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Abstract— A woman's menopause is normal period of her life. Some females have both emotional 

and physical symptoms throughout menopause. Depression is one of the many difficulties that 

some women experience after menopause. This project aims to enhance menopausal women's 

quality of life by predicting the onset of depression and tackling the lack of experts, knowledge, and 

awareness in this field. An interesting and difficult area of artificial intelligence study is the use of 

machine learning to forecast when postmenopausal women may have depressive symptoms. 

Through the use of supervised machine learning, this study develops a system that is remarkably 

accurate. Return on investment (ROI), area under the curve (AUC), recall, specificity, accuracy, F-

Measure, and ROC are some of the metrics used by different classification methods to evaluate 

classifier performance. Random Forest and DT had the greatest accuracy rate of 99.04% among 

the classifiers we tested. In addition to predicting a patient's likelihood of having depression, this 

study analyzes the menopause according to its four stages: pre-, peri, meno-, and post-menopause. 

As a result, ML could be used to diagnose postmenopausal women with depression for the first 

time. 

 

Keywords— pre-menopause, peri-menopause, menopause and post-menopause, F-Measure, 

Receiver Operating Characteristic, Precision–Recall Curve, Area under the Curve  
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I. INTRODUCTION 

Every woman eventually goes through menopause [1]. Menopause is characterised by the cessation of 

menstrual periods and the gradual loss of oestrogen and progesterone production by the ovaries [2]. Key sign of 

menopause is when a woman's period stops being continuous for at least 12 months [3]. This condition causes a 

lady to become infertile. Menopause often begins around the age of 50 in Western countries and between the 

ages of 45 and 55 in China. [4-6]. In contrast, women in Bangladesh typically go through menopause among 

ages of 40 and 50, having average mean age of 45 [7]. As a woman's longevity increases, she loses about a third 

of her life at menopause [8]. Every woman goes through menopause in her own unique way. Researchers in 

Bangladesh found that menopausal women go through three distinct stages [9]. There is a "perimenopausal 

premenopausal" group, a "postmenopausal" group, and a "premenopausal" group of women. Women were 

classified as premenopausal if their monthly menstruation was consistent throughout the last 12 months, and 

postmenopausal if they had no menstrual blood at all during that time [10]. "Natural menopausal women" are 

defined as women in their forties and fifties [7]. Women are considered to be in the premenopausal stage if they 

have had irregular menstrual cycles over the last twelve months or if their last menstrual period was three 

months ago [3].  

 

Depressive symptoms are by product of menopause, which is itself significance of physical, social, and 

psychological transformation [11,12]. Commonly seen mental health problems among these people is 

depression, which may lead to physical sickness in the future. Mood disorders, such as depression, are a leading 

cause of impairment in females [13]. Almost 20% of women experience depression, which is almost double the 

proportion of males [14]. By 2030, major depressive disorder is projected becoming main source of illness 

burdens globally. Amongst females throughout globe, it is a leading cause of depression at the moment [15]. 

Among women experiencing menopause, the prevalence of depressive syndrome ranges from 5.9% to 23.8% 

[16-18]. The risk of major depressive disorder is 2-3 times high in peri-menopausal females than in 

premenopausal women, according to studies [19–21]. Nearly seventy-three million adult women suffer from 

serious depression every year [22]. Reason being that melancholy is a symptom of menopause, and melancholy 

causes both mental and physical health problems. For women going through menopause, it's a big deal. Mental 

and physical health problems go unnoticed by most males because of a lack of knowledge and education. If a 

woman experiencing menopause-related depression is self-aware enough to recognize the early warning signs, 

she may be able to treat her condition at an earlier stage. Furthermore, it is also observed that physicians, 

psychologists, and psychiatrists do not always know whether a patient is sad or not since certain symptoms are 

milder than others. Depression in postmenopausal women may therefore be more easily diagnosed with the use 

of a model or system.  With that in mind, we set out to discover a model for the first depression diagnosis in 

menopausal women using machine learning. 

 

II. RELATED WORK 

Even within the same culture, menopausal symptoms might vary greatly in both kind and frequency from one 

country to the next [30]. For some menopausal women, these symptoms may be so debilitating that they lead to 

depression. So, the purpose of this research was to look at menopausal symptoms and their correlation with 

socio-demographic factors in order to find out how common depression is among women going through this 

transition. The Tankisinuwari region in Morang District was the site of a cross-sectional research.  

