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Abstract: The mental well-being of students is a critical aspect of their overall development and academic success. Emotion analysis and
mental health detection play vital roles in identifying students who may be struggling with various psychological challenges. These
challenges can range from everyday stressors to more serious mental health disorders. Traditional methods of assessment often rely on
self-reporting or observations by professionals, which may not always be accurate or timely. Therefore, leveraging advanced technologies
like deep learning can provide more effective and scalable solutions to address these issues. This research paper explores the application
of deep learning techniques, particularly CNN, alongside other methodologies, for emotion analysis and mental health detection in students.
Deep learning algorithms have demonstrated remarkable capabilities in processing and understanding complex data, making them well-
suited for analysing multimodal inputs such as text, audio, and visual cues, which are often present in students' interactions and expressions.
By integrating deep learning methods with psychological theories and principles, this study aims to enhance the accuracy and
interpretability of emotion analysis and mental health detection models. Specifically, CNNs are employed to learn hierarchical features
from the diverse input data, enabling more nuanced interpretations of students' emotional states and mental well-being. The findings of this
research are expected to contribute significantly to the development of intelligent systems capable of providing timely and personalized
support to students, thereby fostering their mental well-being and academic success.
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emotion analysis and mental health detection, which may
shed light on pupils' emotional states and identify any
possible mental health issues. Recognizing that kids face
numerous academic and psychological demands and
stresses is fundamental to the issue. Every aspect of a
student's life is complicated, from meeting academic
requirements and social expectations to taking care of
one's family and overcoming personal obstacles. Some

1. Introduction

It is crucial for kids' general growth and academic success
that they take care of their mental health. There has to be
better ways to detect and treat mental health disorders as
there has been a rise in student awareness of these issues
in recent years. Crucial tools in these endeavours include
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pupils may feel helpless in the face of these obstacles,
while others may be able to handle them with grace and
strength. A complex comprehension of their emotional
health and mental health condition is necessary for
identifying these people and offering them the right kind
of assistance. Historically, mental health assessments for
students have depended on self-reporting and expert
observations, both of which are subjective measurements.
Despite the wuseful insights they provide, these
methodologies nevertheless have their limits. Unlike
professional observations, which may not always capture
the whole scope of students' experiences and can be
resource-intensive, self-reporting is susceptible to biases
including social desirability and low levels of self-
awareness. The need for mental health assessments that
are more objective and more scalable is thus becoming
increasingly apparent.

Here we have deep learning, a cutting-edge subfield of Al
that shows great potential for processing intricate datasets.
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When it comes to image identification, pattern detection,
and natural language processing, deep learning
algorithms—and CNNs in particular—have shown to be
quite effective. Researchers may learn more about
students' emotional and mental health by creating models
that can process multimodal data streams, which include
visual, auditory, and textual inputs. This is made possible
by deep learning. A fresh way to evaluating pupils' mental
health has emerged through the combination of deep
learning techniques with psychological concepts.
Researchers may build trustworthy models based on a
thorough knowledge of human behaviour by integrating
computational methods with well-established theories of
emotion and psychological functioning. In instance,
convolutional neural networks (CNNs) are ideal for this
job because they can extract hierarchical features from
large datasets, which allows for detailed analyses of
pupils' emotional states and indications of mental health.

The research has far-reaching consequences for student
wellbeing and educational outcomes, making it significant
beyond academics. Educators and mental health experts
may proactively assist kids by creating smart systems that
can identify and respond to their emotional and mental
health needs in real-time. Additionally, educational
institutions may improve students' mental health and
general wellness by cultivating an atmosphere of empathy
and understanding. Examining the function of deep
learning methods like convolutional neural networks
(CNNSs) and the possible consequences of incorporating
psychological concepts into computer models, this
introduction will go further into the theoretical
foundations of emotion analysis and student mental health
detection. The intricacies of student mental health and the
revolutionary potential of deep learning to tackle these
issues will be explained through an examination of current
literature, theoretical frameworks, and actual data.

