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Abstract

Mental health-related issues are more critical issues in the workplace. Mental health has been a major
and challenging issue, especially for working professionals. A bad work environment can cause a
variety of physical and physiological problems as well as decreased productivity. People are reluctant
to ask for help from mental health specialists, according to studies. The fundamental reason for this is
the stigma attached to mental illness. Working professionals therefore have a higher risk of mental
health issues. To analyze the consequences of mental health in professionals, in this study, we have
analyzed different factors related to personal, professional, and family history using different machine
learning algorithms. The algorithms used for the analysis of mental health problems are Naive Bayes,
Logistic Regression, Adaptive Boosting (AdaBoost), Random Forest, and Decision Table. The result
obtained from the model training shows that the best performance was achieved using the Random
Forest algorithm with an accuracy score of 83.3%. In terms of precision, the AdaBoost algorithm
performed best with a precision score of 84.6%. Mental health issues at the workplace are a critical
issue and it is believed that the findings from this study will help to aid in medical health to minimize
mental health issues at the workplace.
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INTRODUCTION

The most prevalent mental condition is depression, which affects many people either directly or
indirectly due to a friend or family member. There is usually misunderstanding about depression,
including what it is and how it varies from other emotions. A person's level of mental health acts as a
gauge for how to treat their illnesses effectively. It is crucial to monitor the mental health professional
files of various groups to anticipate any health-related anomalies. According to Hans Selye, stress can
be defined as “a nonspecific response of an organism in exposure to a demand or a change in the
physical situation” [1]. A World Health Organization (WHO) statistic states that psychological or
neurological hazards will affect a person at some point in their lifetime [2]. It is essential to assess the
mental health of various categories at various points
in time to prevent major sickness.
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finish the task and deliver on schedule. The key reasons for the high levels of stress experienced by IT
professionals are role conflict, corporate culture, role overload, intercultural staff, customer demand,
long workdays, and a lack of managerial support. In this study, we have examined various machine
learning techniques in various contexts to make it simple to comprehend the aspects influencing the
mental health of workers in tech companies. Based on the data provided by the employees in the
questionnaire, various machine learning algorithms such as Nave Bayes, Logistic Regression, Adaptive
Boosting (AdaBoost), Random Forest, and Decision Table were applied to estimate the likelihood of
the appearance of mental health problems.

The data set adopted in this study was taken from the Kaggle repository [5]. Usually, data taken from
a secondary source are not ready to use by machine learning algorithms. To make data usable by
machine learning algorithms, different data pre-processing techniques have been used. After making
the data set ready for processing, it was applied to machine learning models, and the result was
compared to predict the best model for the detection of mental health problems in employees.

RELATED WORKS

According to world health organization, a mental health is defined as "a condition of well-being in
which a person is aware of his or her skills, can manage everyday pressures, can work productively,
and can contribute to his or her community" [6]. A machine learning approach was employed in a study
by Moon et al. to predict Bangladesh's employment downturn [7]. Nave Bayes, K Neighbors, Random
Forest Classifier, and Random Forest Regression were employed by the authors.

The study evaluated the effectiveness of eight different machine learning algorithms that categorize
information into different mental health conditions. According to their findings, the Multiclass
Classifier, Multilayer Perceptron, and LAD Tree are the three classifiers that produce results that are
more precise than the others [8]. According to Passos et al., it is possible to determine whether a person
will attempt self-destruction by using segment factors and clinical variables linked to self-destruction
[9]. They employed three different MATLAB-based algorithms: LASSO, SVM, and RVM. The
precision range was frequently between 65 and 72% and RVM produced the result with the highest
accuracy (72%).

It was also found that using ensemble classifiers significantly improved mental health prediction
performance, with a 90% accuracy rate [10]. The study has focused on how machine learning can help
with the identification and diagnosis of mental diseases like schizophrenia, depression, and
Alzheimer's disease. A rainfall prediction model might be created with the help of Al and the LSTM
approach, according to Salehin et al. [11]. Deep learning methods are used because they produce more
accurate results. Six variables were mentioned in their article. The accuracy of the evaluation of all the
data is 76%. Salehin et al. predicted the severity of depression caused by heavy cell phone use [12].
To identify depression, they have employed machine learning techniques such as linear regression and
decision trees.

