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Abstract: The proposed work uses a multifaceted approach to address 

mental health concerns among students, incorporating various machine 

learning algorithms to improve accuracy and efficacy. Mental health 

plays a vital role in the overall success of a student, both in school and 

in life. When students take care of their mental well-being, they tend to 

excel academically, build stronger relationships, and lead more 

fulfilling lives. Prioritizing mental health can truly make a difference in 

how students experience their education and personal growth. Using the 

power of Logistic Regression, Support Vector Classifier (SVC), 

Stacking Classifier, and the proposed methodology, we offer a 

sophisticated platform to assess mental health levels and provide 

personalized recommendations for treatment and relaxation. The system 

identifies early signs of mental health problems by analyzing various 

data sources and user preferences and delivers tailored interventions. 

Through a combination of advanced analytics and user-centric design, 

the current work aims to promote proactive mental health management 

and foster a supportive academic environment conducive to well-being. 

In addition, the results enhance the importance of machine learning 

algorithms in the field of health care, especially the consideration of 

categories such as relationships, health, career, and the results related to 

it. . 
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1. Introduction 

Depression, anxiety, and stress are the unspoken conditions of a student. They’ll 

never be able to express themselves easily, the trauma they feel or the emotions they 

surpass are not talked about by anyone. The Mental Health condition is based upon 

three factors, i.e. mind, body, and emotions. These areas impact the person’s thoughts, 

lifestyle, and how they lead their daily life. For instance, the news article, “Exam 

stress & anxiety drive many students to Hyderabad hospitals”, in The Times of India, 

published on May 3rd, 2023, gives a summary of students' symptoms, causes, impact, 

and solutions. Depression is not a disease, it’s a condition that is curable in the long 

run by building relationships, having a focused diet, focusing on work, and making 

our thoughts more positive. Depression, anxiety, and behavioural disorders are among 

the leading causes of illness and disability among Students. In an era where mental 

health is increasingly recognized as vital to overall well-being, the need for accessible 

and effective support systems is paramount. Our aim through the work is to make the 

mind think positively and let the students change their state of mind from being 

depressed, stressed, and inactive to active, healthy, and positive-thinking people. 

        Worldwide, about one in every seven adolescents (ages 10-19) faces some form 

of mental health issue, making up around 13% of health concerns in this age range 

[1]. Among those aged 15-29, suicide ranks as the fourth leading cause of death. A 

U.S. study from the National Institutes of Health found that around 75% of students 

showed signs of moderate to severe depression, while 25% reported mild depression 

[2]. The National Mental Health Survey 2019 reported that approximately 14% of all 

adults in India are either currently experiencing or will experience a mental health 

condition. According to a 2021 report by NCRB, over 13,000 students in India died 

by suicide that year, averaging more than 35 deaths daily—a 4.5% increase from the 

previous year. Alarmingly, exam failure was cited as a reason in 864 cases [3]. A 

study in the Indian Journal of Psychiatry found that about 15-20% of Indian teenagers 

struggle with mental health challenges, with issues like depression and anxiety being 

particularly common [4]. Overall, about 14.6% of people in India suffer from mental 

disorders according to the Global Burden of Disease Study. In the United States, data 

shows a similar trend [5]. The proposed work aims to address this by leveraging 

technology to assess the mental health levels of students and provide tailored 

recommendations for treatment and relaxation. The persons are classified into three 

categories, which are health, career, and relationship, where each student's level of 

stress according to the category is calculated, which can be further useful to target 

specific areas regarding the results,makingit easier. By integrating the data mining 

approaches with ML algorithms, the current methodology identifies the mental health 

issues of the students and offers various relaxation techniques such as listening to the 

music, deep breathing, reading books, mindfulness meditation, yoga, solving puzzles, 

engaging in hobbies, muscle relaxation, and spending time in nature. The effective 

implementation depends on early identification of mental health issues and 
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endeavours to allow students with resources to manage and improve their well-being 

proactively. 

2. Related Work 

In recent years, there has been a growing interest in implementing technology, 

particularly machine learning and natural language processing (NLP), to develop 

automated systems for the identification and support of mental health among students. 

