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In response to the growing mental health crisis, particularly the risk of suicide,
Machine Learning (ML) and Atrtificial Intelligence (Al) models are being deployed to
detect depression in both youth and adults. The inherent strength of ML models lies in
their capacity to learn from large-dimensional datasets, enabling them to identify
complex, useful patterns within vast amounts of data to facilitate intelligent decision-
making. This research is fundamentally motivated by the need to inform future studies
and interventions aimed at comprehending the manifestation and impact of depression
on the mental well-being of young people and adults.
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1. Introduction

Annual global statistics reveal a staggering public health crisis, with approximately 800,000
individuals dying by suicide each year. This makes suicide the fourth leading cause of death
specifically among individuals aged 15-29 years, according to the World Health Organization
(WHO). Furthermore, the underlying condition of depression can lead to significant physical and
emotional problems that severely impair an individual's ability to work.

1.1Depression

Depression is a remarkably common disorder, impacting over a million individuals globally. The
American Psychiatric Association (APA) defines it as a significant and widespread medical
condition that negatively affects a person's feelings and thought processes. Fortunately, major
depression is treatable.

The disorder is a key contributing factor to suicide in both adolescents and the elderly. Those
experiencing a late onset of depression face particularly complex risk factors. The global rise in
depression has been further compounded by the COVID-19 epidemic, with the stress of the
pandemic leading to increased rates of the disorder worldwide.

Beyond traditional stressors, social media significantly influences mental health. Individuals' minds
are easily affected, leading to issues such as depression, anxiety, low self-confidence, sleeplessness,
and general anxiety. Despite its high prevalence, depression is also associated with a high incidence
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of mortality rates and ranks among the most common disorders.The signs and symptoms of
depression are descripted in the Figure 1
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Figure 1. Signs and symptoms of depression
1.2 Cause of people Death

Depression encompasses a variety of clinical subtypes, which may include neurotic, dysthymia (or
dysthymic), endogenous, melancholia (or melancholic), atypical, seasonal, psychotic, postpartum,
and unipolar depression.

Functional disability and death can be rooted in conditions such as chronic obstructive pulmonary
disease, liver sickness, neurologic illness, cancer, and chronic pain, impacting individuals across all
races and genders. In the context of national health, Figure 2 highlights the ten leading causes of
death in the United States in 2020. This data is compiled and released in a report by the National
Centre for Disease Control and Prevention.

1 |State Sex Race/Ethnicit Age Group First Year Last Year Rank Cause of Death Deaths

2 | United Sta Both Sexe: All Races, 15-24 yrs 2020 2020 1 Unintentional I 15117
3 | United Sta Both Sexe: All Races, 15-24 yrs 2020 2020 2 Homicide 6466
4 | United Sta Both Sexe: All Races, 15-24 yrs 2020 2020 3 Suicide 6062
5 | United Sta Both Sexe: All Races, 15-24 yrs 2020 2020 4 Malignant Neog 1306
6 | United Sta Both Sexe: All Races, 15-24 yrs 2020 2020 5 Heart Disease 870
7 | United Sta Both Sexe: All Races, 15-24 yrs 2020 2020 6 COVID-19 501
8 | United Sta Both Sexe: All Races, 15-24 yrs 2020 2020 7 Congenital Ano 384
9 | United Sta Both Sexe: All Races, 15-24 yrs 2020 2020 8 Diabetes Melliti 312
10 | United Sta Both Sexe: All Races, 15-24 yrs 2020 2020 9 Chronic Low. R 220
11 |United Sta Both Sexe: All Races, 15-24 yrs 2020 2020 10 Complicated Pr 191
12 |United Sta Both Sexe: All Races, 25-34 yrs 2020 2020 1 Unintentional I 31315
13:| United Sta Both Sexe: All Races, 25-34 yrs 2020 2020 2 Suicide 8454
14 | United Sta Both Sexe: All Races, 25-34 yrs 2020 2020 3 Homicide 7125
15 |United Sta Both Sexe: All Races, 25-34 yrs 2020 2020 4 Heart Disease 3984
16 |United Sta Both Sexe: All Races, 25-34 yrs 2020 2020 5 Malignant Neoj 3573
17 |United Sta Both Sexe: All Races, 25-34 yrs 2020 2020 6 COVID-19 2254
18 | United Sta Both Sexe: All Races, 25-34 yrs 2020 2020 7 Liver Disease 1631
19 |United Sta Both Sexe: All Races, 25-34 yrs 2020 2020 8 Diabetes Melliti 1168
20 |United Sta Both Sexe: All Races, 25-34 yrs 2020 2020 9 Cerebrovascula 600
21 |United Sta Both Sexe: All Races, 25-34 yrs 2020 2020 10 Complicated Pr 594
22 |United Sta Both Sexe: All Races, 35-44 yrs 2020 2020 1 Unintentional I 31057
23 |United Sta Both Sexe: All Races, 35-44 yrs 2020 2020 2 Heart Disease 12177

