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Social media generates massive amounts of data, but the sheer volume and unstructured
nature of this data make it challenging to analyze and understand. Data visualization is
a powerful method to graphically represent complex datasets, enabling clearer insights
into public discourse. This paper introduces a web-based visualization system,
AutDepViser, designed to analyze and visualize the symptoms and causes of autism and
depression in Saudi Arabia. Due to the sensitive nature of clinical data, posts related to
autism and depression were collected from X.com as an alternative data source. These
posts were preprocessed, tokenized, and analyzed using Latent Dirichlet Allocation
(LDA) to extract meaningful topics and patterns. The findings, visualized in multiple
formats, reveal the most frequently mentioned symptoms and causes for both
conditions. Notably, genetics was the dominant cause of depression, and vaccines the
dominant cause of autism, in the collected posts. Commonly highlighted symptoms for
both conditions included anorexia, communication problems, stress, and sleep issues. It
also found common factors, such as the role of smart devices. The COVID-19 pandemic
also emerged as a major factor, suggesting that the pandemic has led to worsening
mental health issues for both autism and depression. This visualization shows key
information about public attitudes, myths, and facts surrounding autism and depression.
The persistent myth that vaccines are a cause of autism, for instance, highlights the need
for targeted public awareness and education campaigns. In summary, these findings not
only showcase the advantage of using AutDepViser as a tool for repetitively extracting
valuable insights from unstructured social media information, but also emphasize the
ability to help policymakers and health care practitioners with controlling
misconceptions, enhancing early detection, and feedback targeted interventions for
mental illness in Saudi Arabia. This includes attempts to integrate data from additional
sources, improve the analysis, or work with experts to ensure alignment between the
findings and what clinicians and public health are interested in.

1. INTRODUCTION

fields. Data visualization has reached high value and
popularity in our lives to facilitate the understanding of Big

With the spread of the Internet and social media, it has
become easy for anyone to publish and share information with
others, which has led to the appearance of the term “Big Data.”
Twitter is one of the most popular social networks, where users
can express their problems, feelings, and opinions about health,
social, and other issues [1]. Thus, there are many data that can
be used, analyzed, and visualized, making the information
easier to understand.

In fact, the information about healthcare or disorders shared
on social media significantly influences users' perceptions,
often shaped by the personal experiences people post.
However, if this shared content conflicts with established
medical knowledge, it can lead to confusion among users and
potentially result in them following misguided advice [2].

Globally, there is a high demand for data visualization
because of its importance and impact in business and research
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Data by representing them graphically and helping in decision-
making [3].

Numerous studies have focused on analyzing and
visualizing published data related to mental disorders to gain
insights into their characteristics and common symptoms. In
this study [4], they examined and visualized various
dimensions of individuals' social media posts, including
activity patterns, vocabulary usage, psychometric attributes,
and emotional indicators. Through the exploration of these
dimensions, they identified several notable differences that
have the potential to assist healthcare practitioners in
determining the likelihood of an individual being affected by
a mental disorder.

This paper presents a visualization system of some
widespread disorders in the Kingdom of Saudi Arabia that
have not received sufficient attention-autism and depression.
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These conditions are considered due to their significant impact
on public health. A study conducted in Riyadh in 2022
estimated that 2.51% of children aged 2 to 4 years (equivalent
to 25 per 1,000) are affected by autism disorder [5].
Additionally, depressive disorders are a major global
contributor to disability and disease burden and are ranked as
the fifth leading cause of death and disability in Saudi Arabia
[6]. Many studies have found that there are overlapping
symptoms between autism and depression [7], and depression
is probably the most common symptom that occurs in autistic
persons [8]. This makes clear that society needs adequate
awareness about the symptoms and causes of autism and
depression. Therefore, in this study we used some
visualization techniques to improve the understanding of the
relationship between the autism and depression from the
society view.