Hormonal shifts during menstruation are associated with altered mood, according to mounting evidence [31]. 

Unfortunately, there is a lack of research that compares the severity of mental health issues throughout 

menopausal stages. That is why we set out to examine the link between menopausal symptoms, depression, and 

suicide ideation.  

 

During menopause, a woman may go through menstrual cycle irregularities or even a complete cessation of 

menstruation, all of which may have an impact on her mental health and marital happiness [32]. Developed to 

examine if menopausal symptoms, depressive symptoms, and marital satisfaction are linked in newly 

menopausal women. [33] Depression is two to five times greater during menopause than before or after. MRS, 

BKMI, and the Beck depression inventory were completed by 40-year-old female volunteers to compare 

menopausal women's depression risk in 2006 and 2021. In 2021, there was an 8% increase for mild menopausal 

symptoms, a 1.9% increase for moderate symptoms, and a 3.2% increase for severe symptoms compared to 

2006. In 2021, there was an uptick in the number of participants reporting menopausal symptoms, trust issues, 

self-blame, crying spells, mood swings, thoughts of suicide, and anxiety compared to 2006. Also, there’s 

reduced number of participants without depressive symptoms but an increase in those suspected of mild or 

severe depression. Finally, in 2021, symptoms of menopause were associated with a rise in depressed mood, as 

measured by the BKMI and MRS.  
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III. METHODOLOGY 

Dataset: This module makes use of the internal patient dataset. According to Table 1, the dataset includes the 

following parameters: 

 

 
TABLE 1: PARAMETER TABLE 

 

Pre-processing: Data cleaning and removal of null values 

  

Classification: Data is being used to determine if a patient is suffering from depression or not using machine 

learning models like DT, RF, SVM, and NB.  

SVM   

Classification via SVM is based on the margin notation on both sides of the hyperplane. SVM kernels convert 

low-dimensional input space into high-dimensional space to separate problems. For issues involving non-linear 

separation, it is mostly helpful. The kernel, in its simplest version, performs a number of complicated data 

transformations before discovering how to partition the data according to the labels or outputs  

 
 

Decision Tree  

DTs are a kind of supervised machine learning that use a recursive tree-structure. All directed trees (DTs) have 

three types of nodes: root/intermediate, path, and leaf. A deliberation of degree of unpredictability in data being 

managed is entropy. As entropy of data increases, it becomes more challenging to draw any conclusions. For a 

single attribute, mathematical description of entropy is: If we take current state S and divide it by likelihood of 

event i in that state or the proportion of class i in node in that state, we get pi. Reducing entropy is one example 

of information gain. It estimates database entropy discrepancy and average entropy after split utilizing attribute 

values. One such decision tree method is ID3 (Iterative Dichotomiser), which makes advantage of information 

gain. 
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Mathematical representation of IG is: 

 
Gini Index 

When analyzing dataset splits, Gini index may be thought of as a cost function. To get it, add up all squared 

probabilities of the classes and then deduct one from that total. Contrasted with information gain, which prefers 

smaller divisions with different values, it is easier to implement and supports bigger partitions. 

 

Evaluation metrics 

Accuracy, False Positive Rate, Precision, Recall, and other performance measures are used in Machine Learning 

to assess the efficacy of ML-based intrusion detection systems. To be sure, when it comes to binary 

classification challenges, the Accuracy (AC) score is where it's at. The following equation may be used to define 

it: 

 
wherein TP signifies number of True Positive results and TN stands for number of True Negative results. 

Number of assault events that were accurately identified is called the True Positive rate. The number of 

accurately identified normal cases is called True Negative. Conversely, the amount of valid traffic that is 

incorrectly marked as an attack is known as False Positive (FP). A False Negative (FN) is the sum of all the 

attack cases that are mistakenly thought to be normal. Since FN is more dangerous than FP, its use is often 

reduced while trying to identify incursion. Nevertheless, along from the Accuracy measure, 4 other metrics—

FPR, Precision, Recall, and F1 score—are taken into account for unbalanced class data, particularly in cases 

when the goal is to effectively identify incursion (positive occurrences). 