Figure 2.The ten leading causes of death in the United States in 2020 for all races and both sexes.
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1.3 Depression Prevention strategies

Preventing depression involves a multifaceted approach influenced by numerous factors. To
effectively mitigate the risk in both men and women, it is crucial to ensure smooth maintenance of
individual aspects, including attitude, knowledge, age, coping skills, and genetics.

Supportive social structures also play a vital role. Family members can contribute significantly by
fostering good mental health and financial stability, which in turn helps reduce depressive
tendencies. Furthermore, environmental factors are important, as a green environment and healthy
food are known to improve mental health.

The pervasive influence of social media presents a nuanced challenge; it contains both beneficial and
harmful information, meaning the likelihood of depression can fluctuate based on an individual's
usage patterns. Lastly, community stressors like academic pressure can also be a direct cause of
depression. Figure 3 details these various spheres of influence for avoiding depression in youth.

— Influences to avoid depression of youth
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Figure 3 Factors influence to avoid the depression of youth
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2. Related Works

Growth of hyperactivity disorder and depression in adolescents [1].Hence, depression risks creating
cognitive emotions in the human being. The implicit and explicit degrees are used as self-report.
Patients also investigate repeated maladaptive and little use of adaptive behaviours. This research
focused on risk assessment and prevention approaches to depression. The Survey of mental health
report [2] assessed the impact of expressive disorders on children and adolescents in Australia. The
effect of individual mental disorders on work with family and friends in school and at work can
indicate the severity of disorders. The 4-17 age groups of children had 8% of mild disorder and
adolescents had 3% of moderate and 42% of severe disorder. This report provides information about
service and support. Youth used various forms of support to deal with their behaviours and emotional
issues. Sergio G et al. [3] employed machine learning algorithms such as Logistic Regression
Classifiers (LOGREG), Support Vector Machines (SVM), Multinomial Nave Bays (MNB), and K-
Nearest Neighbours (K-NN).Models are implemented using Python and use map and radius pattern
techniques to detect anxiety and depression patterns in text processing. The algorithm SS3 provides
61% of F-measure and 63% of precision performance.

The author [4] focused on multi-parametric Remote Measurement Technologies (RMTS). It includes
wearable devices and smartphone apps for symptom tracking. The author can provide a protocol to
find depression symptoms and notifications with the help of technical as RMTs. Though smart phone
data is collected by an app and a faith device. This scientific report [5] describes the impression of
the COVID-19 sickness on cognitive conditions and indications. It provides information about the
prevalence of suicidal thoughts and behaviours and mental health service access. This survey shows
the pooled resultof data about data analyses, which contain a comparison with prevalence of pre-
pandemic situations. The experiments are conducted by time series analysis of monthly movements
in twenty onecountries. Depression is a general health problem due to intellectual difficulties.
Kshirsagar et al. [6] investigated the unique model that can be analysed through deep learning
methods with convolution neural networks. This model used more parameters for image emotion
analysis to validate the performance of the classifier, and the model produced 74% of the results.
This research used a hypothesis that a person with a depression measure value, which indicate the
whether individuals are depressedor not depressed. But this approach has not been tested in high
resolution photos.

Major depression and substance use disorders [7] cause suicidal behaviour in young people.
Internationally, suicide is an example of a community health problem. The World Health
Organization estimated 703 000 deaths by suicide annually in 2021 in the Americas by an increased
rate of 17%. In the high-income country of Canada, 90% of young people will commit suicide in
2021.

