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ABSTRACT

COVID-19 harmed the lives of people in every region of the world. It has been

established that, in addition to the physical symptoms, it significantly influences the

patient’s mental health. Depression has been identified as one of the most widespread

disorders that can hasten a person’s mortality at an early age. This is one of the

conditions that has been singled out for this distinction. The trajectory of life for

millions of people has been altered as a result of this illness. We conducted a survey

that consisted of 21 questions based on the Hamilton instrument and the advice of a

psychiatrist. This was done so that we could continue forward with the inquiry into

the identification of depression in individuals.

After the data were compiled and analysed, it became clear that people younger

than 45 years of age had a higher risk of suffering from depression when compared to

those older than 45 years of age. This is because most people at this age are concerned

about getting married or schooling their children. On the other side, research has

revealed that those whose ages fall between 18 and 25 are also at an increased risk

of suffering from depression. This is likely because, at this stage in their lives, these

individuals are more conscious of the potential outcomes of their lives. Based on all

of the replies received, the findings of the survey were put through several different

machine learning algorithms, including Decision Tree, KNN, and Naive Bayes. These

algorithms were used to analyse the results.

Further investigation is being done into how these two techniques are similar to

and different from one another. According to the findings of the research, KNN has

produced better results than other approaches in terms of accuracy, whereas decision

trees have produced better results in terms of the amount of time needed to detect

depression in a person. In conclusion, to overcome the traditional approach to a

depression diagnosis, which is made up of affirmative questions and constant feedback

vii
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from individuals, a model that is based on machine learning is offered as a potential

alternative.
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CHAPTER 1

Introduction

In general, pandemics are not only a major burden for public health, but they

also pose substantial social, economic, and political challenges in the nations in which

they occur. Pandemics can be caused by several different viruses. COVID-19 is not

only considered as the greatest threat to international public health in this century

but it is also seen as a symptom of unfairness and a lack of social progress. In other

words, COVID-19 is a sign that this century is failing to make social progress. The

letters ’CO’, ’VI’, and ’D’ in the name COVID-19 each stand for the corresponding

terms ’corona’, ’virus,’ and ’disease,’ while the number 19 refers to the year in which

the disease was first identified. Coronaviruses have a diameter that spans from 80 to

120 nanometers, and they are RNA viruses that only have one strand in their genome.

In December 2019, it was announced that Wuhan, which is situated in the Hubei area

of China, had seen the very first modern outbreak of COVID-19. The majority of the

initial cases could be traced back to an infection that was spread through a seafood

market as the point of origin. Since then, the sickness has alarmingly spread around

the globe, and it has now arrived on every continent other than Antarctica. The only

continent it has yet to reach is Antarctica. More than two hundred countries and

1
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regions, including China, Italy, Iran, South Korea, India, Switzerland, Taiwan, the

United States of America, Sweden, Singapore, Sri Lanka, France, Australia, Malaysia,

Spain, the United Kingdom, Nepal, Finland, the Netherlands, Belgium, Russia, Thai-

land, the Philippines, and Cambodia, have reported confirmed cases of COVID-19.

After making landfall in China in January 2020, the COVID-19 virus soon expanded

to other countries, including South Korea, Iran, and Italy, where it was responsible

for substantial outbreaks towards the end of February and the beginning of March

2020. The number of people who are infected with COVID-19 in Spain is higher than

the number of patients in the United States of America, which puts the United States

of America at the top of the list.

Number of people died in the US as a result of this illness. According to informa-

tion made public by the Chinese government and the WHO, the current outbreak has

resulted in the infection of 84,180 persons in China, and as of April 18, the outbreak

has claimed the lives of more than 4642 people. On January 30, 2020, the Thrissur

district of Kerala reported the first case of the coronavirus epidemic in India. The

incident happened following the return home of a student who had been attending

Wuhan University in China. India’s Ministry of Health revealed on April 18, 2020,

that there had been 14,378 confirmed instances of coronavirus infection nationwide,

along with 480 fatalities. The virus has a very high rate of transmission, which is to

blame for its widespread distribution worldwide. On the other hand, the growth of in-

ternational travel and tourism and the resulting improvement in accessibility may also

be a factor in the virus’s continued worldwide spread. Numerous nations throughout

the world hold a wide range of annual mass gathering festivals that fall under the po-

litical, religious, socio-cultural, or scientific categories. These kinds of huge gatherings

have a long history of being linked to disease outbreaks on both the local and global

levels, and they are likely to worsen a lot of the risk factors related to COVID-19.

The potential of a global pandemic is posed by the emergence of COVID-19 in Asia

and its subsequent spread to other parts of the world, including the Americas, Africa,

and Europe. [1]
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1.1 Impact of Covid-19

Regardless of the severity of the virus’s effect on the populations of various

countries, it has had a significant negative effect on both the global and national

economies. The unique coronavirus does not respect national boundaries or religious

beliefs, and it has spread across all social classes. It has a high potential for spreading

to other people and is difficult to anticipate. The world has never been prepared for

a pandemic of this kind, and now we are in a race against time to create a vaccine

to stop its further spread. The newly discovered COVID-19 showed signs of being

highly contagious and rapidly disseminating around the world. (see Figure 1.1). As

Figure 1.1: Covid-19 Impact.

of April 3rd, 2020, there had been a minimum of 52,869 deaths and a total of 10,066

confirmed cases of coronavirus infection. On May 18, 2020, the number of confirmed

cases reached 46,79,511, with 3,15,005 people losing their lives. These numbers are

subject to continual change. The novel coronavirus spreads in phases, with stage 1
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including imported cases, stage 2 involving local transmission, stage 3 involving com-

munity transmission, and stage 4 (out-of-control transmission). ”Transmission” refers

to the transfer of microorganisms from one infected individual to another uninfected

person when addressing the spread of disease among humans. Microorganisms can

migrate through direct contact with surfaces, through droplets, or by indirect contact

with surfaces, such as surface contamination. The incubation period refers to the

amount of time that passes between a person becoming infected with a virus and the

onset of the disease’s symptoms. It can be anywhere from one to fourteen days for

COVID-19, but the average is closer to five days. Fever, exhaustion, and a dry cough

are the three symptoms of COVID-19 that are seen most frequently. Some people can

experience aches and pains, a stuffy or runny nose, a sore throat, diarrhea, or conges-

tion in the nasal passages. These symptoms are often modest, and their onset is slow

and steady. Some people contract the infection, but they don’t have any symptoms

or feel sick. The vast majority of patients (about 70 percent) recover from the illness

without requiring any kind of specialized therapy. A person infected with COVID-19

has roughly 1 in 6 chances of becoming gravely ill and having trouble breathing after

becoming infected with the virus. People who are older or who already have an un-

derlying medical condition, such as diabetes, high blood pressure, or heart difficulties,

have a greater risk of developing a serious illness.

The unprecedented lockdown, which has had a significant negative impact, has

severely hurt the economy. At this point, the jobs and ways of life of millions of people

are in jeopardy. Since state borders were closed, more than fifty million migrant

workers either returned to their homes in their home villages or relocated to camps

inside major cities. They were left without a job or a source of income as a result of

this as activities all around the country ceased. The majority of them have not yet

returned, which has had a considerable impact on the labor pool in urban areas. There

have been reports of some of them coming to cities in quest of jobs and other means

of support. Additionally, there were significant restrictions placed on the movement

of unprocessed materials as well as finished goods between states. Because countries

have closed their national borders, there has been an abrupt halt in the movement of
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goods and people across international frontiers. All of these factors are causing serious

disruptions in the supply mechanisms and distribution chains of nearly every industry.

At the same time, there has been a complete collapse of consumption demand as a

result of the fact that millions of people are staying inside and delaying the expenditure

of money on things that are not needed.

How long and severe the health crisis lasts, how frequently lockdowns are re-

quired in various sections of the nation, and how things turn out once the statewide

lockdown is released and normal economic activity can resume will all affect how bad

the pandemic is overall. Up until now, the economy has suffered a great deal of harm.

This crisis happens when India’s GDP growth slows and unemployment is rising as

a result of the country’s dismal economic performance over the past few years. The

economy was already in a fragile situation before the shock, therefore it’s probable

that this will make the shock’s effects worse. This is especially true because the finan-

cial sector, which is the brain of the economy, has not been operating efficiently, and

because there is very little room for policy in the macroeconomic realm to respond to

such a crisis. In the past, the Indian economy was mostly suffering from a slowdown

in demand, but in recent times, both demand and supply have been impacted by

the disruption. There are four different ways in which the influence is transmitted

to output growth. These include a decline in domestic demand and a disruption of

the domestic supply. Global recession and supply chain disruptions are to blame for

external supply and demand limitations. The economic shock is affecting both the

formal and informal economies. It might take a long time for the economy to recover

from the shock created by this incident, even if the lockdown is lifted in August or

September of 2020. The government’s and the Reserve Bank of India’s (RBI) actions

taken in reaction to the situation will, to a considerable extent, determine the extent

to which the economy will recover. The decision-makers in government have already

disclosed the first set of actions that will be taken. There is still a significant amount

of work that needs to be completed before the shock effects on the economy can be

reduced.
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1.1.1 Impact on society

All segments of the population have been impacted by the COVID-19 outbreak,

but those in the social groupings that are now most at risk have been particularly hard

hit. The outbreak is still affecting populations, including those who are currently living

in situations of poverty. Homeless people, for example, are more likely to contract the

virus because they may not be able to find a safe place to shelter during an outbreak.

Youth have been urged by a variety of governments to get involved in the fight against

threats to both themselves and the general community. Additionally, young people are

in a position to assist those who are most helpless and to contribute to the expansion

of public health and social awareness initiatives within their communities. Therefore,

young people are extremely important in controlling the virus’s spread and mitigating

the effects it will have on public health, society, and the economy in general. A new

routine for surviving and a new strategy for interacting with those who are closest to

you are developed as a result of social distance, which is more accurately described

as physical distance. In reality, it is causing distance to grow between friends and

relatives. On the other hand, technologies such as mobile phones and the internet

are bringing individuals into closer proximity with one another. People are gradually

getting used to the idea that they can stay at home and are developing new routines

to keep themselves interested in professional work as opposed to household duties.

Because COVID-19 is locked down, there is a restricted amount of consumption of

the available resources. People have realized that their requirements for survival are

extremely minimal, but that they have been wasting resources to achieve status in

society. I’d say that the government shutdown is giving us the chance to discover

how to achieve the Sustainable Development Goals (SDGs) in a very concrete way.

Because of anthropogenic activity, the world economy has been shut down, allowing

the planet to heal and regenerate itself.

1.1.2 Impact on family-life

The members of the family have become closer as a result of being cooped

up indoors and required to work from home. They are coerced into engaging in
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activities such as talking, eating, and playing together daily, which is something that

the majority of the families are unable to do owing to work and other responsibilities.

When one had to leave the house early and return at strange hours, frequently when

the kids were sleeping, family life’s rhythm was upset. Occasional reports claimed that

some of the kids may only see their fathers once a week or twice a month due to their

fathers’ busy schedules. Therefore, it would seem that the lockdown is advantageous

for social engineering and family life. People who work from home and stay at home

continuously obtain the full amount of sleep they need for optimal health and happy

functioning. It is commonly believed that getting sufficient sleep will strengthen one’s

immune system. Because they do not have to spend time commuting to and from the

office, they can put in additional hours of work, which results in increased effectiveness

and output. Second, people can conserve gasoline and contribute to the reduction of

pollutants in the air. Thirdly, there is no stress associated with traveling, which

results in increased productivity. As a result of the COVID-19 epidemic, lockdowns

have been implemented in several nations, which have been linked to an increase in

domestic violence and violence between intimate partners. As a result of financial

insecurity, stress, and uncertainty, there has been an increase in domestic violence.

Abusers can exert a significant degree of influence over their victims’ day-to-day lives.

[2].

1.1.3 Impact on economy

The unprecedented lockdown, which has had a significant negative impact, has

severely hurt the economy. At this point, the jobs and ways of life of millions of people

are in jeopardy. Since state borders were closed, more than fifty million migrant

workers either returned to their homes in their home villages or relocated to camps

inside major cities. They were left without a job or a source of income as a result of

this as activities all around the country ceased. The majority of them have not yet

returned, which has placed a severe strain on the labor pool in urban areas, despite

rumors that some of them are returning to the cities at this time in search of work

and other means of subsistence. Additionally, there were significant restrictions placed
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on the movement of unprocessed resources as well as finished items between states.

Because countries have closed their national borders, there has been an abrupt halt in

the movement of goods and people across international frontiers. All of these factors

are causing serious disruptions in the supply mechanisms and distribution chains of

nearly every industry. Because millions of people are staying indoors and avoiding the

purchase of unnecessary items, there has been a full collapse in consumption demand

at the same time.

The length and severity of the health crisis, the frequency with which lockdowns

are required in various sections of the nation, and the circumstances surrounding the

lifting of the statewide lockdown and the return of normal economic activity will

all determine how awful the pandemic is overall. Up until this time, the economy

has sustained severe harm. The timing of this crisis coincides with declining GDP

growth in India and rising unemployment as a result of the country’s dismal economic

performance over the past few years. The effect of the shock may be made worse as

a result of the vulnerable state that the economy was in before being struck by this

shock. This is especially true because the financial sector, which is the brain of the

economy, has not been operating efficiently, and because there is very little room for

policy in the macroeconomic realm to respond to such a crisis. In the past, the Indian

economy was mostly suffering from a slowdown in demand, but in recent times, both

demand and supply have been impacted by the disruption. There are four different

ways in which the influence is transmitted to output growth. These include a decline

in domestic demand and a disruption of the domestic supply. Global recession and

supply chain disruptions are to blame for external supply and demand limitations.

The economic shock is affecting both the formal and informal economies. It might

take some time for the economy to recover from the shock created by this occurrence,

even if the lockdown is removed in August or September of 2020. The Reserve Bank

of India’s (RBI) and the government’s responses to the crisis will play a significant

role in determining how quickly the economy can recover. The decision-makers in

government have already disclosed the first set of actions that will be taken. There is
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still a significant amount of work that needs to be completed before the shock’s effects

on the economy can be reduced. [3].

1.1.4 Impact on higher education

A common tendency that has evolved in reaction to the pandemic in educational

systems around the world is the establishment of ”emergency e-learning” protocols.

The influence on higher education has been significant and instructive. These pro-

tocols signify the quick switch from traditional classroom settings to online learning

platforms. Educational institutions are having a difficult time adapting to this tran-

sition while simultaneously attempting to choose the best technology and teaching

strategies for their students. The abrupt shift from in-person, face-to-face education

to teaching delivered remotely and the shutting of the campus are only the first little

steps in the long journey towards offering online education, which will include strong

tools for student involvement and instructor training. After the pandemic is over,

this might open the way for closer relationships between universities, corporations

that provide online education, and technology service providers. To ensure that the

process of teaching and learning goes off without a hitch at the universities, substan-

tial attention will need to be paid to the training and equipping of educators with

digital technology. To improve educators’ capacity to teach, the government will need

to take the initiative and commit to maintaining programs for continuing education

and professional development. The pandemic has brought to light the vulnerabilities

and deficiencies of the existing education systems. Additionally, it has highlighted

the need for both developed and developing nations to increase their levels of digital

literacy, especially in these trying times. After the outbreak, it’s conceivable that a

stronger focus on the digitalization of educational services and communication will

become the norm. Long-held beliefs about the role of higher education institutions

in the delivery of quality education, as well as the mode of delivery, accessibility,

the significance of learning that continues throughout one’s life, and the educators’

perceptions of the types of students who attend their classes, have been called into

question by the current situation. It’s feasible that this may provide educators and
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decision-makers with important information that will help improve education systems

globally. [4].

Due to how much teachers relied on e-learning during the flu pandemic and how

well they were able to adapt to it, there may be a trend towards adding more online

components to classroom lessons. This, however, creates a lot of logistical problems

and limits, especially when it comes to how easy it is to use digital technology to teach.

The phrase ”digital inequality” describes a large divide that exists in contemporary

society. One cannot fairly assume that all instructors and students will have access

to sophisticated devices connected to the internet and be able to communicate with

one another outside of their university.

Students who come from economically disadvantaged backgrounds face a bigger

burden due to the high cost of eLearning, which is another factor that restricts access

to this kind of education. It can have a significant impact on students in higher educa-

tion institutions if the government does not establish regulations that are supportive

of students and ensure that the Internet is affordable and simple for them to use. Stu-

dents have a much better opportunity to exchange knowledge and ask for assistance

since face-to-face communication is more beneficial to the learning process. It is also

simpler and more interactive. Students who learn remotely face a variety of difficul-

ties that they must overcome. There is less of a sense of belonging and community

among the students in a virtual classroom. When there is no teacher present to offer

hands-on assistance, students who are less able to self-regulate or study alone have a

harder time in class. The use of online films, digital content, and discussion forums

might not produce a comprehensive teaching and learning process. The consequences

for privacy and surveillance of requiring hundreds of millions of children to use com-

mercial software that has not been adequately tested and approved for educational

purposes worry several civil rights organizations and activists. These issues arise from

the software’s lack of thorough testing and approval for educational use.

The sudden shift to adapting and implementing online learning has increased

the burden and stress on the teaching personnel. The procedures used by educators
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to prepare curricula, produce electronic content, test students, and provide reports

need to be reviewed because it’s possible that these processes weren’t built with

enough planning and consideration. Educators should be given professional autonomy,

trusted with their judgments, and ensured clear and compassionate communication

with all stakeholders in the higher education system to achieve better-focused learning

outcomes and develop effective methods of eLearning. This will assist in achieving the

objectives of more efficient eLearning techniques and targeted learning results. [5].

1.1.5 Impact on mental health

Every nation’s well-being depends in large measure on its level of health. The

COVID-19 pandemic’s occurrence is an unanticipated jolt to the economy. The econ-

omy was already in terrible shape before COVID-19 hit. An unexpected disease

epidemic could make people anxious. It is quite difficult to identify a disease in its

early stages. To prevent it from spreading in a region, action is required. People ex-

press their views, opinions, and emotions through posts on social networking websites.

The study of people’s emotions, attitudes, and views is known as sentiment analysis.

This study includes a section on depression to categorize a person as depressed or not

based on their posts on Facebook, Instagram, Twitter, blogs, and forums [6].

Electronic information is currently advancing quickly in every aspect of life,

creating a significant volume of data. As a result, a lot of data is produced in the

business, healthcare, tourism, e-marketing, and other industries. Automated analysis

systems deal with the efficient storing of huge amounts of data as well as the analysis,

summarization, and classification of data. Sentiment analysis is a method used for

opinion mining across a variety of disciplines, including machine learning, informa-

tion retrieval, statistics, and computational linguistics. Nowadays, social networking

has developed into a community and is one of the most popular categories of online

activity. It provides a location for online connections. People can communicate their

opinions, feelings, impressions, and thoughts with one another through using social

networking sites like Twitter, Facebook, blogs, and forums. Using these postings,

tweets, and forums, one can assess or define the decisions made by individuals. The
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term ”analyzing sentiment” refers to the analysis of various perceptions, ideas, senti-

ments, and emotions. Finding and classifying the emotions that individuals express

on social networking sites is the goal of sentiment analysis.

Natural language processing is used for text exploration in sentiment analysis,

and statistics are used to determine human sentiment. This approach breaks down

the analysis of sentimental data into five distinct steps. (see Figure 1.2) -

Figure 1.2: Criteria of text classification.

1. Data gathering from social networking sites is the initial step in the analysis of

the emotional data. The use of language, writing, etc., conveys this information

in a variety of ways. For extraction and classification, natural language analysis

and text mining are also used.

2. The second step is cleaning the extracted data so it is ready for analysis. Text

preparation is the procedure involved.

3. The emotion is located in the data at the third stage of sentiment analysis.

This analyses the remarks and opinions from the sentences that were extracted.

Thoughts, values, and opinions are examples of sentences that are subjective.

On the other side, facts and dependable knowledge are examples of phrases that

are objective.

4. The classification of sentiments is the next stage in sentiment analysis. The

subjective sentences are categorized according to their polarity, which might be

positive, negative, or neutral.



CHAPTER 1. Introduction 13

5. The output of this analysis is presented as the final step. A sentiment analysis’

principal objective is to transform vague material into helpful information. Fol-

lowing analysis, the findings are presented as graphs, including pie charts, bar

charts, and line graphs.

1.2 Introduction to Depression

People publish on social networking sites to express their opinions, feelings, and

thoughts. An examination of people’s emotions, feelings, opinions, etc. is known as

sentiment analysis. This study uses posts on Facebook, Instagram, Twitter, blogs,

and forums to assess whether or not a person is depressed. Depression is also included

in this study. (see Figure 1.3).

Figure 1.3: Depression.
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A depressed individual experiences different bodily and mental problems is con-

stantly gloomy, tense, and hopeless, and loses interest in daily activities. One of the

important societal challenges that is spreading rapidly is depression. Many people

have this illness, yet only a small percentage of them receive therapy. After anxiety,

depression is the second most prevalent mental health issue worldwide. Suicide is a

result of depression. Depression is the primary cause of suicide among young people.

(see Figure 1.4). Every day, a depressed person experiences sadness, tension, and

Figure 1.4: Signs and symptoms of depression.

hopelessness. They develop a variety of physical and mental issues and lose interest

in routine activities. One of the most significant social issues that is only becoming

worse over time is depression. Many people have this illness, yet only a small percent-

age of them receive therapy. After anxiety, depression is the second most prevalent

mental health issue worldwide. Suicide is a result of depression. Depression is the

primary cause of suicide among young people.