In today's world, it is crucial to treat kids' mental health
concerns. A growing number of students in higher and
secondary education have reported difficulties with
mental health in recent years. Academic demands, the
power of social media, economic uncertainty, and the
stigma associated with mental health are all contributing
causes to this upsurge. There has been a dramatic increase
in the need for mental health services at educational
institutions as more and more students seek help for
conditions including anxiety, despair, stress, and burnout.
In addition, students' preexisting mental health issues
have been worsened by the COVID-19 epidemic, which
has increased their stress, loneliness, and uncertainty. It is
impossible to disregard the negative effects of untreated
mental health concerns on students' future opportunities,
general health, and academic performance. Academic
failure, strained social connections, substance misuse, and
thoughts of suicide can result from untreated mental

health issues. In addition to influencing the student
directly, mental health problems can have far-reaching
consequences for their loved ones, classmates, and even
entire  neighbourhoods. Academic institutions and
lawmakers are putting more effort into taking proactive
steps to help students' psychological well-being,
acknowledging the need of making student mental health
a priority. Among these initiatives are the following: the
development of a welcoming and accepting campus
climate; the inclusion of courses on mental health in the
course outline; and the establishment of easily available
and reasonably priced mental health services on campus.
These changes have stoked interest in studying how to use
cutting-edge tech, such as deep learning, to identify
pupils' mental health issues and analyze their emotions.
Researchers hope to improve students' mental health and
academic performance by creating scalable and accurate
ways to detect those who may be experiencing mental
health challenges. This will allow for early intervention
and assistance. In conclusion, it is critical for modern
society to address student mental health difficulties.
Academic institutions may effectively promote excellent
mental health practices and support students' general well-
being by acknowledging and addressing the particular
problems that students encounter. We can improve mental
health outcomes and provide every kid a chance to
succeed academically and personally by applying cutting-
edge technology for emotion analysis and mental health
detection.

2. Literature Survey

1. In this [1] the study introduced a methodology aimed at
leveraging distributed machine learning techniques to
detect signs of mental health disorders from publicly
available communication data. By analysing patterns in
societal communication, the approach demonstrated
effectiveness in identifying potential indicators of mental
health issues at an early stage. The findings contribute to
the field of intelligent systems and applications by
offering a scalable and efficient method for proactive
mental health monitoring using distributed machine
learning frameworks. The authors' work represents a
significant advancement in harnessing technology to
address mental health challenges through innovative
approaches to data analysis and prediction.

2. In this [2] the authors employed multiple machine
learning algorithms, the study comprehensively analyzed
both protective and risk factors associated with adolescent
suicide behavior. The authors' work represents a
significant contribution to youth psychology and mental
health research, offering a nuanced perspective on the
predictive power of machine learning in identifying and
mitigating suicide risk among adolescents.
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3. In this survey, autonomous monitoring systems in
mental health were comprehensively examined by the
authors the research provided an extensive overview of
various autonomous monitoring systems designed for
mental health applications. By synthesizing existing
literature and advancements in the field, the survey
outlined the landscape of autonomous monitoring
technologies, highlighting their role in enhancing mental
health assessment and support. The findings contribute to
the interdisciplinary discourse on data mining and
knowledge discovery, offering insights into the evolution
and efficacy of autonomous monitoring systems for
mental health.

4. In this, the author [4] introduced an innovative
methodology to analyze and interpret user behavior
indicative of depression and suicidal tendencies. By
leveraging Transformer-based models and XAl
techniques, the approach aimed to provide transparent and
interpretable insights into the wunderlying factors
contributing to such behaviors on social media platforms.
The findings contribute to the field of cognitive systems
research by offering a nuanced understanding of online
user behavior related to mental health issues. The authors'
work represents a significant step forward in developing
interpretable Al systems for detecting and understanding
sensitive behaviors in online social networks, with
potential implications for early intervention and support.

5. In this the author [5] provided an extensive overview of
various machine learning approaches used in modeling
anxiety, stress, and depression. By synthesizing existing
literature and methodologies, the review outlined the
landscape of machine learning applications in mental
health research. The findings contribute to the field by
offering insights into the diverse range of algorithms and
techniques employed for understanding and predicting
mental health conditions. The authors' work serves as a
valuable resource for researchers, clinicians, and
policymakers seeking to leverage machine learning for
enhanced diagnosis, monitoring, and intervention in
anxiety, stress, and depression.