Millions of citizens internationally suffer from depression. Evaluation, delighting, and avoiding
recurrence requires near-term identification of symptoms of depression. This can be improved
through machine learning. The proposed intelligent techniques to identify depression through long-
term and short-term memory of recurrent neural networks with the TensorFlow deep learning tool.
The depression and suicide dataset used for analysis is taken from the kaggle website. It classifies the
depression and non-depression categories for a given depressed dataset. Depression influences the
young and aged equally to somatic disease, and the association is mutual [8]. This study suggested
that as white matter changes on MRI, it processes dysfunction. Exercise and nutrition ideas are
motivated to avoid depression. The author suggested using electroconvulsive therapy to be safe for
geriatric patients. This research recommends the electronic health record and Internet-based testing
to analyse the depression of young and old people.

https://internationalpubls.com 804



Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 31 No. 7s (2024)

Suicides are commonly associated with depression, which occurs due to economic causes, social
causes, and un-curable diseases. Various suicide prediction models have been developed [9]. Now a
day who commit suicide of individual is significantly increased. The range of 35-54 years of age was
fourth, and women age of 75 had the highest tendency to commit suicide. The number of suicides in
Japan increased during the COVID-19 pandemic [10]. Preventive measures are essential, which are
published by a national policy agency. The Granger Causality Test (GCT) and Vector
AutoRegression (VAR) models are applied to predict the suicides. In this model not provides,
information about which age people may commit suicide. versus the age at which they look for
suicide-related in sequence may differ. But, Tablets, computers and smartphones are used for
searching to identify mental health depression people [11-13] and describe the usage of Internet-
based Depression Treatment and blended cognitive-behavioral therapy, different psychotherapies for
treating depression. The behavioural activation for depression is to engage less in pleasant activities,
which indications of increased depressed mood.

This review gives data about the model of social networking service (SNS) utilisation and its
connection with SNS addiction among university students [14]. SNS and mental health status,
consisting of nervousness and miserable symptoms. This study helps to reduce SNS addiction by
conducting activities for cognitive-behavioural techniques. Cognitive behavioural therapy (CBT) is
the gold standard of therapy treatment [15], which presents a chance for intellectual behavioural
psychotherapists for remote areas through videoconferencing to help the patients. This research
focuses on people with depression symptoms. Internet-based involvement assures improved access to
cerebral physical condition care for a larger public people and in additional distant places. The
authors [16] demonstrated the performance of the model for different mental treatments and
depression prevention. The treatment standardisation of measurement time is a challenge in this
model.

The aspects of pandemic and mental health present current evidence-based responses and recovery
work internationally for health care providers and policy-makers [17-18]. In setting up and
preserving a therapeutic alliance [19-21], which is essential to working together with the patient
when making treatment decisions. Also, considering the patients' preferences is essential to avoid
depression disorder. Suicide risk must be carefully assessed in all patients with major depressive
disorder. This evaluation contains information about symptom identification, means, plans, common
medical situations, and family history of suicide.

During COVID-19, maintaining the mental health of people needed some good actions. Pay attention
to providing telecounselling remotely to frontline health-care workers and households affected by
depression and anxiety. Substance use disorders, neurological conditions, and suicide risk are all
examples of mental health conditions [22]. This survey reports that the worldwide economy loses an
additional US$ 1 trillion per year due to depression and anxiety. Depression disturbs 264 million
individuals in the world. The more common stages of symptoms of depression and anxiety have been
found in several countries. In Ethiopia, an estimated 33% of symptoms, Canada 47%, China 50% and
Pakistan 42% come from depression. Priority attention needs to be given to guarding and supporting
the human rights of members of the public suffering from bad mental health conditions due to
depression. Authors [23-25] described depression and psychological distress through a correlation
between the psychological distress score and comorbidities.

For children, students, and staff, frequently gathering, analysing, and performing on data is a very
vital role for academic requirements, health requirements, and mental health issues [26-37]. Hence,
planning and implementation (student placements and hospitalization) regarding the need for guide
lines to the people This research reports how to take decision making when depression is causing
children, students, and staff in schools and universities. Connect data review to goals and outcomes.
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Grade retention, climate surveys, school specialists, learning outcomes, and mental health services
are all possible sources of data. Authors give recommendations for raising quires. It can be
understood by Figure 4 through enhancing workforce capacity among the students.