A lifestyle with less physical labor may result from the growing usage of tech-

nology. A person may also be more susceptible to developing a mental condition if

they are under constant stress. Peer pressure, heart attacks, depression, and a host

of other negative effects are examples of these vulnerabilities. Several approaches

to diagnosing depression are carefully examined. The mechanisms include the use
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of questionnaires addressed to the individual, social media posts, text used in spo-

ken conversation, and facial expressions to collect data. The information that was

gathered serves as the basis for the outcome. Whether or whether the person needs

attention is the predicted outcome in this scenario. In the framework of this research

project, a variety of machine learning techniques and classifiers, including decision

trees, SVM, Naive Bayes classifiers, logistic regression, and KNN classifiers, are in-

vestigated to determine the degree of mental health within a certain population. One

of the target groups used in this identification technique is the general population,

which includes high school, college, and working-age individuals [7].

1.3 Introduction to Machine Learning

Building a model that describes the relationship between one set of observable

quantities (inputs) and another group of variables that are connected to these (out-

puts) is the main objective of a huge variety of scientific domains. The values of the

important variables can then be determined by observing and recording the pertinent

observables after such a mathematical model has been constructed. Unfortunately,

many real-world occurrences are too complex to be directly modeled as a closed-form

input-output relationship. A computational model of these complex relationships can

be automatically built using machine learning techniques. This is achieved by process-

ing the easily accessible data and optimizing a performance criterion that is unique

to the solution. (see Figure 1.5).

The process of automatically creating a model is known as ”training,” and the

information that is used during training is known as ”training data.” The trained

model can be used to predict new input values that weren’t part of the training

data as well as to provide new insights into how the input variables translate to the

output. Machine learning algorithms frequently need a large amount of training data

to be able to learn an appropriate model [8]. Therefore, a crucial first step in the

implementation of machine learning techniques is the collection of a large number

of representative training instances and the storing of this data in a format that is
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Figure 1.5: Machine learning.

suitable for computing needs. Machine learning can now be used in a wide range

of industries, including bioinformatics, chemical informatics, social network analysis,

stock market analysis, robotics, and medical diagnostics. Recent advancements in

the capacity for the gathering, storage, and processing of digital data have made this

possible. There are often multiple computational models that can be trained to handle

any given machine-learning task. Unfortunately, choosing an algorithm or model does

not have a single set of guidelines.

A model’s performance depends on a wide range of variables, such as the quan-

tity and quality of training data, the complexity and structure of the relationship be-

tween the input and output variables, and computational limitations like the amount

of memory and training time available. To identify the models and algorithms that

are most suited to solve the given problem, it is frequently required to evaluate a wide

range of alternative models and approaches. Everyone benefits from the availability of
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common software packages that combine a variety of algorithms into a single frame-

work. Once the accessible data has been properly arranged, these packages make it

much easier to experiment with the various options. [9].

”Supervised learning” refers to learning that takes place under supervision or

guidance. The goal of this kind of learning is to learn how to map one area to

another, and the ”training set” is made up of matched sets of input and expected

output. Applications include the previously mentioned channel decoder in addition

to the classification of email spam based on examples of spam emails and emails that

are not spam.

Unsupervised learning techniques just require the training data’s input attribute

values, and a learning algorithm makes use of those feature values to find hidden

patterns. This category includes clustering techniques that aim to organize the data

into logically related groups. These techniques are used in the field of bioinformatics

for a range of problems, such as gene expression analysis and the use of microarrays.

In general, operations that typically include clustering include the analysis of market

segments, in which people are classed according to their social behavior, and the

classification of publications according to their topic matter. [10].

Support vector machines, Nave Bayes, decision trees, and K-Nearest Neighbour

are on the list of learning algorithms that are most frequently employed.

The Naive Bayes classifiers, which are widely used in machine learning for text

classification, are based on the conditional likelihood of features belonging to a class,

with the features being selected using feature selection techniques. The use of supple-

mentary characteristics is suggested in this paper. This is accomplished by selecting

an auxiliary feature that can reclassify the text space in the direction of the chosen

features after initially determining features using a recognized method for feature se-

lection. The relevant conditional probability is changed to increase the classification

process’ level of accuracy. Illustrative examples have been used to show that the

proposed technique does improve the functionality of the naive Bayes classifier.[11].
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One of the most successful machine learning methods is the Support Vector

Machine or SVM. It was initially introduced in the 1990s and is mostly used for

pattern recognition. This has also been used to address a wide range of pattern

classification-related problems, including face recognition, speech recognition, text

categorization, picture recognition, and many others. When it comes to categorizing

data based on either prior knowledge or statistical information gleaned from raw

data, pattern recognition is an effective method. This approach is employed in many

different academic domains. A supervised machine learning example is the Support

Vector Machine (SVM). An SVM training method builds a model that predicts the

category that a new example will fall under using a set of training examples, each of

which is identified as belonging to one of the numerous categories. The SVM is better

able to generalize problems, which is the goal of statistical learning. [12].

In the world of data mining, the decision tree method is frequently employed.

It can be used to set up classification systems based on numerous covariates or to

develop prediction algorithms for a target variable. Using this technique, a population

is divided into sections that resemble branches. Then, using these components, an

upside-down tree is constructed, complete with a center node, additional nodes, and

leaf nodes. The technique is non-parametric and can handle huge, complex datasets

with less need for a difficult parametric structure. The data from the study can be

divided into a training dataset and a validation dataset once the sample size is large

enough. A decision tree model can be created with the assistance of the training

dataset. To create the best final model feasible, the validation dataset can be utilized

to determine the ideal tree size.[13].

Although machine learning techniques are widely employed in many scientific

fields, their application in the literature of the medical field is still limited, in part due

to technical difficulties. K-nearest Neighbours, or kNN for short, is a simple machine

learning technique. The paper begins with an explanation of the fundamental ideas at

the core of the kNN algorithm before delving deeply into the details of kNN modeling

in R. The required preparations for the dataset must be made before using R’s on ()
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function. The diagnostic precision of the model should be assessed after the result

prediction using the kNN algorithm. The most common statistic to represent the kNN

method is the one called ”average accuracy”. The k value, the distance calculation,

and the choice of suitable predictors are a few elements that have a substantial impact

on the model’s effectiveness. [14] (see Figure 1.6).

Figure 1.6: Techniques of machine learning.

A collection of weights is used to integrate the joint features produced from a

set of features by encoding in a maximum entropy (ME) classifier, sometimes referred

to as a conditional exponential classifier. An exponential conditional classifier is an-

other name for this kind of classifier. Through encoding, each feature set and label

combination is transformed into a vector. ME classifiers are a subset of the classifiers

known as exponential or log-linear classifiers collectively. This is because I classifiers

work by first extracting a collection of features from the input, then linearly combin-

ing those features, and then using the linear sum as the exponent. Point-wise mutual

information (PMI) is the instrument that is used to discover the positive and negative

words that are connected with the occurrence of a certain word when this technique

is conducted in an unsupervised manner. The ME Classifier is one of the models that

does not assume the presence of independent attributes. [15].
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One of the most significant features of artificial intelligence is machine learning.

Practically everywhere in the fields of science and technology may be found its uses.

One of these industries is healthcare, where the application of machine learning has

produced outstanding outcomes. Additionally, the use of machine learning in conjunc-

tion with the Internet of Things (IoT) has proven very successful in the healthcare

sector. Nevertheless, this constantly developing technology hasn’t yet made its way

into all fields. Mental illness is one of the conditions for which a perfect cure has not

yet been developed. Determining if a person has a mental condition in the first place

is the challenging aspect. Meetings between a client and a psychologist in person, one-

on-one, are necessary for the diagnostic and therapy processes. There is still some

space for interpretation regarding the treatment. Although psychologists frequently

recommend different medications to their patients, such as antidepressants, sleeping

aids, and others, the prescription has not proved effective in treating or eradicating

the disorder. A person may be experiencing a particular situation for a variety of rea-

sons, including social pressures, professional responsibilities, family expectations, etc.

Our inquiry into this matter will be limited to predicting such illness in the human

body and figuring out what the person is experiencing by using data that has been

previously recorded. We will use logistic regression, support vector machine (SVM),

decision tree, K-nearest neighbor, and Naive-Bayes methods to build ensemble models

and further analyze them. [16].

The most common psychological and mental ailment in our society today is

depression. A sizable section of the world’s population, including both young people

and adults in contemporary culture, is afflicted by depression. A depressed individual

may experience serious consequences if effective counseling is not provided or the

condition is not identified early. By identifying depression early on, these consequences

can be prevented. It is one of the main causes for which suicidal situations are made

public. To assess whether a person is sad or not, this study tested six different machine

learning classifiers utilizing a variety of sociodemographic and psychiatric data.[17].

A common yet serious mental health condition that many people experience is
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depression. Despite this, the majority of people who experience depression do not

seek treatment for their illness. As a result, we have discovered that the content that

is readily available to such persons makes it easier to analyze their mental problems.

Applying several machine learning approaches, it is possible to extract a user’s mental

health state, with a focus on depression, from the data of social media sites. One of

the greatest approaches to detecting sadness is to look for negative messages in the

data that show negative because it is so common. To find potential answers to the

problem, this study has examined a variety of machine learning techniques that may

be applied to identify depression as well as the subject of detecting depression on

social media. The ensemble learning approach is successful in locating a solution to

this problem. Finding and using the approach and plan that will help us solve this

problem the best is our goal. [18].

The identification of mental sickness itself is turning into a serious worry as a

result of the much-increasing awareness of the need to maintain good mental health.

Numerous psychiatrists have said that due to the complexity of each mental illness,

it may be challenging to determine whether a patient has a mental condition. Due to

this, it is challenging to provide a patient with the necessary care promptly before it is

too late. Social media, however, has ingrained itself into people’s daily lives, creating a

scenario that can reveal more details about the patient’s mental disorder. This study

employed a systematic literature review (SLR), a technique for locating, assessing,

and interpreting the many resources at one’s disposal to offer solutions to a variety

of research topics. The findings of an analysis conducted to address concerns about

a text-based mental disorder detection system based on the social media activity of

people with mental illnesses reveal that it is possible to diagnose depression earlier

in society due to the presence of specific characteristics in how these subjects use

their social media accounts. This SLR found that the bulk of studies on the early

identification of depression cases use deep learning techniques like RNN because of

the limited amount of data available. This was true even though just a small amount

of research was conducted using a text-based technique. But this study’s goal is to

find potential strategies that might increase success [19].
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People of various ages, genders, and races experience depression, which is a se-

rious issue. Regardless matter where they reside, this is true. Because we live in a

time of digital communication and technology, people are more at ease when it comes

to sharing their ideas on social networking sites (SNS) almost daily. The objective of

this work is to put out a model for diagnosing depression in anyone using data analyt-

ics. Under the notion that has been offered, the postings that users make on Twitter

and Facebook, two of the most well-known social networking platforms, are mined for

data. Based on the social media posts that a user makes, it has been concluded that

he is depressed. The gold standard for diagnosing depression symptoms in a person is

often a fully or semi-structured interview procedure (SDI). These procedures demand

that the person provide a lot of information. On increasingly popular microblogging

websites like Twitter and Facebook, people are expressing their opinions and engaging

in more activities.

The analysis of the user’s tweets and posts demonstrates the formation of de-

pressive illness symptoms in the person. In this study, data gathered from users of

social networking sites was evaluated using machine learning. It may be more ef-

ficient and accurate to categorize natural language processing (NLP) and diagnose

depression using the Naive Bayes technique and Support Vector Machine (SVM).[20].

A kind of mental illness called depression affects more than 300 million individu-

als worldwide. In their daily lives, depressed people frequently battle worry. This can

harm a person’s relationships with their family and friends, lead to numerous illnesses,

and, in the most extreme circumstances, culminate in suicide. The vast majority of

people today convey their thoughts, feelings, and emotions on various kinds of social

media as a result of the expansion of social networks. If a person’s depression can

be identified early by looking at their posts, the necessary steps can be taken to save

them from depression-related illnesses or, in the best case scenario, from committing

suicide [21].

Many people are still struggling with issues like anxiety, panic attacks, bereave-

ment, sadness, and other psychotic disorders, even though the COVID-19 situation
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is beginning to improve in certain areas. Whether or not the person has firsthand

experience with the sickness, this is true. Possessing the capacity to maintain mental

fitness is one of the most significant traits somebody can acquire. People now have

a place where they can openly express their thoughts and have conversations with

others thanks to the advent of social networking sites [22].

The sentimental analysis procedure, a machine learning approach that helps in

assessing a person’s emotional state by analyzing the content of their online postings

and extracting information from them, includes gathering useful information from such

posts. Several machine learning algorithms are used on the dataset in this study, in-

cluding gradient-boosted decision trees, gradient-boosted decision trees with adaptive

boosting, bagged logistic regression, tree ensemble modeling, liblinear convolutional

neural networks, and long short-term memory. The authors analyze the data using a

variety of statistical measures, including accuracy, precision, recall, and the F1 score,

and conclude that logistic bagging is successful. [23].

We are witnessing a radical change in how we live as a result of technological

advancements like the Internet of Things and artificial intelligence, which are now

permeating every aspect of our existence as humans. They have let us connect all

of our gadgets and control them all with a single touch. Similar to this, anyone can

easily share and express their thoughts on social media sites like Reddit, Telegram,

Facebook, Instagram, Twitter, WhatsApp, and others, whether they take the form of

lengthy messages, poetry, or photographs [24].

Everyone was forced to remain indoors due to the pandemic, where they could

live out their daily routines in comfort. Communication, exchanging of thoughts,

and points of view became even more crucial at this time. During these times of

lockdown, the problem of depression grew more apparent, which also made the already

challenging circumstances of people who suffer from mental health issues even more

isolating. As a result, the field of depression detection has the potential to undergo

a phenomenal transformation thanks to the early diagnosis of depression using data

from social media platforms and the application of deep learning algorithms. This
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early detection strategy is especially pertinent given that most people communicate

their feelings on social media platforms [25].

In the modern period, depression has become a common mental condition. Even

though depression is considered a mental ailment, it may hurt a person’s physical well-

being. Most of the time, unless major physical or mental symptoms start to appear,

people tend to ignore it. Examining what people are discussing or their conversations

might be a helpful way to spot depression symptoms early on. This is a desirable

alternative because it is significantly less invasive than other common medical testing

while also having the potential to be quite accurate [26].

In the framework of this essay, we investigated this theory. To evaluate the

text of the transcripts, we employed 10 different machine learning methods, including

LSTM, SVM, ensemble techniques, random forests, and decision trees, among others.

Data was acquired from voice messages. We applied the learning algorithms to the

original transcripts of the chats to search for any patterns in the spoken language that

people used to express despair. Among other noises, these patterns can be detected

in screams, cheers, mumbles, whines, stutters, and murmurs. Our goal is to identify

these patterns. [27].

The capacity for computers to ”learn” independently and predict future occur-

rences without requiring human input is known as machine learning. Machine learning

(ML) has a subset known as deep learning. It has been widely used in the medical

field, where it is helpful for both patients and trained professionals. Clinicians in

specialties including pathology, radiology, cancer, and radiology might benefit from

seeing patient reports’ photographs since it can help them spot trends in huge datasets

and, as a result, make better treatment decisions [28].

According to the Globe Health Organisation, which estimates that there are

940 million people in the globe who are affected by mental health diseases, anxiety

is the most common mental health problem, affecting 248 million people globally.

Depression has a direct correlation to suicide. Mental illness is thought to be the

cause of 8 million deaths annually or around 14.3 percent of all fatalities worldwide.
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Whether they are long-term or short-term, if these signs of stress are recognized

early on, it will stop a person from having suicidal thoughts. In a similar line, the

medical industry also has access to a vast amount of data. Thanks to the usage of

electronic health record (EHR) software, the process of digitizing people’s personal

health information, such as medical records, bills, and prescriptions, has started in

several different countries. [29]

In modern society, psychological stress is a serious issue, especially for young

people. The age group that was formerly considered to be the most carefree is now

under a lot of pressure. Today’s culture is experiencing higher levels of stress, which is

the main contributor to several health problems, including depression, suicide, heart

attacks, and strokes. In this particular piece of research, we will be assessing the level

of mental stress that students encounter while surfing the internet a week before a

test. [30]

Our objective is to look into the stress that college students encounter at various

points in their lives. The effects of exam or job-related stress on students, frequently

go unnoticed by the students themselves. We will investigate how these factors affect

a student’s mental health and link this stress to how much time is spent online. [31].

1.4 Depression detection using machine learning

techniques

To provide the best alternative for identifying depression, a method has been

presented that incorporates machine learning techniques. The survey was created

with the aid of a psychiatrist for the objectives of this investigation. The comments

were received from a variety of sources, including family, friends, and colleges and

universities. The outcomes of applying the acquired dataset to previously created

machine learning models are compared to those of the suggested model. To reduce

the number of people who attempt or commit suicide in the future, the model that
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is being presented includes a tool for diagnosing depression with the use of machine

learning techniques. [32].

1.5 Objectives

The objectives of the work are as follows:

1. To study and analyze existing sentimental analysis-based techniques.

2. To prepare the dataset from social media concerning COVID-19.

3. To Design and develop the system for identifying mental illness.

4. To evaluate the designed and proposed system with standard metrics.

1.6 Summary

Every aspect of depression in India during the COVID-19 period is covered in

first chapter, including the causes of the high suicide rate. People in India commit

suicide for a variety of reasons, including depression. Education, employment, obli-

gations, the environment, and other factors are a few of them. The new coronavirus

SARS-CoV-2 that produced the COVID-19 pandemic has had a significant impact on

the world in a number of ways. These are a few of the main effects:Impacts on higher

education, the economy, families, society, and mental health are among them. In the

second chapter, we conducted a review of the pertinent literature, which resulted in

the production of many unique concepts and the discovery of a market need for a

questionnaire-based depression screening tool. The examination of methodology in

the third chapter provides specifics on how we put the earlier principles into practice.

The fourth chapter is devoted to going over the conclusions and judgements made.
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Literature Review

The idea of depression is broken down and investigated in this chapter. In this

day and age, people are becoming increasingly depressed daily. The prevalence of

depression has increased across all age groups as a result of a variety of variables

working together. Depression is also classified according to its severity, with mild

depression being the least severe, moderate depression being the next step up, and

severe depression being the kind that can lead to death by suicide. This corpus of

research goes thoroughly into the causes of the rise in the prevalence of depression

across all age groups as well as the many machine learning techniques that may be

applied to early depression detection.

2.1 Impact of depression

Every day, millions of individuals experience depression, yet very few of them

receive the necessary support. In the past, doctors would personally speak with

sad patients and utilize diagnostic standards established by licensed psychologists to

determine what was wrong. A depressed individual is perpetually miserable, anxious,

and hopeless. Additionally, they experience a variety of physical and mental health

27
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issues and lose interest in daily activities. One of the most significant societal problems

that has grown more common in COVID-19 is depression. Even though many people

are affected by this ailment, very few of them receive therapy. The second most

prevalent mental health issue worldwide is depression. Suicide is a result of depression.

The main reason why young people commit suicide is depression. Early diagnosis of

a disease is crucial to halt its global spread and stop young people from committing

suicide. There are several ways that depression can manifest. Early on in the disease,

depression is typically treatable. On the other hand, a person with severe depression

needs additional care and attention [33].

Numerous research have suggested that depression may be diagnosed using ma-

chine learning. Techniques for supervised and unsupervised learning are used to clas-

sify texts. Examples of supervised learning techniques include maximum entropy,

neural networks, support vector machines, and Nave Bayes classification. Conversely,

lexicon-based, dictionary-based, and corpus-based learning are unsupervised learning

methods. [34].

Along with physical symptoms, a depressed individual frequently experiences

feelings of sadness, helplessness, and loss of interest in routine activities. Doctors

have examined depression in recent years by speaking with and treating patients

one-on-one. However, a prior study found that the majority of patients did not get

treatment when they were first depressed, which led to a worsening of their men-

tal health. The insider claims that there is a lack of effort in the programs used to

identify sadness on social media platforms like Twitter. An online application that

does sentiment analysis and uses a classification feature to identify the percentage of

depressed and non-depressive thoughts can overcome this problem. [35]. Supervised

learning is becoming increasingly important as a result of the large number of elec-

tronic documents available from various sources. Because the process divides a bunch

of documents into predefined groups based on their subjects, text categorization is

established. Text classification’s major goal is to extract information about textual
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resources. This research investigated data collection, text pre-processing, feature ex-

traction, text classification, and other steps of text classification. Text classification

was mostly done using supervised machine learning algorithms in various stages. Ac-

cording to the source, k-NN is effective in a variety of categorization strategies. [36].

A major mental health disease known as depression can have an impact on a

person’s emotional, cognitive, physical, and social well-being. The impact of depres-

sion can be severe, and it can affect every aspect of a person’s life, including their

ability to work, socialize, and take care of themselves.

2.2 Impact of depression during Covid-19

People all across the world have been affected by COVID-19. Along with the

apparent physical symptoms in infected people, it has seriously harmed public mental

health. Like other nations, India imposed a state of lockdown to stop the virus from

spreading. The goal of the current study is to examine how the lockout has affected

Indian residents’ psychological health. A questionnaire including inquiries regarding

depression, anxiety, stress, and family wealth was given to 43 participants. The study

discovered that tension, anxiety, and melancholy are all negatively correlated with

family income and that those who don’t have the money to maintain the lockdown

suffer the most. Studies have indicated that students and healthcare professionals

have higher levels of stress, anxiety, and depression than people in other occupations.

Regardless of the current situation, stress, anxiety, and depression levels in mental

health practitioners were found to be within normal ranges, demonstrating their ability

to remain normal in difficult circumstances. Mental health professionals could be

able to help policymakers and other authorities deal with the psychological effects of

COVID-19 [37].

The COVID-19 epidemic has had a significant impact on people’s health and

well-being throughout the world, and more and more people are becoming aware

of how important it is to understand both the physical and psychological effects of

COVID-19 experiences and stress. The current study used a convenience sample of
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565 American individuals (57.9 percent male) recruited from MTURK to see how

COVID-19-related stress affects anxiety, sorrow, and functional impairment.