6. In this the author published in Multimedia Tools and
Applications, the research introduced an innovative
methodology that combines deep learning techniques to
analyze and identify factors associated with early-stage
postpartum  depression. By leveraging advanced
algorithms, the hybrid approach  demonstrated
effectiveness in uncovering both the prevalence and risk
factors of postpartum depression during its early stages.
The findings contribute to the field of mental health
research by providing insights into the complex dynamics
of postpartum depression and offering a data-driven
approach for its detection and mitigation. The authors'
work represents a significant advancement in leveraging

deep learning for understanding and addressing mental
health challenges in new mothers.

7. In this the author [7] explored the effectiveness of both
approaches in detecting psychological stress. By
comparing the performance of ANN and CatBoost, the
research provided insights into the strengths and
weaknesses of each method in identifying stress
indicators. The findings contribute to the field of
intelligent systems and applications by offering a
comprehensive evaluation of machine learning techniques
for psychological stress detection. The authors' work
serves as a Vvaluable resource for researchers and
practitioners interested in employing advanced algorithms
for mental health assessment and intervention.

8. In this [8] the author aimed to enhance opioid overdose
surveillance through a transparent and interpretable
machine learning approach. By leveraging emergency
medical services data, the framework provided valuable
insights into patterns and trends associated with opioid
overdose incidents. The study's findings contribute to the
field of public health by offering a robust methodology for
monitoring and analyzing opioid-related emergencies in
real-time. The authors' work represents a significant
advancement in leveraging machine learning for proactive
surveillance and intervention strategies to combat the
opioid crisis.

9. In this [9] by leveraging machine learning techniques,
the research aims to develop a comprehensive model for
early detection and intervention. The findings contribute
to the understanding of adolescent mental health by
highlighting the significance of socioeconomic and life
circumstances in depression risk prediction. The authors'
work represents a step towards developing targeted
interventions and support systems for at-risk adolescents
based on a holistic assessment of their environment and
life experiences.

10. In this [10] the author published in Soft Computing,
the research introduces an innovative approach to address
the challenge of noisy labels in psychological assessment.
By integrating a correction mechanism, the method aims
to enhance the accuracy and reliability of psychological
evaluations. The study's findings contribute to the field of
soft computing by offering a robust methodology for
mitigating the impact of noise in psychological data
analysis. The authors' work represents a significant
advancement in developing more robust and reliable tools
for psychological assessment, with potential applications
in clinical settings and research.

11. In this [11] exploring teachers' experiences and
perspectives, the study highlights the importance of
providing mental health education and resources to
educators. The findings contribute to public health
initiatives by emphasizing the critical role of teachers in

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(20s), 729-738 | 731



promoting student well-being and advocating for
comprehensive mental health support in educational
settings. The authors' work underscores the need for
targeted interventions and support systems to empower
teachers as frontline responders to mental health concerns
among students.

12. In this [12] published in Applied Mathematics and
Nonlinear Sciences, the study investigates how
voluntarism can be enhanced and sustained through the
integration of deep learning techniques. By examining the
intersection of volunteerism and deep learning, the
research aims to identify strategies for optimizing
volunteer efforts and promoting sustainable engagement
among college students. The findings contribute to the
field of applied mathematics and nonlinear sciences by
offering insights into the potential of leveraging
technology, specifically deep learning, to support and
enrich college volunteerism initiatives. The authors' work
represents a novel exploration of innovative approaches to
fostering  social  responsibility and  community
engagement within educational institutions.

13. In this [13] published in the Mental Health Review
Journal, the research investigates the impact of Intinn on
adolescents' understanding of mental health issues and
their overall well-being. By employing a combination of
qualitative and quantitative methods, including surveys
and interviews, the study provides a comprehensive
evaluation of the intervention's outcomes. The authors'
work underscores the importance of tailored interventions
in addressing mental health challenges and promoting
positive mental health outcomes among young people.