Figure 4 motivating the students without depression

Md. Zia Uddin et al. investigated the framework using text mining with a recurrent neural network
(RNN) of deep learning concepts to detect depression [38]. The concept of RNN is applied to time-
sequential data. It contains recurrent connections between current state history and hidden states. For
data visualisation purposes, linear discriminant analysis is applied.Lee et al. [39] acknowledged the
unipolar and bipolar depression and Nero imaging subtypes are identified from the brain image
features.

4. Outcome analysis

Umme et al.[40] conducted an analysis of depression in children aged 4-17 years using the Young
Minds Matter (YMM) dataset. This analysis focused on family activities and socio-economic issues
to detect depression and successfully achieved high precision.

The study utilized the Random Forest (RF) algorithm for classification. The RF method works by
splitting the dataset into numerous subsets and applying a decision tree algorithm to each of these
splits. The final prediction is determined through a voting mechanism among all the individual
decision trees.

The performance of the RF algorithm was highly effective in identifying metal depression in
patients, yielding a detection rate of in 10-fold cross-validation and in 5-fold cross-validation. The
sequential flow of the RF algorithm and the statistical cross-validation results are illustrated in Figure
5 and Figure 6, respectively.
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Figure 7 Pandemic causes spike in depression
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Figure 8 Major depression status of U.S. Adults in the year of 2017 based on sex
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Figure 9 Major depression status of U.S. Adults in the year of 2017 based on Age
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Figure 10 Major depression status of U.S. Adults in the year of 2017 based on ethnicity
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Figure 11, Figure 12, and Figure 13 show the depression status of U.S. adults in the year 2020, based
on sex, age, and race, respectively. Based on gender, females had the highest rate of mental
depression with 10.7% and adults aged 18-25 were highly affected in the year 2020. Based on race,

black people are extremely affected due to mental depression in the year 2020.

Major depression status of U.S. Adults in the year of 2020 Depression

15
10.5
S
% ® Major depression status of U.S.
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Female Male Overall
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Figure 11 Major depression status of U.S. Adults in the year of 2020 based on Sex
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Figure 12 Major depression status of U.S. Adults the year of 2020 based on Age
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Figure 13 Major depression status of U.S.adults the year of 2020 based on race
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Figure 14 Figure 15 and Figure 16 show the depression status of U.S. adolescents in the year 2020,
based on sex, age, and race, respectively. Based on gender, females had the highest rate of mental
depression with 25.2% and adults aged 50+ were highly affected in the year 2020. Based on race,
white people are extremely affected due to mental depression in the year 2020.

Major depression status of U.S. Adolescents in the year of 2020
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Figure 14 Major depression status of U.S. Adolescent in the year of 2020.

Major depression status of U.S. Adolesults in the year of 2020

25 219

20 182
c 15 -
.09’ 11.2 _ _
S 10 — I E— I— Major depression status of U.S.
=8 Adolescents in the year of 2020
QO 5 —— A EE— I— Depression

0
18-25 26-49 50+
Age

Figure 15 Major depression status of U.S. Adolesults the year of 2020.
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Figure 16 Major depression status of U.S. Adolesults the year of 2020 based on race
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5. Conclusion and Future directions

The premature detection of mental health depression in children and adolescents is vital, as it enables
the initial diagnosis necessary for their advancement in educational, community, and developmental
spheres. Among adults aged 50 and older, mental health depression disorders stand as prominent
causes of illness and incapacity. For the youth population, particularly adolescents aged 15-29 years,
the elevated rate of suicide remains the fourth primary reason for death.

The consequences of failing to adequately address adolescent and adult mental health conditions are
far-reaching, leading to compromised mental health and restricted opportunities for adults to lead
fulfilling lives. The findings of this research exploration can therefore be applied to facilitate the
timely diagnosis of the disease and the introduction of treatment at an early stage.

Future investigations might focus on the early detection of mental health depression through the
continued development and application of artificial intelligent algorithms.

References

[1] Jutta S. Mayer, Geva, A. Brandt, Juliane Medda, Ulrike Basten , Oliver Grimm and Andreas
Reif, Christine M. Freitag, Depressive symptoms in youth with ADHD: the role of impairments
in cognitive emotion regulation, European Archives of Psychiatry and Clinical Neuroscience,
Vol. 272, Pp.793-806, https://doi.org/10.1007/s00406-022-01382-z, 2022.