The COVID-19 infection was connected to a higher likelihood of anxiety and

depression diagnoses (ORs ¿ 3.0). Large percentages of the variation in anxiety,

depression, health anxiety, and functional impairment were predicted by COVID-

19-related stress in latent variable analyses (R2 = 30). These results suggest that

COVID-19-related stress, friend deaths, and personal encounters with a COVID-19

diagnosis are all significantly associated with an increased risk of emotional disorder

symptomatology and that the COVID-19 pandemic may increase the need for mental

health care [38].

Public health is at risk due to the COVID-19 epidemic, which has affected every

country on the earth since December 2019. The procedure will eventually affect the

medical personnel addressing the epidemic. The study’s objective is to evaluate the

levels of stress, pessimism, and anxiety that Turkish healthcare workers encountered

during the COVID-19 pandemic. An electronic survey was used to obtain the data.

In the beginning, the Depression, Anxiety, and Stress Scale (DASS-21) was used.

The second section of the poll made an effort to highlight the challenges healthcare

professionals encountered throughout the outbreak as well as their workplace. The

third section looked at the personnel’s socio-demographic traits. A total of 2076

healthcare personnel contributed to the study. The primary source of worry or stress

among healthcare professionals, according to the research, is the fear of infecting their

families with the COVID-19 virus (86.9 percent). The study found that female workers

have greater levels of dejection, anxiety, and tension than male workers (p = 0.003).

Employees in the pandemic, emergency, and internal services have the greatest levels

of depression, anxiety, and stress. P stands for probability. [39].

The goal of this study was to find out how common depression was in a com-

munity affected by COVID-19 and what factors were linked to it. The study was

planned using a descriptive cross-sectional approach. Two weeks following Turkey’s

initial COVID-19 diagnosis, between March 23 and April 3, 2020, the research was
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conducted. Between the ages of 18 and 65, 1115 citizens of the Turkish Republic

participated in the poll. The study was conducted utilizing online questionnaires and

data was gathered using the Beck Depression Inventory and the Personal Informa-

tion Form. Software from IBM SPSS Statistics, version 20, was used to analyze the

data. Female participants between the ages of 18 and 29 who were single, enrolled in

school, and whose income fell short of their needs scored more depressed than other

participants. Lower levels of sadness were found in those who were worried about

becoming sick and spreading it to others, who were overly clean, worried about the

future, sorrowful, and uneasy. Participants who had to move during the quarantine

reported feeling lonely, afraid of dying, helpless, having difficulties sleeping, feeling

unworthy, starting to smoke and consume alcohol, and moderate melancholy. The

levels of depression were lower among those who engaged in homeschooling, employ-

ment, or other activities, spent time with their families, or took time for themselves.

[40].

Widespread issues with mental health have been brought on by the COVID-19

outbreak. As a result, during a pandemic, managing and monitoring the population’s

mental health comes first. To assess the prevalence of stress, anxiety, and depression

in the general population during the COVID-19 pandemic, this study will review prior

studies and make relevant findings.

Without regard to deadlines and up to May 2020, Science Direct, Embase,

Scopus, PubMed, Web of Science (ISI), and Google Scholar were searched for articles

on stress and anxiety in the general public during the COVID-19 pandemic. The

random effects model was used to meta-analyze the data, and the I2 index was used

to measure research heterogeneity. Moreover. The data was evaluated using the

Comprehensive Meta-Analysis (CMA) program. [41].

It has become more apparent how broad the pandemic is since the first coron-

avirus disease 2019 (COVID-19) case was identified in Hong Kong three months ago.

It is now necessary to consider the psychological effects of COVID-19. The current

population-based study makes an effort to look at people’s hopelessness and anxiety
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during the COVID-19 outbreak in Hong Kong. A structured questionnaire with sec-

tions for the PHQ-9, GAD-7, global rating of change scale, and COVID-19 was given

to a group of people who were chosen at random. Of the 500 research participants, 19

percent (a PHQ-9 score of 10) and 14 percent (a GAD score of 10) reported having

depression or anxiety. In addition, 25.4 percent of respondents reported that since

the outbreak, their mental health has gotten worse. The lack of exposure to the 2003

SARS pandemic, fear of contracting COVID-19, lack of access to sufficient surgical

masks, and inability to work from home were all linked to poor mental health, ac-

cording to a multivariate logistic regression analysis. During the epidemic, residents

should get psychological care, such as brief home-based psychological counseling. [42].

Because of the early lockdowns, the COVID-19 epidemic in Greece has taken a

less dangerous path. However, the psychological effects of the lockdown are unknown.

Furthermore, sickness beliefs and accompanying techniques to cope with the stress

of the outbreak may have impacted adherence to the limitations. To ascertain the

incidence of anxiety and sadness during the lockdown, the emotional effects of the

epidemic, and the effects of coping mechanisms and sickness beliefs on mental health,

we surveyed the Greek population. Adults were invited through social media during

the lockdown’s peak. The PHQ-9 and GAD-2 questionnaires were used to measure

the symptoms of depression and anxiety, respectively. The Brief COPE questionnaire

was used to measure coping abilities, while the updated Sickness Perception Ques-

tionnaire (IPQ-R) was used to assess disease beliefs. In total, 3379 people took part.

The pandemic had a disproportionately negative impact on women and those who

were struggling financially. Although they were consistent with prior tests, there were

a lot of depression and anxiety symptoms. Participants demonstrated a high level of

personal control and employed more constructive coping strategies to deal with the

stress brought on by the pandemic. Younger students, those with higher emotional

impact, those isolated due to symptoms, and those who were overexposed to media for

COVID-19-related news were more likely to have depressive symptoms. Positive cop-

ing mechanisms and high degrees of personal and therapeutic control were connected

to lower levels of depression. Increased depression symptoms during the lockdown
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were linked to specific psychological and social traits; this suggests that public health

policies should be developed to lessen the epidemic’s negative effects on mental health.

[43].

The current COVID-19 (Coronavirus Infectious Disease 2019) outbreak has had

a significant global impact. As a result of this terrible health crisis, millions of people

have developed an upsurge in mental health conditions including despair, stress, worry,

dread, disgust, melancholy, and anxiety, which has become one of the main public

health problems. Along with hurting finances and society, depression can lead to major

issues with emotions, behavior, and physical health. The user-generated content on

Twitter is used in this study to examine the dynamics of community despair as a

result of the COVID-19 epidemic. To create depression classification models, a novel

method based on multimodal data from tweets and word frequency-inverse document

frequency (TF-IDF) is proposed. Multimodal characteristics gather depression signs

that are topical, affective, and domain-specific. We investigate the issue using recently

obtained tweets from Twitter users in the Australian state of New South Wales.

Our cutting-edge categorization technique can pinpoint events that take place during

COVID-19 time and depressive polarity that may be affected by it. The findings show

that after the COVID-19 pandemic, people’s moods deteriorated. The state lockdown

and other government initiatives contributed to the rise of depression [44].

To stop the disease from spreading, the Nigerian government has put strict

quarantine rules in place all over the country. During the COVID-19 epidemic, both

academic and non-academic staff at an African university, as well as their unemployed

families, were tested for anxiety and depression. The research involved 69 individu-

als. There were 49 males and 20 females between the ages of 17 and 21 who took

part in the study. The depression data was obtained using the Self-Reporting Ques-

tionnaire (SRQ-20), and the items were chosen based on prior and current pandemic

research. Unemployed academic and non-academic personnel families had lower lev-

els of anxiety and sadness than academic workers. Scores for anxiety and depression

were shown to be related. A solid understanding of COVID-19 may result in academic
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professionals having low levels of anxiety and despair. Academic personnel reported a

weak association between anxiety and depression, but non-academic and unemployed

respondents had a strong link. According to the current study and literature, people’s

knowledge levels should be increased through Internet technologies to reduce anxiety

and sadness. [45].

It has been hypothesized that the COVID-19 pandemic will be detrimental to

mental health. Governments all around the world have implemented a variety of pub-

lic health measures to stop the spread of Sars-CoV-2, ranging from suggestions for

physical isolation to directives to stay at home, all of which have had a disastrous

impact on people’s daily lives. However, there is currently a dearth of research con-

necting the COVID-19 epidemic and public health initiatives to mental health. This

study (N = 4335) looked at the effects of sociodemographic and COVID-19-related

factors on acute mental health outcomes in a state-wide population sample of adults

in Germany. On anxiety and depression symptomatology, health anxiety, loneliness,

the frequency of scared episodes, psychosocial distress, and life satisfaction, the effects

of various types and levels of restriction imposed by public health measures (such as

quarantine, and stay-at-home orders) were examined. Higher mental health impair-

ments were linked to lockdown procedures, a decline in social ties, and a stronger

sense of life changes. Importantly, a purported stay-at-home order was connected to

poor mental health despite being informally and widely publicized. In these trying

times, especially for vulnerable populations, proper risk communication and special-

ized mental health guidelines are essential [46].

Numerous people are experiencing tremendous stress, worry, and depression as

a result of the COVID-19 pandemic’s unanticipated obstacles and disruptions to our

way of life. People who suffer from depression have feelings of sadness, hopelessness,

and disinterest in or joy over routine activities. Following are a few effects of depression

during COVID-19:

� Increased prevalence of depression:
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Studies have shown that the COVID-19 pandemic has led to an increase in the

prevalence of depression worldwide. The fear of getting infected, social isolation,

financial strain, and uncertainty about the future are some of the reasons behind

this increase.

� Worsening of pre-existing depression:

People with pre-existing depression may experience worsening of their symp-

toms due to the pandemic. The disruption of daily routines, reduced access to

mental health services, and social isolation can all contribute to the worsening

of depression symptoms.

� Increased risk of suicide:

The pandemic has also increased the risk of suicide. Depression is a major

risk factor for suicide, and the stress, uncertainty, and isolation caused by the

pandemic can exacerbate this risk.

� Impact on physical health:

Depression can have significant impacts on physical health, including a weak-

ened immune system, increased inflammation, and increased risk of chronic dis-

eases. These impacts can further exacerbate the negative health consequences

of COVID-19.

� Impact on relationships:

Depression can also impact relationships, including romantic relationships, fam-

ily relationships, and friendships. The stress and isolation caused by the pan-

demic can lead to increased conflict, communication difficulties, and feelings of

loneliness and disconnection.

� Impact on work and productivity:
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Depression can also impact work and productivity. People with depression may

struggle to concentrate, complete tasks, and meet deadlines. This can lead to

decreased job performance, increased stress, and potential job loss.

� Increased healthcare costs:

The increased prevalence of depression during the pandemic can also lead to

increased healthcare costs. People with depression may require more frequent

medical visits, prescription medications, and mental health services.

Overall, the COVID-19 pandemic has had a significant impact on mental health,

including an increase in depression. It is important to seek help if you or someone

you know is experiencing depression symptoms. Mental health services are avail-

able, including telehealth options, to help manage and treat depression during this

challenging time.

Increased prevalence of depression

The COVID-19 pandemic has caused unprecedented levels of stress and uncer-

tainty, leading to an increase in the prevalence of depression worldwide. Here are

some of the factors that contribute to the increased prevalence of depression during

the pandemic:

� Fear of getting infected:

The fear of contracting COVID-19 can cause significant stress and anxiety, espe-

cially for those who are considered high-risk due to underlying health conditions

or age. This fear can lead to feelings of hopelessness and despair, which are com-

mon symptoms of depression.

� Social isolation:

The pandemic has also led to social isolation due to lockdowns, social distanc-

ing, and quarantine measures. This isolation can lead to feelings of loneliness,

sadness, and disconnection, which are all symptoms of depression.
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� Financial strain:

The economic impact of the pandemic has caused financial strain for many

people, including job loss, reduced income, and increased debt. Financial strain

can lead to feelings of hopelessness, despair, and anxiety, which are all common

symptoms of depression.

� Disruption of daily routines:

The pandemic has disrupted daily routines, including work schedules, school

schedules, and leisure activities. The lack of structure and routine can lead to

feelings of disorientation, anxiety, and depression.

� Uncertainty about the future:

The pandemic has also created a sense of uncertainty about the future, includ-

ing concerns about the long-term impact of the virus, economic stability, and

personal health. This uncertainty can lead to feelings of anxiety and depression.

� Reduced access to mental health services:

The pandemic has also led to a reduction in access to mental health services,

including in-person therapy and counseling. This lack of access can make it

difficult for people with depression to get the help they need to manage their

symptoms.

Worsening of pre-existing depression

People with pre-existing depression may experience worsening of their symptoms

during the COVID-19 pandemic due to a variety of factors. Here are some of the

reasons why pre-existing depression may worsen during the pandemic:

� Disruption of routine:

The pandemic has disrupted daily routines, including work schedules, school

schedules, and leisure activities. This lack of structure and routine can lead
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to feelings of disorientation, anxiety, and depression, which can exacerbate pre-

existing depression symptoms.

� Social isolation:

The pandemic has also led to social isolation due to lockdowns, social distanc-

ing, and quarantine measures. This isolation can lead to feelings of loneliness,

sadness, and disconnection, which can exacerbate pre-existing depression symp-

toms.

� Increased stress and anxiety:

The pandemic has caused significant stress and anxiety for many people, includ-

ing concerns about personal health, job security, and financial stability. This

increased stress and anxiety can exacerbate pre-existing depression symptoms.

� Reduced access to mental health services:

The pandemic has also led to a reduction in access to mental health services,

including in-person therapy and counseling. This lack of access can make it

difficult for people with pre-existing depression to get the help they need to

manage their symptoms.

� Fear of getting infected:

People with pre-existing depression may be more vulnerable to the fear of getting

infected due to their already heightened sense of anxiety and worry. This fear can

exacerbate pre-existing depression symptoms and make it difficult to manage.

Increased risk of suicide

The COVID-19 pandemic has brought about significant challenges and stresses

that can increase the risk of suicide. Here are some reasons why the pandemic may

increase the risk of suicide:

� Isolation and loneliness:
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Social isolation, quarantine measures, and physical distancing protocols can

leave people feeling isolated and disconnected from others. This can lead to

feelings of loneliness and hopelessness, which are known risk factors for suicide.

� Economic hardship:

The pandemic has led to widespread job loss, financial strain, and economic

hardship, which can increase stress and anxiety levels. These financial struggles

may contribute to the development or worsening of depression, which is a major

risk factor for suicide.

� Increased stress and anxiety:

The pandemic has caused significant stress and anxiety for many people, includ-

ing worries about personal health, job security, and financial stability. These

increased stress levels can exacerbate mental health conditions and contribute

to suicidal thoughts.

� Disruption of mental health services:

The pandemic has disrupted access to mental health services, including in-person

therapy and counseling. This lack of access can make it difficult for people to

receive the support and treatment they need to manage their mental health.

� Fear and uncertainty:

The pandemic has caused significant fear and uncertainty about the future,

including concerns about the long-term impact of the virus, economic stability,

and personal health. This uncertainty can contribute to feelings of hopelessness

and despair, which are also known risk factors for suicide.

Impact on physical health

The COVID-19 pandemic has had significant impacts on physical health, both

directly and indirectly. Here are some of the ways that COVID-19 has impacted

physical health:
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� Direct impact on health:

COVID-19 is a respiratory illness that can cause serious health complications,

including pneumonia, acute respiratory distress syndrome (ARDS), and death.

The virus primarily spreads through respiratory droplets when an infected per-

son coughs, sneezes, or talks. Those with underlying health conditions, such as

heart disease, diabetes, and obesity, are at greater risk of experiencing severe

symptoms and complications.

� Delayed medical care:

The pandemic has caused a significant strain on healthcare systems, leading to

delayed or canceled medical care for non-COVID-19 health conditions. Delayed

medical care may lead to worsened health outcomes for conditions such as heart

disease, cancer, and mental health conditions.

� Disruption of routine healthcare services:

Many routine healthcare services, such as check-ups, preventive screenings, and

vaccinations, have been disrupted or delayed during the pandemic. This disrup-

tion may lead to missed diagnoses and health conditions going untreated.

� Increased stress and anxiety:

The pandemic has caused significant stress and anxiety for many people, which

can contribute to a range of physical health conditions. Stress can lead to

increased blood pressure, heart rate, and cortisol levels, all of which can have

negative impacts on physical health.

� Lifestyle changes:

The pandemic has led to significant changes in lifestyle, including reduced phys-

ical activity, changes in diet, and increased alcohol and substance use. These

lifestyle changes may contribute to the development or worsening of chronic

health conditions.
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Impact on relationships

The COVID-19 pandemic has had significant impacts on relationships, both

positive and negative. Here are some of the ways that COVID-19 has impacted

relationships:

� Increased time spent with family members:

Stay-at-home orders and remote work have led to increased time spent with

family members, including partners, children, and extended family. For some,

this has strengthened relationships and created opportunities for bonding.

� Strained relationships:

The pandemic has caused significant stress and uncertainty, which can lead

to strained relationships. Financial stress, concerns about health, and limited

social interactions can all contribute to increased tension and conflict in rela-

tionships.

� Changes in communication:

The pandemic has led to changes in communication, including increased use of

technology to stay in touch with loved ones. Some people may struggle with

these changes, while others may find new and creative ways to connect with

others.

� Reduced social support:

Social distancing and quarantine measures have led to reduced social support,

which can contribute to feelings of loneliness and isolation. This can be partic-

ularly challenging for those who live alone or who are isolated from their usual

support systems.

� Relationship challenges for front-line workers:

Front-line workers, including healthcare workers and first responders, may expe-

rience relationship challenges due to the increased stress and demands of their
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jobs. These challenges may include difficulty balancing work and personal life,

increased risk of exposure to the virus, and concerns about spreading the virus

to loved ones.

Impact on work and productivity

The COVID-19 pandemic has had significant impacts on work and productivity,

both for individuals and for businesses. Here are some of the ways that COVID-19

has impacted work and productivity:

� Remote work:

Many businesses have transitioned to remote work to comply with social dis-

tancing guidelines and prevent the spread of the virus. While remote work can

provide flexibility and reduced commuting time, it can also create challenges

such as a lack of social interaction and difficulty separating work and personal

life.

� Job loss:

The pandemic has caused significant economic disruption, leading to job losses

and reduced income for many individuals. This can lead to financial stress,

anxiety, and uncertainty about the future.

� Increased workload for front-line workers:

Front-line workers, including healthcare workers, essential workers, and first

responders, have experienced increased workloads and high levels of stress during

the pandemic. This can lead to burnout and decreased productivity.

� Disruption to supply chains and business operations:

The pandemic has disrupted supply chains and business operations, leading to

decreased productivity and increased costs for many businesses.

� Changes in demand for goods and services:
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Changes in consumer behavior and decreased economic activity have led to

changes in demand for goods and services. This can create challenges for busi-

nesses and workers who rely on specific industries or products.

Increased healthcare costs

The COVID-19 pandemic has led to increased healthcare costs in several ways:

� Increased demand for healthcare services:

The pandemic has led to increased demand for healthcare services, including hos-

pitalizations, testing, and treatment for COVID-19. This increased demand can

lead to higher healthcare costs, both for individuals and for insurance providers.

� Increased use of personal protective equipment (PPE):

Healthcare workers require PPE to protect themselves and others from the

spread of COVID-19. The increased use of PPE can lead to increased healthcare

costs for hospitals and healthcare providers.

� Development of new treatments and vaccines:

The development of new treatments and vaccines for COVID-19 requires signif-

icant investment in research and development. These costs are often passed on

to patients and insurance providers.

� Disruption to healthcare services:

The pandemic has led to disruptions in healthcare services, including delays in

routine medical care and elective procedures. This can lead to higher healthcare

costs in the long term, as untreated or delayed conditions may require more

intensive and costly treatment in the future.

� Increased use of telemedicine:

To reduce the risk of transmission of COVID-19, many healthcare providers

have increased their use of telemedicine to provide remote consultations and
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treatment. While telemedicine can be more convenient and cost-effective in

some cases, it can also require additional equipment and training for healthcare

providers.

2.3 Review analysis of machine learning techniques

for detecting depression

Social networking is another type of medical help that can be used to look for

signs of mental illnesses like depression. In this article, a summary of the findings of

an analysis employing methodologies and techniques of emotion analysis is provided.

The study aimed to identify depressive mood disorders. The author focused most

of their attention on studies that can automatically recognize unusual patterns of

behavior on social networks. Classic off-the-shelf classifiers were used in the research

to evaluate the information that is now available for use in lexicons [47]. The number

of people making payments via digital methods has skyrocketed in Indonesia during

the past several years. There are a wide variety of pricing options available for this

digital service from many different companies. The majority of individuals express

their thoughts and emotions to one another via social media platforms like Twitter.

To apply machine learning to data gleaned from Twitter, this study applies the Naive

Bayes classifier and the K-Nearest Neighbour method. The study’s conclusions show

that customers think highly of LinkAja and Go-Pay in comparison to other service

providers [48].

Clarification has been provided on the connection between people’s stock com-

ments and social media platforms. Pantip.com is the name of the Thai stock market.

There is a tool for tagging available on this website. This website uses the category

”Stock” for all of its entries. This model has a 74 percent accuracy rate. According

to the findings of this investigation, the stock quantities of ADVANC and CPALL are

a contributing factor to the sentiments expressed on social media. [49].
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Mining opinions in Persian is a pioneering topic of research that should be recog-

nized for its accomplishments. The study of the Persian language may be broken down

into two categories: those that emphasize lexicons and machine learning. To overcome

polarity, several strategies are utilized. This study takes a methodical approach to

machine learning and lexicon-based approaches, and it then suggests a hybrid strategy

as a fix for the issue of rating prediction in Persian [50]. Customer Experience Man-

agement is a strategy that is used to enhance and improve customer service. In this

study, we use sentiment analysis to assess customer experiences based on comments

from consumers. Because there is a great amount of unstructured data available on

social media sites, it is necessary to use the Naive Bayes classification classifier to

contribute to the sentiment analysis process [51]. The fast growth of social media has

made it simple for the general population to express their opinions, which makes it

possible to better monitor the spread of illness across a variety of geographic areas.