14. In this [14] published in the American Psychologist,
the authors examine whether individuals are viewed
merely as data points or as persons with inherent dignity
and rights. The article critically evaluates the implications
of Al-driven approaches for mental health research,
emphasizing the importance of respecting individuals'
autonomy, privacy, and agency. By engaging with the
participatory turn, which emphasizes collaboration and
empowerment of research participants, the authors
advocate for an ethical framework that prioritizes human
values and well-being in Al-driven mental health
research. The article contributes to ongoing discussions in
psychology and Al ethics by highlighting the need for
ethical considerations to guide the development and
implementation of Al technologies in mental health
research and practice.

15. In this [15] the research examines the feasibility of
leveraging EMA data and advanced machine learning
algorithms to predict the onset or severity of depressive
symptoms among this demographic group. By capturing
real-time data on individuals' experiences and behaviors
through EMA, coupled with sophisticated machine

learning models, the study aims to provide early
identification and intervention strategies for depressive
symptoms in emerging adults. The findings contribute to
the field of psychiatry research by offering insights into
the potential of integrating EMA and machine learning for
proactive mental health monitoring and support. The
authors' work represents a significant step forward in
leveraging technology for personalized mental health care
and intervention.

Mental Disorder Prediction based on CNN

Natural Neural Network Software. Computer scientists
and Al researchers have developed a model of the 2 SPC's
information distribution process called an artificial neural
network (ANN). neural network, allowing the computer
to learn and recognise data in a manner similar to that of
the human brain. Neural networks (NNs) are able to do
computations and disseminate information via a vast
network of linked neurons. They are frequently employed
for describing the intricate connection between input and
output and for investigating the internal structure and
patterns of data. The functional characteristics of artificial
neural networks (ANNSs) are determined by their
topological structure of connections, the strength of
synaptic connections, or connection weights. The weights
of every NN link may be represented by a matrix W. All
of it represents the NN's stored information about the
current situation. NN learning or training essentially
entails the dynamic adjustment of variable weights, which
allows the network to learn and train samples in a way that
continuously changes the network's connection weight
and topology, bringing the network's output closer to the
desired output.

W
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X

X

Fig 1: Artificial Single Neuron

An artificial neuron mimics the behaviour of a real one by
simulating its input data weighted summation. To achieve
the processing of increasing or decreasing the neuron's
output value, it maps the acquired network input using the
activation function. The n inputs of a neuron are denoted
as x1, x2,..., xn, the connection weight for each input is
denoted as wl, w2,..., wn, 0 stands for the threshold, and
y represents the neuron's actual output value. F is known
as the activation function in this context. An individual
artificial neuron computer system is depicted in Figure 1.

y = f(2?=1 WiXj — 9) 1)
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NN research places a premium on studying learning since
CNN's learning mechanism is the third key component
that dictates CNN's information processing performance.
Learning algorithms and rules are what alter the weights.
Whenever all of the weights are adjusted by one
processing unit, the network demonstrates "intelligent"
behaviour. Data preparation plays a crucial part in ANN,
as it distributes and stores meaningful information in the
modified weight matrix.

x® = f(wh @ x¢~V + bt) )

Determine the structure of the

Having high-quality data that is near the end result allows
the network to converge more rapidly. In contrast,
incorrect data will prevent the network from performing
as expected, regardless of the settings used. The
development process of the model service is demonstrated
using the example of identifying prevalent psychiatric
disorders among university students using five features.
The five input qualities are as follows: behaviour,
emotional state, nutrition and sleep, personality traits, and
health conditions. An NN for the detection of mental
ailments is built using four prevalent mental illnesses
among college students as training data.