[21 Report on the second Australian child and adolescent survey of mental health and wellbeing,
Australian Government, 2015.

[3] Sergio G. Burdissoa,b, Marcelo Errecaldea, Manuel Montes-y-G_omezc, A Text Classi_cation
Framework for Simple and E_ective Early Depression Detection Over Social Media Streams,
Pp.1-20, 2019.

[4] Katie M White, Faith Matcham, Daniel Leightley, Ewan Carr, Pauline Conde, ErinDawe-Lane,
Yatharth Ranjan, Sara Simblett, DClinPsy, Claire Henderson, Matthew Hotop, Exploring the
Effects of In-App Components on Engagement With a Symptom-Tracking Platform Among
Participants With Major Depressive Disorder (RADAR-Engage): Protocol for a 2-Armed,
Randomized Controlled Trial, JMIR Research Protocols, Vol. 10, No.12, 32653, 2021,
https://www.researchprotocols.org/2021/12/e32653.

[5] Mental Health and COVID-19: Early evidence of the pandemic’s impact, scientific brief, 2022.

[6] Pravin R. Kshirsagar, Hariprasath Manoharan, ShitharthSelvarajan and Hassan A.
AlteraziDilbagSingh and Heung-No Lee , Perception Exploration on Robustness Syndromes
With  Pre-processing Entities Using Machine Learning Algorithm |, 2022. doi:
10.3389/fpubh.2022.893989.

[71 Vivian N. Onaemo, Timothy O. Fawehinmi, and Carl D’Arcy, Risk of Suicide Ideation in
Comorbid Substance Use Disorder and Major Depression, 2022,
doi.org/10.1101/2022.02.28.22271669

[8] Olivia J. Ding and Gary J. Kennedy, Understanding Vulnerability to Late-Life Suicide, Current
Psychiatry Reports , Vol.23, N0.58, 2021, https://doi.org/10.1007/s11920-021-01268-2.

[9] Mrs. B Ida Seraphim, Subroto Das and Apoorv Ranjan, A Machine Learning Approach to
Analyze and Predict Suicide Attempts, International Journal of Engineering Research &
Technology, Vol. 10, No. 04, 2021.

[10] Kazuya Tairal, Rikuya Hosokawal, Tomoya Itatani, Sumio Fujita, Predicting the Number of

https://internationalpubls.com 811


https://doi.org/10.1007/s00406-022-01382-z
https://www.researchprotocols.org/2021/12/e32653
https://doi.org/10.1007/s11920-021-01268-2

Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 31 No. 7s (2024)

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

Suicides in Japan Using Internet Search Queries: Vector Autoregression Time Series Model,
JMIR  public health and surveillance, wvol. 7 No. 12, e34016, 2021,
https://publichealth.jmir.org/2021/12/e34016

Claire Rosalie van Genugten, Josien Schuurmans, Adriaan W Hoogendoorn, RicardoAraya,
Gerhard Andersson, Rosa Barios, Cristina Botella, Arlinda Cerga Pashoja, Roman Cieslak, David
Daniel Ebert, Azucena Garcia-Palacios, Jean-BaptisteHazo, Rocio Herrero, Jérdbme Holtzmann,
Lise Kemmeren, Annet Kleiboer, TobiasKrieger,Ewelina Smoktunowicz, Ingrid Titzler,
NairaTopooco, AntoineUrech,Johannes, H Smit, and Heleen Riper. JMIR Mental Health,
Examining the Theoretical Framework of Behavioral Activation
for Major Depressive Disorder. vol. 8, No. 12, P p. 1-14, 2021. doi: 10.2196/32007.

Cuijpers P, Noma H, Karyotaki E, Vinkers CH, Cipriani A, Furukawa TA. A network meta-
analysis of the effects of psychotherapies, pharmacotherapies and their combination in the
treatment of adult depression. World Psychiatry, Vol.19, Pp.92-107, 2020, doi:
10.1002/wps.20701.

Cuijpers P, Oud M, Karyotaki E, Noma H, Quero S, Cipriani A, et al. Psychologic treatment of
depression compared with pharmacotherapy and combined treatment in primary care: a network
meta-analysis, Ann Fam Med, Vol.19, No.3, Pp.262-270, 2021 .