People can share their ideas and viewpoints on a variety of topics via Twitter, which

is one of the most popular social networks. The author gave health advice. Twitter

analysis uses sentiment analysis to look at tweets on health. The author reveals the

discrepancy between the job that is now being done and how it is being presented,

both in terms of accuracy. The recommended method is an original way to categorize

health traits for depression and helps to determine a person’s current health status in

their home [52].

The writer recommended a brand-new program that should be named Bag of

Sub-Emotions (BoSE). A lexical tool consisting of emotions and subwords is built into

Fast-Text and used by the new representation to automatically construct close-grained

emotions. These emotions are generated by the new representation. It generates

performance that is superior to what was suggested by the baselines [53]. According

to the findings of several studies, cyberbullying is responsible for 29 percent of the

instances of sexual harassment that began on social networking sites. In addition to

that, the study incorporated an examination of the market as well as the sentiment on

Twitter. The analysis of user sentiment data was the method that was utilized to carry

out this investigation. In addition, three objectives for usage in sentiment analysis
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have been outlined here: the identification of polarity, the identification of subjectivity

and objectivity, and the study of characteristics and aspects. The method as a whole

works toward the goal of describing the contextual polarity of an individual’s online

interactions, and it also contributes to the segmentation of the user’s most frequently

used terms.[54].

The author has created an emoji expression identification system. This system

can identify a variety of emotions, including smiling, angry, crazy, hilarious, ill, drowsy,

cool, and melancholy, among others. It then uses the KNN method to recognize the

emoji once it has been extracted from the feature it was found in. The work consisted

of categorizing images, and we found that employing emojis helped us get favorable

results in the domain of emotions [55]. The author of this study suggests a method for

visual sentiment analysis that combines both global and local specifics in its structure.

If a particular picture does not contain any items that meet the criteria, no local

information will be utilized; in this case, sub-images will be gathered based on the

important object detection window [56]. At this point, the Internet is a vast ocean of

raw data; yet, raw data can only be understood as information after being processed,

established, and organized. To provide a solution to this issue of accurately assessing

sentiments, a unique approach known as ”partial textual entailment” was developed.

It was used to examine the semantic similarity of tweets that were shared to make

it simpler to group tweets that were linked to one another. The researcher claims

that this method was initially implemented in this study to lessen the burden that is

placed on the computer. [57].

It uses linear support vector machines and looks into which sources of informa-

tion contribute the most to the goal of coming up with a complete list of characteris-

tics. The goal of this work is to look into how cyberbullying-related posts on social

media sites can be found automatically. The primary contribution of this research is

the development of a method that can automatically recognize warning indications of

cyberbullying on various social media platforms [58]. This Twitter study, in which the

author analyzed the perspectives, feelings, expectations, and actions of individuals on
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an outdoor game called ”Lawn Tennis,” is where the research is being done at the

moment. An investigation was conducted to determine the number of individuals who

genuinely like playing this game as well as the game’s level of popularity in a variety

of regions. Hadoop was chosen due to its scattered design and ease of handling, both

of which were important considerations given the massive volume of data that needed

to be processed. [59].

The patient is depressed because depression shows up in their speech, facial

expressions, and hearing. The author came up with the idea of combining many

modes of communication, such as audio, video, and text, into one concept called

the multi-modality mix to identify biomarkers that are predictive of depression. In

addition to traditional medical tests, these so-called biomarkers, which can be audio,

video, or written information, can be used to diagnose depression. As a result of this

research, it is now clear that gender inequality, both in terms of verbal and nonverbal

cues, has a big impact on how depression is diagnosed. [60].

The author has described a medical data science system that works by measur-

ing a variety of emotions and using different ways to process those emotions. The

design of this study was considered concerning the medical data belonging to patients

within the context of data mining, data analytics, and data visualization. The main

goal of this project was to develop a self-serving psychometric analyzer that can do

rapid computational linguistics and provide a mental health summary based on previ-

ous research, patient medications, and therapy [61]. The apps that may be employed

in social media difficulties with sentiment analysis have been introduced. The feelings

that are conveyed through social media are a reflection of the general population.

These public orientations reveal the genuine feelings that people have regarding their

role in the catastrophe. Predicting the outcome of an election, analyzing the stock

market, and providing individualized recommendations are three one-of-a-kind appli-

cations that demonstrate the significance of social media sentiment research. [62].

In this piece of research, the author presented a system that makes use of tweets

as a database. It uses SentiStrength sentiment analysis to generate the training
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dataset and back-propagation neural networks to categorize the provided tweets as

depressed or not depressed. With the assistance of this hybrid model, it is simple to

determine the social activity, thoughts, and mental state of the patient who is suf-

fering from depression [63]. In this particular piece of research, the author made use

of the techniques of machine learning and statistical analysis to differentiate between

the sad post and the non-depressive post. The approach that has been presented pro-

vides a further determination of the level of difficulty associated with each depressing

item. The author assigned codes to each of the publications based on the key charac-

teristics, techniques of data collection, pre-processing, and feature extraction, among

other criteria. The purpose of this paper is to provide a review of the current state

of the art in the field of research about machine learning methods [64]. In this study,

the use of natural language processing on Twitter served as the primary emphasis for

the demonstration of depression-oriented emotional analysis. Text-dependent AI for

emotions is used to analyze Twitter data to spot signs of depression. The support

vector machine and the naive Bayes classifier were both used in the class computation

process. [65].

Researchers have shown more than once that user-generated content can be

used to figure out how smart someone is. Since this is the case, it is easy to get all

of the information about a person’s attitude and pessimism from the user overview

in SNS. The author of this study offered a novel approach to classifying users that

make use of social networking sites (SNS) as a data source and artificial intelligence

(AI) implemented in the form of a selection tool [66]. The author is responsible

for the generation of the model; to arrange the UGC, he makes use of two distinct

classifiers, namely, Support Vector Machine and Naive Bayes Support. At the end of

the day, it assigns patients to one of the following four levels of depression severity:

minimal, mild, severe, or extreme. The output was prepared for the three findings,

including the sentiment analysis, the results of the SVM, and the outcomes of the

Naive Bayes algorithm [67]. The purpose of a feelings investigation is to recognize

ideas or sentiments. The methodologies behind sensitivity analysis might give helpful

tools and frameworks for tracking mental illnesses like depression. In this work, we
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cover the uses of sentiment analysis as well as effective approaches for measuring and

detecting depression [68]. With the use of social media, it is easy to determine whether

or not a person is depressed based on the statements they post. The goal of this

article is to investigate the extent to which an individual suffers from depression using

cognitive philosophies, machine learning techniques, and natural language processing

methods to derive emotions from written text. The author of this work has written

this article. The author recognized the voting model and feature selection technique,

and the work demonstrates that SVM is larger than both Naive Bayes and Maximum

Entropy classifiers. Furthermore, the author distinguished between SVM, NB, and ME

classifiers on sentence-level sentiment analysis for the depression aspect [69]. Twitter

users who are sad are uncovered via the use of screening surveys and the users’ tweets.

To identify users who are suffering from depression, automated detection approaches

are utilized. According to the findings of the study, symptoms of mental illnesses,

including sadness and others, may be recognized in a variety of online settings. The

processing of natural languages and approaches for machine learning have greatly

benefited from technological improvements in recent years. [70].

The author of this study uses four cutting-edge machine learning classifiers—Naive

Bayes, J48, BFTree, and OneR—to get the most accurate results possible for senti-

ment analysis. The experiments are carried out with the assistance of three datasets

that have been painstakingly put together by hand. Two of the datasets come from

Amazon, while the third comes from IMDB movie reviews [71]. The amount of ef-

fort that is put into diagnosing depression through the use of tools. In this work, a

system is developed that is used to track tweets from users on Twitter and also to

deliver updates when a disturbed individual is detected. The approach is presented

and discussed in detail in the following sections. In addition, this method provides

social workers with the opportunity to reach troubled individuals who need care in the

early phases of their crisis [72]. Sentiment analysis is a subfield of Natural Language

Processing (NLP) that attempts to characterize textual subjectivity and assists in

the extraction and classification of people’s ideas, opinions, perceptions, judgments,

evaluations, and emotions about services. Exploration is being done in a variety of
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disciplines, including sociology, politics, and marketing, with the assistance of this

method.[73].

Emotional analysis is a way of representing things automatically by looking at

what other people think about certain goods, services, or experiences. Because of the

large number of viewpoints being investigated, the practice is commonly referred to

as opinion mining. The purpose of sentiment analysis is to develop an algorithm that

is capable of identifying and classifying a range of different feelings and attitudes [74].

The most advanced form of human communication now available is social networking.

Because of the widespread adoption of social networking, it is clear that one-on-

one engagement is increasingly being shunned by the vast majority of individuals.

The fact that social networking sites have their own culture, which disperses the

personal contact of individuals, groups, and societies around the globe, is the primary

reason why people prefer using social networking sites to interact with other people

in person. In addition, the hybridization method has been implemented in sentiment

analysis to improve the accuracy of categorization. The classification strategy based

on machine learning achieves an accuracy of ninety percent when applied to the task

of sorting tweets into positive, negative, and neutral categories [75]. The polarization

of the signals in this work is identified by the internal model, which decreases the

requirement for normalization since it eliminates the polarization. The effectiveness of

the algorithm is improved by the use of this internal model. Along with the outcomes,

the algorithmic technique also highlights the application’s efficient operation, and this

strategy helps avert suicide attempts brought on by cyber-depression [76].

The writer of this piece came up with a way to divide depressed people into

two groups: those who show their symptoms and those who don’t. When treating a

serious depressive illness (MDD) one person at a time, the more complicated method

is used. This developed strategy used Facebook as a reliable source to identify individ-

ual depression tendencies. Recent research suggests that using social media can help

identify depression. This is probably because so many people express their emotions,

ideas, and worldviews on social media. The author has researched spatial patterns to
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use GIS techniques to the data gathered from social media platforms to provide fresh

perspectives for public health research. The purpose of the application is to categorize

Twitter users who are in distress and to assess spatial designs with the use of GIS

technology. This strategy has the potential to make the treatment options for depres-

sion more effective [77]. Several different classifiers may be used in machine learning,

lexicon-based technologies, and hybrid technologies. It is essential for the person do-

ing the classifying to have the ability to quantify the risk that is connected to each

categorization choice. The Bayesian decision theory is an example of a mathematical

approach to pattern recognition. The primary objective is to analyze and contrast the

various approaches to categorization. The key objective is to explain why certain NB

classifiers perform better than others and to what degree the optimal answer is dif-

ferent from the usual decision-making approach. According to the author, this novel

geometrical understanding of the decision function would offer a fresh viewpoint on

the research of probabilistic binary classifiers [78]. According to the author’s descrip-

tion, data analysis in the psychology field was performed to identify users of social

web apps who were dissatisfied. According to the author, emotion analysis is provided

first and foremost to apply terminology and man-made standards to the evaluation of

depression. The next step is to develop a model for the detection of depression that

is based on the anticipated process; however, this depression model was constructed

using Chinese terminology. Hemophilia was also discovered to be present in the user

population of depression, which suggests that the friends of a depressed person are

more likely to be suicidal and that various sorts of contacts have varied results. [79].

The Naive Bayes classifier is a widely used classification technique. This classi-

fier is straightforward to identify, and classifiers are much easier to use. The intended

form is then used to build a depression detection model; however, this depression

model is based on Chinese terminology. Hemophilia was also discovered in the de-

pression user community, implying that the depressed person’s friends are more likely

to be suicidal and that different forms of relationships have varying effects. The

experimental findings have proven the efficacy of this algorithm when compared to
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other algorithms such as CART, DT, and MLP’s [80]. As cases of the 2019 coro-

navirus disease (COVID-19) grew, panic buying was observed all across the world,

indicating that the sickness had more of an impact on mental health than it did on

physical health. It is not understood how the epidemic has affected psychological im-

pacts, stress, anxiety, and depression. This longitudinal study twice polled the general

populace during the first outbreak and the peak epidemic four weeks later to gather

demographics, symptoms, awareness, concerns, and COVID-19 prevention strategies

[81]. To evaluate the levels of anxiety, stress, and depression experienced by physi-

cians during the COVID-19 epidemic, as well as associated variables in both clinical

and general settings. An online poll was conducted during the COVID-19 epidemic

to investigate the psychological reactions of healthcare workers and related aspects.

Three subsections address the following topics: 1) demographic information 2) infor-

mation about the working conditions of persons 3) DAS-21 (Depression Anxiety and

Stress Scale) (DAS-21). [82].

The objective of this study was to identify traits among young adults in the US

during the COVID-19 era that were associated with symptoms of depression, anxiety,

and PTSD. This cross-sectional online survey looked at 898 people from April 13,

2020, to May 19, 2020, about a month after the US proclaimed a state of emergency

due to COVID-19 and before the initial easing of restrictions in 50 states. Asian

Americans and Hispanics/Latinos had lower rates of severe mental health symptoms

and severe anxiety, respectively, as compared to whites. Initial recommendations on

the therapeutic management of mental health concerns connected to COVID-19 is one

of these aspects [83]. The study of social networks will assist us in comprehending

the intractable problems that are fundamental to the challenges of today’s healthcare

system: silo work, bottlenecks, discrepancies, inadequate coordination, professional

alienation, and other social structures that are susceptible to undermining patient

safety and quality care. In this study, we discuss the practical and ethical obsta-

cles that healthcare researchers encounter when creating and collecting high-quality

network data. To address these issues, the article provides practical advice [84].
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When comparing our sample to the ”gold standard” data sources, we use post-

stratification weighting techniques to adjust for differences. We also address sample

selection issues. Univariate and multivariate correlations are evaluated by comparing

the shift data to the Current Population Survey and the National Longitudinal Youth

Survey 1997. In our conclusion, we address several critical lingering shortcomings

in the Facebook strategy and emphasize some of its important benefits, such as its

cheap cost, capacity for swift data collection in response to research opportunities,

and extensive and scalable sample targeting capabilities. We also offer some more

applications for this technique.[85]. In this study, the most popular microblogging

network, Twitter, is the main focus as a platform for sentiment analysis. We show

how to gather a corpus automatically for sentiment analysis and opinion mining. We

analyze the language and provide the phenomena the obtained corpus indicates. Us-

ing the dataset, we develop a sentiment classifier capable of evaluating a document’s

positive, negative, and neutral sentiments. The results of experimental evaluations

demonstrate that our proposed strategies are effective and outperform those previ-

ously proposed. We used English in our investigation, but the method presented

applies to any language. Increased chances for qualitative research are provided by

advancements in communication technology. Zoom, an innovative video conferencing

tool, has several features that might make it more appealing to qualitative and mixed-

methods researchers. The advantages and disadvantages of using Zoom as a technique

of data collecting are also not well known. We discuss the viability and acceptability

of using Zoom to obtain qualitative interview data in the context of health research

to better understand its application for qualitative and mixed-methods researchers

[86]. Data collection in phenomenological research may be challenging, and the use

of diaries is a sector of data collection that is frequently understudied. To help the

reader comprehend how diaries might be used to collect data in phenomenological

analysis, The author investigates how diaries might provide unvarnished insight into

a phenomenon. Diaries can aid in the development of a personal comprehension of a

phenomenon. [87]
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This website is meant to help students who, as part of their academic work, con-

duct research courses, write a research proposal, or who are nascent researchers who

are prepared to conduct interviews as a data-gathering strategy. Researchers must

perfect their interviewing skills, choose the best approach, and rigorously prepare for

every step of the process to conduct a successful interview. [88]. This study aimed to

present novel qualitative research methodologies that may shed light on topics linked

to psychiatric education, training, and patient care. Researchers and psychiatric prac-

titioners have access to a variety of techniques for gathering data. These may be used

independently or in conjunction with other quantitative and qualitative methods [89].

Data collecting is a significant barrier in machine learning and is still under investi-

gation in several fields. There are two main reasons for the recent interest in data

collecting. Second, we are seeing the introduction of new applications that require

enough labeled data as machine learning becomes more pervasive. Second, deep learn-

ing algorithms build features automatically in contrast to standard machine learning,

reducing functional engineering costs but needing more labeled data in return. We

provide a study landscape of several tactics, provide instructions on when and how

to use each tactic and pinpoint intriguing research issues. A lot of new research is

made possible by the intersection of machine learning and data collection manage-

ment, which is a bigger trend towards integrating Big Data and Artificial Intelligence

(AI) [90]. On Twitter data, we do sentiment analysis. The contributions of this study

are as follows: (1) We introduce previous polarity characteristics specific to the POS.

We study the usage of a tree kernel to eliminate the requirement for repeated function

engineering. The new features (together with previously recommended features) and

the tree kernel operate at almost the same speed, and both surpass the state-of-the-art

features [91]. In contrast to cooperative research, collaborative fisheries research fo-

cuses on academic collaboration between academics and fishermen and is an effective

method for collecting stock assessment data and assessing marine protected areas.

This effort has demonstrated that it may serve as a model for other sectors seeking

to implement collaborative research and that collaborative research can greatly help

to realize culture-centered co-management of marine resources. [92].
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This systematic review aims to explain the findings of past studies that employed

machine learning (ML) algorithms to scan text data from social media for indicators

of depression and to make recommendations for future research in this area. Between

January 1990 and December 2020, a bibliographic search was conducted in Google

Scholar, PubMed, Medline, ERIC, PsycINFO, and BioMed. Two reviewers each found

and looked at 17 of the 418 studies to see if they met the criteria for inclusion.

Ten studies found depression based on what they thought the person’s mental state

was, five studies found depression based on what the person said about their mental

health, and two studies found depression based on how involved the person was in the

community. Thirteen of the seventeen studies used supervised learning techniques,

three used unsupervised learning techniques, and one did not specify its ML technique.

More study is required in areas like sampling, prediction algorithm optimization and

characteristics, generalizability, privacy, and other ethical considerations [93].

Several studies have been conducted using machine learning algorithms to pre-

dict sorrow from social media user posts. Using social media data, the researcher may

identify whether or not the users are sad. The technology of machine learning enables

precise data categorization and the identification of depressed and non-depressive

data. The proposed research study attempts to detect a user’s depression using social

media data. The Twitter data is then input into two distinct classifiers: Nave Bayes

and NBTree, a hybrid model. We will identify the ideal method for detecting de-

pression by comparing the results based on the greatest accuracy value. The findings

demonstrate that both algorithms work similarly by demonstrating the same degree

of precision. [94].

Increased reliance on technology may result in less physical activity. Constant

stress may also raise the chance of developing a mental disease. Risks include peer

pressure, heart attacks, depression, and a range of other issues. Different methods for

predicting depression are investigated in detail in this study. In addition to surveys,

social media posts, spoken communication language, and facial expressions are used

to collect data. The result is generated from the extracted information. The intended
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outcome is that the individual will need care. To analyze the mental health status

of a target population, this study compares several machine learning methods and

classifiers, such as Decision Trees, SVM, Naive Bayes Classifier, Logistic Regression,

and KNN Classifier. The intended audience for this identification approach is the

general public, which includes working adults, college students, and pupils in high

school. The study also shows how the Twint Twitter scraping tool may be used to

determine whether a certain tweet is depressing [95].

In today’s world, when the number of people using the internet and social me-

dia is growing at a rate that has never been seen before, Today’s culture places a

great deal of importance on the early detection or identification of emotional states.

Psychiatric diseases are extremely hazardous, and they currently impact over 300

million people worldwide. This is the impetus for attempting to solve the research

problem through innovative research publications. Early identification is essential for

potentially lowering the number of persons who have this illness. This research study

analyses a typical dataset obtained from social media sites, with detection potentially

relying on a machine learning algorithm. [96].

The majority of people experience at least one of the mental health issues like

stress, anxiety, or depression in today’s contemporary culture. The use of machine

learning algorithms allowed the authors of this article to make predictions regarding

anxiety, depression, and stress. To put these algorithms into practice, data were gath-

ered through the use of the Depression, Anxiety, and Stress Scale questionnaire from

individuals who were employed and individuals who were jobless from a variety of cul-

tures and communities (DASS 21). Five separate machine learning algorithms each

predicted that anxiety, sadness, and stress were likely to occur at one of five different

severity levels. These algorithms are especially well-suited to the task of predicting

psychological disorders because of their high degree of accuracy. The confusion ma-

trix’s classes were found to be unbalanced when the various ways were put into use.

The Random Forest classifier was found to have the greatest accuracy model out of

the five algorithms used as a consequence of the inclusion of the f1 score parameter.
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The algorithms were also shown to be particularly sensitive to unfavorable outcomes

by the specificity parameter. [97].

Depression is a mental illness that has caused a lot of worry in our culture and

has been of great interest to researchers all over the world for a long time. Even though

a lot of research has been done on individual moods like depression, anxiety, and stress,

with the help of activity logs from pervasive computing devices like smartphones, the

question of how to predict depressed moods still hasn’t been answered. In this article,

we present a depression analysis and suicidal ideation detection system that we have

suggested to predict suicidal behaviors based on the level of depression that a person

is experiencing [98]. We were able to acquire real-time data from pupils as well as

their parents by having them fill out questionnaires that were quite comparable to the

PHQ-9 (Parent Health Questionnaire) These questionnaires included questions such

as ”What is your age?” or ”Do you attend school or college consistently? and turned

it into relevant data with attributes such as age, gender, and attendance history at

the institution, among other things. After that, classification machine algorithms

are used to train and categorize it into one of five phases of depression based on

its severity: minimal or none, mild, moderate, fairly severe, and severe depression.