convolutional neural network

Psychological disorder data collection

|

Initialize connection
weights and thresholds

Data chaos preprocessing ‘

| Particle swarm initialization ‘

Optimal connection
weight and threshold

Update the optimal position of I
individual and group

l

Neural network training

L— Update particle position and velocity

Establish an optimal predictive model
of psychological pre-obstacle

Fig 2: Working of improved NN model for psychological order

The symptoms of mental disease are enormous and
complex in reality, with numerous overlapping
connections between them. In order to build the NN
recognition training set, just five unique similarities are
chosen in this case. The following is the premise that the
upgraded NN psychological barrier forecasting model
operates on. Before using chaos algorithm to preprocess
historical data on psychological diseases, it is hecessary to
collect data on psychological obstacles. This will help in
understanding how the features of these disorders vary
over time. In the end, NN is trained using pre-processed
historical data of psychiatric disorders, and the optimal
model for predicting these disorders is built using the
particle swarm optimisation approach, which fixes NN's
current issues. The enhanced NN-based mental disorder
forecasting model's operating concept is shown in Figure
2. Life as a college student is a pivotal time for personal
growth and development. Many challenges, including
dealing with emotions and integrating into society, will
arise during this time. Mental health issues like anxiety
and depression can manifest if not addressed
appropriately. You may calculate the convolution layer
using this formula: It is recommended to preprocess the
input and output data of NN before training it. This will

make the training process more efficient and speed up the
training of the existing NN. The transformation of abstract
ideas into concrete numerical values is an essential step in
NN computation. Each characteristic is represented by a
six-dimensional vector value to help with data
discrimination.

expexp (xTw;)

-, expexp (xTwy)

Pl =jlx) =5 ©)
k

The full connection layer fuses the outputs of the four sub
convolution networks. The first full connection layer has
dimensions of 512 bytes, while the second full connection
layer has dimensions of 256 bytes. This allows for a total
of 26 x 64 features. The final output classifier is the
SoftMax function.

When asked to choose an excitation function, most people
choose with Rectified Linear Units (ReLU).Overfitting
and gradient disappearance may be avoided with the use
of the ReL U excitation function.Here is the definition of
the ReL.U excitation function:

feor(x) = (0,x) (4)
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To avoid overfitting and maximise CNN's performance,
dropout is a great tool to have at your disposal. feature
representation of data is crucial for a successful model
training process.

If the data is better represented, irrelevant aspects in the
original data will have less of an impact on the training
outcomes, and relevant information relevant to the
training job will be preserved. The psychological
resistance degree is used to sort the characteristics of each
influencing factor. There are m distinct mental
performance state sequences for college students with m-
dimensional psychological complexity, where P1, P2,...
Pk are the probabilities of k distinct sequences, and the
likelihood of each sequence is rated. Can you explain
permutation entropy.

Hpp(m) = —j = 1XPjInp; ©)

Input layer Embedding layer

onvolutional layer

with multiply filters with soft

_ __Hpg
0< Hpp = o<1 (6)

3. Experimentation

An RNN-based NER system for extracting stressor
mentions and a CNN-based binary classifier for selecting
tweets about suicide made up the meat and potatoes of the
deep learning-based architecture used in this research.
Each of these two modules was tested independently with
the following procedures. In order to train the CNN model
for the binary classifier, we used two rounds of
annotations, one for the first step and one for the second.

Using the initial set of annotations labelled Positive and
Negative, we trained a convolutional neural network
(CNN) model. A ratio of 7:1:2 was used to split the tagged
tweets from the remaining 3000 candidate tweets into
three sets: training, validation, and testing.

Max pooling layer Fully conn

Fig 3: CNN binary classifier for suicide traits estimate

The three sets served as the basis for training and
evaluation of the CNN-based classifier. For this study, we
initialised the CNN's embedding layer with the GloVe
Twitter embedding and compared its performance on
dimensions of 50, 100, and 200, respectively. We also
tested a number of more conventional ML algorithms. A
common input characteristic  for  conventional

. )

classification algorithms is a weighted average of the
tweet's word vectors. We used industry-standard measures
like F-measure, recall, and accuracy to assess the
classifiers' efficacy.

The following tests were conducted for the RNN based
NER:

CRF layer

@ Token embedding

Character embedding

Bi-LSTM layer

Character Bi-LSTM

® O,
T |
O+ O
O O
Token layer Q Q "
t t

T)—~00— ©

|
2

T

Fig 4: Architecture of RNN framework
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1. Stressor recognition performance compared across
three different GloVe Twitter embedding dimensions (50,
100, and 200). Standard measures, including as recall,
precision, and F-measure, were used to assess and report
the performance of various embedding dimensions. These
metrics were based on the following: inexact match
(where an entity's boundaries overlap), same-boundary
match, and exact match.