Many studies have made several commendable contributions to this field, working on 

diverse techniques to resolve various complex issues involved in the mental health 

assessment of students. Smith et al. in [18] explored social media data such as 

Twitter, Instagram, and Facebook and their potential influence on the health of 

college students, such as anxiety and depression. In addition, the authors implemented 

ML techniques to predict health status with preprocessing approaches such as Natural 

Language Processing (NLP) and data analysis to understand the data effectively. The 

work limits the data quality and interpretability. Chen et al. in [19] focused on 

conducting extensive experiments on ML approaches to classify mental health 

categories in university students. The data used were academic records, social media 

data, and student surveys to train and test the data. The algorithms used were support 

vector machines, logistic regression, and random forest algorithms. But there are 

some challenges in the model, such as overfitting and the interpretation of the data. 

The work in [21] by Ariadna Martínez-García et al. considered key factors such as 

social, academic, psychological, physical, lifestyle, and environmental factors to be a 

good trend. The work suggested improving mental health status through the campus 

environment, student activities, and establishing quality time in sports and games.  

Xing Ji et al. in [20] used real-time data from platforms like WeChat, Tencent QQ, 

and Weibo to acquire the student emotions and constructed Fuzzy fuzzy-based neural 

network to analyze the student behaviour, student commitment, and wellness score. 

However, the work has limitations in the metrics analysis and is confined to a specific 

dataset. H Singh et al. in [22] focused on students' issues involving delayed 

graduation, truncated performance in academics, and high dropout rates due to health 

issues. The authors combined the students’ personal and professional information to 

identify the reasons using various ML approaches. Nevertheless, the accuracy was 

around 97%. Sara SS et al. in [23] demonstrated the suicidal tendencies in the 

Southern Region of Bangladesh with a small sample size of 585. Nonetheless, the 

results were lower when classified with kNN, Random Forest, and Categorical 

Boosting. Also, the work limits in cross-sectional design and a larger female count 

result in poor performance of the model. The existing work of King R.B. et al. in [24] 

used 522836 school students’ data to analyse the key factors such as life satisfaction, 

parent support, GDP per capita, and fear of failure. In the work, the authors have gone 

through both theoretical and practical aspects, and the work has become a primary 

study for further research in this area. 
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     These research studies collectively underscore the significance of interdisciplinary 

approaches combining psychology, computer science, and data analytics to address 

mental health challenges among students. By harnessing the power of technology and 

data-driven insights, these studies aim to promote early intervention, enhance support 

services, and ultimately improve student well-being. 

3. Methodology 

The methodology employed in the development and evaluation of the proposed 

mental health identification system is outlinedin several key phases, each aimed at 

ensuring robustness, accuracy, and applicability in addressing mental health concerns 

among students. The overall architecture of the proposed methodology is given in 

Figure 1. 

3.1 Data Collection and Preprocessing 

3.1.1 Data Collection 

Survey Design and Distribution 

The survey was rigorously planned to ensure clarity, relevance, and completeness. 

Further, to create the proposed dataset, the authors used multiple-choice questions, 

scaled items on social media, education, socio-demographic details, economic status, 

and so on. The collection of data is through Google Forms distributed on social 

media, e-mail lists, and on-site collection to reach a large section of a varied audience. 

3.1.2Data Preprocessing 

Data Cleaning 

Noise Treatment: 

In this step, noise filters are used to handle errors and irregularities using data 

cleaning methods, and since this technique is the beginning step, careful attention is 

paid to the data [7]. Further, outlier detection is also an important sub-task in this 

process. For example, the proposed dataset has an important attribute, age.If the 

dataset contains the value of the range 12-25, then it is acceptable, else it is 

considered an outlier. It is not possible to look at all the data in the rows, so the 

possible solution is to implement the Interquartile Range (IQR) technique. The IQR 

falls between Q3 + 1.5 × IQR and Q1 - 1.5 × IQR, where Q1 and Q3 are the median 

of the lower half and top half, respectively. In addition, box plots are also used to 

visually depict the outliers and givea uniform distribution after the cleaning operation.  