In this particular dataset, utilizing the XGBoost classifier resulted in the highest

possible accuracy, which was 83.87 percent. In addition, data was collected in the

form of tweets, which were then categorized using classification algorithms according

to whether or not the person who tweeted was experiencing depression. The Logistic

Regression classifier achieved the highest level of precision, which was 86.45 percent

for the same [99].

Depression is a frequent form of mental disease that can hurt performance as well

as increase the risk of suicidal ideation and behaviour. Traditional methods that are

utilized by professionals in the field of mental health can be of assistance in establishing

the type of depression that an individual suffers from. Machine learning and natural

language processing were used to gain an understanding of how to accurately predict

posts that indicate depression in people. In the course of this research, we made use
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of a dataset obtained from Reddit. Because of its punctuality in the exchange of

ideas, diversity in the presentation of emotions, and suitability to use medical jargon,

Reddit is a perfect location to utilize as a supplement to the conventional public health

system. Regarding thoughts of suicide, we looked over the postings and comments

made by users [100]. We made use of natural language processing (NLP) to improve

our comprehension of transdisciplinary topics that are associated with suicide. We

came across two communities that provide support for those struggling with depression

and suicidal thoughts: r/depression and r/SuicideWatch. People who are struggling

with suicidal ideation frequently visit the popular ”SuicideWatch” subreddit, which

provides important warning signs for people engaging in suicidal conduct. After a

quick skim through the articles, it is clear that the subreddits are genuine online

communities where people can go to get help and share open and honest text data

regarding the mental health of other people. Multiple machine learning methods, such

as Naive Bayes and SVM, have been utilized in this work. [101].

Social media sites like Twitter, Facebook, Reddit, and Instagram, among others,

have developed over the past few years into a forum where people can talk about their

ideas and experiences. This offers the scientific community a fantastic opportunity to

use such data in the early diagnosis of psychological diseases like ”depression” (a mood

disorder characterized by feelings of hopelessness and alienation). This study article’s

main objective is to assess how well various machine learning models perform on

Twitter data that has been labeled, along with addressing the issue of class imbalance.

In addition to a range of machine learning techniques, this study introduces several

distinctive baseline feature engineering methods. Evaluation measures such as the f1-

score, accuracy, and recall have been used to compare the efficacy of different models.

This study effort uses the Bag of Words with AdaBoost Classifier, which delivers

better results when compared to other machine learning classifiers [102].

Social networks have evolved into a potentially fruitful venue for individuals

to contact friends who share their interests, as well as to share images, videos, and

thoughts. Additionally, it has been a developing area of research and has recently
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established itself as a prominent position globally. Within the scope of this study, we

investigated the prevalence of depression among various Facebook users. Already, a

lot of academics have examined and applied a wide variety of methods to diagnose

sadness; nevertheless, it is still necessary to detect it effectively using data collected

from social networks. In light of this, we study the prospect of making use of data

from Facebook and applying the KNN (k-nearest neighbors) classification algorithm

to identify depressive feelings. We have reason to believe that the investigation and

strategy we used will be useful in raising awareness among people who use online

social networks. [103].

2.4 Review of existing techniques for detecting de-

pression

Several tools and scales are commonly used for the detection of depression. Some

of the most widely used tools are:

� Beck Depression Inventory (BDI)

The Beck Depression Inventory (BDI) is a widely used questionnaire that people

fill out on their own to find out how bad their depression symptoms are. Dr.

Aaron T. Beck created the BDI in the 1960s, and since then, it has undergone

several revisions. The questionnaire has 21 multiple-choice questions, each with

four answers that range from 0 to 3 in terms of how serious they are. The

questions cover a range of depression symptoms, including sadness, guilt, fatigue,

appetite disturbance, and sleep disturbance. The total score is obtained by

summing the scores for all 21 items, with a possible range of 0 to 63. The

BDI is meant to find out if someone is depressed and how bad their symptoms

are, but it is not a diagnostic tool. It can be used as a screening tool to find

people who may be depressed and could benefit from seeing a mental health

professional for more help.
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With strong internal consistency and test-retest reliability, the BDI has been

demonstrated to be a viable and accurate approach to evaluating depression

symptoms. It has also been demonstrated to be sensitive to changes in the course

of depressive symptoms. The BDI has been used to gauge the efficacy of various

depression therapies, including psychotherapy and medication, in clinical and

research contexts. Additionally, it is employed in depressive screening programs

and epidemiological investigations.

However, it is important to note that the BDI should not be used in isolation

to diagnose depression or to make treatment decisions. It is always important

to seek a professional evaluation and treatment plan from a mental health pro-

fessional [104]

� EQ-5D

EQ-5D is a standardized health-related quality-of-life instrument used to mea-

sure an individual’s health status. It was developed by the EuroQol Group,

a non-profit organization consisting of a multidisciplinary group of researchers

from various countries. The EQ-5D was first introduced in 1990 and has under-

gone several revisions since then. A self-reported questionnaire called the EQ-5D

assesses five areas of health: mobility, self-care, regular activities, pain/discom-

fort, and anxiety/depression. There are three rating categories for each domain:

no difficulties, minor problems, and major problems. On a range of 0 to 100,

with 0 representing the worst possible health condition and 100 representing

the best possible health state, people are asked to assess their overall health

status using a visual analog scale (VAS). A health utility score is created using

the answers to the EQ-5D questionnaire. This value goes from 0 to 1, with 0

denoting the poorest possible health state and 1 denoting the highest possible

health condition. The EQ-5D is frequently used in clinical and health-economic

assessments to evaluate the efficacy of interventions and therapies and to guide

choices about how to allocate resources.



CHAPTER 2. Literature Review 61

The EQ-5D is a flexible tool that can be used in clinical trials, population health

surveys, and health technology assessments, among other places and groups. It

has been translated into numerous languages and validated in many countries.

It is also used in many countries as a tool for assessing health-related quality

of life for population health surveys. One of the strengths of the EQ-5D is its

brevity and ease of use, which makes it suitable for use in large population-

based surveys. Another strength is its ability to generate a single summary

score that can be used to compare health states across different populations and

interventions. However, its simplicity may limit its sensitivity to detect changes

in specific domains of health. Overall, the EQ-5D is a useful tool for assessing

health-related quality of life and has been widely used in clinical and health

economic evaluations. [105]

� Hamilton Depression Rating Scale (HAM-D)

The Hamilton Depression Rating Scale (HAM-D) is a questionnaire that is often

used by clinicians to measure how bad a person’s depression symptoms are. It

was developed by Max Hamilton in the 1960s and has since undergone several

revisions. The HAM-D consists of 17 to 21 items, depending on the version

used, each rated on a scale of 0 to 2 or 0 to 4, depending on the severity of the

symptom. The items cover a range of depression symptoms, including mood,

feelings of guilt, suicide ideation, sleep disturbances, and somatic symptoms.

When you add up the scores for each item, you get the total score, which can

be anywhere from 0 to 54 or 0 to 66, depending on which version you use.[106]

The HAM-D is made to measure how bad a person’s depression symptoms are,

and it can also be used to track how symptoms change over time. It is fre-

quently used in clinical trials and research studies to evaluate the effectiveness

of various treatments for depression. The HAM-D is a valid and reliable way to

evaluate depressive symptoms, with strong internal consistency and inter-rater

reliability. However, there are several issues with its use. Firstly, it is a clinician-

administered measure, which means that it is subject to clinician bias and may
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not reflect the individual’s own experience of their symptoms. Secondly, it may

not be sensitive to some aspects of depression, such as cognitive symptoms or

anxiety. Despite these drawbacks, the HAM-D is nevertheless a commonly used

indicator of the severity of depression in clinical and research contexts. It can

be used to track changes in symptoms over time and offer useful information

regarding the intensity of depressive symptoms. To offer a thorough assessment

of a person’s depression, it must always be used in concert with other measures

and clinical examinations.[107]

� Montgomery-Asberg Depression Rating Scale (MADRS)

The Montgomery-Asberg Depression Rating Scale (MADRS) is a clinician-administered

questionnaire that is widely used to assess the severity of depression symptoms

in individuals. Stuart Montgomery and Asbjorn Sberg created it in 1979, and it

has undergone several revisions since then. The MADRS comprises ten items,

each of which is scored from 0 to 6, for a total score that can vary from 0 to

60. The questions include a variety of depressive symptoms, such as outward

signs of melancholy, reported feelings of sadness, internal tension, decreased ap-

petite, sleep reduction, attention problems, lethargy, an inability to feel, gloomy

thoughts, and suicidal thoughts. The MADRS can be used to track changes

in symptoms over time and is intended to evaluate the severity of depressive

symptoms in individuals. It is commonly employed in clinical trials and re-

search investigations to assess the efficacy of different depression therapies.[108]

The MADRS has been established to be a valid and useful tool for measuring

depressive symptoms, with high levels of internal consistency and inter-rater

reliability. It has also been demonstrated to be sensitive to changes in the course

of depressive symptoms. The MADRS also focuses greater emphasis on cognitive

and emotional symptoms than physical symptoms, making it less susceptible

to clinician bias than certain other depression rating measures. Despite its

strengths, the MADRS also has some limitations. One of the main limitations

is its brevity, which may limit its sensitivity to detect changes in specific domains
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of depression. Additionally, some of the items on the MADRS, such as the item

on suicidal thoughts, may require careful clinical judgment to assess. Overall,

the MADRS has been extensively utilized in clinical and research contexts and is

a good measure for determining the severity of depressive symptoms. To offer a

thorough assessment of a person’s depression, it must always be used in concert

with other measures and clinical examinations. [109]

� Social Problem-Solving Inventory-Revised (SPSI-RTM)

A self-report questionnaire called the Social Problem-Solving Inventory-Revised

(SPSI-R) is used to assess a person’s social problem-solving skills. Thomas

D’Zurilla and Arthur Goldfried created it in the 1970s, and it was updated in

2002. The 52 items that make up the SPSI-R are broken down into five subscales:

avoidance style, impulsivity/carelessness style, rational problem solving, positive

problem orientation, and negative problem orientation. A 5-point Likert scale

with a scale of 0 (not at all true of me) to 4 (very true of me) is used to score

each item. The subscales assess many facets of problem-solving, including the

capacity for coming up with other solutions, the propensity to avoid issues, and

the propensity to behave rashly or recklessly. The SPSI-R is designed to assess

an individual’s ability to solve social problems effectively and can be used to

identify areas where the individual may need additional support or training. It

can also be used to monitor changes in an individual’s problem-solving abilities

over time.

The SPSI-R has been proven to be a viable and reliable tool for evaluating

problem-solving abilities. It is reliable between tests and has strong internal

consistency. Additionally, it has been demonstrated to be sensitive to alterations

in problem-solving skills over time. Since the SPSI-R is a self-report tool, people

might not be completely truthful about their problem-solving abilities or might

be subject to social desirability bias. Additionally, the SPSI-R may not be as

effective in measuring problem-solving abilities in individuals with severe mental

health disorders. Overall, the SPSI-R is a good way to measure how well people



CHAPTER 2. Literature Review 64

can solve problems in social settings. It can be used in both clinical and research

settings. However, it should always be used in conjunction with other tests and

clinical evaluations to get a full picture of a person’s problem-solving skills. [110]

� Behaviour Assessment System for Children (BASC)

The Behavior Assessment System for Children (BASC) is a multi-method, multi-

informant tool used to assess the behavior and emotional functioning of children

and adolescents aged 2–25 years. The BASC was developed by Cecil Reynolds

and Randy Kamphaus in 1992 and has undergone several revisions since then.

The BASC consists of several components, including a self-report questionnaire

for children and adolescents, a parent questionnaire, and a teacher question-

naire. The self-report questionnaire is used for individuals aged 8–25 years,

while the parent and teacher questionnaires are used for children aged 2–25

years. The questionnaire items cover a wide range of behaviors and emotions,

including hyperactivity, aggression, anxiety, depression, social skills, and adap-

tive behaviors. The BASC also includes a structured behavioral observation

component, which is used to assess specific problem behaviors in a naturalistic

setting. This component allows for direct observation of the child’s behavior and

can provide more objective information about specific behaviors than self-report

or informant-report measures. In addition to the questionnaires and observation

component, the BASC includes a clinical interview guide and a behavior rat-

ing scale, which can be used to obtain additional information about the child’s

behavior and emotional functioning.

The BASC is meant to give a full picture of a child’s behavior and emotional

health in different settings and with different people. It is often used in clinical

and educational settings to find problem areas and make plans for how to fix

them. The BASC can also be used to monitor progress over time and evalu-

ate the effectiveness of interventions. The Behavior and Emotional Functioning

Scale (BASC) is a valid and reliable way to measure behavior and emotional

functioning, with good test-retest reliability and internal consistency. It has
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also been shown to be sensitive to changes in behavior and emotional func-

tioning over time. However, like any assessment tool, the BASC is not perfect

and has some limitations. One of its main limitations is that it relies on an

informant report, which can be subject to bias and may not accurately reflect

the child’s behavior in all settings. Overall, the BASC is a useful tool for as-

sessing behavior and emotional functioning in children and adolescents and can

provide valuable information for clinical and educational decision-making. How-

ever, it should always be used in conjunction with other measures and clinical

evaluations to provide a comprehensive assessment of the child’s behavior and

emotional functioning. [111]

� Child Behaviour Checklist (CBCL)

A popular instrument for evaluating emotional and behavioral issues in kids and

teenagers aged 6 to 18 is the Child Behaviour Checklist (CBCL). Thomas Achen-

bach created the CBCL in the 1980s, and it has subsequently undergone several

changes. The CBCL consists of a series of questions that are completed by the

child’s parent or caregiver. The questions cover a wide range of emotional and

behavioral problems, including anxiety, depression, aggression, hyperactivity,

and social problems. The CBCL also includes several items that assess adaptive

functioning, such as the child’s ability to communicate with others and follow

rules. The CBCL is designed to provide a comprehensive assessment of a child’s

emotional and behavioral problems and can be used to identify areas of concern

and develop appropriate interventions. It is frequently used in clinical and ed-

ucational settings to assess the severity of emotional and behavioral problems,

monitor progress over time, and evaluate the effectiveness of interventions.

The CBCL is a viable and accurate method for assessing emotional and behav-

ioral issues. It is reliable between tests and has strong internal consistency. It

has furthermore been demonstrated to be responsive to changes in behavioral

and emotional issues throughout time. The fact that the CBCL depends on par-

ent or carer reports, which might be biased and may not fully reflect the child’s



CHAPTER 2. Literature Review 66

behavior in all circumstances, is one of its limitations. Additionally, evaluating

emotional and behavioral issues in kids with intellectual or developmental im-

pairments may not be as accurate using the CBCL. The CBCL is an effective

tool for identifying emotional and behavioral issues in kids and teenagers, and

it can offer important data for clinical and educational decision-making. To

offer a thorough assessment of the child’s emotional and behavioral function-

ing, it must always be used in conjunction with other measures and professional

examinations.[112]

� Beck Hopelessness Scale (BHS)

A psychological diagnostic instrument used to gauge someone’s level of despair

is the Beck Despair Scale (BHS). The BHS, a 20-item self-report questionnaire

created by Aaron T. Beck in 1974, is intended to assess three primary character-

istics of hopelessness: thoughts about the future, lack of drive, and expectations.

Every question on the scale asks the respondent to rate a statement about the

future or their sentiments on a range of 0 to 2, with 0 representing ”false,” 1

representing ”partially true,” and 2 representing ”true.” A total score is then

calculated from 0 to 20, with higher values indicating greater pessimism.

Since hopelessness is a major component of both depression and suicidal ideation,

the BHS is frequently used to screen for these conditions. In many different con-

texts, including clinical and research settings, it has been demonstrated to be a

valid and accurate measure of despair. It is crucial to remember that the BHS

should be used in conjunction with other evaluation measures as well as clinical

judgment because it is the only tool available for determining a person’s level of

hopelessness. It is not a diagnostic tool, and a high score on the BHS does not

necessarily mean that an individual is suicidal or depressed. Overall, the BHS

can be a useful tool for mental health professionals to assess an individual’s level

of hopelessness and guide treatment planning.[113]

� Quick Inventory of Depressive Symptomatology-Self-Report (QID-

SR)
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An evaluation technique used in psychology called the Quick Inventory of De-

pression Symptomatology-Self-Report (QID-SR) is used to gauge how severe

depression symptoms are in people. It is based on the lengthier Inventory of

Depressive Symptomatology (IDS), which Rush et al. established in 2003. The

QID-SR is a 16-item self-report questionnaire created to evaluate the presence

and severity of nine distinct symptoms of depression: depressed mood, diffi-

culty concentrating or making decisions, suicidal thoughts, lack of interest in

activities, energy or fatigue, feelings of guilt, changes in appetite or weight, and

sleep disturbance. The four statements for each item on the scale demonstrate

escalating levels of severity. The participant chooses the sentence that most

accurately sums up their prior week. Each response option receives a score be-

tween 0 and 3 on a scale. More severe depressive symptoms are indicated by

higher scores.

The QID-SR can be used to screen for depression or track therapy effective-

ness. In several contexts, including clinical and research settings, it has been

demonstrated to be a valid and accurate measure of depressed symptoms. It is

crucial to remember that the QID-SR should be used in conjunction with other

assessment instruments as well as clinical judgment because it is the only tool

available for determining a person’s level of depression. It is not a diagnostic

instrument, and a high QID-SR score does not imply that someone is clinically

depressed. Overall, the QID-SR can help mental health providers determine the

severity of depressed symptoms and inform treatment decisions.[114]

� Patient Health Questionnaire (PHQ-9)

Adults can use the Patient Health Questionnaire (PHQ-9) on their own to deter-

mine whether they are depressed and how severe depression is. Drs. Robert L.

Spitzer, Janet B.W. Williams, Kurt Kroenke, and others created it in 1999. The

PHQ-9 measures nine of the symptoms of major depression that are listed in the

Diagnostic and Statistical Manual of Mental Disorders (DSM-IV). In response

to the questions, the respondent is asked how frequently they have experienced
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depressive symptoms over the previous two weeks, such as loss of interest or en-

joyment, feelings of sadness or hopelessness, changes in appetite or weight, sleep

disturbances, fatigue, feelings of worthlessness or guilt, difficulty concentrating,

and thoughts of death or suicide. The scores for each question range from 0 to

3, with higher scores indicating more severe indicators of depression. A total

score ranging from 0 to 27 is generated by adding the scores for each item. With

a total score of 5 to 9, depression is categorized as mild, 10 to 14, moderate, 15

to 19, moderately severe, and 20 to 27, severe.

The PHQ-9 is a popular and reliable indicator of the severity of depression.

It is frequently used as a depression screening tool in primary care settings

and can assist doctors in deciding if more examination or therapy is required.

Additionally, it may be used to track how well a treatment is working and

evaluate how depression symptoms evolve. It is crucial to remember that the

PHQ-9 should be used in conjunction with other assessment instruments as

well as clinical judgment because it is the only tool available for determining a

person’s level of depression. A clinical diagnosis should be done by a qualified

mental health practitioner because a high PHQ-9 score does not guarantee that

a person has clinical depression. The PHQ-9 can be a helpful tool for primary

care physicians and mental health professionals to rapidly and easily evaluate

the severity of depression symptoms in their patients. [115][116]

� Reminiscence Functions Scale (RFS)

A psychological test called the Reminiscence Functions Scale (RFS) analyses the

functions or causes behind people’s reminiscing, which is the act of reflecting

on and recalling the past. The RFS was created by Webster in 1993 and is of-

ten applied in both clinical and research contexts. The 43 questions that make

up the RFS assess the various goals or motivations behind why people recall

things. Reduced boredom, identity building, problem-solving, death prepara-

tion, dialogue, closeness maintenance, bitterness revival, and memory/sensory

stimulation are among the functions evaluated.
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A reason for recalling past events is presented for each item on the scale, such as

”to gain insight into who I am now” or ”to remember pleasant experiences.” On

a 4-point Likert scale, from 1 (not at all important) to 4 (extremely important),

the subject is asked to score the statement. Higher scores imply a function’s

relevance in the subject’s memory, and the responses are then totaled up to

produce a total score for each of the seven functions. The RFS may also be used

to determine a person’s total score for how important memories are to them. It

has been discovered that the RFS is a valid and reliable indicator of recollection

functions in a range of groups, including older adults and those with dementia. It

may be utilized as a tool to comprehend the function of remembrance in various

circumstances or as a guide for reminiscence-based therapies. Overall, the RFS

can help academics and mental health providers better understand why people

recollect and develop therapies that are tailored to their unique needs.[117]

� Short Form Health Survey (SF-36)

People can self-complete the Short Form Health Survey (SF-36) to learn more

about their overall health and quality of life. One of the most extensively used

health-related quality-of-life measures worldwide, it was created by John E.

Ware and colleagues in the late 1980s. The 36 items on the SF-36 examine

eight different aspects of health: physical functioning, role limits brought on

by physical health issues, body pain, general health perceptions, vitality, social

functioning, role restrictions brought on by emotional issues, and mental health.

The responder is asked to rate how much they agree or disagree with each of

the statements regarding their health and well-being during the last four weeks.

With 0 representing the poorest health state and 100 representing the greatest,

the responses are then used to calculate scores for each of the eight domains.

The results can be used to assess the health status of a person about that of the

general population and to monitor changes in health status over time. The SF-36

includes two summary scores in addition to the eight domain scores: the Physi-

cal Component Summary (PCS) and the Mental Component Summary (MCS).
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The domain scores are weighted by their significance in predicting physical and

mental health, respectively, to determine these scores. In a variety of groups

and situations, including clinical trials, epidemiological investigations, and gen-

eral population surveys, the SF-36 has been demonstrated to be a valid and

reliable indicator of health-related quality of life. It may be applied to compare

the health state of various populations and track changes in health status over

time. It can also be used to evaluate the effectiveness of health treatments.

