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The RHMCD-20 dataset offers a thorough investigation of the
dynamics of mental health in Bangladesh while under quar-
antine. The structured survey that was distributed to differ-
ent demographic groups yielded a dataset that included a
wide range of variables, such as age, gender, occupation, and
stress levels. Predictive modelling, understanding the effects
of quarantine on the workplace and society, and intergen-
erational insights are all greatly enhanced by this dataset.
The dataset allows intelligent algorithms to be developed by
bridging the gap between machine learning and healthcare.
Although sampling bias is one of the limitations of correla-
tion analysis, it does improve understanding. This presents
opportunities for improving precision in mental health man-
agement, fostering interdisciplinary collaborations, and creat-
ing dynamic forecasting models. Researchers and policymak-
ers can benefit greatly from the RHMCD-20 dataset, which
offers nuanced insights into mental health experiences dur-
ing quarantine and informs evidence-based interventions and
policies. groundwork for innovative methodologies, steering
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the trajectory of informed decision-making in dynamic en-
ergy landscapes.

© 2024 The Author(s). Published by Elsevier Inc.
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Specifications Table

Subject Data Mining, Statistical Analysis, mental healthcare, Al

Specific subject area Categorical Data Analysis for Identify Rapid Human Mental Health Depression During
Quarantine Life Using Machine Learning.

Data format Raw, Filtered.

Type of data Filtered measurement data is stored as .csv files.

Data collection The RHMCD-20 dataset was gathered in Bangladesh using a structured survey

approach that covered a wide range of age groups and professional backgrounds. We
included teenagers, college students, housewives, corporate professionals, and people
in a variety of professions using established methods. A number of thoughtfully
constructed questions on mental health during quarantine were included in the survey,
which was distributed via online and in-person channels. These inquiries were
designed to gather a thorough grasp of the experiences of the participants,
encompassing elements linked to behavioral changes, stress, frustration, family history
of mental illness, physical changes, mood swings, coping strategies, interests at work,
and social interactions. In order to further our understanding of the topic, the survey
was designed to measure the mental health difficulties that individuals in Bangladesh
experienced when they were isolated for an extended period of time.

Data source location Department of Computer Science and Engineering Northern University Bangladesh &

Daffodil International University, Dhaka, Bangladesh.
Khilgaon, Uttara and Bashundhara residential area, Dhaka, Bangladesh.

Data accessibility Repository name: Mendeley data

Data identification number: 10.17632/pxjmjyfdh2.1
Direct URL to data: https://data.mendeley.com/datasets/pxjmjyfdh2/1

1. Value of the Data

.

The RHMCD-20 datasets are highly valuable due to the crucial information they offer in
understanding and dealing with various aspects of mental health and overall well-being
while under quarantine. Every characteristic adds to a comprehensive picture of partici-
pants’ experiences and provides insightful information.

Researchers can use these datasets to create predictive models and learn more about fac-
tors of isolation, such as age, gender, employment, and number of days spent indoors,
that affect mental health. The details on mounting stress, frustrations during the quaran-
tine, habit changes, and coping mechanisms offer important data points for researching
the psychological effects of prolonged isolation.

Including past mental health issues, weight changes, and mood swings is beneficial It
makes it possible to investigate intergenerational mental health and identify risk factors
for specific treatments. Using important markers of participants’ mental health during
quarantine, researchers use this data to identify trends and create specialized interven-
tions for those feeling emotional disorders during long-term isolation.

The dataset provides insights into participants’ work-related experiences, including
changes in work interest and struggles with social interactions. This information is es-
sential for understanding the broader impact of quarantine measures on individuals’ pro-
fessional and social lives.

This dataset is a vital resource for researchers investigating the relationship between ma-
chine learning and healthcare. It combines historical benchmarks and real-time metrics in
the field of clinical data, especially mental health. It enables the development of intelli-
gent algorithms and complex predictive models to improve knowledge and assistance for
mental health issues.
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2. Background

The RHMCD-20 dataset originated from a thorough investigation of the dynamics of mental
health among people in Bangladesh during quarantine. As opposed to datasets that concentrate
on particular sectors or industries, this dataset aims to explore the complex emotional and psy-
chological terrain that is shaped by prolonged periods of isolation. Providing a thorough grasp
of the complex difficulties that people from a variety of backgrounds and occupations encounter
while under quarantine is the goal. Its potential to advance mental health care and research
makes this dataset significant. The dataset captures the diversity and depth of experiences by
compiling data from a broad range of participants, such as professionals, housewives, college
students, and teenagers. From demographic information to more in-depth questions about stress,
frustrations, coping strategies, and habit changes, the dataset’s questions are carefully crafted to
reveal important details. The dataset has a greater impact when Al technologies are integrated.
The objective is to not only record and capture experiences, but also to open the door for cre-
ative approaches to mental health treatment. The dataset attempts to provide customized inter-
ventions and support strategies that are in line with the changing field of mental health research
and the particular difficulties brought about by Bangladeshi quarantine experiences by utilizing
artificial intelligence. The RHMCD-20 dataset is essentially the result of a deliberate attempt to
connect the fields of Al and mental health, promoting a better comprehension of and ability to
address the intricacies of psychological well-being during isolation.