Munder T, Fluckiger C, Leichsenring F, Abbass AA, Hilsenroth MJ, Luyten P, et al. Is
psychotherapy effective? A re-analysis of treatments for depression. EpidemiolPsychiatr Sci,
Vol.28, No.3, Pp. 268-274, 2018, doi: 10.1017/s2045796018000355.

Cuijpers P, Karyotaki E, Eckshtain D, Ng MY, Corteselli KA, Noma H, et al. Psychotherapy for
depression across different age groups: a systematic review and meta-analysis, JAMA Psychiatry,
Vol.77, No.7, Pp.694-702, 2020, doi: 10.1001/jamapsychiatry.2020.0164.

Lindsay H Dewa, Emma Lawrance, Grad Dip Science Communication, Lily Robertsl, Hutan
Ashrafianl, Gianluca Fontanal, and Paul Aylin., Quality Social Connection as an Active
Ingredient in Digital Interventions for Young People With Depression and Anxiety: Systematic
Scoping Review and Meta-analysis, Journal of medical internet research, vol.23 , NO. 12,
Pp.1-22, 2021. doi: 10.3389/fpsyt.2019.00759.

Kazuki Matsumoto, Sayo Hamatani, and Eiji Shimizu, Effectiveness of Videoconference-
Delivered Cognitive Behavioral Therapy for Adults With Psychiatric Disorders: Systematic and
Meta-Analytic Review, Journal of medical Internet Research, Vol. 23, No. 12, Pp. 1-13, 2021.
doi: 10.2196/31293.

Tingxuan Wang1, Janet Y H Wong, Man Ping Wang, Amanda Chiu Yin , and Sang Suk Kim, and
Jung Jae Lee. Effects of Social Networking Service (SNS) Addiction on Mental Health Status in
Chinese University Students: Structural Equation Modeling Approach Using a Cross-sectional
Online Survey, Journal of medical Internet Research,Vol.23, No.12, Pp.1-14.2021 ,doi:
10.2196/26733.

Soltani S, Tabibzadeh A, Zakeri A, Mohammad Zakeri A, Latifi T, Shabani M, et al. COVID-19
associated central nervous system manifestations, mental and neurological symptoms: a
systematic review and meta-analysis. Rev Neurosci. 2021;32(3):351-361. doi:10.1515/revneuro-
2020-0108.

Rogers JP, Chesney E, Oliver D, Pollak TA, McGuire P, Fusar-Poli P, et al. Psychiatric and
neuropsychiatric presentations associated with severe coronavirus infections: a systematic review
and meta-analysis with comparison to the COVID-19 pandemic. Lancet Psychiatry. Vol.7, No. 7,

https://internationalpubls.com 812


https://publichealth.jmir.org/2021/12/e34016

Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 31 No. 7s (2024)

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]
[31]

[32]

[33]

[34]

[35]

https://internationalpubls.com

2020, 611-627. doi:10.1016/S2215-0366(20)30203-0.

Alan J. Gelenberg, Marlene P. Freeman, John C. Markowitz, Jerrold F. Rosenbaum, Michael E.
Thase, Madhukar H. Trivedi, and Richard S. Van Rhoads, PraceGuidelien for the Treatment of
Patients With Major Depressive Disorder, American Psychiatric Association, 2010.

Taylor MJ, Freemantle N, Geddes JR, Bhagwagar Z: Early onset of selective serotonin reuptake
inhibitor antidepressant action: systematic review and meta-analysis. Arch Gen Psychiatry 2006;
63:1217-1223.

Posternak MA, Zimmerman M: Therapeutic effect of follow-up assessments on antidepressant
and placebo response rates in antidepressant efficacy trials:meta-analysis. Br J Psychiatry 2007;
190:287-292.

United Nation Policy Brief, COVID-19 and the Need for Action on Mental Health, Executive
summary, Pp.2-17.