Overall, the SF-36 is a widely accepted and thoroughly researched indicator of

health-related quality of life that can reveal important details about a person’s

health and well-being. [118]

� Social Adjustment Scale-Self Report (SAS-SR)

The Social Adjustment Scale-Self Report (SAS-SR) is a psychological assess-

ment tool used to measure an individual’s level of social adjustment. It is a

self-report questionnaire consisting of 54 items that assess various aspects of an

individual’s social functioning. The SAS-SR was developed in 1964 by psychi-

atrist David C. Dohrenwend and his colleagues, and it has since been widely

used in both clinical and research settings to assess social adjustment in indi-

viduals with psychiatric disorders, medical illnesses, and other conditions that

may affect social functioning. The SAS-SR looks at work, leisure, marital and

family relationships, and social activity, among other things. It has questions

that measure a person’s ability to make and keep relationships, deal with stress,

and work well in different social situations.

On the SAS-SR, each item is graded on a five-point scale that goes from ”very

well” to ”very poorly.” The respondent is asked to rate how well they are cur-

rently functioning in various social situations, and the scores are then tallied to

provide an overall score for social adjustment. The SAS-SR is a reliable and

valid tool for assessing social adjustment in a wide range of populations, includ-

ing people with psychiatric disorders, medical illnesses, and healthy people. It
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has been used in research studies to examine the impact of different interven-

tions on social adjustment, as well as to identify factors that may contribute

to poor social adjustment. Overall, the SAS-SR is a useful tool for clinicians

and researchers who are interested in assessing an individual’s level of social

adjustment and identifying areas where they may need additional support or

intervention.[119]

� Social Functioning Questionnaire (SFQ)

The Social Functioning Questionnaire (SFQ) is a self-reporting questionnaire

used to figure out how well a person gets along with other people. It was

developed by David Goldberg and his colleagues in 1970 and has been widely

used in research and clinical settings to assess social functioning in individuals

with mental health disorders. The SFQ has 30 questions, and each one has

a response range of 0 to 3, where 0 means the behavior or symptom is not

present and 3 means the behavior or symptom is at its worst. The questionnaire

measures different parts of a person’s social functioning, such as their ability to

talk to others, make and keep friends, and take part in social activities. The

SFQ looks at work, leisure, marital and family relationships, and social activities,

among other things. It has questions that measure a person’s ability to start

and keep social relationships, deal with stress, and work well in different social

situations.

The Social Functioning Questionnaire (SFQ) is a reliable and valid way to mea-

sure social functioning in a wide range of people, including those with psychiatric

disorders, medical illnesses, and healthy people. It has been used in research

studies to examine the impact of different interventions on social functioning, as

well as to identify factors that may contribute to poor social functioning. Over-

all, the SFQ is a useful tool for clinicians and researchers who are interested in

assessing an individual’s level of social functioning and identifying areas where

they may need additional support or intervention.[120]

� Geriatric Depression Scale (GDS)
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To determine if an elderly person is depressed, a screening instrument called the

Geriatric Depression Scale (GDS) is utilized. It was created in 1983 by Yesavage

and colleagues and is now a popular instrument for determining depression in

older persons. Each of the 30 items on the GDS has a yes/no response choice.

The questionnaire gauges a person’s mood in a variety of ways, including their

level of despair, hopelessness, guilt, and helplessness. Additionally, it evaluates

bodily symptoms such as weariness, altered appetite, and disturbed sleep. It

has been determined that the GDS is a viable and reliable instrument for evalu-

ating depression in older persons. It has been used to screen for depression and

track changes in depressed symptoms over time in clinical and research settings.

In addition, the GDS has been used to detect functional impairment, social

isolation, and chronic medical disorders as risk factors for depression in older

persons.

The GDS has been modified to allow it to be utilized with a variety of popu-

lations, including those who have dementia and those from other cultures. A

15-item short form of the GDS is also available, with a yes-or-no response choice.

In general, physicians and academics who are interested in evaluating depression

in older persons will find the GDS to be a valuable instrument. It offers a rapid

and efficient technique to screen for depression in this group and is simple to

administer and score. However, if depression is suspected, a comprehensive clin-

ical assessment should be carried out and it should not be used as a diagnostic

tool on its own. [121]

� Life Satisfaction Index

An independent survey called the Life Satisfaction Index (LSI) is used to gauge

people’s level of happiness with their lives. It was created by Neugarten and

colleagues in 1961 and has since grown in popularity as a method for gauging

people’s levels of life satisfaction. The LSI consists of 20 questions that examine

several aspects of a person’s life, including their social relationships, place of

employment, state of health, and sense of overall meaning and purpose. On a
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scale from 1 (extremely unsatisfied) to 7 (very satisfied), respondents are asked

to assess their degree of satisfaction with various elements of their lives. It has

been determined that the Life Satisfaction Inventory (LSI) is a viable and reliable

method for assessing life satisfaction in a variety of populations, including older

persons, those with chronic diseases, and those from other cultures. It has been

used in studies to look at the effects of various treatments on life satisfaction as

well as to find potential causes of reduced life satisfaction.

By accounting for all the various aspects of life that impact overall pleasure, the

LSI provides a complete picture of a person’s level of life satisfaction. It is a

helpful tool for physicians and academics who are interested in figuring out how

satisfied someone is with their life and where they might need more assistance or

intervention. In general, the LSI is a useful tool for gauging life satisfaction and

may reveal a lot about a person’s well-being and standard of living. It should be

used in conjunction with other assessment tools and professional examinations

to provide a complete picture of a person’s health because, like other self-report

surveys, it may be biased. .[122] [123]

2.5 Research Gap

A pervasive and severe mental illness that impacts millions of individuals glob-

ally is depression. It is defined by enduring depressive and dismal feelings as well as

a lack of enthusiasm or enjoyment in routine activities. A person’s thoughts, feel-

ings, and physical health can all be profoundly impacted by depression, which can

result in a variety of symptoms and limitations in day-to-day functioning. In the

past, the psychiatrist diagnosed depression through face-to-face communication and

patient contact. The patient’s conduct and mood fluctuations are also used to diag-

nose this illness. As times have changed, a variety of depression detection methods

have become available to determine whether a person is depressed or not, as well as

what kind of depression the patient is experiencing. It has been noted that the tools

the psychiatrist utilised are built around survey questions. The survey’s questions are
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based on limitations of all the currently available tools. A psychiatrist has assisted

in the development of a questionnaire for this study that focuses on both the positive

and negative aspects of each person’s daily routine and existence. Additionally, a

weekly sentiment poll that captures each person’s mood for a week is added. The tool

is intended to determine the degree of depression with the use of machine learning

techniques.



CHAPTER 3

Research methodology

This chapter outlines three sections which include the adopted procedure for

detecting depression with the help of machine learning techniques (see Figure 3.1)Ac-

cording to a poll conducted in 2021, depression affects over 280 million individuals

in the nation and is the leading cause of illness and injury. A mental health con-

dition that affects millions of individuals worldwide, depression is one of the most

prominent. Major depression can be prevented from developing by early recognition

of its signs, prompt intervention, and therapy. This has made it necessary to employ

various cutting-edge methods for the identification of depression in order to assist

medical professionals in correctly identifying and treating depression. Online posts,

audio files, video files, and facial expressions can all be used to study depression.[124]

Depression is a chronic, all-encompassing illness rather than just a transient

state of sadness. Typical signs and symptoms include: Prolonged melancholy or

depression, loss of enjoyment or interest in previously enjoyed activities, alterations in

weight or appetite, sleep disorders (oversleeping or sleeplessness), exhaustion and low

vitality, Feelings of remorse or worthlessness, Trouble focusing or making decisions,

recurring suicidal or fatal ideas [125].

75
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Figure 3.1: Flow chart depicting the description of the performed study.

Data collection was one of the tasks that were carried out during the first stage

of the study project. The material that was compiled came from several different

sources and was provided by people of varying ages. In the second stage of the

process, machine learning was utilized, which resulted in the creation of a system that

enables users to respond to a questionnaire that is based on their activities and many

aspects of their personal lives. This stage of the process allowed for the establishment

of the system. During the third phase, a website was established that enabled end
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users to assess the level of depression that an individual was feeling and submit their

responses to the questionnaire.

3.1 Data collection

Depression can be diagnosed based on a lot of different things, but the most

important ones are the person’s level of education, age, annual income, marital status,

and several other factors. Many different traits can affect the diagnosis of depression.

The issues that have been brought up until this point have each played a part

in the growing prevalence of depression in India. In light of this issue, the current

research investigates a proposed questionnaire which is designed by the psychiatrist

which consist of questions based on personal details, behaviour and mood swings of an

individual. Additionally, a technical solution is discovered to encourage the detection

of sadness by making use of techniques related to machine learning. The processes

and procedures that were followed in the building of a website that is concentrated

on the detection of depression are outlined in this chapter. The website in question

is focused on the diagnosis of depression. The purpose of this research is to establish

a method for evaluating the degree to which an individual suffers from depression.

To do this, recent data from a wide range of sources has been gathered, looked

at, and then put into words. For this applied study, we got information from a total

of 1694 people who lived in many different countries, states, and other administrative

divisions. The data has been collected through an open-ended questionnaire that

includes various parameters as shown in Table 3.1 and Table 3.2.

3.1.1 Questionnaire detail

� Losing interest in social activities:

One of the common symptoms of depression is a loss of interest in social activ-

ities. This means that people with depression may not enjoy the activities or

hobbies they once enjoyed and may not feel motivated to participate in social
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events or spend time with friends and family. This symptom is also known as

anhedonia, which refers to the inability to experience pleasure or joy. In de-

pression, anhedonia can make it difficult for people to feel motivated to engage

in activities that they used to enjoy. It can also make it harder for them to

feel connected to others, as they may not feel the same level of enjoyment or

connection that they once did.

Losing interest in social activities can be a significant challenge for people with

depression, as it can lead to isolation, loneliness, and a sense of disconnection

from the world around them. It can also make depression symptoms worse,

like a bad mood, a lack of energy, and feeling like there is no hope. Treatment

for depression often involves addressing anhedonia and helping people re-engage

with activities and social connections that can bring them pleasure and fulfill-

ment. This may involve trying new hobbies, rekindling old interests, or finding

new ways to connect with others. Therapy, medication, and other interventions

can also be effective in reducing the symptoms of depression and helping people

regain their interest in social activities.

� Loss of Energy or excessive tiredness:

One of the common symptoms of depression is a loss of energy or excessive

tiredness, which is also known as fatigue. This symptom can show up in several

ways, such as feeling physically tired, having trouble getting out of bed in the

morning or feeling like even small tasks take a lot of work. Fatigue in depression

is different from the normal tiredness that we all experience from time to time.

People with depression may feel tired even after a full night’s sleep and may

find that their fatigue does not improve with rest or relaxation. This can make

it difficult to complete tasks at work or home and can contribute to a sense of

hopelessness and helplessness.

The exact causes of fatigue in depression are not well understood, but they

are believed to be related to changes in brain chemistry and disruptions in the

body’s stress response system. Depression can also cause changes in how you
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sleep, which can make you feel even more tired and lethargic. Treating fatigue

in depression typically involves addressing the underlying symptoms of depres-

sion itself. This may involve therapy, medication, or a combination of both. In

addition, several strategies can help to manage fatigue and boost energy levels,

such as getting regular exercise, improving sleep hygiene, and practicing stress

management techniques like mindfulness or relaxation exercises. It is important

to talk to a healthcare professional if you are experiencing symptoms of depres-

sion, including fatigue, as they can help develop an individualized treatment

plan that meets your specific needs.

� Losing excitement in activities that used to excite earlier:

One of the common symptoms of depression is losing excitement in activities that

used to bring pleasure and enjoyment. This sign is also called anhedonia, which

means not being able to feel pleasure or happiness. When people experience

anhedonia in depression, they may find that activities or hobbies that used to

excite or inspire them no longer hold the same appeal. They may feel apathy,

disinterest, or a lack of motivation to do things they used to enjoy. This can

include things like hobbies, going out with friends, and even things like work or

doing chores around the house.

When someone with depression loses interest in things they used to enjoy, it can

be upsetting because it can make them feel empty or numb. It can also make it

hard to enjoy or find meaning in life, which can make depressive symptoms even

worse. Treatment for anhedonia in depression often involves addressing the un-

derlying symptoms of depression itself. This may involve therapy, medication,

or a combination of both. Additionally, behavioral activation therapy, a specific

type of therapy for depression, focuses on helping people identify activities that

they find meaningful and enjoyable and gradually reintroduce these activities

into their lives. This can help improve mood, increase motivation, and reduce

symptoms of depression over time. It’s important to remember that anhedo-

nia in depression is a common symptom that can be managed with appropriate
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treatment and support. If you or someone you know is experiencing symptoms

of depression, including anhedonia, it’s important to talk to a healthcare pro-

fessional for guidance and support.

� Prefer sitting alone:

One of the most common signs of depression is wanting to be alone or pulling

away from social activities. People with depression may find that they prefer

sitting alone or spending time in solitude rather than engaging in social activ-

ities or spending time with others. There are many potential reasons for this

symptom. Depression can cause feelings of fatigue or exhaustion, which may

make it difficult for people to engage in social activities. It can also cause feel-

ings of sadness, hopelessness, or low self-esteem, which can contribute to a sense

of social disconnection or a belief that others won’t understand or support them.

Isolating yourself from other people may also be a way to deal with the over-

whelming feelings and thoughts that can come with depression. People with

depression may feel safer or more comfortable when they are alone. This is

because being alone can give them a sense of control or familiarity in a world

that is otherwise scary or confusing. While social isolation may provide tempo-

rary relief or comfort, it can also exacerbate the symptoms of depression over

time. Social support is an important factor in managing depression, and spend-

ing time with others can help to improve mood, increase feelings of connection

and belonging, and reduce feelings of loneliness and isolation. Treatment for

depression often involves addressing social isolation as a symptom as well as the

underlying causes of depression itself. Therapy, medication, and other interven-

tions can be effective in reducing symptoms of depression and helping people

re-engage with social activities and relationships. It’s important to talk to a

healthcare professional if you or someone you know is experiencing symptoms

of depression, including a preference for social isolation.

� Less interactive as per people’s point of view:
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A decreased level of social interaction or engagement with others is one of the

typical symptoms of depression, according to other people. People with depres-

sion may appear less responsive or engaged in social interactions than they used

to be and may be perceived as distant, uninterested, or disengaged. There are

many potential reasons for this symptom. Depression can cause feelings of sad-

ness, low self-esteem, and hopelessness, which can make it difficult for people

to engage with others. It can also cause fatigue or a lack of energy, which can

make social interactions feel more challenging or draining.

In addition, depression can affect cognitive function and the ability to process

information, which can make it difficult to participate in conversations or en-

gage with others in meaningful ways. People with depression may find that they

struggle to focus or concentrate, or that their thoughts feel slow or disconnected.

It’s important to note that this symptom is typically a subjective observation

made by others rather than an objective measure of social engagement. People

with depression may still feel a desire for social interaction but may be inhib-

ited by the symptoms of depression. Treatment for depression often involves

addressing social interaction as a symptom as well as the underlying causes of

depression itself. Therapy, medication, and other interventions can be effective

in reducing symptoms of depression and helping people re-engage with social

activities and relationships. It’s important to talk to a healthcare professional

if you or someone you know is experiencing symptoms of depression, including

a perceived decrease in social interaction.

� Persistently feels sadness of mood:

One of the primary symptoms of depression is a persistent feeling of sadness or a

low mood that persists over an extended period. This symptom can be charac-

terized by feelings of hopelessness, despair, and a lack of enjoyment or pleasure

in activities that used to bring pleasure. It’s important to note that feelings of

sadness are a normal part of the human experience, and it’s not uncommon for

people to feel sad or low from time to time. However, in depression, the feelings



CHAPTER 3. Research methodology 82

of sadness persist for a prolonged period (usually two weeks or longer) and can

interfere with daily life.

People with depression may feel like their emotions are out of their control and

may struggle to find joy or meaning in activities that they used to enjoy. They

may also experience physical symptoms such as fatigue, changes in appetite or

sleep patterns, and a lack of energy or motivation. The experience of persistent

sadness can be distressing and contribute to a sense of hopelessness or despair.

It can also make it difficult to engage in daily activities, maintain relation-

ships, and perform at work or school. Treatment for depression often involves a

combination of therapy, medication, and lifestyle changes. Cognitive-behavioral

therapy, in particular, can be effective in helping people identify and change neg-

ative thought patterns that contribute to feelings of sadness and hopelessness.

Medications, such as antidepressants, can also be helpful in reducing symptoms

of depression and improving mood. If you or someone you know is experiencing

persistent feelings of sadness or a low mood, it’s important to talk to a health-

care professional for guidance and support. Depression is a treatable condition,

and with the right treatment and support, people can go on to lead fulfilling

and meaningful lives.

� Often noticed having frequent crying spells:

One of the common symptoms of depression is frequent crying spells, which

can be characterized by sudden and intense bouts of crying, often without an

apparent trigger. These crying spells can occur in response to a wide range of

stimuli, including sad or stressful events as well as seemingly minor triggers.

It’s important to note that crying is a normal human response to emotional

distress, and it’s not uncommon for people to cry from time to time. However, in

depression, the frequency and intensity of crying spells may be more pronounced

and can interfere with daily life. People with depression may feel like they

are unable to control their emotions or that they are experiencing them more

intensely than usual. Crying spells can be triggered by a wide range of stimuli
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and may occur even in situations where the person would not typically expect

to cry.

Crying spells can be distressing and can contribute to a sense of hopelessness or

despair. They can also make it difficult to engage in daily activities, maintain

relationships, and perform at work or school. Treatment for depression often

involves a combination of therapy, medication, and lifestyle changes. Therapy

can help people develop coping skills to manage their emotions and identify

triggers that may contribute to crying spells. Medications, such as antidepres-

sants, can also help reduce symptoms of depression and stabilize mood. If you

or someone you know is experiencing frequent crying spells or other symptoms

of depression, it’s important to talk to a healthcare professional for guidance

and support. Depression is a treatable condition, and with the right treatment

and support, people can go on to lead fulfilling and meaningful lives.

� Less Confident:

One of the common symptoms of depression is feeling less confident, which can

be characterized by a decrease in self-esteem, self-worth, and self-assurance.

People with depression may feel like they are not good enough, worthless, or

a burden to others. The experience of feeling less confident can be distressing

and can contribute to a sense of hopelessness or despair. It can also make it

difficult to engage in daily activities, maintain relationships, and perform at

work or school. There are many potential reasons for feeling less confident in

the face of depression. Depression can cause negative thought patterns and

cognitive distortions that can contribute to feelings of low self-worth. People

with depression may also experience physical symptoms, such as fatigue or a

lack of energy, that can make it difficult to feel confident or capable.

It’s important to note that feeling less confident is a symptom of depression and

is not necessarily reflective of a person’s actual abilities or worth. People with

depression may benefit from therapy and counseling to help them develop coping
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skills to manage negative thoughts and increase their self-esteem. Cognitive-

behavioral therapy, in particular, can be effective in helping people identify

and change negative thought patterns. Medications, such as antidepressants,

can also help reduce symptoms of depression and improve mood, which can in

turn improve feelings of confidence and self-worth. It’s important to talk to a

healthcare professional if you or someone you know is experiencing symptoms

of depression, including a decrease in confidence and self-esteem.

� Facing difficulties in planning and executing tasks:

One of the common symptoms of depression is difficulty planning and executing

tasks, which can make it challenging to manage daily responsibilities and meet

personal goals. This symptom can be characterized by a lack of motivation,

difficulty concentrating, and trouble with memory and decision-making. People

with depression may find it difficult to complete tasks or initiate new ones. They

may feel overwhelmed by even simple tasks or struggle to organize their thoughts

and prioritize their responsibilities. This can result in a sense of helplessness as

well as guilt or shame for not being able to meet personal expectations.

There are many potential reasons for difficulty in planning and executing tasks

in depression. Depression can cause changes in brain chemistry that can im-

pact cognitive function, including decision-making and memory. People with

depression may also experience physical symptoms, such as fatigue or a lack of

energy, that can make it difficult to initiate and complete tasks. It’s important

to note that difficulty in planning and executing tasks is a symptom of depres-

sion and is not necessarily reflective of a person’s abilities or motivation. People

with depression may benefit from therapy and counseling to help them develop

coping skills to manage negative thoughts and increase motivation. Cognitive-

behavioral therapy, in particular, can be effective in helping people identify and

change negative thought patterns. Medications, such as antidepressants, can

also help reduce symptoms of depression and improve motivation and concen-

tration. It’s important to talk to a healthcare professional if you or someone
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you know is experiencing symptoms of depression, including difficulty planning

and executing tasks.

� Have you become indecisive:

One of the common symptoms of depression is indecisiveness, which can be

characterized by difficulty making decisions and a lack of confidence in one’s

ability to make choices. People with depression may struggle with even small

decisions, such as what to wear or what to eat, and may feel overwhelmed by

larger decisions, such as career or relationship choices. There are many potential

reasons for indecisiveness in depression. Depression can cause changes in brain

chemistry that can impact cognitive function, including decision-making and

memory. Negative thought patterns and cognitive distortions can also contribute

to feelings of indecisiveness and uncertainty. Additionally, physical symptoms of

depression, such as fatigue or a lack of energy, can make it difficult to concentrate

and make decisions.

Indecisiveness can be distressing and can contribute to a sense of hopelessness

or despair. It can also make it difficult to engage in daily activities, maintain

relationships, and perform at work or school. Treatment for depression often in-

volves a combination of therapy, medication, and lifestyle changes. Therapy can

help people develop coping skills to manage negative thoughts and increase their

self-confidence. Cognitive-behavioral therapy, in particular, can be effective in

helping people identify and change negative thought patterns. Medications,

such as antidepressants, can also help reduce symptoms of depression and im-

prove cognitive function, including decision-making. It’s important to talk to a

healthcare professional if you or someone you know is experiencing symptoms

of depression, including indecisiveness.