3. Data Description

While compiling the RHMCD-20 dataset, we took care to include information from a wide
range of sources, including teenagers from Bangladesh, college students, housewives, profession-
als from businesses and corporations, and other people. We guarantee representation from a
range of life stages and professional backgrounds with our inclusive approach. The dataset at-
tempts to provide a complete picture of the mental health of the Bangladeshi populace during
quarantine by combining viewpoints from various ages, genders, and professional domains. This
wide variety of participants adds to the dataset’s richness and depth and enables a detailed
investigation of the experiences of mental health among a range of people dealing with the
difficulties of prolonged isolation in Bangladesh.

A total of 1000 participants took part in the survey; of these, 825 responded, yielding an
approximate 82.5% response rate overall. The percentage of missing responses (175) divided by
the total number of participants yields the missing response rate, which comes off to be 17.5%.
This suggests that 17.5% of the respondents did not fill out the survey.

Our dataset’s questions are sincerely formed to reveal important facets of people’s expe-
riences during quarantine, providing crucial information for mental health treatment and re-
search. Starting with personal information such as age, gender, and profession, these questions
were foundations for the participants’ background. One of the key factors affecting mental health
during quarantine is the degree of social isolation, which is explored in the question about the
number of days spent indoors. To capture emotional and behavioral shifts and provide important
insights into the psychological impact of isolation, questions about increasing stress, frustrations
in the initial weeks of quarantine, and major changes in eating and sleeping habits aim to cap-
ture emotional and behavioral shifts, offering valuable insights into the psychological impact of
isolation. The exploration of family mental health history and changes in body weight introduces
a generational and physical health perspective. More specific mental health dimensions are as-
sessed through questions about extreme mood swings, difficulties coping, and loss of interest in
work. Lastly, the inquiry into feeling mentally weak during interactions sheds light on social and
emotional challenges. This dataset serves as a comprehensive tool for mental health care profes-
sionals and researchers, facilitating tailored interventions, support strategies and understanding
of the multifaceted nature of mental health experiences during quarantine. The questions ad-
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dress a variety of behavioral, psychological, and demographic aspects, emphasizing how these
components are interrelated under the particular conditions of a worldwide pandemic.

Demographic Information: To gather basic demographic information, the first questions ask
about age, gender, and occupation. Understanding the various circumstances and backgrounds of
the survey respondents requires knowledge of these specifics.

Quarantine and Behavior Modifications: The next queries focus on the effects of quarantine,
including the amount of time spent indoors and any notable changes to sleeping and feeding
schedules. These investigations add to a better understanding of behavioral adaptations by illu-
minating the lifestyle changes people have made in response to the pandemic.

Stress and Emotional Well-Being: In order to better understand participants’ emotional well-
being, the survey asks questions on how much stress they felt they had been under during
the first two weeks of quarantine in particular. The emotional and psychological aspects of the
respondents’ experiences are further explored with questions concerning abrupt mood swings,
difficulties managing, and feelings of mental weakness in social situations.

Physical Health Changes: By asking the same question again about variations in body weight
during a quarantine, the need of keeping an eye on physical health outcomes which may be
strongly linked to mental health is highlighted. This simultaneous emphasis on psychological and
physical factors offers a comprehensive viewpoint on people’s well-being during the pandemic.

Work and Social Engagement: The survey’s final section looks at shifts in interest in work-
related topics, possible drops in interest, and emotions of mental fragility in social situations.
These inquiries delve into how the pandemic has affected the participants’ social and profes-
sional lives, providing a window into the wider ramifications for their everyday routines and
mental well-being.

4. Experimental Design, Materials and Methods

A number of factors are included in the data analysis: age, gender, occupation, days spent in-
doors, growing stress, frustrations during quarantine, changes to habits, History of mental health,
fluctuations in weight, mood swings, difficulties coping, interest in work, and social weakness.
The diagram illustrates the relationship between each variable by visualizing it. By using corre-
lation analysis to identify possible dependencies and patterns in the dataset, variables that may
have an impact on mental healthcare can be better understood. The correlation analysis results
for the primary data variables are shown in Fig. 1.

