C: Using Bayes' theorem, calculate the posterior probability P(C | X_1, X_2,..., X_n).
Assign the instance to the class whose posterior probability is the highest.

The anticipated class labels are returned. The first step in using the Naive Bayes method was to get the
prior probability P(C) for every class C. We next calculated the conditional probability P(Xi¥/C) for every
attribute Xi, and this process was repeated for every class C [25]. We determined the posterior probability
P(CYX1,X2,....Xn) for each class C and each event (X1, X2,...,Xn) that happened throughout the
classification process by using Bayes' theorem. We sorted the case into the group with the greatest
posterior probability after giving it a lot of thought. Following that, the predicted class names were given
back. Although alternative models or methodologies may have been more precise, the Naive Bayes model
did a good job (83% accuracy) of predicting the challenge results [26].
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Vector Machine Support:
Among classification methods, Support Vector Machines—abbreviated as SVMs—have an impeccable
reputation. The purpose of this endeavour is to identify the hyperplane that is most effective in splitting
the data into the various categories[27]. Within the realm of support vector machines (SVMs), it is possible
to locate the hyperplane that maximises the disparity between women who are fertile and those who are
infertile in order to make predictions about infertility.

Initialize Weights (w) and Bias (b) to Zeros:

Initialize learning rate (1) and regularization parameter (7).

Repeat until convergence:

For each training example (X, Y): -

Calculate the decision boundary:

Z=w-X+bh.

Update weights and bias based on conditions

Return the learned weights (w) and bias (b).

This pseudocode describes the Support Vector Machine (SVM) method, which is responsible for
determining the optimal hyperplane to split infertility and non-infertility occurrences[28].

Pseudocode:

Initialize weights (w) and bias (b) to zeros

Initialize learning rate (1) and regularization parameter (A)

Repeat until convergence:

For each training example (X, Y):

Calculate the decision boundary: Z=w -« X +b

Update weights and bias:

I[fY*Z<=1:

w:=w-N*"Q2*A*w-Y*X)

b:=b+ n*y

Else:

w:=w-N*2*A*w)

Return the learned weights (w) and bias (b)

At the outset of using the Support Vector Machine (SVM) method, the learning rate () and regularisation
parameter (A) are both set to zero. Also, we start with zero for both the bias (b) and the weights (w). We
achieved convergence by repeatedly processing each training sample (X, Y) until we obtained the decision
boundary Z=w-X+b. This was accomplished by writing the equation w @ X + bZ=w-X+b. After that, we
adjusted the bias and weights according to the result of ZY multiplied by Y. We subtracted
N-(2-A-w—Y-X)\eta \cdot (2 \cdot \I A \cdot w - Y \cdot X)n:(2:A-w—Y-X) from the weights and added
N-Y\eta \cdot YNY to the bias in order to modify the weights and bias. We simply changed the weights
by removing the product of N (2 A w)eta @ (2 @ lambda @ w)n (2 A w)[29] if this wasn't the case. The
process repeated again after the algorithm had converged to a certain point. We finally got our hands on
the weights (w) and the bias (b). With an accuracy of 89% on the test data, the support vector machine
(SVM) approach proved to be very successful in classifying and forecasting the job.

Random Forest:

Random Forest predicts using a network of decision trees. The model performs well on regression and
classification tasks. By collecting complex feature correlations, the Random Forest algorithm may
accurately predict infertility[30].

N is the number of decision trees to choose.

Pseudocode:

Select the decision tree that is Nth.

Considering a decision tree with i ranging from 1 to

N: randomly select the training data using replacement

Select a random subset of features for every split.

Construct a decision tree using the collected data.

To make a prediction for example (X):
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Considering a decision tree with i ranging from 1 to N:

Make a prediction by using tree trees.

Organise the predictions (e.g., categorisation by majority vote).

return to the last ensemble forecast.

Replace a random portion of training data for each decision tree i from 1 to N. The attributes of each
split should be randomly picked. - A Use data samples to design a decision tree. You must do this to
foresee instance (X): For each decision tree i from 1 to N: Predict using tree i. Organise the forecasts
(maybe by majority voting). Final ensemble prediction should be returned. This pseudocode shows how
the Random Forest approach successfully predicts infertility using decision trees. Running the Random
Forest technique begins with choosing N decision trees. Each tree's training data is randomly sampled
using replacement (bootstrap) sampling in the ensemble approach, and a subset of features is chosen for
each split. Using these characteristics and data samples, decision trees are constructed[31]. The forest's
trees each estimate the outcome of a certain event. Classification challenges commonly employ majority
voting to combine tree projections and make a final prediction. The Random Forest approach accurately
predicted and categorised women's infertility risk at 93%.