2. A comparison of the performance of stressor
identification trained using Twitter data alone and that
trained utilising a transfer learning technique. In order to
transfer information linked to stressors to the target
domain of Twitter, the transfer learning technique made
use of clinical notes as the source domain. There was a
6:2:2 split between the training, validation, and testing
sets for the tweets that had a positive label in the second
round of annotation. Here are the specific experiments
that were carried out:

a. We compare the performance of training with and
without Twitter data using various sizes of annotated
tweets in the transfer learning technique. We tested how
well it worked with5,10,20,30,40,50, and 60% (all
training data) of training data.

Consistent setup was maintained for the validation and
testing datasets. Precision, recall, and F-measure—which
are based on exact match and inexact match,
respectively—were reported as standard measures.

b. Analysing the results of passing pre-trained parameters
up the RNN framework's levels, beginning with the token
embedding layer and progressing via the character LSTM
layer, token LSTM layer, fully connected layer, and
finally the CRF layer.

4. Results

Classification of tweets concerning mental health issues
and suicide

We tagged 3263 tweets as Positive or Negative in the
initial round of annotation. Positive (suicide related)
annotations were applied to just 623 of these tweets. After
using this annotated dataset to train the binary classifier
(R=0.79, F=0.72), we proceeded to choose 3,000 tweets
for the second iteration of annotation. Out of all three
thousand tweets, 1985 were marked as positive, and
within those positive tweets, 2162 had stressor titles.

Table 1: In order to classify tweets about suicide, we utilised a CNN algorithm and word embedding characteristics. For
each row, the highest number is bolded.

D=50 D=100 D=200
Precision Positive 0.78 0.76 0.79
Negative 0.69 0.70 0.65
Recall Positive 0.88 0.90 0.84
Negative 0.57 045 0.56
F-1 measure Positive 0.83 0.82 0.81
Negative 0.59 0.55 0.60

Tweet categorization pertaining to suicide

The results showed that the Positive type had an excellent
recall, with an ideal value of 0.90. Its total F-measure was
likewise adequate for real-world use, coming in at 0.83,
the ideal. The CNN-based algorithm, conventional
machine learning methods. The results reveal that the

CNN model performed best in terms of overall accuracy,

negative type

performance,

and positive type

performance. After the CNN model, Bi-LSTM came in

second.
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Table 2: Analyse CNN in comparison to other algorithms. Using SVM, Extra Trees, Random Forest, and Logistics
Regression. In both directions, LSM is being applied. Bold indicates the highest number in the row.

CNN  SVM  ET RF LR Bi-LSTM
Precision Positive 0.78 07 0.69 069 0.7 0.73
Negative 069 072 058 05 0.67 0.65
Recall Positive 088 096 094 088 0.94 0.9
Negative 0.51 0.21 0.17 0.24 0.23 0.37
F-1 measure Positive 0.83 0381 0.79 0.77 0.8 0.81
Negative 0.59 033 027 033 034 047
Accuracy 0.74 0.703 0689 0665 0697 0.72

Using transfer learning for stressor recognition tasks

As shown in Figure 4, we began by examining the effects
of different Twitter dataset training set sizes. The F-
measure improved for both learning algorithms as the
number of training samples increased. Although the
benefit of using transfer learning to increase the F-
measure faded with increasing training sample sizes, it
was still an improvement over training with Twitter data
alone. Transfer learning on other NER tasks is compatible

with this phenomenon [34]. Transfer learning can reduce
the amount of annotations needed to attain the same level
of performance as training using Twitter data alone.
Figure 4 shows that compared to the baseline method,
which used 40% of the training data from Twitter, transfer
learning utilising 32% of the data produced a higher F-
measure

Table 3: Recognising stressors in word embeddings, providing accurate and approximate matching. Random Fields with
Conditions. Brackets denote the greatest value in a column.