Hassan et al. researched sentiment analysis and its application to depression analysis [13]. They have
used the Support Vector Machine (SVM), Nave Bayes, and Maximum Entropy classifier approaches to
distinguish between the results of sentence-level sentiment analysis. The selection of features was done
using a voting approach. The results showed that SVM was a significantly more accurate technigue than
Naive Bayes and Maximum Entropy classifiers, with an accuracy of 91%. In a study conducted by
Mutalib et al., they used the methods of neural networks, decision trees, naive bayes, support vector
machines, and logistic regression to predict mental health issues in college students [14]. The most
accurate models for stress, depression, and anxiety are the Support Vector Machine, Decision Tree, and
Neural Network, in that order. Shetu et al. predicted student performance using educational data mining
[15]. Based on the individual's academic position and the academic environment in which they are
situated, a comprehensive prognosis was made.
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To analyze occupational stress, Yadav and Hashmi conducted a study using a support vector machine,
a neural network, a decision tree, and a random forest algorithm [16]. For training and testing, a
stratified 10-fold cross-validation was employed. 60% accuracy rates, 80% sensitivity rates, and 60%
specificity rates were attained using the suggested model. To examine the Effective Factors of job stress,
Khaleghi et al. performed the correlation coefficient test and progressive multivariate regression [17].
Ghani et al. addressed the link between occupational stress and health using demographic characteristics
such as age, gender, highest academic qualification, marital status, employment tenure, and job title
[18]. Aytac used multiple regression analysis to evaluate the level of stress caused by psychological
risk factors [19].

METHODOLOGY

In this study, a prediction model is developed to identify mental health disorders in workers in the
workplace using a machine learning approach. The primary processes in the designed model are data
collection, pre-processing, and data manipulation utilizing data mining techniques. We have used
various machine learning classification techniques like the Naive Bayes, Logistic regression, Adaptive
Boosting (AdaBoost), Random Forest, and Decision Table. The proposed working model is depicted in
Figure 1.

Select and Apply Machine
Learning Algorithms
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Figure 1. Flowchart of the working methodology.

Dataset Description

The dataset was taken from the Kaggle repository to conduct this study [5]. It contains 1259 values
with 26 attributes and one class variable. The class variable (treatment) contains two values, 'Yes' and
'No'. "Yes' defines whether the employee has ever gone for mental health treatment and 'No' defines
whether the employee has not gone for mental health treatment. A detailed description of dataset
attributes with possible values is presented below:

e Timestamp (Predictor Variable): the time when the participant completed the survey.
Gender (Predictor Variable (Male, Female, Other)): describes the gender of the participant.
Age (Predictor Variable (21 to 87)): age of the participant.
Country (Predictor Variable (country name)): describes the participant's country of work.
State (Predictor Variable (state name)): describes the state in which the participants are working.
Self_employed (Predictor Variable (Yes, No, NA)): describes whether the participant is self-
employed or not.
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e Family_history (Predictor Variable (Yes, No)): does the participant have a family history of
mental illness?

o Work_interfere (Predictor Variable (often, rarely, never, sometimes, NA)): does the participant
have a family history of mental illness?

o No_employees (Predictor Variable (1-5, 6-25, 26-100, 100-500, 500-1000)): number of
employees working in the company.

o Remote_work (Predictor Variable (Yes, No)): whether the participant works remotely at least
50% of the time.

o Tech_company (Predictor Variable (Yes, N0)): the participant is working in a tech company or
not.

o Benefits (Predictor Variable (Yes, No, Don’t know)): describes whether the employer provides
mental health benefits or not.

o Care_option (Predictor Variable (Yes, No, Not sure)): does the employer provide mental health
care or not?

o Wellness_program (Predictor Variable (Yes, No, Don’t know)): whether the employer discussed
mental health as a part of the employee's wellness program.

o Seek_help (Predictor Variable (Yes, No, Don’t know)): does the employer have a plan for how
to seek help in mental health?

o Anonymity (Predictor Variable (Yes, No, Don’t know)): whether privacy is maintained when you
take mental health treatment or not.

e |eave (Predictor Variable (very easy, very difficult, somewhat easy, somewhat difficult, don’t
know)): describes how easy it is to take leave for treatment.

e Mental_health_consequence (Predictor Variable (Yes, No, Maybe): whether it affects negatively
if participants discuss mental health issues with the employer.

e Phys_health_consequence Predictor Variable (Yes, No, Maybe): whether it affects negatively if
participants discuss physical health issues with the employer.

o Coworkers (Predictor Variable (Yes, No, some of them)): whether the participant wants to
discuss mental health issues with colleagues?

e Supervisor (Predictor Variable (Yes, No, some of them)): Does the participant want to discuss a
mental health issue with supervisors?

o Mental_health_interview (Predictor Variable (Yes, No, Maybe)): Describes whether the
participant wants to talk about their mental health issue in an interview.

e Phys_health_interview (Predictor Variable (Yes, No, Maybe)): describe whether the participant
wants to talk about their physical health issue in the interview.

o Mental_vs_physical (Predictor Variable (Yes, No, Maybe)): do employers think mental health is
as serious as physical health?

e 0bs_consequence (Predictor Variable (Yes, No)): does the participant know about the negative
impact of mental health in the workplace?

e Comments (Predictor Variable): open comments from participants.

e Treatment (Response Variable (YES, NO)): response variable that describes the status of mental
health treatment.