Handling Missing Values:The missing values are for a particular feature or column 

in the given dataset. There are different reasons, such as equipment error, merging of 

unrelated datasets, disagreement of respondents, human error, data loss, and so on, for 

missing values for the variables. There are different strategies to handle missing 

values. Among them, the top four techniques are imputation methods, similarity 
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measures, conventional methods, and likelihood methods [6]. There are two types of 

variables to be filled with data: categorical and numerical. In our proposed work, 

there are questionnaires such as “Are you enjoying the studies?”,   “What personal 

qualities do you think define you?” and so on. These are categorical, and for these, we 

have to fill the missing values with the most frequently occurring values in the 

column. Similarly, the numeric-based questions can be “How many hours do you 

concentrate on your health and fitness?”, “How many close friends are there to share 

your thoughts?”. These questions have some numbers as answers, and to fill in the 

values in these rows, either mean imputation or median imputation methods are used.  

3.1.3 Data Transformation 

Data transformation is a decisive process in the field of data science in the process of 

decision making to bring the data to a standard and unique form understood by the 

machine learning process in an easy and effective manner. In essence, this is used for 

storage, processing, and modelling purposes.However, the data interpretation, data 

quality analysis, data translation, and post quality check are the steps in the data 

transformation, with the transformation techniques as clipping, log transformation, 

and data scaling techniques. On the other hand, the pros of data transformation are an 

escalation in the data quality, faster query response retrieval, better data organization, 

and data compatibility enhancement. The most common techniques used are 

demonstrated with examples below. 

Normalization and Encoding:This is the standard technique to scale the data with 

min-max normalization, z-score normalization, and decimal scaling. For instance, in 

the proposed questionnaire, we have “How many hours do you allocate for 

academics?”, “What is your age?” and “What is the year of your date of birth?” with 

different ranges of answers as 1-6, 10-25, and 2000-2015, respectively. Further, there 

is another important feature for a stressed person, i.e., “How many thoughts come in a 

day?” may vary from 5-100. Therefore, from the above perspective, there is a need for 

normalization to analyze the data smoothly.The normalization technique may bring 

the above data in the range of 0-1 with min-max normalization. Nevertheless, there 

are standard approaches to convert the categorical data to numerical. Encoding is a 

standard approach to convert categorical data into numeric values using one-hot, 

binary, and ordinal encoding approaches. This conversion is obligatory as the 

machine learning algorithms are designed to work on numerical data [7]. The 

instances of emotional state, such as “Do you feel like you have good support?” and 

“How often do you feel overwhelmed?” require binary and ordinal encoding. 

3.1.4 Data Reduction 

The main objective of data reduction is to simplify and summarize the data while 

maintaining the integrity of the data. Consequently, the data reduction improves 

accuracy, storage optimization, noise reduction, and data interpretation. There are 

various data reduction approaches, such as data cube aggregation, data compression 
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(multimedia tasks), sampling, numerosity reduction, and dimensionality 

reduction.Nonetheless, manual feature selection and dimensionality reduction are 

popular and useful approaches. 

Feature selection and Dimensionality Reduction: Feature selection refers to the 

manual selection ofa subsetof features that defines the feature analysis and reduces 

the error rate. The foremost goal is to keep the most important features using various 

methods,namely filter methods, wrapper methods, and embedded approaches. Further, 

these approaches lead to high prediction, reduced overfitting, enhanced model 

performance, and great data interpretation. For instance, there will be redundancy in 

features with the following: “What is your age?” and “What is your date of birth?” 

queries relating to similar values. In another instance, there are queries related to 

physical health, such as “How often do you exercise?” and “How many hours do you 

concentrate on physical well-being?” are the same. Furthermore, the automatic 

reduction techniques are dimensionality-based with Principal Component Analysis 

and Linear Discriminant Analysis at the forefront. These are contradictory to the 

aforementioned technique in which the latter creates a new subset of features by 

combining the existing, whereas the former has the existing feature subset reducing 

similar and undesirable features.  

3.1.5 Correlation Analysis  

The correlation matrix of three variables—academic stress, career stress, and close 

friends—is shown in the provided heatmap, or Figure. 2. The coefficient of 

correlation between pairs of these variables is displayed in each cell of the heatmap 

and ranges from -1 to 1. Perfect positive correlation is represented by a value of 1, 

and perfect negative correlation is represented by a value of -1. There is no 

association when the values are near zero. Every variable in the heat map's diagonal 

cells has a correlation coefficient of 1.00, meaning that they are all perfectly related to 

one another. Thus, this was anticipated and confirmed that the data presentation is 

accurate. The reader would gain a better understanding of the relationship between 

variables if off-diagonal items were further interpreted. The correlation coefficient 

between Academic Stress and Career Stress is 0.45. A moderate association is implied 

by this positive correlation, suggesting that career stress rises in tandem with 

academic stress. Given that educational and job goals are probably closely related, 

this could suggest that pressures related to academics also affect one's career. At 0.05, 

the correlation between close friends and academic stress is significantly weaker. This 

almost zero connection suggests that there is no significant relationship between the 

number of close friends and academic stress. This suggests that neither intimate 

friendships nor academic pressures have a substantial impact on theother. 