The main goal of this paper is to develop an AutDepViser
visualization system. Data from X.com (formerly Twitter)
related to autism and depression in Saudi Arabia are collected.
Then, the dataset is prepared and cleaned with natural
language processing techniques to be analyzed with Latent
Dirichlet Allocation (LDA) modeling. Finally, the results are
presented with multiple data representation methods to reach
the most important results related to these two diseases, such
as causes, symptoms, and common shared points between
them. This visualization will represent the data in easy and
clear ways, so this will help the reader quickly understand the
data when looking at them.

This paper offers valuable insights for analysts and the
general public interested in examining content shared within
community posts on X.com. By leveraging the visualizations
presented in this paper, individuals can gain a clearer
understanding of common symptoms and perceived causes of
mental disorders from a societal perspective. Furthermore, the
findings could assist the healthcare sector in identifying
misinformation prevalent among the public regarding such
disorders, highlighting the potential need for targeted
awareness campaigns to address these misconceptions.

The remainder of this paper is arranged as follows: Section
2 presents related work on visualization systems, and Section
3 describes the developed visualization system. Results and
discussions are presented in Section 4. Finally, Section 5
concludes and outlines directions for future work.

2. RELATED WORK

In this section, related work on visualization systems is
reviewed.

Ashok et al. [9] implemented a real-time disease monitoring
system. to achieve this goal, they proposed properly scraping
and preprocessing tweets to detect and track diseases.
Furthermore, the tweets were mapped according to
geographical data in densities of the disease in question. It
helps predict outbreaks of disease earlier and to prepare for
them. However, unlike ours, it is a real-time system.

Kang et al. [10] also made a breakthrough in proposing
coordination evaluation of multi-agent systems and proposed
PG-CODE (Policy Knowledge Graph for Coordination among
Government Departments), which focuses on the problem of
evaluation of the coordination among the different
departments of China with only limited data (up to October
2023). This coordination has been evaluated by traditional
methods such as subjective manual analysis. PG-CODE used
a knowledge graph to organize and interconnect information
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from different policy documents. The system extracted key
themes for each policy using topic modeling techniques
(specifically Latent Dirichlet Allocation (LDA)). This made it
possible to objectively analyze coordination strength and
information flow within and between different levels of
governance. The validity of PG-CODE was verified by its
application to analyze rural innovation and entrepreneurship
policies in China. This practice enhanced our comprehension
about inter-departmental collaboration, and the results are
shown below. PG-CODE used LDA for the thematic analysis,
but this was limited to policy evaluators. Our system, by
contrast, applies LDA to analyze social media data, and
explore interconnections.

Dang et al. [11] generated an analytic tool called
HealthTvizer to determine health awareness in the United
States using people’s tweets. The researchers applied topic
modeling to detect the disease name and other information that
can help in examining and exploring to take the required steps
to increase understanding of public health. This system is
similar to our system. While similar in applying topic
modelling, our system examines the relationship between
autism and depression, extending the scope beyond single-
disease awareness.

Makris and Mitrou [12] presented a novel method for
automatically classifying books and collections based on their
subject matter. It integrated Latent Dirichlet Allocation (LDA),
which identified underlying topics within the text, with a
structured subject term vocabulary. By analyzing the
frequency of words within book Table of Contents and their
association with specific subjects, the method established
probabilistic relationships between words and subjects. This
allowed it to determine the likelihood of a book belonging to
various subject categories. The approach was successfully
applied to a large collection of Springer e-books,
demonstrating its effectiveness in accurately classifying books
based on their subject content. This work created an efficient
and automated model for book classification using the benefit
of a statistical model and a structured form of subject
knowledge representation. Although this model managed to
classify books appropriately, it did not attempt health-oriented
data or dynamic visualization. From a modeling perspective,
our study extends the applications of LDA to study societal
perceptions of a mental health condition, with the benefit of
actionable insights visually illustrated.