Response Rates
100

Response Rate (%)

20 1

T T
Responses Received Missing Responses
Response Status

Fig. 1. Total responses and missing responses of the partitioners.
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Fig. 2. Heat map displaying the correlations between the dataset variables.
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Fig. 3. Showcases the absence of values of the dataset.

A thorough depiction of the absent data is given in Fig. 3. This analysis focuses on the specific
cases in which these critical variables show gaps in the available data. Finding any discrepancies
in the dataset requires the use of this image. A more thorough dataset evaluation is ensured
and issues with data completeness are greatly addressed by this kind of visual representation.
Missing values in crucial variables are filled in during the data cleaning and missing value fill-
ing procedure. By imputed with the average number, it is addressed. Using the mean imputa-
tion approach, the computed averages were used to fill in the gaps left by missing values for
each variable. The choice to utilize the average was made with the intention of preserving the
dataset’s general central tendency (Fig. 2).
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Completeness of Data after Filling Missing Values
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Fig. 4. Showcases the absence of values after filling the dataset.

Fig. 4 presents the cleaned dataset graphically after imputation. It is crucial to remember that
mean imputation introduces bias if the data is consistently missing and assumes randomness in
the missing data pattern. To guarantee the validity of ensuing statistical analyses, careful evalu-
ation of the suitability of mean imputation for various variable types and awareness of potential
effects on statistical analyses are crucial.

By splitting the data into intervals, or bins, and showing the frequency of occurrences within
each bin as bars, the pie chart illustrates the distribution of the data. A pie chart could show
different aspects of this dataset, including:

« Age: The age distribution of respondents in the quarantine satisfaction survey is shown in
a pie chart. Notably, 26.5% of respondents are between the ages of 20 and 25, 26.3% are
between the ages of 25 and 30, and 24.0% are older than 30. The youngest group is made
up of 23.2% of people who are between the ages of 16 and 20.

Occupation: The distribution of mental health occupations during the quarantine survey
is shown in the pie chart. The largest group is made up of business professionals, who
make up 22.6%, and housewives, who make up 20.4%. 19.3% were students, and 18.0%
were others.

Days-Indoors: Different lengths of time spent indoors during quarantine are depicted in
the pie chart: 22.8% spent 32-60 days, 20.4% spent 15-30 days, 17.6% spent more than
two months, and 20.3% spent 1-14 days. Above 18% of them also went outside each day,
indicating a range of reactions to extended periods spent indoors.

Other Variables: The distribution of other parameters, including Growing Stress, Quaran-
tine Frustrations, Changes in Habits, Mental Health History, Weight Change, Mood Swings,
Coping Difficulties, Work Interest, and Social Weakness, can also be shown using a pie
chart.

.

This dataset’s pie chart is used to graphically depict the frequency of occurrence of par-
ticular values or ranges within various variables, providing insights into the distribution pat-
terns and frequencies of those values within the dataset. A pie chart that shows the frequency
of different levels within the dataset is used in Fig. 4 to illustrate the distribution of mental
health data variables. In the RHMCD-20 Dataset about experiences with quarantine, we put
into practice a mapping procedure for categorical variables. The objective of this mapping is
to provide numerical representations for qualitative data, including age, gender, occupation,
mood swings, and days spent indoors. Given that numerous algorithms require numerical in-
put, this transformation is essential for quantitative analysis, machine learning, and statistical
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Fig. 5. Distribution of variables age, gender, occupation, growing stress, quarantine frustrations, changes habits, mental
health history, weight change, mood swings, coping struggles, work interest, and social weakness.

modeling [1]. We make it possible to examine patterns, correlations, and trends within the
dataset by giving numerical values to categorical labels [2]. Researchers can gain valuable in-
sights into the factors influencing mental health during quarantine thanks to this numeric repre-
sentation, which also improves the dataset’s compatibility with a variety of analytical techniques

(Fig. 5).