Similarly, the correlation between Career Stress and Close Friends is 0.04, which also 

shows a minimal relationship. This low correlation means that career-related stress 

does not have a strong impact on the number of close friendships one keeps. It 

suggests that career pressures and social support networks may be working 



499Data Mining and Machine Learning based Student Mental Health …             

independently in this dataset. In summary, it is found that there is a moderate positive 

correlation between Academic Stress and Career Stress, and the correlations of 

Academic Stress and Career Stress with Close Friends are both negligible. All these 

findings would add to our understanding of the relationships between various types of 

stress and how these might interact with social relationships. Such insights can be 

valuable for developing strategies to manage stress and improve well-being among 

individuals navigating academic and career challenges. 

 

Figure 1.The Heatmap of Academics and Career. 

3.1.6 Analysis of Mean Values of Relationship factors 

The mean values of the following relationship components are shown in Figure 3: "In 

a Relationship," "Family Pressures," "Experienced Fake Friendship," "Close Friends," 

and "Family Support." To make comparisons simple, each of these elements has been 

coloured independently. The average number of people in a relationship is roughly 

half, according to the mean value for "In a Relationship," which is approximately 

0.33. This figure shows that although it is not a very common component among the 

participants, it is nevertheless significant because it is high in and of itself. The mean 

value of the "Family Pressures" element is roughly 0.25. This demonstrates that, even 

with all of the strain their family puts on them, that might not be the main source of 

difficulty for the sample in question. "Experienced Fake Friendship" has significantly 

outperformed its two predecessors, reaching a close value of almost 0.60.  

This proportion shows how many people in each group have encountered phony 

friendships at some point, which is a significant problem in and of itself. It draws 

attention to the societal challenges that people have when attempting to maintain 
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genuine connections. This high mean value suggests that close friendships are rather 

prevalent and play a crucial role in the participants' social support network. Similar to 

"Close Friends," the "Family Support" component has a high mean value of around 

0.78, meaning that the majority of respondents believe their family is a strong source 

of support. The importance of family support in the participants' lives is demonstrated 

by this factor's predominance. The bar chart shows that there may be significant 

differences in the mean values of the various relationship components. The high mean 

scores for "Family Support" and "Close Friends" suggest that there is a lot of social 

and familial support. "In a Relationship" and "Family Pressures" are two other 

characteristics that score significantly lower, indicating less influence. The relatively 

high mean for "Experienced Fake Friendship" indicates an important problem of 

social relationships. 

 

Figure 2.The Bar Chart of Relationship factors. 

3.1.7 Correlation Analysis of Health Factors  

In this case, Figure 4shows the correlations between eight different health and 

lifestyle factors: sickness frequency, depression due to sickness, screen time, physical 

activity, close friends, sleep hours, panic attacks or migraine, and crying frequency. 

The correlation coefficient between two variables can range from -1 to 1. A 

correlation coefficient of 1 indicates a perfect positive correlation, meaning that as the 

value of one variable increases, the value of the other variable also increases. A 

correlation coefficient of -1 indicates a perfect negative correlation, meaning that as 

the value of one variable increases, the value of the other variable decreases. A 
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correlation coefficient of 0 indicates no correlation between the two variables. The 

heatmap uses a colour scale to represent the correlation coefficients. Red indicates a 

positive correlation, blue indicates a negative correlation, and white indicates no 

correlation. The intensity of the colour corresponds to the strength of the correlation. 

For example, a deep red colour indicates a strong positive correlation, while a light 

blue colour indicates a weak negative correlation. 