� Facing concentration issues: One of the common symptoms of depression is

difficulty with concentration, which can make it challenging to focus on tasks

or engage in activities. This symptom can be characterized by a lack of focus,

destructibility, and forgetfulness. People with depression may find it difficult
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to concentrate on tasks or engage in activities that they once found enjoyable.

They may struggle with completing work assignments, remembering details, or

following through on plans. This can result in a sense of frustration as well as

guilt or shame for not being able to meet personal expectations.

There are many potential reasons for difficulty with concentration in depression.

Depression can cause changes in brain chemistry that can impact cognitive func-

tion, including attention and memory. Negative thought patterns and cognitive

distortions can also contribute to feelings of destructibility and forgetfulness.

Additionally, physical symptoms of depression, such as fatigue or a lack of en-

ergy, can make it difficult to stay focused and engaged. It’s important to note

that difficulty with concentration is a symptom of depression and is not neces-

sarily reflective of a person’s abilities or motivation. People with depression may

benefit from therapy and counseling to help them develop coping skills to manage

negative thoughts and increase focus. Cognitive-behavioral therapy, in partic-

ular, can be effective in helping people identify and change negative thought

patterns. Medications, such as antidepressants, can also help reduce symptoms

of depression and improve cognitive function, including attention and memory.

It’s important to talk to a healthcare professional if you or someone you know

is experiencing symptoms of depression, including difficulty with concentration.

� Persistently Feeling of self-worthlessness: One of the common symptoms

of depression is a persistent feeling of worthlessness, which can be character-

ized by a sense of low self-esteem, self-criticism, and self-blame. People with

depression may feel like they are worthless, unlovable, or a burden to others.

This feeling of worthlessness can contribute to a sense of hopelessness or despair

and may make it difficult to engage in daily activities or maintain relationships.

People with depression may withdraw from social interactions or avoid activities

that they once found enjoyable.

There are many potential reasons for the feeling of worthlessness in depression.

Depression can cause changes in brain chemistry that can impact mood and
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self-esteem. Negative thought patterns and cognitive distortions can also con-

tribute to feelings of self-criticism and self-blame. Additionally, external factors

such as stress, trauma, or difficult life events can also contribute to feelings of

worthlessness. It’s important to note that a feeling of worthlessness is a symp-

tom of depression and is not necessarily reflective of a person’s true worth or

value. People with depression may benefit from therapy and counseling to help

them develop coping skills to manage negative thoughts and increase their self-

esteem. Cognitive-behavioral therapy, in particular, can be effective in helping

people identify and change negative thought patterns. Medications, such as an-

tidepressants, can also help reduce symptoms of depression and improve mood

and self-esteem. It’s important to talk to a healthcare professional if you or

someone you know is experiencing symptoms of depression, including feelings of

worthlessness.

� Feeling of empty and emotional numbing:

Feelings of emptiness and emotional numbing are common symptoms of depres-

sion and can be characterized by a sense of apathy, disconnection, and a lack of

emotional responsiveness. People with depression may feel like they are going

through the motions of daily life without experiencing any real sense of pleasure

or meaning. This feeling of emptiness can contribute to a sense of hopelessness

or despair and may make it difficult to engage in daily activities or maintain

relationships. People with depression may withdraw from social interactions or

avoid activities that they once found enjoyable. They may also have difficulty

expressing emotions or feeling connected to others. There are many poten-

tial reasons for the feeling of emptiness and emotional numbness in depression.

Depression can cause changes in brain chemistry that can impact mood and

emotional regulation. Negative thought patterns and cognitive distortions can

also contribute to feelings of apathy and disconnection. Additionally, exter-

nal factors such as stress, trauma, or difficult life events can also contribute to

feelings of emotional numbness.
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It’s important to note that feelings of emptiness and emotional numbing are

symptoms of depression and are not necessarily reflective of a person’s true emo-

tional capacity. People with depression may benefit from therapy and counseling

to help them develop coping skills to manage negative thoughts and increase

emotional responsiveness. Cognitive-behavioral therapy, in particular, can be

effective in helping people identify and change negative thought patterns. Med-

ications, such as antidepressants, can also help reduce symptoms of depression

and improve emotional regulation. It’s important to talk to a healthcare pro-

fessional if you or someone you know is experiencing symptoms of depression,

including feelings of emptiness and emotional numbing.

� Feeling of hopelessness:

A feeling of hopelessness is a common symptom of depression and can be char-

acterized by a sense of despair, pessimism, and a belief that things will never get

better. People with depression may feel trapped in a cycle of negative thoughts

and emotions and struggle to see any hope or possibility for the future. This

feeling of hopelessness can contribute to a sense of helplessness or powerlessness

and may make it difficult to engage in daily activities or maintain relationships.

People with depression may withdraw from social interactions or avoid activi-

ties that they once found enjoyable. They may also struggle with feelings of low

self-esteem or self-worth.

There are many potential reasons for the feeling of hopelessness in depression.

Depression can cause changes in brain chemistry that can impact mood and

emotional regulation. Negative thought patterns and cognitive distortions can

also contribute to feelings of pessimism and hopelessness. Additionally, exter-

nal factors such as stress, trauma, or difficult life events can also contribute to

feelings of hopelessness. It’s important to note that a feeling of hopelessness

is a symptom of depression and is not necessarily reflective of a person’s true

situation or potential. People with depression may benefit from therapy and

counseling to help them develop coping skills to manage negative thoughts and
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increase feelings of hope and optimism. Cognitive-behavioral therapy, in par-

ticular, can be effective in helping people identify and change negative thought

patterns. Medications, such as antidepressants, can also help reduce symptoms

of depression and improve mood and emotional regulation. It’s important to

talk to a healthcare professional if you or someone you know is experiencing

symptoms of depression, including a feeling of hopelessness.

� Do you feel that nobody understands you:

Feeling like nobody understands you is a common symptom of depression and

can contribute to a sense of isolation, loneliness, and hopelessness. People with

depression may feel like they are alone in their experiences and may struggle

to find others who can relate to their feelings and emotions. This feeling of

isolation can be particularly challenging because depression can also cause people

to withdraw from social interactions and activities they once enjoyed. This can

make it even harder to connect with others and find support during difficult

times.

It’s important to remember that depression is a common and treatable condition

and that many people have experienced similar feelings and emotions. Seeking

help from a mental health professional or support group can be a valuable step

in finding connection and understanding during depression. Therapists and sup-

port groups can provide a safe and non-judgmental space to talk about feelings,

learn coping strategies, and connect with others who are going through similar

experiences. It’s also important to communicate openly and honestly with loved

ones about how you are feeling. Although it can be challenging to talk about

depression, sharing your experiences with trusted friends and family members

can help reduce feelings of isolation and improve support networks. Loved ones

may not always understand exactly what you are going through, but they can

still offer compassion and support.

� Do you have sleeping disturbance:



CHAPTER 3. Research methodology 90

Yes, sleeping disturbances are a common symptom of depression. People with

depression may experience difficulty falling asleep, staying asleep, or waking up

too early in the morning. They may also experience changes in sleep patterns,

such as sleeping more than usual or less than usual. Sleep disturbances can be

particularly challenging because they can contribute to fatigue, irritability, and

difficulty concentrating during the day. Lack of sleep can also worsen symptoms

of depression and make it more difficult to manage emotions and engage in daily

activities.

Although the precise causes of sleep problems in depression are not completely

known, it is believed that alterations in brain chemistry and hormone levels are

responsible. Sleep issues may also be a result of depression-related stress and

anxiety. To prevent further health issues and worsening of depression symptoms,

it is crucial to manage sleep abnormalities in depression. Therapy, medicine, and

lifestyle modifications such as bettering sleep hygiene (forming a regular sleep

pattern, abstaining from stimulants like caffeine before bed, providing a relaxing

environment for sleeping, etc.) may all be used as treatments for depression.

If you are having trouble sleeping or are dealing with other depression-related

symptoms, it’s crucial to speak with a medical expert. They can assist you in

creating a customized treatment plan to control your symptoms and enhance

your general health.

� Feeling changes in Appetite and Significant Weight loss :

Changes in appetite and significant weight loss are common symptoms of de-

pression. Some people with depression may experience a decrease in appetite

and lose weight as a result, while others may experience an increase in appetite

and gain weight. These changes in appetite and weight can be particularly chal-

lenging because they can affect overall physical health and contribute to feelings

of low self-esteem and poor body image. In some cases, significant weight loss

can also indicate a more serious health condition, so it’s important to talk to a

healthcare professional if you experience sudden or unexplained weight loss.
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The exact reasons for changes in appetite and weight in depression are not fully

understood, but they are thought to be related to changes in brain chemistry

and hormone levels. Stress and anxiety associated with depression can also con-

tribute to changes in appetite and weight. It’s important to address changes in

appetite and weight in depression because they can worsen depressive symptoms

and increase the risk of other health problems. Treatment for depression may

include therapy, medication, and lifestyle changes such as improving nutrition

and increasing physical activity. It’s important to talk to a healthcare profes-

sional if you are experiencing changes in appetite, weight, or other symptoms of

depression. They can help you develop a personalized treatment plan to manage

your symptoms and improve your overall well-being.

� Feeling often restless or being slowed:

Feeling restless or slowed down is a common symptom of depression. Some

people with depression may feel agitated, fidgety, or restless, while others may

feel like their movements and thoughts are slowed down. Restlessness can be

particularly challenging because it can contribute to difficulty concentrating,

irritability, and difficulty sleeping. On the other hand, feeling slowed down can

make it more challenging to engage in daily activities and may lead to feelings

of apathy or low motivation.

The exact reasons for feeling restless or slowed down in depression are not fully

understood, but they are thought to be related to changes in brain chemistry

and hormone levels. Stress and anxiety associated with depression can also con-

tribute to feelings of restlessness or slowing down. It’s important to address

feelings of restlessness or being slowed down in depression because they can

worsen depressive symptoms and reduce quality of life. Treatment for depres-

sion may include therapy, medication, and lifestyle changes such as increasing

physical activity and practicing relaxation techniques. It’s important to talk to a

healthcare professional if you are experiencing restlessness, being slowed down,
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or other symptoms of depression. They can help you develop a personalized

treatment plan to manage your symptoms and improve your overall well-being.

� Ever thought of attempting suicide (Deliberate self-harm/death wish/

ideation / made plans / attempted):

Thoughts of suicide or self-harm are a serious and potentially life-threatening

symptom of depression. People with depression may experience thoughts of

suicide or death, which can range from fleeting thoughts to detailed plans of

self-harm or suicide attempts. Suicidal ideation refers to thoughts of suicide or

the desire to take one’s own life, while suicidal plans refer to specific details about

how one would carry out a suicide attempt. Suicide attempts involve engaging in

self-harm behaviors with the intent of causing serious harm or death to oneself.

It’s important to take thoughts of suicide or self-harm seriously and seek im-

mediate help if you or someone you know is experiencing these symptoms. If

you or someone you know is in crisis, call emergency services or go to the near-

est emergency room. You can also call a suicide prevention hotline or talk to

a healthcare professional for support and guidance. Treatment for depression

may include therapy, medication, and other interventions to address suicidal

ideation and prevent self-harm or suicide attempts. It’s important to talk to

a healthcare professional if you are experiencing thoughts of suicide, self-harm,

or other symptoms of depression. They can help you develop a personalized

treatment plan to manage your symptoms and improve your overall well-being.

� Do you think these symptoms are present persistently for more than

two weeks:

It’s crucial to keep in mind that depression symptoms can last for a long time

while discussing them. For a diagnosis of major depressive disorder, symptoms

of depression must be present for at least two weeks, according to the Diagnostic

and Statistical Manual of Mental Disorders, Fifth Edition (DSM-5), which is a

commonly used manual for making such diagnoses. This means that if a person
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experiences one or more symptoms of depression persistently for two weeks or

more, it may be an indication of a depressive episode. However, it’s important

to note that a diagnosis of depression requires a comprehensive evaluation by a

healthcare professional who can rule out other potential causes of the symptoms.

If you or someone you know is experiencing symptoms of depression that have

persisted for more than two weeks, it’s important to seek help from a healthcare

professional. Treatment for depression may include therapy, medication, and

lifestyle changes such as exercise, healthy eating, and stress reduction techniques.

The sooner a person seeks help for depression, the more effective treatment may

be in reducing symptoms and improving overall well-being.

� Do you feel these symptoms have a significant impact on your Social

/ Occupational /Family or other important areas of your life:

Yes, symptoms of depression can have a significant impact on a person’s life,

including their social, occupational, and familial relationships, as well as other

important areas of their life. In terms of social functioning, people with de-

pression may withdraw from social activities, experience difficulty forming and

maintaining relationships, and isolate themselves from friends and family mem-

bers. They may also have difficulty communicating or expressing themselves,

which can lead to further isolation and difficulty connecting with others.

In terms of occupational functioning, people with depression may experience dif-

ficulties in performing their job duties, have difficulty concentrating, and have

decreased productivity. They may also miss work or have difficulty attending

work regularly, which can impact their income and job stability. Depression can

also have a significant impact on familial relationships, including marriages, par-

enting, and other family dynamics. People with depression may have difficulty

providing emotional support or may experience difficulty engaging with family

members in activities. Overall, the symptoms of depression can impact all areas

of a person’s life, leading to a decrease in their overall quality of life. It’s im-

portant for individuals experiencing symptoms of depression to seek help from
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a healthcare professional to manage their symptoms and improve their overall

functioning.

� Has Pet:

Many people choose to have a pet during the depression because of the nu-

merous benefits that pets can provide. Pets, particularly dogs and cats, offer

unconditional love and affection, which can help alleviate feelings of loneliness

and isolation that often accompany depression. Pets also offer a sense of purpose

and responsibility, which can help people suffering from depression feel needed

and valued. Additionally, pets can help reduce stress and anxiety by provid-

ing a calming presence and encouraging physical activity through walking and

playing. There is also evidence to suggest that interacting with pets can in-

crease levels of the hormone oxytocin in the brain, which can promote feelings

of happiness and well-being. Some research has also suggested that pets may

help improve overall mental health outcomes, including reducing symptoms of

depression and anxiety.

It is important to note that while pets can be a valuable source of support

and companionship for people with depression, they should not be viewed as

a replacement for professional treatment. It is essential to seek help from a

mental health professional if you are struggling with depression and to continue

to prioritize self-care and other healthy coping mechanisms in addition to any

benefits provided by a pet.

� Has Park:

Yes, spending time in nature, including parks, can help reduce the symptoms of

depression in some people. Studies have shown that exposure to green spaces,

such as parks and forests, can improve mood, reduce stress and anxiety, and

even improve cognitive functioning. One reason for this may be that being

in nature helps reduce feelings of isolation and provides opportunities for social

interaction and physical activity. Additionally, being in the presence of greenery
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and other natural beauty can help people feel calm and relaxed, which can be

especially helpful for those who are depressed.

In addition, spending time in parks can provide a sense of escape from the

pressures and demands of daily life, allowing people to take a break from the

stressors that may be contributing to their depression. Overall, while spending

time in a park may not be a cure for depression, it can be a helpful tool for

managing symptoms and improving overall mental health and well-being.

� Is high social media usage:

High social media usage during depression can be a common behavior, but it is

not necessarily a healthy coping mechanism. While social media can provide a

sense of connection and community, it can also exacerbate feelings of loneliness,

anxiety, and depression, especially if the content being consumed is negative or

triggering. One reason people may turn to social media during depression is to

seek validation and support from others. However, social media interactions are

often superficial and lack the depth and intimacy needed for genuine connection

and support.

Additionally, social media can be a source of comparison and self-doubt, which

can contribute to negative self-esteem and exacerbate symptoms of depression.

The constant bombardment of curated and idealized images and lifestyles on

social media can create unrealistic expectations and a feeling of inadequacy. It

is important for individuals with depression to be mindful of their social media

usage and to seek out healthy coping mechanisms, such as seeking professional

help, practicing self-care, and engaging in activities that bring joy and mean-

ing. Social media can be a useful tool for connecting with others and finding

information and support, but it should not be relied upon as the sole source of

validation or as a substitute for professional help.

� Is flexible hours:
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Flexible working hours can help reduce the symptoms of depression for some

people. One of the challenges of living with depression is maintaining a healthy

work-life balance, and flexible working hours can provide individuals with the

opportunity to manage their work schedules to better accommodate their mental

health needs. Having the ability to adjust work hours can help individuals with

depression better manage their symptoms by allowing them to schedule appoint-

ments and attend therapy sessions, take time off for self-care, and incorporate

activities that promote their mental well-being into their daily routines.

Flexible working hours can also help reduce stress and increase job satisfac-

tion, which can have a positive impact on overall mental health. By allowing

individuals to better manage their workload, they may feel less overwhelmed

and more in control of their work, which can reduce the impact of work-related

stress on their mental health. However, it is important to note that flexible

working hours alone may not be enough to alleviate symptoms of depression.

Individuals with depression need to seek professional help and engage in healthy

coping mechanisms, such as exercise, mindfulness, and social support. Addition-

ally, workplace support and accommodations, such as counseling services or the

option to work remotely, can also be beneficial for individuals with depression.

The questionnaire was created in both English and the language that the re-

spondents spoke, with the respondents’ levels of education being taken into mind when

doing so. The data that was collected has been put to use to conduct research into the

major factors that contribute to depression in individuals. The survey is based on the

responses to these 21 behavioural questions as well as 4 positive questions, a weekly

survey of an individual, and certain personal particulars such as age group, gender,

qualification, occupation, annual income, marriage status, and residence status. In

addition, the survey takes into account a weekly survey of an individual. This survey

is now being distributed throughout campus as well as among close friends and family

members. With the assistance of this survey, we were able to compile a total of 1694

records.
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Qs. Description Question Response
1 Are you Losing interest in social activities? Yes No Sometimes NA
2 Are you facing the loss of Energy or excessive tiredness? Yes No Sometimes NA

3
Are you losing excitement in activities those used
to excite earlier?

Yes No Sometimes NA

4 Do you prefer to sit alone? Yes No Sometimes NA

5
Are you less interactive as per people’s point of
view?

Yes No Sometimes NA

6 Do you persistently feel the sadness of mood? Yes No Sometimes NA
7 Do you often notice having frequent crying spells? Yes No Sometimes NA
8 Do you feel less Confident? Yes No Sometimes NA

9
Are you facing difficulties in planning and
executing tasks?

Yes No Sometimes NA

10 Have you become indecisive? Yes No Sometimes NA
11 Are you facing concentration issues? Yes No Sometimes NA

12
Are you persistently feeling of self-
worthlessness?

Yes No Sometimes NA

13
Are you feeling of empty and emotional
numbing?

Yes No Sometimes NA

14 Are you feeling of hopelessness? Yes No Sometimes NA
15 Do you feel that nobody understands you? Yes No Sometimes NA
16 Do you have sleeping disturbance? Yes No Sometimes NA

17
Are you feeling changes in appetite and significant
weight lose?

Yes No Sometimes NA

18 Are you feeling often restless or being slowed? Yes No Sometimes NA

19
Do you have ever thought of attempting suicide
(Deliberate self-harm/death wishes/
ideation / made plans / attempted)?

Yes No Sometimes NA

20
Do you think these symptoms are
present persistently for more than
two weeks?

Yes No Sometimes NA

21

Do you feel these symptoms put a
significant impact on your Social
/ Occupational /Family or other
important areas of your life?

Yes No Sometimes NA

22 Do you have Pets at home? Yes No - -
23 Do you have a park nearby your house? Yes No - -
24 Do you have high social media usage? Yes No - -
25 Do you have flexible hours? Yes No - -

Table 3.1: Survey Description
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Daily Sentiment Report
(To record day wise sentiments, from Monday to Sunday)

Lonely Sad Not Happy Feel Nothing Neutral Happy Very Happy

Table 3.2: Weekly Survey (in addition to 25 questions)

In light of the many challenges that must be surmounted to diagnose depres-

sion, we have developed a support system called the Depression Check Tool. This tool

assists individuals in determining their mental level and was done so in light of the

numerous obstacles that must be surmounted to diagnose depression. Python is the

name of the programming language that was utilized by our team to put this concept

into action. The machine learning algorithms are the ones who are in charge of putting

the methodical procedures into action, which are necessary to build the information

management system. The discipline of machine learning can be subdivided into many

different subfields, some of which are linear regression, instance-based modeling, clus-

tering, decision trees, and a large number of other subfields. We have developed a

model that makes use of the K-Nearest Neighbour, which, when applied to specific

questions, will produce the most accurate response conceivable. KNN is most useful

in situations in which obtaining labeled data is either impractical or impossible, and

it is capable of achieving a high level of accuracy in a wide variety of prediction-type

issues. KNN is also useful in situations in which there is a lack of consistency in the

data that is being used to make the predictions.

The facts gathered and the findings reached by 1694 people hailing from a variety

of geographic areas are presented in the first section of this article. The questions that

were asked of these people were based on several different criteria. The findings of this

research study will be helpful in the development and use of diagnostic criteria that

can be applied to mental illness. The machine learning algorithms are the ones who

are in charge of putting the methodical procedures into action, which are necessary

to build the information management system.

The first phase in the process of developing our model is the collection of data,

and the second step is the implementation of the framework. During the first section,
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Objective Description
Instrument/Tool/
sample design etc.
to be used

1
1694
Sample size (No. of participants)

Primary data collection,
Google form

2 Depression Check Tool framework

a. HTML Language
b. CSS Language
c. Python 3.7
d. Machine Learning
e. Flask

3 Depression Check Tool website

Table 3.3: Methodology/Tools/Instruments to be used

we gathered data on determining the participants’ mental health from a total of almost

1,694 people residing in a wide variety of locales. When it is finished, several distinct

algorithms will be compared to previously established ways, and the positive impact

that they will have on society will also be discussed. We have developed an efficient

framework for estimating the level of depression that will be used in the second part

of the procedure by making use of these data. This framework will be used in the

second part of the operation. We have also developed a website that will be of use to

the community as a whole, which is in addition to the previous point.