According to the study conducted by Li et al. [13], an
unsupervised learning method was used to extract features of
misinformation in Weibo, a popular social media in China.
First of all, they applied BERT (Bidirectional Encoder
Representations  from  Transformers) for  sequence
classification used to distinguish between true and false
information in the dataset and were able to achieve a 100%
recall rate for correctly classifying that the information is false.
However, true information precision was low, with 3%
precision, 6% recall, and an F1 of 6%, suggesting significant
levels of misclassification. To address this, the researchers
conducted a Latent Dirichlet Allocation (LDA) analysis on the
misclassified true information, identifying specific features
that led to incorrect classification. Additionally, social
network analysis revealed the presence of structural holes
within the information network. This study contributes to the
understanding of misinformation detection mechanisms and
provides insights into the social dynamics of information
spread. The focus of this work was on information authenticity
and social network dynamics. In contrast, our study applies



LDA to examine health-related discourse, emphasizing the
identification and visualization of key topics.

As reported by Ma and Wang [14], a semantic graph was
created to discover depression symptoms. Because of privacy
issues related to patients’ medical data, the authors used public
tweets about depression by multiple Twitter users. They
suggested an approach that combines a prediction model and
natural language processing to obtain a semantic graph. The
final graph can be used to create intelligent software for health
professionals for depression diagnosis. This study concern
about depression only, while our system concern about the
depression and the autism and the relationship between them.

Lee et al. [15] demonstrated in their study that a real-time
surveillance system is developed to monitor and predict
seasonal diseases, such as the flu, and the distribution of other
diseases, such as cancer. The data were collected from Twitter
and used spatial, temporal, and text mining methods. In
addition, real-time monitoring findings were visually recorded
in terms of US disease surveillance charts and timelines of
disease forms, signs, and therapies. The final visual results
were expected to help promote quicker responses to and
planning for epidemics and make better decisions. Our focus
is not on real-time surveillance but on providing a web-based
visualization platform to analyse and compare common
symptoms and causes of autism and depression.

The findings of Stojanovski et al. [16] suggest that a
visualization tool called TweetVis was developed to visualize
the topic distribution in Twitter by entering any keyword. The
final output is represented as a streamgraph with the help of
the LDA algorithm. In our system, LDA algorithm was used
but to investigate the relationship between the diseases.

Ji et al. [17] designed a monitoring system called ESMOS
to show how concerned Twitter users are about multiple
diseases. This system uses machine learning algorithms to
classify Twitter users’ opinions about different diseases. Then,
it visualizes the result as a map to determine the progression
of a specific disease with the time and place.

Although previous research has made much progress in
utilizing social media data to monitor, raise awareness of, and
analyze health problems, there is historically limited focus on
the comparison between two conditions of any type, such as
autism and depression. Related works are largely limited to
analyzing diseases, symptoms, or public health awareness as
separate phenomena. But they do not sufficiently address
overlapping conditions, nor do they provide interactive, web-
based visualizations designed for comparative analysis of
symptoms and causes. In addition, less focus is on using LDA
to understand relationships between diseases. This disparity
underscores the necessity for a system that is not just able to
visualize individual disorder phenotypes, but rather able to
discover possible connections between disorders to inform and
aid in both public perception and health research.

This paper presents a web-based visualization system that
graphically visualise the most common symptoms/causes of
two common disorders, autism and depression, in different
representations. Furthermore, it can discover possible
overlapping symptoms and causes of both disorders based on
the Latent Dirichlet Allocation (LDA) algorithm.

3. AUTDEPVISER SYSTEM

The way to develop the AutDepViser system, four main
stages were followed:
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(1) Collecting Arabic posts from X.com about autism and
depression.

(2) Preprocessing the dataset.

(3) Applying the LDA algorithm.

(4) Visualizing the results.

The next subsections provide more detail on these stages.