There is a positive association between the frequency of illness and depression 

brought on by migraines or panic attacks. Screen use is negatively correlated with 

sleep duration, close friends, and physical exercise. This implies that those who spend 

more time on screens have fewer close friends, sleep fewer hours, and engage in less 

physical activity. Conversely, sleep duration and close friends are favourably 

connected with physical activity. This only indicates that those who are more 

physically active typically have more close friends and sleep better. Sleep duration is 

favourably connected with close friends. In other words, crying frequently is 

positively connected with panic attacks or migraines, while close friends sleep longer. 

That is, panic attacks and migraine are positively correlated with crying frequency; 

that is, people who have panic attacks and migraine cry more often. 

 

Figure 3.The Heatmap of Health Analysis. 
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Finally, a correlation analysis is performed on the remaining features, and the 

resulting matrix is provided below. Features that fall between -0.2>=f>=+0.2 are 

chosen for assessment. On the other hand, a negative correlation coefficient implies a 

negative relationship between the features and the target variables, whilst a positive 

correlation coefficient shows a direct relationship.  

3.2 Feature Engineering 

 Feature engineering is a crucial step in developing predictive models for mental 

health outcomes. By leveraging domain expertise and psychological theories, relevant 

aspects of mental health can be captured effectively. Here are the key points regarding 

feature engineering for mental health: 

Selection of Features Based on Domain Expertise and Psychological Theories 

In other words, experts and recognized psychological theories aid in determining the 

elements that are pertinent to the idea of mental health. Their research points us in the 

right direction for tracking and assisting those suffering from mental illnesses [12]. 

Other characteristics may include language, behaviours that reveal a person's 

psychological state, or self-reported symptoms [9]. 

Categorization and Quantification of Mental Health Aspects 

The defined criteria have been used to calculate percentages for each of the areas—

health, relationships, career, and academics—to determine how well one may be 

doing in other areas of their lives [10]. This makes identifying a person's level of 

exhaustion in any category simple. 

Incorporation of Social Media Data 

Understanding how people use social media, particularly their engagement patterns, 

the words they use, and the emotions or feelings they express, can help forecast 

mental health issues [11]. Analyzing social media activity data can provide real-time 

symptoms of mental health problems. This enables the provision of timely 

interventions and support when it is most needed [12]. 

3.3 Model Selection and Training 

In this section, different machine learning algorithms suitable for various problem 

types, such as dimensionality reduction, classification, clustering, and regression, are 

briefed. Further, the model selection also depends on the data type, such as structured 

and unstructured data, linear and non-linear data. Therefore, based on the problem and 

data, the machine learning model is selected. Machine learning approaches include 

Support Vector Machines, Random Forests, Decision Trees, and Naïve Bayes for 

non-linear classification. Consequently, Logistic Regression and Linear Regression 

are considered for linear problem types. Finally, K-Means, DBSCAN, Agglomerative 

clustering, PCA, and LDA are employed for clustering and dimensionality reduction 
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problems, respectively, to name a few [13]. On the other side, apart from the above-

mentioned reasons, model complexity should also be considered. Henceforth, there 

should be a proper sequence to complete the model selection from pre-processing, 

feature extraction, feature selection, parameter tuning, post-processing, and model 

training in an organized manner [14]. Indeed, there should be repetitive experiments 

to compare the performance of various models and deploy trained models to the 

production environment. All these steps are made easy by the encapsulation of the 

pipeline model. Finally, the hyperparameter tuning is accomplished to achieve 

improved accuracy, optimized resource usage, avoid underfitting/overfitting, and 

faster convergence with grid search, evolutionary algorithms, and random search 

techniques [15]. 

3.4 Model Evaluation 

In domains like machine learning and data analytics, the performance of various 

models is estimated using one of the validation approaches, called cross-validation 

[16]. This approach divides the dataset into ‘n’ equal folds, which are then used as 

training and validation sets. By iteratively changing the folds, this method evaluates 

the model's performance on unseen data and helps to assess the overfitting problem.In 

most applications, model performance is measured by accuracy, which indicates how 

well the model performs compared to the actual values in the training and testing 

datasets. However, health classifications and other essential parameters include 

precision, recall, and F1-score, which provide a more detailed understanding of the 

model's performance in detecting health imbalances, diagnosing conditions, and 

predicting patient outcomes [17]. Accuracy provides a percentage score that directly 

impacts the analysis of patient datasets. Recall measures the true positive rate among 

all actual occurrences, precision measures the positive predictive outcomes, and the 