Rate of False Positives (FPR) is deliberated by dividing number of false negative events (FP) with total number 

of true negative events. One way to say it is as follows: 

 

𝐹𝑎𝑙𝑠𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑅𝑎𝑡𝑒(𝐹𝑃𝑅)=𝐹𝑃(𝐹𝑃+𝐹𝑁) 

 

Precision: with which a model correctly predicts an instance is called its precision, and it is a measure of the 

model's overall performance. This may be represented mathematically by the following equation: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛=𝑇𝑃(𝑇𝑃+𝐹𝑃) 

Recall/ Detection Rate (DR) It is metric by which the ML model's True Positive detection accuracy is evaluated. 

Additionally, Recall evaluates the precision with which model extracts useful information. For this reason, it 

goes under many names, including Sensitivity and True Positive Rate. This is one way to represent 

mathematical expression: 

 

𝑅𝑒𝑐𝑎𝑙𝑙/𝐷𝑅=𝑇𝑃(𝑇𝑃+𝐹𝑁) 

 

4.F1 Score To get ML model's total accuracy, one must consider Recall and Precision tradeoff, which accounts 

for both FP and FN. The following equation may be used to express the F1 score: 

 

𝐹1𝑠𝑐𝑜𝑟𝑒=(2∗𝑅𝑒𝑐𝑎𝑙𝑙∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)(𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛) 

 

IV. SYSTEM ARCHITECTURE 

 
Fig-1: System Architecture 
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Architecture Description 

• Retrieves and loads the dataset (self-generated) 

• Splits data into two sets: test and train. 

• Deletes empty records 

• Utilizing RF, DT, NB, and SVM, among other classification models 

• Determining if the patient is suffering from depression 

• Findings and Analysis 

 

 

V. RESULTS AND DISCUSSIONS 

 

 
 

Figure 2: Menu 

A menu appears here. This is where the main program begins. Options like "patient data," "load dataset," 

"classification," and "analysis" are available from menu. 

 

 

 
 

Fig-3: Load Patient Data 
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Retrieves the patient database. This agitates and shows the patient's daily activity. 

 

 

 
 

Figure 4: Preprocessing 

Its primary function is to eliminate blanks and tidy up data sets.  

To train ML models, raw data must first undergo data preparation. Accuracy and performance of the model are 

directly affected by this stage, making it an essential part of the ML workflow. 

 

 
 

Fig-5: Classification Accuracy 

 

Classification with the use of LR, SVM, DT, RF, and NB. 

 

Machine learning method that is supervised and can predict a continuous numerical value. A model is a 

representation of connection amongst a dependent variable and an independent variable or variables. Market 

trend forecasting, experience-based compensation prediction, and cause-and-effect connection analysis are 

common applications of linear regression. Commonly employed in machine learning, random forest 

method aggregates the results of several decision trees. Its versatility and user-friendliness have contributed to 

its widespread usage, especially as it can manage both classification and regression issues. Data miners often 

use decision tree learning. Building a model that can take several inputs and use them to forecast a target 

variable's value is the objective.  
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Fig-6: Finding Depressed or not 

This module determines if a patient is depressed or not when user inputs their ID. 

 

 
Graph 1:Training Model Accuracy 

The accuracy of the training model is shown below. 

Accuracy training is a method for evaluating a machine learning model's performance. 

 

  
Graph2:Testing Model Accuracy 

The correctness of the testing model is shown below. A machine learning model's accuracy may be evaluated 

via testing 

 

VI. CONCLUSIONS 

We gathered a menopause dataset for the purpose of studying depression. Following data collection, datasets 

underwent any necessary pre-processing. To have a better grasp of the dataset, we used EDA and statistical data 

analysis. For the model's construction, our group agreed on four ML techniques: support vector machine (SVM) 

classifier, decision tree, random forest, and NB classifier. We used measures like recall, sensitivity, specificity, 

accuracy, F1 score, MCC, ROC, and PRC to compare the algorithms' performance after we ran them on the 
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changed dataset. There was further testing of the models utilising Precision-Recall and ROC curves. Following 

that, we isolated fourteen separate risk factors associated with each algorithm that was eventually used.  
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