3.1 Data collection

People in Saudi Arabia use X.com extensively to express
their feelings and problems. Because of the relevant privacy
regulations around clinical data that prohibit the direct
gathering of patient-specific clinical notes, the dataset in this
work was collected from X.com. A data mining and machine
learning platform called RapidMiner, was used to collect the
data. As the dataset targeted Arabic-speaking users in Saudi
Arabia, various filtering criteria were utilized during the data
collection process. The posts were filtered by determining the
location to Saudi Arabia and the language to Arabic. This was
to ensure that the dataset reflected the local and cultural
context related to the discourses around autism and depression.
A predefined set of appropriate keywords and hashtags
describing the two disorders was applied to extract relevant
posts. These included terms directly related to symptoms and
causes of autism and depression, such as:

"as il el (Autism symptoms), "as sl Gl (Autism
causes)"UEY) Gl (Depression causes), "UESY) () el
(Depression symptoms).

The collected posts were categorized into two primary
groups:

(1) Symptoms: posts detailing observable traits

behaviors related to both autism and depression.

(2) Causes: posts about perceived or alleged reasons for

these conditions.

Data collection led to a dataset containing a total of 10,000
posts. In addition to ensuring our datasets included relevant
and diverse data, this method demonstrated that social media
platforms such as X.com could serve as a valuable source of
information to study public health issues when researchers did
not have direct access to clinical datasets.

or

3.2 Preprocessing

The collected posts included a lot of unwanted symbols,
words, and irrelevant content. To ensure the dataset was
suitable for analysis and visualization, a few steps of data
cleaning and preprocessing were performed, as outlined below.
These steps were critical in transforming raw social media data
into a structured format ready for analysis.

3.2.1 Removing duplication and irrelevant posts

As a part of preprocessing, duplicate and irrelevant posts are
removed from the dataset by using both automated and manual
processes. An automated Python script found duplicates, then
removed the duplicates. Then, manually marked and removed
the irrelevant posts. This step was important to keep the
collected data pertinent to the purpose of the study. In order to
reduce bias in this manual cleaning process, we devised a
systematic two-step strategy. First, one researcher read all the
posts and flagged those that appeared to be irrelevant using
criteria such as posts that never mentioned autism or
depression or that focused on topics not discussed in the study.
A second researcher then independently reviewed all flagged
posts to validate the original decisions. That way, this two-step



process helped to maintain consistency and minimize potential
misjudgment or subjective biases introduced by single
reviewers. This collaborative process improved the accuracy
and impartiality of data cleaning, leading to a concise and
accurate dataset tailored to the study scope. After this stage,
the dataset size was reduced to 4,268 posts, as shown in Table
L.

Table 1. The posts collection

Name Causes Symptoms
Autism 1083 posts 1095 posts
Depression 1080 posts 1010 posts

3.2.2 Removing stop words and symbols

Stop words are omitted since the meaning of the sentence is
not changed by them, like "and," "the," or "is" [18]. In this step,
the Arabic stop words were removed by using Python, by
matching the posts with a stop words repository. This was
performed by creating Arabic stop words libraries specifically
for this study. Then, the posts matched up against this library,
and the identified stop words were filtered out. In addition,
undesirable symbols like URL links, mentions (e.g.,
@username), emojis, punctuation, and other non-textual
elements were eliminated from the dataset. Using Python’s
Regex module was used to eliminate these elements efficiently.
This way, we were sure that the resulted dataset contained only
significative content, prepared for later preprocessing, analysis,
and visualization.