Researchers can visit the Mendeley Data repository and use the search function to find the
particular dataset of interest if they are interested in accessing the dataset hosted on Mendeley
Data. Researchers can examine specifics, variables, and related documentation after locating the
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Table 1

An outline of the variables measured in the RHMCD-20 dataset.
Name of data column Description
Age Represents the age of the participants.
Gender Indicates the gender of the participants.
Occupation Represents the participant’s occupations.
Days_Indoors Indicates the number of days the participant has not been out of the house.
Growing_Stress Indicates the participant’s stress is increasing day by day.
Quarantine_Frustrations Frustrations in the first two weeks of quarantine.
Changes_Habits Represents major changes in eating habits and sleeping.
Mental_Health_History A precedent of mental disorders in the previous generation.
Weight_Change Highlights changes in body weight during quarantine.
Mood_Swings Represents extreme mood changes.
Coping_Struggles The inability to cope with daily problems or stress.
Work_Interest Represents whether the participant is losing interest in working.
Social_Weakness Conveys feeling mentally weak when interacting with others.

dataset. Usually, Mendeley Data offers alternatives to get the dataset straight from the repos-
itory. The dataset’s thorough details on age, gender, occupation, and mental health indicators
can provide researchers and policymakers with profound insights into the complex landscape
of mental well-being during the COVID-19 epidemic. Through the use of sophisticated analytical
techniques, researchers are able to identify risk factors for stress and coping and forecast the
course of mental health. By enabling tailored mental health care initiatives, comparative inves-
tigations across demographics offer a comprehensive knowledge of intergenerational changes.
Decisions made by policymakers can be supported by evidence, and they can carefully plan the
distribution of resources and create policies. Workplace-related factors guided the creation of
policies that promote resilience and mental health by illuminating the pandemic’s effects on
professional spheres. Additionally, the information improves public awareness campaigns by fa-
cilitating customized messaging to address particular issues and bolstering community-wide ini-
tiatives to support mental health (Table 1).

This table provides a comprehensive overview of the mapping process, converting categori-
cal survey responses into numerical values for each variable, enhancing the dataset’s analytical
utility [3].

Several popular machine learning algorithms can be used to analyze and predict mental
health in this dataset. This includes binary classification algorithms like SVM and Naive-Bayes,
as well as Random Forest and Logistic Regression. With replies to questions about age, gender,
occupation, and mental health during the COVID-19 pandemic, the RHMCD-20 Dataset is a use-
ful tool for a range of analysis. Machine learning algorithms can be used in predictive modeling
to predict stress levels based on behavioral and demographic data, which can help with individ-
ualized support plans and early intervention. By examining factors including job interest, coping
mechanisms, and behavioral changes, workplace and societal impact evaluations can be carried
out, offering employers and legislators valuable information for developing well-being programs.
When factors like stress, coping mechanisms, and the impact of disorders from earlier genera-
tions are taken into account, intergenerational comparisons can also highlight trends in mental
health experiences among various age groups. The multidimensional nature of mental health
during the pandemic is revealed by these analyses, which gives researchers and policymakers
the information they need to develop support programs and treatments that are specifically tar-
geted at particular behavioral and demographic traits (Table 2).

Analysis of Survey Response Rate and one-sample t-test:

In this section, we analyze the response rate to the survey conducted as part of our research
study. A total of 1000 participants were invited to participate, and of these, 825 respondents
completed the survey, yielding an approximate overall response rate of 82.5%.

The response rate was calculated by dividing the number of respondents (825) by the total
number of participants invited (1000), resulting in the observed response rate of 82.5%. However,
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Table 2
Categorical to numerical mapping of survey responses in the RHMCD-20 dataset.
Variable Original value Mapped value  Question
Age 16-20, 20-25, 25-30, 30-Above O, 1, 2, 3 How old are you?
Gender Female, Male 0,1 Gender?
Occupation Corporate, Others, Student, 0,1,23,4 What is your occupation?
Housewife, Business
Days_Indoors Go out Every day, 1-14 days, 0,123, 4 How many days have you not been
15-30 days, 31-60 days, more out of the house?
than 2 months
Growing_Stress No, Maybe, Yes 0,12 Is your stress increasing day by day?
Quarantine_Frustrations  No, Maybe, Yes 0,12 During the first two weeks of

quarantine, did any kind of
frustration affect your life?

Changes_Habits No, Maybe, Yes 0,12 Major changes in eating habits and
sleeping?

Mental_Health_History No, Yes 0,1 Has there been any change in body
weight during quarantine?

Weight_Change No, Maybe, Yes 0,12 Has there been any change in body
weight during quarantine?

Mood_Swings Low, Medium, High 0,12 Extreme mood changes of?

Coping_Struggles No, Maybe, Yes 0,12 Inability to cope with daily problems
or stress?

Work_Interest No, Yes 0,1 Are you losing interest in working?

Social_Weakness No, Yes 0,1 Are you feeling mentally weak when

talking with others?

to assess the significance of this response rate and to compare it against a hypothesized value,
we conducted a one-sample t-test.

» Formulate Hypotheses:

Null Hypothesis (Hp): The true response rate is equal to the expected response rate (e.g.,
80%).

Alternative Hypothesis (H;): The true response rate is not equal to the expected response
rate.