F1-score calculates the harmonic mean of precision and recall, providing a 

comprehensive view of the model's overall accuracy. Finally, the simulated results are 

distorted by data quality, data imbalances, and data classes. This concludes the weak 

evaluation of the model [18]. These difficulties shall be overcome with various 

approaches such as collaborative learning, resampling (undersampling/oversampling), 

customized learning, and cost-sensitive learning methods. Bagging, boosting, and 

stacking are the common ensemble methods to improve the accuracy by combining 

the wisdom of multiple classifiers. The resampling may involve oversampling for 

minority classes, undersampling for majority classes, and cross-validation to mitigate 

over-fitting. To end with, the cost-sensitive learning is used to improve the overall 

accuracy by modifying the cost matrix, where different values represent the 

misclassification errors. 

4. Experimental Results 

4.1 Model Performance Analysis of Regression 
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A thorough examination of the model's performance would provide information about 

the suggested system's resilience and effectiveness. The strengths and shortcomings 

of several machine learning algorithms in categorizing mental health conditions are 

shown through comparative evaluation. The values of Linear Regression (LR), Ridge 

Regression (RR), Lasso Regression (LaR), ElasticNet Regression (ENR), Bayesian 

Ridge (BR), Decision Tree (DTR), Random Forest (RFR), Gradient Boosting (GBR), 

AdaBoost (ABR), Support Vector Regression (SVR), K-Nearest Neighbors (KNNR), 

and MLP Regressor (MLPR) are 0.9472, 0.9473, 0.9478,0.9477, 0.9472,0.8846, 

0.9115, 0.8943, 0.9256, 0.9151, 0.9304, and 0.9477 respectively. The effectiveness of 

LR, RR, LaR, BR, and MLPR in correctly identifying mental health categories is 

demonstrated by their remarkable accuracy of approximately 94%.This indicates the 

strong performance of linear and non-linear models with a proper dataset and without 

the requirement of regularization. While RFR, KNNR, SVR, and NBR show 

differences in the relationship among the independent features. Lastly, the lower 

performance models are GBR and DTR, with a complex relationship among the 

columns, and there may be underfitting. The relative effectiveness of all the 

regression models is displayed in Figure 5. To facilitate comparison, the graph shows 

the accuracy attained by each classifier over a certain data set. Each bar in the graph 

represents a distinct classifier that is distinguished by a certain color. With an 

astounding accuracy of 94.78%, Lasso Regression is the winner. Given its high 

accuracy, LaR is likely to be effective in identifying the correlations in the data, 

particularly if those relationships are linear.  

 

Figure 4. Comparative Analysis of Regression in Predictive Modeling. 
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Apart from the prediction of values, finding error is also important with mean squared 

error (MSE) and mean absolute error (MAE). These errors indicate that average 

magnitude errors is consistent, even though the model’s overfit is poor. MSE gives 

the average value of the squared error between predicted and actual value.The main 

characteristics are sensitive to outliers and emphasis on large errors. On the other 

hand, MAE is the absolute difference between the predicted and actual value with 

robust to outliers and equal weight to all error types. The error values are given in the 

table 1.Similar to the prediction values, MAE and MSE shows the same report in 

accordance with the regression models. 

Table 1.  Performance Evaluation of Regression Algorithms 

Regression model MAE MSE Prediction 

Probability 

Multiple Linear Regression 1.76 1.15 0.9472 

Decision Tree Regressor 2.52 1.34 0.8846 

Random Forest Regressor 2.08 1.19 0.9115 

K-Nearest Neighbors Regressor 1.9 1.14 0.9304 

Support Vector Regression 1.86 1.18 0.9151 

Ridge Regression 1.76 1.15 0.9473 

Lasso Regression 1.76 1.15 0.9478 

ElasticNet Regression 1.76 1.15 0.9477 

Bayesian Ridge Regression 1.76 1.15 0.9472 

Gradient Boosting Regression 2.34 1.29 0.8943 

AdaBoost Regression 1.85 1.13 0.92567 

MLP Regression 1.83 1.17 0.9477 

4.2Classification Performance Analysis 

When assessing classification models, the following considerations must be taken into 

account, even if AUC offers a wealth of helpful information. These considerations 

areType I error (False Positives), Type-II Error (False Negatives), Precision, Recall, 