V. RESULT AND DISCUSSION

A laptop equipped with a Jupyter Notebook, an 8350-U processor, an 8th-generation Core i5 central
processing unit, and 16 gigabytes of random access memory (RAM) was used to carry out the investigation.
The dataset, which consisted of 705 rows and thirteen categorical features, was preprocessed in order to
enhance the performance of the model and get rid of any outliers. Several algorithms, including Support
Vector Machine, Naive Bayes, Logistic Regression, and Random Forest, were used throughout the
investigation. F1 score, accuracy, precision, recall, and ROC were among the performance metrics
considered. The dataset was divided into two parts: one for training the model and another for testing it.
Table 2 shows that Random Forest is the best strategy because of its high accuracy and other good scores
(such as recall, precision, F1, and AUC). Logistic Regression has a support vector machine (SVM) AUC
0f0.95, a naive bayes (NB) AUC 0f0.95, and a total of 0.87[32]. The accuracy of the results was reached
by three distinct groups: 90%, 89%, and 83%.

fusion Matrix - Logistic Regression Confusion Matrix - Naive Bayes

100
=
1 =) = _
= so _ = 16 12
e as
e
-
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=%
=
_ a0 - =
s = - 12
=
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fertility infertility fertility infertility
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Confusion Matrix - SVM Confusion Matrix - Random Fore
100
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is 10 so _ ©- 1o =]
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a
=
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Figure 4: Multiple Classifier Confusion Matrixes for Model Training[33].
Table 2: Various Classifier Evaluation Metrics[34].

Accurac Fert1’l1‘ty Prec151f) n Fertilit Recall. ) Fertilit | Infertilit | AU
Models precisio | (Infertility (Infertility
y N ) y recall ) y-F1 y score C
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Logistic
Regressio | 90% 0.79 0.92 0.68 0.96 0.73 0.94 0.96

n

Support
Vector 89% 0.75 0.91 0.64 0.95 0.57 0.89 0.95
Machine

Naive

83% 0.57 0.89 0.57 0.89 0.69 0.93 0.87
Bayes

Random
Forest

94% 0.94 0.94 0.69 0.98 0.78 0.97 0.96

Matrixes of confusion for machine-learning classifiers:

Figure 4 displays the confusion matrices of the several classifiers that were used in the model training
procedure. For a thorough evaluation of a model's performance, accuracy in outcome predicting, and
prediction precision, confusion matrices are required [35]. A large number of machine learning models,
such as Naive Bayes, Random Forest, Support Vector Machine (SVM), and Logistic Regression, are
represented by the confusion matrices. Model predictions (Y_pred_lr, Y_pred_nb, Y_pred_svm, and
Y_pred_rf) were compared against test results (Y_test) to generate matrices like this one. The confusion
matrices, true positive, false positive, and true negative matrices were shown together with comments by
utilising the heatmap visualisation that Seaborn provides. As a means of making comparisons easier, the
subplots were laid up on a grid that was 2 by 2. Through the use of this graphical representation, we are
able to compare and contrast the instance classification capabilities of the models, as well as discover
solutions to improve the performance of each model[36].

A comparison of machine learning algorithms' accuracy scores

A bar graph was constructed so that we could evaluate the efficiency of several machine learning
algorithms and compare their scores. Within the "scores" section, we documented the ratings that were
assigned to each algorithm based on how accurate it was. It is the names of the algorithms that are
included in the "algorithms" list. In order to create plots, we make use of Seaborn, and Matplotlib is the
tool that we use for customisation. In this graph, the x-axis is labelled "Algorithms," while the y-axis goes
by the name "Accuracy Score." The graph that was produced made it possible to make a visual comparison
of the performance of the algorithms in terms of their accuracy ratings in a rapid and intuitive
manner[37]. The dataset utilised for this implementation has 705 instances and 13 characteristics. Four
machine learning methods—Naive Bayes, Logistic Regression, Support Vector Machine, and Random
Forest—were used to accurately forecast female infertility. remarkable range of 82% to 93% for these
algorithms' accuracy rates. Those prices were rock-bottom. When it came to predicting the occurrence of
infertility in adult females, Random Forest outperformed all of the other models that were considered.

Accuracy Scores of Algorithms Accuracy Score (%)

100
95
90
85
80
Logistic Regression Naive Bayes Support Vector Random Forest
Machine

B Accuracy Scores of Algorithms Accuracy Score (%)

Figure 5: Comparison of Accuracy[38].
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The experimental investigation on women's infertility prediction employed machine learning models, the
results of which are shown in Table 3.

Table 3: Reports on Classification from Various Models[39].