The data distribution according to gender and mental health treatment status is shown in a pie chart
in Figure 2(a) and (b).

Data Pre-processing

The final result is frequently adversely affected by the noisy or unbalanced data set. To balance the
data set, the data preparation technique should be used. By preparing data, we enable machine learning
models to use raw data. A class variable and 26 attributes make up the data set used in this study. At
this level, we first determined which attributes are relevant to predicting the outcome and which are
not. After carefully examining each attribute, it was decided to remove the timestamp, country, state,
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and comment attributes because they do not significantly contribute to the goal. The numbers in the age
column are corrected and we have adjusted null values whenever they appear in the dataset. Some
entries in the age column had negative values, below 18, or greater than 100. As a result, these values
are removed. Since WEKA cannot process distinct sorts of values, all the values were ultimately
transformed into nominal values. The data set is well balanced, with 637 entries in the treatment column
that are marked "Yes" and 622 that are marked "No".

Gender wise distribution of data

1%
<o mMale

=l mFemale

& Other

Figure 2. (a) Gender-wise data distribution.

Mental health treatment wise data distribution

Figure 2. (b) Treatment-wise data distribution.

The next stage is to build a model after dealing with the unbalanced dataset and finishing data pre-
processing. Training and testing data are separated from the preprocessed data set. In this work, we
employed a 10-fold cross-validation method to improve the outcome. 90% of the entire training dataset
is randomly chosen for use as training data in the 10-fold cross-validation process, and the remaining
10% is used as test data. After dividing the dataset, we used classification, clustering, and association
methods to train the model. The following is a description of the various machine learning techniques
that were utilized to train the model.

Algorithm Description
Naive Bayes

Learning is greatly facilitated by the Naive Bayes classifier's assumption that attributes are
independent of class. Naive Bayes frequently outperforms more sophisticated classifiers in practice,
even though independence is frequently a false assumption. The Bayes theorem offers the conditional
probability of an event occurring in comparison to an already occurring event. A naive Bayes classifier
cannot perform if the data set contains many attributes. But it performs better at handling small datasets
that need less training data, is highly scalable, adept at handling both continuous and discrete data, and
is insensitive to irrelevant features [20]. The precision of the Nave Bayes classifier is not directly related
to the degree of dependencies obtained as class-conditional information between different
characteristics [21].
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Logistic Regression

When the dependent variable is dichotomous, logistic regression is the appropriate regression strategy
to utilize. It is a predictive analysis technique. When the dependent variable (target) is categorical, it is
used. It approximates using the maximum likelihood estimation technique. Throughout the instruction
session, n unique multiple decision trees are generated. The final decision tree is formed, and the data
record that was first incorrectly recognized is given top priority. Based on this, the output from these is
gathered and sent to the subsequent decision model. This method iterates and repeats itself till we
achieve the required base of learners that was proposed to be established in the beginning [22].

Adaptive Boosting (AdaBoost)

The AdaBoost algorithm is one of the most typical and widely used ensemble learning methods.
Boosting is a technique that combines all ineffective classifiers into one powerful classifier. Multiple
weak learning entities are used by AdaBoost and combined into a single model. Stumps or single split
decision trees are used in this strategy. The AdaBoost algorithm was developed by Freund and Schapire,
who claimed it was more practical and simpler than the prior boosting techniques [23]. In the initial
iteration, each stump had the same weight. To improve the previous learner, incorrect classifications
are given more weight than the right ones. Until we reach the necessary base of learners that were
suggested to be created at the beginning, this process iterates and repeats itself [22].

Random Forest

Using randomly chosen qualities at each node, the random forest classification algorithm constructs
a tree. To build a training data set using a random way drawing with substitute N values, where N is
equal to the size of the initial training set, bagging was employed for each feature/feature combination
that was chosen [24]. A flexible machine learning algorithm is Random Forest. Both classification and
regression issues can be handled by it. It performs a respectable job and can also assist with dimension
reduction, missing values, extreme values, and other crucial data exploration procedures. The random
forest classification technique uses the Gini index as an optimization criterion to quantify the
degradation of a class attribute. By picking a case (pixel) at random and indicating that it belongs to a
certain class, the Gini index for a particular training set S can be expressed as follows:

X2 (f (X, /1SDU X, /1D
Where, f(Xi, S)/|S| is the probability showing the selected case belongs to class X;

Whenever a tree using a feature combination and certain training data expands to its maximum depth.
Trees that are mature enough are not pruned [25].