F1-Score, and Accuracy. The results are demonstrated in Table 2. This classification 

section considers the four classes of ‘condition’ features, such as low, mild, moderate, 

and severe. The classifiers are from different methodologies: trees, statistical, 

ensemble, and probabilistic. The classification algorithms are Logistic Regression 

Classifier (LRC), Ridge Classifier (RC), SGD Classifier (SGDC), Decision Tree 

Classifier (DTC), Random Forest Classifier (RFC), Gradient Boosting Classifier 

(GBC), K-Nearest Neighbors (KNNC), Gaussian Naive Bayes (GNBC), Support 

Vector Machine (SVM), and Multiple Linear Perceptron (MLP). From the confusion 

matrix, there is clear evidence of confusion between the first two classes, and hence, 

there is low performance with the Ridge Classifier and the SGD Classifier. Further, 

the reasons shall be similarity in the independent features and underfitting. However, 

from the overall results, the relationship between the independent features and the 
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target variable is clear and distinct. Further, the scores indicate the possibility of lower 

columns for a particular class, leading to class imbalance. The table shows that most 

models, like Logistic Regression, Decision Trees, and Random Forest, performed 

exceptionally well, scoring a perfect 1.0 across all metrics. This suggests the features 

are highly predictive of the target, but there's a risk of overfitting or data leakage, so 

further validation is needed. KNN also did great, indicating strong clustering in the 

data, but it’s sensitive to scaling. On the other hand, Ridge and SGD classifiers 

underperformed, possibly due to their simplicity for the data’s complexity, suggesting 

that hyperparameter tuning or using more complex models could improve their 

performance. 

It looks like the results from the proposed mental health dataset are promising, 

showing that there are clear patterns that make classification quite accurate. However, 

some of the models that scored perfectly should be carefully examined to make sure 

those results are reliable and not just a coincidence.While Ridge and SGD classifiers 

didn’t perform as well, it suggests that these models may not be the best fit for this 

particular dataset. On the other hand, the KNN model’s strong performance indicates 

that the data might have a natural grouping or clustering pattern, which KNN excels at 

detecting.The fact that some linear models also performed well suggests that the data 

could be relatively easy to separate into distinct groups, or at least almost so. This 

could be because the features in the dataset are closely related to the target variable, 

giving the models a clearer path to make accurate predictions. 

Table 2.  Performance Evaluation of Classification Algorithms 

Classifier Accuracy Precision Recall F1-Score 

Logistic Regression 1.0 1.0 1.0 1.0 

Ridge Classifier 0.8745 0.7832 0.8745 0.8217 

SGD Classifier 0.7697 0.738 0.7697 0.7261 

Decision Tree 1.0 1.0 1.0 1.0 

Random Forest 1.0 1.0 1.0 1.0 

Gradient Boosting 1.0 1.0 1.0 1.0 

K-Nearest Neighbors 0.9872 0.9875 0.9872 0.9871 

Gaussian Naive Bayes 1.0 1.0 1.0 1.0 

Support Vector Machine 1.0 1.0 1.0 1.0 

Multiple Linear Perceptron 1.0 1.0 1.0 1.0 

5 Conclusions and Future Directions 

The proposed work explores the data mining, regression, and classification techniques 

in machine learning to analyze the customized mental health dataset. The data mining 

approaches enable the importance of pre-processing, feature selection, and post-

processing approaches to create a proper dataset. The results from the regression and 

classification demonstrate the same.The effectiveness of Lasso Regression, Ridge 

Regression, Linear Regression, Bayesian Ridge, and Multiple Linear Perceptron 
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Regression was demonstrated. Similarly, the performance of the Logistic Regression 

classifier, Gradient Boosting, Gaussian Naive Bayes, Support Vector Machine, 

network-based, and tree-based algorithms was validated with the results. On the other 

hand, decision trees do not work effectively for regression, and vice versa for the 

classification problem. From the aforementioned reasons, the common algorithms that 

are effective for the dataset shall be Naïve Bayes, Tree-based algorithms, ensemble 

learning, Support Vector models, and neural network-dependent perceptron 

algorithms. 

To ensure reliable results in the future for different datasets, validate the perfect 

scores for overfitting or data leakage. Tune the hyperparameters for Ridge and SGD 

classifiers, analyze feature importance, and consult mental health experts for insights. 

Finally, test the models with new data to assess their ability to generalize. 
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