Precision Recall F-1 measure

exact inexact exact inexact exact inexact
GloVe Twitter 50 04868 0.6843 04765 0.6745 04816 0.6794
GloVe Twitter 100 05822 0.7123 04906 06057 0.5325 0.6546
GloVe Twitter 200 05248 0.6808 0.4977 06484 (05108 06642
CRF 0.600 0.784 0.398 0572 0478 0.661

The effects of passing parameters up to each RNN model layer, 53.25% for precise match, while the one with transferred

earned the greatest F-measure at 56.7%.

F measure (%)

40

30

Training set size

—e—no transfer

transfer

Fig 5: The effect of increasing the number of parameters in the RNN model for stressor identification via a method of
imperfect matching
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Fig 6: Every time the model advances LSTM layer, F-1 amount is taken.

The F-measure might be increased by transferring all
layers as well, but not to the same extent as by moving
merely a subset of the layers regarding inexact match.
With an F-measure of 53.25 percent, this framework was
the most effective by precise match. We further
investigated the effects of clinical note transfer learning
on the Twitter corpus. When comparing the results of
training with and without Twitter data, we discovered that
transfer learning reduced the annotation cost of tweets
while maintaining performance standards. This is the first
attempt that we are aware of to use deep learning
techniques to extract mental stresses from Twitter data.
With this framework, analysis will be more exact than
with lexicon-based text analysis, which frequently
generates a lot of noise. When compared to traditional
machine learning methods, which need a large number of
hand-crafted  features, the deep learning-based
architecture significantly reduces the amount of time and
effort spent on feature engineering. The very imbalanced
dataset is a typical drawback of machine learning-based
Twitter data analysis. Using a multi-stage process, we
were able to construct a precise Twitter corpus connected
to suicide, reducing the effect of unequal distributions of
classes and entities. There are still certain restrictions on
our research. Because there is a dearth of real-world data
on the precise mental health state of Twitter users, this
study has significant limitations. The tweets' contents
formed the basis of the annotations. It is possible that our
dataset contains some tweets that are actually about
suicide, but the content may not accurately indicate the
mental health status. Also, we can only use one tweet in
our research at the moment because that's all the data we
have. Tweets can be easily misunderstood due to their lack
of context. On the stressor recognition task, there is still
potential for improvement. When it comes to stressor
recognition, the boundary problem is the most typical
form of prediction mistake. Researchers in this work used

deep learning techniques to a stressor detection challenge,
and they got decent results (exact match F-measure:
54.9%). It would suggest that NER tasks on Twitter are
more difficult than NER tasks in other fields. On several
entity identification tasks, such as person, location, etc.,
the majority of the state-of-the-art systems obtained F-1
measures ranging from forty percent to sixty percent in the
two most recent Twitter NER challenges [37, 38]. We
argue that our outcome is on par with the best-case
scenarios that have been accomplished so far, taking into
account the fact that stressor recognition is a considerably
more complex challenge.

5. Conclusion

Last but not least, investigating student emotions and
mental health using deep learning methods, especially
Convolutional Neural Networks (CNNs), emphasises how
important it is to deal with student mental health in the
modern educational system. There is an immediate need
for effective and scalable solutions to help students'
psychological well-being, since the frequency of mental
health issues is on the rise. Additional research and
applications in this field might benefit from CNNs. A
student's emotional discomfort or mental health condition
can be detected subtly with their help because of their
capacity to analyse multimodal data streams, extract

hierarchical characteristics, and recognise nuanced
patterns. Researchers can improve mental health
outcomes and create a more conducive learning

environment by using CNNSs to build more accurate and
dependable models for early identification and
intervention. The field of emotion analysis and the
identification of mental health issues in students have
tremendous untapped potential for growth and
development in the years to come. Improvements to
current approaches, additions to data sources and
modalities, and the development of more tailored and
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adaptable therapies are all possible outcomes of ongoing
research and development in this field. Further, to propel
advancement and efficiently meet kids' requirements,
there must be continuous cooperation among researchers,
teachers, mental health experts, and computer developers.
Basically, we're only at the start of our path towards
bettering student mental health via deep learning and
CNNs. We can create a future where every kid has the
tools they need to succeed intellectually, emotionally, and
socially by utilising innovative technology and
collaborating across disciplines.
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