« Calculate the Sample Proportion:

Calculate the sample proportion of respondents who filled out the survey. In this case, the
sample proportion is 82.5% or 0.825.

« Specify Expected Response Rate:
Define the expected response rate against which you want to test. Let’s say it’s 80%, or 0.80.
« Compute the Standard Error:

Calculate the standard error of the sample proportion using the formula for proportions in
the below equation:

[p+(1-p)
n

SE =sqet[ (1)

Where:
Sg = Standard Error p = Sample proportion (0.825 in this case) n = Sample size (825 in this
case)

« Calculate the T-Statistic:

Calculate the t-statistic using the formula:

_P—Do
t= 5 (2)

Where: p0 = Expected response rate (0.80 in this case)
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- Determine Degrees of Freedom (ds):

Degrees of freedom = Sample size - 1 = 825 - 1 = 824

The sample proportion of respondents who completed the survey was calculated as 82.5 %.
Using this proportion and the expected response rate of 80 %, we calculated the standard er-
ror and subsequently the t-statistic. The computed t-statistic was compared against the critical
value from the t-distribution table, with 824 degrees of freedom and a significance level of 0.05.
From our t-test statistical table, it indicates a positive hypothesis rate (0.10 (Two-tailed) and 0.05
(Two-tailed)).

Our cutting-edge mental health prediction modeling makes use of a variety of potent ma-
chine learning methods, such as Support Vector Machines (SVM), Random Forest, Logistic Re-
gression, and Naive Bayes. These sophisticated methods provide a strong basis for improving
precision and comprehending complex linkages in mental health dynamics. The many perspec-
tives that this algorithmic method offers can be essential in advancing the creation of focused
therapies and tactics that promote mental health [4]. We present a systematic four-step model-
ing methodology that includes data pretreatment, data sampling, data gathering, and the smooth
integration of data into machine learning methods. This thorough methodological approach guar-
antees a solid basis for accurate and dependable analysis and prediction of mental health out-
comes. The main objective is to improve mental health [6] management techniques by facili-
tating more individualized and successful treatments. Using Random Forest, Logistic Regression,
Naive Bayes, and SVM, we want to influence the direction of future mental health research. Rec-
ognizing the various obstacles presented by the ongoing epidemic, this inclusive approach aims
to support the creation of customized solutions that meet the specific requirements of people
navigating the intricacies of mental health [5].

Subsequent investigations employing the RHMCD-20 mental health dataset exhibit consider-
able potential to propel our comprehension and remediation tactics concerning mental health
throughout the current COVID-19 epidemic. Researchers may make use of the different proper-
ties of the dataset to create more accurate models for predicting mental health outcomes by
investigating novel methodologies, such as customized machine learning models and sophis-
ticated statistical analysis. Furthermore, including extraneous variables, such as socioeconomic
indicators or contextual variables, may improve the precision and resilience of prediction mod-
els. Seasonal impacts, geographic differences in mental health issues, and subtle trends may be-
come apparent with more research into the dataset’s temporal patterns and regional variances.
The development of novel approaches for more precise and flexible mental health forecasts can
result from interdisciplinary collaborations between domain professionals, data scientists, and
mental health specialists. Additionally, by using the dataset to investigate new developments in
mental health, such as changes in coping techniques, resilience variables, or the effects of inter-
vention tactics, forward-looking models in line with the changing field of mental health will be
developed.

In conclusion, the RHMCD-20 curated mental health dataset offers a comprehensive range
of characteristics that capture the varied experiences of people throughout the COVID-19 pan-
demic. This dataset includes important characteristics including age, gender, employment, num-
ber of days spent indoors, stress levels, coping strategies, and elements connected to work. The
RHMCD-20 dataset analysis provides important insights into the complex dynamics of mental
health, which serve as a basis for evidence-based treatments and policy recommendations that
are customized to meet the specific requirements of various populations. Researchers and policy-
makers may use this tool to further our knowledge of mental health issues and build resilience
in these unheard-of times.

Limitations

The RHMCD-20 dataset sheds light on the experiences of mental health during Bangladeshi
quarantine. Nevertheless, its drawbacks include the possibility of sampling bias brought about
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by the emphasis on particular groups, the use of self-reported responses, which introduces sub-
jective biases, and a narrow temporal scope that might miss changing conditions. The size of the
dataset is indicative of potential for improving representativeness, even though it is informative.
The depth of understanding may be impacted by the dataset’s lack of certain cultural quirks
and contextual information. Although a useful tool for targeted study within predetermined pa-
rameters, researchers should take these limitations into account and proceed with caution when
interpreting results.
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