3.2 Machine learning workflow

To make a correct diagnosis of mental illness and be better able to assist farmers

in resolving the issues that have been highlighted here, our team has developed a

system that is referred to as the Depression Check Tool. The framework illustrates

the behavioral inquiries, in addition to specific particulars of the people and some

positive queries based on human life. It is the responsibility of each participant to

provide their responses to these questions and then click the submit button. The code

for this website was written with the Python programming language, and the HTML

and CSS that were used to construct it were created with the assistance of Flask.(see

table 3.3).



CHAPTER 3. Research methodology 100

When assessing a person’s level of depression, we compared the findings with

three distinct algorithms: Naive Bayes, Decision Tree, and KNN. Each algorithm was

designed to predict depression severity. These techniques are applied to evaluate the

reliability of the findings. We have divided the dataset in half, and for each portion,

we have crafted a training data set as well as a test data set. Seventy percent of the

data is utilized in the process of training the model, and thirty percent of the data is

utilized in the process of testing the correctness of the model utilizing the data from

the trained model.

In the proposed methodology (see Figure 3.2), In the first stages of the process

Figure 3.2: Workflow of proposed methodology.

of compiling data, surveys are the primary method of data collection. This survey

includes several questions, the formulation of which was accomplished with the assis-

tance of a psychiatrist. After the data for the dataset have been collected, the data

will be analyzed, and any aspects of the dataset that are deemed to be insignificant

will be eliminated at this stage. The following step, which comes after the phase in

which it is decided which features will be utilized, is to preprocess the data in any way

that may be required. It is not viable to incorporate data from the real world directly

into machine learning models since the settings under which these data are collected

do not conform to ideal conditions. Data collected from the real world often contains

noise, is missing numbers, and even has an incorrect format. It is required to carry
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out the activities that are collectively referred to as data pre-processing to clean the

data and organize it in a manner that is suitable for a machine learning model. This

is because the data cannot be used until it has been properly prepared. Because of

this, the data will be able to be utilized properly. (see Figure 3.3),

Figure 3.3: Data pre-processing steps.

As a consequence of this, the machine learning model will have a higher level

of both accuracy and efficiency going forward. In addition, once the dataset has been

processed, it is then split into two parts: the test dataset and the training dataset.

After that, three distinct models of machine learning are contrasted with one another

to establish which of the models is superior in terms of precision and effectiveness.

Our model’s hyperparameters are also optimized for optimal performance in terms of

both accuracy and the amount of time it takes to run. As a result of researching the

model that was suggested, we have designed a website specifically for the users, and in

the not-too-distant future, we will be able to collect the dataset with the use of that

website. To respond to the questions that are presented on this website, a person has

to fill out a form first. This is a requirement. After all of the fields have been filled

in, the user must click the ”submit” button before the form is considered complete.

In addition to this, the model can evaluate a person’s general level of depression. The

website in question makes use of the suggested algorithm, which plays a part in the

generation of results of higher general quality. (see Figure 3.4).
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3.3 Proposed algorithm

The proposed algorithm used to identify the depression level is as follows:

Figure 3.4: Algorithm to identify the depression level in the proposed methodology.

3.4 Depression tool - website

Our group has not only developed K-Nearest Neighbour for the sake of this

investigation, but we have also created a website that is referred to as the Depression

Check Tool. Users of this website can, in a relatively short period, acquire an accurate

diagnosis of the level of depression they are currently experiencing in their lives. The

development of a diagnostic instrument for depression is the third goal that we hope

to accomplish with the study that we are currently carrying out. There is access
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to three tabs on this page; the ones that are active right now are titled Home, Our

Model, and Traditional Model. The proposed model snapshots are attached here. (see

Figure 3.5, Figure 3.6, Figure 3.7, Figure 3.8).

Figure 3.5: Home page of proposed system - website.

Figure 3.6: Depression check tool – proposed model – page 1.

3.5 Summary

This chapter provides a suggestion for an intelligent system, one component of

which is the production of a website that can assess a person’s level of depression.

Another component of this chapter’s proposal is the establishment of a website that

can assess a person’s level of anxiety. We performed research and gathered data from

a total of 1694 people from a wide range of locales to achieve the first of our goals.

To construct a system that asks users for their responses to a survey that contains
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Figure 3.7: Depression check tool – proposed model – page 2.

Figure 3.8: Depression check tool – proposed model – page 3.

a variety of different kinds of questions to fulfill the second objective, a technique

from the field of machine learning known as K-Nearest Neighbour was applied. This

allowed for the successful construction of the system. The development of a model

that is capable of reliably predicting the level of depression a person is experiencing

based on the responses they provide to our questions is the third objective we have

set for ourselves. Comparing and analyzing our model with a wide variety of other

machine learning classifiers is one of the steps we take toward achieving the fourth

objective. This illustrates that, according to the dataset that we used, KNN delivers

results and accuracy that are superior.



CHAPTER 4

Results and discussions

The findings and subsequent discussion regarding the diagnosis of depression

using various machine learning algorithms are presented in this chapter. The infor-

mation of 1694 different people was acquired for this article, and then that informa-

tion, together with the other information gathered, was examined. For the goal of

doing meaningful data analysis, a hybrid method has been developed; this method

may also be used in the future as the technological answer to the question of how

to diagnose depression. To carry out the analysis of the gathered samples, machine

learning techniques were utilized. The investigation makes use of three distinct clas-

sification strategies derived from machine learning: a decision tree, a Naive Bayes

classifier, and a K-Neighbours classifier. To get the most precise forecasts possible,

the classifiers that were selected are put to work. This chapter presents the findings,

which show what percentage of the general population suffers from depression. It was

important to extract a vast amount of information from the dataset to generate reli-

able forecasts. The source of this information was the dataset. Based on the datasets

that have been collected, a website has been developed that enables users to check

105
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their mental condition or to see what kind of assessment may be made regarding the

individual’s level of depression [126].

The research that has been done is being carried out to bring about additional

developments in the area of psychiatry. In today’s modern society, there has been

a discernible rise in the likelihood that an individual may experience a depressive

episode. The reason behind this is discussed under the following headings:

� In addition to other symptoms, depression is characterized by a loss of energy,

difficulties concentrating, interrupted sleep, altered appetite, irritability, and

mood swings. These causes are primarily responsible for the condition. The

variations in mood swings that people experience from one another are based

on a variety of different factors that commonly cause depression.

� The aforementioned issues are to blame for the presence of depression in people’s

lives, and they may be traced back to the origin of the condition. A survey

was conducted based on various parameters, and the application of technical

solutions was carried out to identify whether or not a person was suffering from

depression. To take this into consideration, the survey was carried out.

� It has been concluded, following an examination of the pertinent research, that

there are a variety of approaches and assessments that can be applied in the

process of making a clinical diagnosis of depression. In the process of assessing

whether or not a person suffers from depression, a variety of methodologies, in-

cluding machine learning, lexicon-based analysis, supervised learning, unsuper-

vised learning, and deep learning techniques, among others, are being applied.

Texts, images, movies, emoticons, and other digital media along these lines are

used to formulate the plan of action.

� After investigating each of these research approaches, it was discovered that the

vast majority of the studies are predicated on instruments and questionnaires.

These evaluations and questionnaires take into account the problematic aspects

of a person’s life when providing a diagnosis of depression. Throughout our
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analysis, we came up with the concept of combining weekly surveys meant to

screen for signs of depression with inquiries about the positive aspects of people’s

lives. This was an idea that we came up with as part of our research.

4.1 Basic dataset collection

To apply the methods of machine learning to the survey dataset, 21 questions

that contained personal information were rewarded with the replies yes, no, sometimes,

and not relevant added to the list of options. The majority of psychiatrists make

use of a scale called the Hamilton Rating Scale, which has been incorporated into

a questionnaire that has been developed to gain insight into the mental health of

individuals. This questionnaire contains 21 questions, as well as personal details, and

uses this scale. The poll provided a total of 1694 papers for our review, bringing the

total number of documents to 1694. Questions concerning a person’s age, gender,

qualification, occupation, annual income, marital status, residence, whether or not

they have a pet, how often they use social media, and other personal and professional

facts are among the characteristics that are asked about in surveys. To determine

whether or not an individual is experiencing depression, a cutoff point is determined;

this number can vary anywhere from 0 to 21 (score). However, if the score that is

calculated for the individual is between 7 and 14, then the individual is considered to

have mild depression. If the score that is acquired for the individual is between 0 and

6, then the individual does not have depression. If the person has a score that falls

between 15 and 20, it suggests that they have a moderate case of depression. If the

person’s score is 21, it suggests that they are suffering from severe depression. The

ages of seven, fifteen, and twenty-one are the cutoff points that are most frequently

utilized in the process of making a diagnosis of depression. (see table 4.1).

After compiling the results of the questionnaire’s responses, the next step in-

volves the addition of four questions that focus on the positive. These questions may

involve investigating whether or not an individual makes use of social media and as-

certaining whether or not a park is located near their place of residence. After the
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Response [%]
Question Description

Yes No Sometimes NA
Are you losing interest in social activities? 21 27 51.9 -
Are you facing loss of Energy or excessive tiredness? 30 24 45.4 -
Are you losing excitement in activities those
used to excite earlier?

23 26 51 -

Are you prefer to sit alone? 23 25 51.3 -
Are you less interactive as per people’s
point of view?

38 62 - -

Do you persistently feels sadness of mood? 37 64 - -
Do you often noticed having frequent
crying spells?

39 39 23.1 -

Do you feel less confident? 64 40 - -
Are you facing difficulties in planning
and executing tasks?

52 32 15.8 -

Have you become indecisive? 55 45 - -
Are you facing concentration issues? 58 42 - -
Are you persistently feeling of self-
worthlessness?

52 48 - -

Are you feeling of empty and
emotional numbing?

61 40 - -

Are you feeling of hopelessness? 62 38 - -
Do you feel that nobody
understands you?

60 40 - -

Do you have sleeping disturbance? 29 55 16.5 -
Are you feeling changes in appetite and
significant weight lose?

55 45 - -

Are you feeling often restless or being slowed? 37 63 - -
Ever thought of attempting suicide
(Deliberate self-harm/death wishes/
ideation / made plans / attempted)?

40 60 - -

Do you think these symptoms are
present persistently for more than
two weeks?

40 43 - 17

Do you feel these symptoms
put a significant impact on
your Social/Occupational/
Family or other important
areas of your life?

68 13 - 19

Table 4.1: Question description with survey response (in %)
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positive questions have been added, there will be a poll of an individual’s position

on the scale of sentiment conducted over one week. During the research, a cleaned-

up version of the data that was generated by carrying out exploratory data analysis

(EDA) is gathered and examined. This takes place during the study. In Figure 41,

a one-week survey based on a sentimental scale is presented. The individual selected

one sentiment from the below scale for one day. For example, if the person selected a

negative sentiment, the scale would record a -1 value for that particular day. This pro-

cess continues for one week, and after that, the average sentiment will be calculated,

which is also called feature engineering.

Figure 4.1: Sentiment scale for weekly records.

Figure 4.2 indicates the level of the score that is appropriate for the various

age groups. The survey, which was designed with the assistance of a psychiatrist and

contains a total of 21 questions, is centered on cyclical mood changes. The responses

that were collected included yes or no. After pre-processing the data, these replies

convert into the numbers 1 and 0 accordingly. The favorable response was used as the

basis for the aforementioned score evaluation. For instance, if the person responds to

the questionnaire, which consists of a total of 21 questions, and out of those questions,

16 questions are answered ”yes,” then the person has a score of 16. Therefore, this

evaluation of the score takes into account a variety of age groups.
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Figure 4.2: Score evaluation based on questions in different age groups.

4.2 Analysis of dataset

4.2.1 Depression level based on gender

The results of the investigation have been presented in the form of a categorical

analysis.Figure 4.3 shows that the majority of males appear to have a depression score

between 5 and 12, whereas the majority of females appear to have a more variable

score value. When compared to males, there is a 56 percentage increase in the number

of females who are recognized as suffering from depression.

4.2.2 Depression on the basis of qualification

Figure 4.4 draws attention to the fact that those who have earned a doctoral

degree have a lower risk of suffering from depression compared to individuals who

have earned a graduate or postgraduate degree. In addition, the range of depression

scores among women who have only a high school education is significantly broader

than among women who have earned higher degrees. At the graduate level, females

are reporting higher degrees of depression at a rate that is sixty percent higher than

that of males.

4.2.3 Depression level depends on annual income

Figure 4.5 displays the level of depression that both males and females experi-

ence in relation to annual income. According to one study, women who do not earn

an income, such as housewives, appear to have lower levels of stress. In addition, the
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Figure 4.3: Depression level on the basis of gender.

guys who have a high income (according to the dataset) have lower levels of stress. On

the other hand, males who have no income or a low income have the highest levels of

depression. When compared to males, it has been discovered that females experience

much higher levels of depression.

4.2.4 Depression level on different age groups

Figure 4.6 demonstrates that people between the ages of 18 and 25 are more

likely to suffer from depression as a result of difficulties concentrating on tasks. They

are worried about both their studies and their prospects in the future. People with

an age group older than 45 have a high depression score because they have difficulty

organising and carrying out their responsibilities. They are dealing with the stress of

their retirement as well as the worry of their children getting married. There are a
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Figure 4.4: Depression on the basis of qualification.

Figure 4.5: Depression level depends on annual income.

total of 1694 records in the dataset, and we have shown that those between the ages

of 18 and 25 and above the age of 45 have an average score that is significantly greater
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than that of others, indicating a significantly higher level of depression.

Figure 4.6: Depression level on different age groups.

4.2.5 Depression level at marital status - age group wise

Figure 4.7indicates that people of a certain age group who are married and expe-

rience feelings of indecision and restlessness have a high risk of developing depression

because they are burdened with a number of responsibilities in their lives, such as the

upkeep of a household, the education of their children, and the satisfaction of their

requirements. On the other hand, those of the same age group who aren’t married

are more likely to be anxious about their academics and their professional prospects

in the future. In addition, the persons are over the age of 45 and have suffered from

significant levels of depression throughout their lives, regardless of whether or not

they are married.
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Figure 4.7: Depression level at marital status - age group wise.

4.2.6 Depression level at residential facilities

Figure 4.8 The residential areas serve as the basis for the analysis. It has been

observed that people who live in urban areas seem to have a high depression score

because of a loss of energy and excessive tiredness. This is because in as serve as the

basis for the analysis. It has been observed that people who live in urban areas seem

to have a high depression score because of a loss of energy and excessive tiredness.

This is because in cities, people’s needs are very high, whether they are married or

unmarried. This is the case regardless of whether the person is married or unmarried.

However, because the amenities in rural areas are about on par with those in urban

areas, the requirements of the local populace are not significantly greater.

4.2.7 Depression level at occupation

Figure 4.9 The degree to which an individual is affected by depression as a result

of their employment. The dataset reveals that it has been found that students appear

to have more varied values than other people. On the other side, it is acknowledged

that females who are in business have greater levels of depression score values than
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Figure 4.8: Depression level at residential facilities.

ones who are in employment, and the reason for this is that females have more duties

in addition to jobs and businesses.

4.2.8 Depression level at marital status

Figure 4.10 reveals that the severity of depression in males can differ based on

their marital status and the type of relationship they have with their partner. Because

unmarried men worry more about their careers, employment, and the possibilities for

their futures, the rate of depression among single men is substantially higher than

that of married men. This is due to the fact that unmarried men have more control

over their own destinies. They are anxious about the stability of their lives as well as

the amount of money coming into their household.
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Figure 4.9: Depression level at occupation.

Figure 4.10: Depression level at marital status - gender wise.
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4.3 Comparative analysis of decision tree, knn and

naive bayes

In Figure 4.11 (a) According to the study, our model successfully predicted

145 out of 145 individuals with a zero depression level, making the total number of

accurate predictions 145. And last, for 0 individuals, our model predicted that they

would have a depression level of 1, when in reality, they had a depression level of 0. In

the case of depression level 1, our model correctly predicted 282 out of a total of 336

participants who had one depression level (43 + 282 + 11). And for 43 people, our

model projected their depression level as 0 when in fact they were at depression level

1, and for 11 people, our model forecasted their depression level as 2, when in fact

they were at depression level 1. For depression level 2, our model correctly predicted

67 out of 79 people (67 + 12 + 0), making the total number of people affected by

depression level 2 79. And for 12 individuals, our model estimated that they were

at a level of depression equal to 1, but in reality, they were at a level of depression

equal to 2. In conclusion, the accuracy of the Naive Bayes method is 88.21%. (see

Figure 4.12 (d)).

In Figure 4.11 (b) It has been observed that our model correctly predicted 131

out of 145 people who had a depression level of 0; however, for 14 of those people,

our model incorrectly predicted that they had a depression level of 1, when in reality,

they had a depression level of 0. This phenomenon was observed for depression levels

0 and 1. In the case of depression level 1, our model correctly predicted 303 out of a

total of 336 individuals with one depression level (20 + 303 + 13). And for 20 people,

our model projected their depression level as 0 when in fact they were at depression

level 1, and for 13 people, our model forecasted their depression level as 2, when in

fact they were at depression level 1. For depression level 2, out of 79 people (1 + 10 +

68), our model predicted 68 accurately. And for 10 participants, our model predicted

a depression level of 1, while in actuality they were at depression level 2. Finally, the

accuracy of the decision tree is 89.64%. (see Figure 4.12 (e)).
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In Figure 4.11 (c) This confusion matrix demonstrates that for depression level

0, our model successfully predicted 136 out of a total of (136 + 9) 145 individuals

with zero depression level. And for nine individuals, our model estimated that they

had a level of depression equal to 1, when in reality they had a degree of depression

equal to 0. For those with depression level 1, our model correctly predicted 307 out

of a total of 336 people with one depression level (11 plus 307 + 18). And for 11

individuals, our model estimated that they were at a level of depression equal to zero,

when in reality, they were at a level of depression equal to one. Rest for eighteen

individuals; our model had projected that they would have a depression level of two,

but in reality, they had a depression level of one. For those with depression level 2,

our model correctly predicted 74 out of a total of 79 people who had that level of

depression (0 + 5 + 74). And for five individuals, our model projected that they

would have a depression level of one, when in reality, they had a depression level of

two. In conclusion, KNN has an accuracy of 92.32%. (see Figure 4.12 (f)).

Figure 4.11: Confusion matrix of Decision tree, Näıve Bayes and KNN (a-c)
(before improvement).

On the basis of the results of the aforementioned questionnaire survey, a compar-

ative analysis was performed first on three different machine learning models, namely

decision tree, naive bayes, and KNN models. It has been noted that the accuracy

of the decision tree is 88.5%, while the accuracy of naive bayes is 85.8%, and the

accuracy of KNN is 86.7%. After then, the improvement was made and a new model

was offered, both of which are described in the data description. This new model

includes both the weekly survey of an individual as well as the addition of positive
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Figure 4.12: Confusion matrix of Decision tree, Näıve Bayes and KNN (d-f)
(after improvement).

questions. Following the comparison of the confusion matrix comes the comparison

of actual data vs anticipated data in the form of a plot. (see Figure 4.13)

Figure 4.13: Comparison of actual values and predicted values.



CHAPTER 5

Conclusion and future scope

5.1 Thesis summary

This chapter includes a summary of the work accomplished in the thesis and

the future perspective of the work. The first objective of this work was to survey

people to detect depression. Herein, 1694 people were surveyed from different areas.

The issues were also examined and explored from different parameters, namely, ed-

ucation level, marital status, age groups, residential areas, and occupation level of

an individual. Earlier, depression was identified through face-to-face interaction with

the psychiatrist. However, there is a lack of awareness about the level of depression.

Most of the time, depression is identified at a severe level. The severity of depression

mostly leads to suicide. To address these critical issues, the present study has de-

veloped a framework named ”Depression Check Tool,” in which the depression level

can be identified with the help of a questionnaire. The study has also developed the

concept of a machine-learning model in the system. The study finds that the KNN is

the best technique in machine learning. In addition, the Depression Check Tool aims

to improve the quality and efficiency of detecting depression at an early stage. The

120
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main focus of this thesis is to identify the depression level of an individual. The Naive

Bayes model, the K-Nearest Neighbour model, and the Decision Tree model were the

three models concentrated in the work. These three are completely unrelated to one

another. Compared to the results of the current models, the suggested model’s find-

ings are more accurate. The work is completed with the help of machine learning

techniques to create a website that can assess a person’s mental capabilities.

5.2 Conclusion

In the second chapter, conducted a review of the literature, which resulted in

the production of many unique concepts and the discovery of a market need for a

questionnaire-based depression screening tool. The examination of methodology in

the third chapter provides specifics on how we put the earlier principles into practice.

The fourth chapter is devoted to going over the conclusions and judgments made.

In the literature review, we have searched out several surveys and tools that are

already working to detect depression. However, these surveys and questionnaires are

based on negative questions, in which all the questions are related to negative aspects

and thoughts of life. According to the second objective, one questionnaire has been

prepared in which negative and positive questions are added along with the one-week

survey of an individual. After the collection of records, the data was pre-processed.

That pre-processed dataset was used in different types of three models, such as Nave

Bayes, Decision Tree, and K-Nearest Neighbour. After training and evaluating various

models on our training and testing dataset, we found that KNN performed best on

our dataset with much accuracy.

5.3 Future research directions

To identify the depression level of a person, an internet-based mobile application

has been developed. It means depression can be easily identified at an early stage.

Furthermore, the developed model shall be modified as per the real dataset created in

the upcoming times. In the concluding note, it is worth mentioning that the problem
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presented in this thesis is beneficial for society. This kind of research is thus very

helpful for psychiatrists and their patients.
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