Decision Table

Decision tables (DTs) present an alternative method for describing rule-based classification models
in a user-friendly way [26]. DTs are represented in tabular form and are used to describe and analyze
decision circumstances (such as the assessment of credit risk), in which the existence of several criteria
affects the execution of a series of actions [27]. In our context, conditions correspond to the outcome of
mental health treatment or not. A decision table consists of four quadrants as shown in Table 1. The
horizontal line is used to divide the table into a condition part (above) and an action part (below). The
vertical line is used to separate subjects (left) from entries (right).

Table 1. Quadrants of the decision table.
Condition subjects Condition entries

Action subjects Action entries

The criteria that are important to the decision-making process are the condition subjects. They stand
for the characteristics of the rule preceding for which information is required to categorize whether or
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not the participant has a stroke. For each condition subject (attribute), each condition entry defines a
relevant subset of values (referred to as a state), or it contains the dashed sign ('-') if the value is not
important for that column. The values allocated to the associated action subject (class) are then stored
in the action entries, with the "Xx" entry designating the value that corresponds to a certain set of
circumstances. Thus, each column in the DT's entry section has a classification rule.

RESULTS

In this section, the result of the study is summarized. The main objective of this study was to
understand the significance of depression analysis in working employees and to perform a comparative
analysis of algorithms in search of the algorithm that would work best. To obtain the result, WEKA
3.8.6 environment was used [28]. A ten-fold cross-validation technique was used to obtain the training
and test set of data and different classification algorithms were used to train the model. The performance
of the different classifiers is measured in terms of different accuracy metrics such as accuracy, precision,
recall, f-measure, and receiver operating characteristic (ROC) curve. These performance metrics for the
different classification algorithms are illustrated in Table 2.

Table 2. Detailed performance of ML algorithms.

Algorithm Accuracy Precision Recall F-Measure
Naive Bayes 80.0% 80.0% 80.0% 80.0%
Logistic Regression 82.7% 83.1% 82.7% 82.6%
AdaBoost 82.2% 84.6% 82.2% 81.8%
Random Forest 83.3% 83.8% 83.3% 83.2%
Decision Table 82.7% 83.6% 82.7% 82.5%

The result obtained from a simulation in WEKA shows that all the classification algorithms
implemented in the study perform well with an accuracy above 80%. Among all, the Random Forest
classifier performs the best with an accuracy of 83.3%. The other accuracy metrics such as precision,
recall, and f-measure for the same classifier are recorded with the value of 83.8, 83.3, and 83.2%
respectively. Similarly, the accuracy, precision, recall, and f-measure for the Naive Bayes classifier are
achieved with the value of 80.0%. The logistic regression classifier also has good performance with
82.7% of accuracy, 83.1% precision, 82.7% of recall value, and 82.6% f-measure score. The accuracy
score of AdaBoost and Decision Table classifier is 82.2 and 82.7% respectively. The precision, recall,
and f-measure values for the AdaBoost classifier are noted with the value of 84.6, 82.2, and 81.8%
respectively. The Decision table classifier has 83.6, 82.7, and 82.5% precision, recall, and f-measure
respectively.

In terms of accuracy, the Random Forest classifier performs the best with an accuracy score of 83.3%
and in terms of precision, the AdaBoost classifier has the best performance (84.6%). If we compare the
accuracy score, the maximum difference is found to be 3.3% between Naive Bayes and Random Forest
classifiers. The Logistic Regression and Decision Table classifier performed in the same way to predict
mental health issues in employees with an accuracy of 82.7%. The comparison of the different
performance metrics for the different classifiers is depicted in Figure 3.

The different performance metrics of the machine learning algorithms used in the study are
represented in a line chart graphically in Figure 4.

If we analyze the receiver operating characteristic (ROC) curve for different machine learning
algorithms, it shows that all the algorithms have performed well. The ROC curve for all five machine
learning algorithms used in this study is shown in Figures 5-9.
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Figure 6. ROC for logistic regression.
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Figure 7. ROC curve for AdaBoost classifier.
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Figure 8. ROC for random forest.
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Figure 9. ROC for decision table.

CONCLUSION

Mental health is a crucial element for employees working in a workplace. Additionally, it influences
how things will come out in terms of efficiency, productivity, financial and general terms. The first step
in putting avoidance and clinical mediation strategies into practice is the early prediction and
identification of depression. Similar to the machine learning model developed in this study, such models
can offer a technically sophisticated approach to medical science for detecting and treating depression
in working employees, which is mostly dependent on data that is reported by the patient themselves. In
this study, we have used different machine learning algorithms such as Naive Bayes, Logistic
Regression, Adaptive Boosting (AdaBoost), Decision Table, and Random Forest to forecast the
possibility of depression in employees. Different performance metrics are considered from the results.
The result obtained from the model training shows that the Random Forest classifier performs better in
terms of accuracy (83.3%) and AdaBoost performs better in terms of precision (84.6%) compared to
the rest of the models. This model will significantly help the medical field predict possible depression
in employees in any workplace, especially in the tech industry.
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