Huriyyah Abdullah Alfaraj, Fatmah Hazza Alsharif and Mona Mohamed Elhady, Psychological
Distress among Healthcare Workers with Chronic Diseases during the COVID-19 Crisis,
Hindawi Mental Illness, Volume 2022, Article ID 6653259, 10 pages, emerald publishing,
https://doi.org/10.1155/2022/6653259

Z. Zhu, S. Xu, H. Wang et al., “COVID-19 in Wuhan: socio demographic characteristics and
hospital support measures associated with the immediate psychological impact on Mental Iliness
healthcare workers,” EClinicalMedicine, vol. 24, no. 100443,p. 100443, 2020.

M. K. Al-Hanawi, M. L. Mwale, N. Alshareef et al., “Psychological distress amongst health
workers and the general public during the COVID-19 pandemic in Saudi Arabia,” Risk
Management and Healthcare Policy, vol. Volume 13, pp. 733-742, 2020.

S. E. Hines, K. H. Chin, D. R. Glick, and E. M. Wickwire, “Trends in moral injury, distress, and
resilience factors among healthcare workers at the beginning of the COVID-19 pandemic,”
International Journal of Environmental Research and Public Health, vol. 18, no. 2, p. 488, 2021.

Dr. Miguel A. Cardona Secretary of Education, U.S. Department of Education, Supporting child
and student social, emotional, behavioural and mental health needs, Pp. 1-103, 2021.

Suicide Prevention: A Review and Policy Recommendations report, Pp. 1-26, 2020.

Abramovich, A. and Cleverley, K., A call to action: The urgent need for Trans inclusive measures
in mental health research. Canadian Journal of Psychiatry, VVol.63, No. 8, 532-537, 2018.

Feigelman, W., Cerel, J., Mcintosh, J.L. Brent, D. and Gutin, N., Suicide exposures and
bereavement among American adults: Evidence from the 2016 General Social Survey. Journal of
Affective Disorders, Vol.227, 1-6, 2018.

Furgan, Z., Sinyor, M., Schaffer, A., Kurdyak, P. and Zaheer, J., ‘I can’t crack the code’:
Whatsuicide notes teach us about experiences with mental illness and mental health care.
Canadian Journal of Psychiatry, VVol.64, No.2, 98-106, 2018.

Kumar, M.B. and Tjepkema, M., Suicide among First Nations people, Métis and Inuit (2011-
2016): Statistics Canada Catalogue no. 99-011-X2019001, 2019.

Sunghee Kim, Hye-Gyeong Son, Seoyoon Lee 1, Hayoung Park and Kyu-Hyoung Jeong , A
Study on the Relationship between Depression Change Types and Suicide Ideation before and
after COVID-19, Health care, MDPI, 10, 1610, 2022,
https://doi.org/10.3390/healthcare10091610.

813


https://doi.org/10.1155/2022/6653259
https://doi.org/10.3390/healthcare10091610

Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 31 No. 7s (2024)

[36]

[37]

[38]

[39]

[40]

[41]

https://internationalpubls.com

Brown S, Schuman DL. Suicide in the Time of COVID-19: A Perfect Storm. J Rural Health, Vol.
37, No. 1, Pp. 211-4, 2021.

Guyen M.-H., et al., A dataset of students’ mental health and help-seeking behaviors in a
multicultural environment. Data, Vol.4, No. 3, Pp. 124, 20109.

Deep learning for prediction of depressive symptoms in a large textual dataset, Md. Zia Uddin,
Kim Kiristoffer Dysthe, AsbjrnFlstad, and Petter Bae Brandtzaeg, Neural Computing and
Applications, Vol. 34, 721-744,
https://doi.org/10.1007/s00521-021-06426-4, 2022.

Lee, Ellen ETorous, John De Choudhury, Munmun, and Artificial Intelligence for Mental Health
Care: Clinical Applications, Barriers, Facilitators, and Artificial Wisdom in Biological Psychiatry.
ISSN: 2451-9022, Cognitive neuroscience and neuroimaging, Vol.6, No.9, 2021, ISSN: 2451-
9022, DOI: 10.1016/j.bpsc.2021.02.001.

Enamul Kabir, Rasheda Khanam, Umme Marzia HaquelD, Detection of child depression using
machine-learning methods, PLOS ONE, 16(12), e0261131, 2021,
https://doi.org/10.1371/journal.pone.0261131.

Felix Richter, impact of Covid-19 pandemic on mental health, U.S. mental health issues report,
2022.

814


https://doi.org/10.1371/journal.pone.0261131