3.2.3 Tokenization

Tokenization refers to the process of splitting text or
sentences into smaller units, called "tokens"; these could be
individual words, phrases, or even characters. It is a critical
step in processing text for Natural Language Processing (NLP)
cases. Tokenization helps to break the text into derived tokens
that algorithms can consume, typically converting sentences
or paragraphs into lists of words or numbers called tokens [19].
Tokenization frequently refers to breaking down sentences
into n-gram elements when dealing with Latent Dirichlet
Allocation (LDA) and other NLP subjects where n-grams can
be a word (uni-gram), or word sets (bi-gram, tri-gram, etc.),
based on the application we are working on. The default
delimiter in the TF-IDF vectorizer is space, which means that
if there is white space, separate them to form single tokens.
Posts were tokenized, usually at whitespace. For example, this
sentence “Autism symptoms include communication issues”
will be divided into tokens like [“Autism”, “symptoms”,
“include”, “communication”, “issues”]. These individual
tokens (which can be words, numbers, or n-grams) are then
transformed into word vectors or some form of numerical
representations. LDA treats these tokens in the form of word
counts or TF-IDF (Term Frequency-Inverse Document
Frequency) vectors, required for identifying the distribution of
words to topic using numerical data, such as in the case of the
LDA algorithm. Such preprocessing steps ensured a good
quality dataset to build upon while also allowing for efficient
use of the LDA algorithm and various visualization techniques.
The system could then identify prevalent symptoms and
causes of autism and depression and explore possible
correlations between the two disorders, all while cutting
through the noise and providing structure to the millions of
unstructured data points.
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3.3 Application of LDA algorithm

The LDA algorithm is a probabilistic model that can
identify the main topics of the corpus. In general, LDA groups
the unsupervised data into a set of clusters; and helps to find
similarity in the data features. The LDA model process defines
the topics’ collection of different resources by estimating the
distribution of topic-term to indicate how words are distributed
across topics, and document-topic that represents the share of
each topic in individual documents from an unlabelled dataset
by using Dirichlet priors, thereby specifying the topics’
collection of different resources. LDA uses Dirichlet priors,
which allow for meaningful and organised topic
representations. LDA initializes by randomly assigning words
to topics and refines these assignments iteratively based on the
frequency of words appearing in topics together and the
contribution of each topic to each document. The process
repeats itself until the assignments stabilize, which turns into
the cooperating topic structure of the document collection.
LDA models each document as a finite mixture over an
underlying set of topics, where each topic is itself modelled as
an infinite mixture over an underlying set of topic probabilities.
Mathematically, LDA assumes that document-topic
distributions (0) are drawn from a Dirichlet distribution with
parameter a: 0 ~ Dir(a).

Similarly, topic-word distributions (¢_k) for each topic k
are also drawn from a Dirichlet distribution with parameter f3:
¢_k ~ Dir(B).

LDA then generates words (w_n) for each document by first
selecting a topic (z_n) according to the document's topic
distribution (0) and then sampling a word from the chosen
topic's word distribution (¢_z n):

z_n ~ Multinomial(6)

w_n ~ Multinomial(¢_z n)

This generative process allows LDA to discover latent
topics and their associated word distributions within a corpus
of text [20].

Since being able to do this generative process allows LDA
to identify the latent topics and their corresponding
distributions for words in a set of documents. LDA is a
probabilistic topic modeling method that finds latent topics in
a corpus by grouping words with similar semantic
relationships. It is well-suited to this study. Social media posts
are typically short and unstructured, making them challenging
to analyse. LDA's ability to uncover latent semantic structures
and reduce dimensionality enables the extraction of
meaningful patterns from this type of data. Therefore, by
modelling text data as mixtures of topics, LDA provides
insights into the relationship between words and topics,
making it easier to interpret societal perceptions of autism and
depression [21].

In this stage, the principles of LDA were applied separately
to the datasets of symptoms and causes using a Python library
called genism. This separation allowed the algorithm to
identify latent topics within each dataset independently while
maintaining the capability to compare the two conditions. The
model's parameters kept to default such as passes that
determines the number of iterations over the corpus; typically
set to 10, alpha and beta which are hyperparameters
controlling topic and word distribution set to "auto" to allows
the model to learn optimal values, and random_state serves as
a seed. Therefore, the LDA model built with 2 topics which is
the number of topics we want to extract from the dataset.
where each topic contains set of words, and each word has a



certain weight to the topic. Then, extracted word distributions
for the two topics to identify overlapping terms or similar
themes between autism and depression.