Model Class Precision Recall | F1-Score Support
Logistic Regression Fertility 0.78 0.67 0.72 28
Infertility 0.93 0.94 0.93 113
Accuracy 0.90 141
Macro Avg 0.87 0.83 0.84 141
Weighted Avg 0.90 0.90 0.90 141
Naive Bayes Fertility 0.56 0.56 0.56 28
Infertility 0.88 0.88 0.88 113
Accuracy 0.83 141
Macro Avg 0.73 0.73 0.73 141
Weighted Avg 0.83 0.83 0.83 141
Support Vector Machine Fertility 0.75 0.64 0.69 28
Infertility 0.91 0.95 0.93 113
Accuracy 0.89 141
Macro Avg 0.83 0.79 0.81 141
Weighted Avg 0.88 0.89 0.88 141
Random Forest Fertility 0.95 0.68 0.79 28
Infertility 0.93 0.99 0.96 113
Accuracy 0.93 141
Macro Avg 0.94 0.83 0.87 141
Weighted Avg 0.93 0.93 0.92 141
V1. DISCUSSION

This research uses Logistic Regression, Naive Bayes, SVM, and Random Forest to predict infertility among
working women. This probability was analysed and predicted using these methods. Clinical and nationally
representative datasets provided reproductive health, demographic, and lifestyle variables for these
models' assessment. In order to identify and categorise potential dangers at an early stage, the primary
purpose was to locate a trustworthy prediction model that could be included into a health monitoring
system[40]. The Random Forest classifier has the greatest accuracy rate of all the models that were
evaluated, with a rate of 93%. This indicates that it is highly effective in managing interactions between
complex factors and producing correct predictions on a constant basis. In situations when precision and
speed in risk prediction are of the utmost importance, this is an excellent compatibility for real-time
screening systems. Despite the fact that the Support Vector Machine (SVM) achieved an accuracy of 89%,
it displayed a high level of competence when it came to dealing with non-linear data patterns, which are
frequent in reproductive health diagnoses. A remarkable accuracy of ninety percent was achieved by the
use of Logistic Regression, which is well acknowledged for its effectiveness and interpretability in the
context of binary classification issues[41]. This provides evidence that its importance for health risk score
in clinical settings is validated. When compared to the other models that were examined, the Naive Bayes
model had the simplest method; nonetheless, it still managed to achieve an amazing 83% accuracy,
demonstrating that it is useful for generating quick baseline estimations. These findings demonstrate that
machine learning has applications in the real world, namely in the field of reproductive healthcare.
Lifestyle-related reproductive disorders, such as polycystic ovary syndrome (PCOS), thyroid dysfunction,
and stress-induced hormonal imbalances, put working women between the ages of 22 and 30 at an
increased risk for infertility[42]. These predictive models can be incorporated into a preventative health
monitoring framework in order to evaluate the risks associated with these conditions. When women are
identified at an earlier stage via the use of routine digital screening, it will be easier for them to get medical
consultations, recommendations for lifestyle modifications, and customised treatments.
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A further benefit of this prediction approach is that it may make it possible for medical personnel to
customise treatments before issues arise, therefore transforming reproductive care from a reactive to a
proactive paradigm. Due to the fact that the models performed well on a variety of criteria (precision,
recall, and Fl-score), it is possible that they may be beneficial in gynaecology clinics, digital health apps,
or workplace wellness programs for the purpose of bridging the gap between risk and response[43]. When
it comes to improving reproductive outcomes for working women, predictive analytics provide a viable
and efficient option that can be used by public health systems and clinical practice. This study lends
credence to the assertion.

VIL. CONCLUSION

On the basis of a huge dataset that included demographic and medical information, the current research
used machine learning algorithms to make a prediction about the chance of infertility in women of
working age. In comparison to the other models that were investigated, the Random Forest algorithm
stood out as having an impressively high accuracy rate of 93%. This indicates that it has the potential to
be an excellent instrument for diagnosing infertility in this particular group at an earlier stage. Despite
the fact that Support Vector Machine (SVM), Logistic Regression (RR), and Naive Bayes all gave
reasonable results, Random Forest stood out from the crowd because it was able to properly capture the
complicated and non-linear linkages that were present in the data. These findings lend credence to the
idea that predictive analytics might be useful in developing a proactive health monitoring system
specifically for this group of working women between the ages of 22 and 30. Workplace lifestyle factors,
occupational stress, and postponed family planning are some of the factors that make working women
between these ages more susceptible to health problems. It is possible for healthcare practitioners to
deliver timely and targeted reproductive care with the assistance of the recommended strategy, which may
assist in early identification, risk categorisation, and individualised intervention that is tailored to the
individual. Future research need to have as its primary objective the enhancement of prediction models.
This may be accomplished by the use of sophisticated techniques like as deep learning, the incorporation
of an increasing number of diverse datasets, and the enhancement of feature selection. When it comes to
therapeutic settings, these systems will become much more trustworthy and interpretable if explainable
artificial intelligence is produced. The development of digital tools that are centred on the patient, the
incorporation of this technology into gynaecological and occupational health programs, and the
completion of validation in the real world are all essential steps that must be taken in order to turn this
technology into a personalised fertility therapy that is accessible and makes a difference.
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