3.4 Visualization

The final stage of this research includes visualizing the
results obtained from the previous stages to achieve the study's
objective. An interactive web-based visualization system was
developed to enhance user engagement with the data, offering
a dynamic and exploratory experience. Appropriate tools used
to process the dataset, incorporate model outputs, and facilitate
interactive data visualization.

The system AutDepViser was implemented using Python,
HTML, and CSS. It provides a twofold visualization approach:

(1) Word Clouds for each Individual Disorder: In order to
find the most commonly occurring terms, the words
were visualized separately as a word cloud for the
symptoms and causes of autism and depression. Word
clouds visualize words by emphasizing the words in the
dataset based on frequency. This method successfully
summarizes the key features of all datasets, providing
a simple visual overview [22].

LDAvis for Topic Relationships: The LDAvis
visualization python library was employed to
investigate the common symptoms and causes between
autism and depression. The final system shows a couple
of visualizations. In addition, the LDAvis visualization
composition includes two parts, as illustrated in Figure
1. The left pane shows circles representing topics
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Selected Topic: 0 Previous Topic | Next Topic = Clear Topic

Intertopic Distance Map (via multidimensional scaling)

plotted in a 2D space. The size of each circle represents
the importance of the topic, and the distances between
circle centers indicate the similarity of topics. We use
this multidimensional scaling to space these
relationships in two dimensions, giving insight into
how topics relate to one another. The right panel
section contains a horizontal bar chart listing the most
relevant words for a selected topic from the left panel.
These words ranked according to how much they help
describe the topic, and providing more detailed
information about what it is made up of as shown in
Figure 1 [23].

By integrating these visualization techniques, the
AutDepViser system not only provides a comprehensive view
of the symptoms and causes of autism and depression but also
enables the identification of commonalities between the two
disorders. This approach underscores the value of interactive
and interpretable visual tools in facilitating deeper insights
into datasets.

In addition, the left and right sides are connected to each
other, which means that when the user selects a specific topic
on the left side, the most relevant words will be shown on the
right side. In addition, when the user selects a specific word on
the right side, the distribution of the selected word will be
shown over the topic. For example, the user can select a
specific topic from the intertopic distance map on the left (in
this case, Topic 1) as shown in Figure 2, and then explore the
most relevant terms for that topic on the right. As a result, this
connection allows the users to engage and explore the topic—
term relationship in more depth.
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Figure 1. AutDepViser system when using LDAvis
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Figure 2. Interaction with AutDepViser system

4. RESULT AND DISCUSSION

In this section we present the results obtained from the
previous phase of the study. The analysis identifying the most
common symptoms and causes of autism and depression as
expressed by society. Additionally, the study highlights the
overlaps in societal perceptions and expressions concerning
these two disorders.

4.1 Causes and symptoms of depression

The data related to depression is visualized in a word cloud,
as shown in Figure 3. The words are scaled to the frequency of
words in the data. Genetics represents the most frequently
word, underscoring its relevance in public perceptions.
Additionally, terms such as autism and autism spectrum
disorder appear in the word cloud, indicating that these
conditions are also associated with depression as potential
causes. Other common causes include anxiety, negative
thinking habits, fear, neurotransmitter issues, and vitamin
deficiencies. Moreover, the word cloud shows bipolar disorder
symptoms, mood swings, and sadness being the most reported
symptoms of depression. Other common words are anorexia,
sleep problems (insomnia and other sleep disorders), and
mania. In addition, laziness, stress, anxiety, and even suicide
are also considered major signs of depression. This analysis
underscores the multifaceted nature of depression,
encompassing a range of psychological, physiological, and
external phenomena that comprise depression with regard to
how society diagnosed and expressed it. The word cloud is a
good representation of these insights, which will help us
understand more about how people perceive and associate
with the causes and symptoms of depression. The findings
underscore the importance of increasing public awareness of
the nuanced intricacies of depression by addressing myths
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surrounding its causes and symptoms. Autism is widely
recognized as a symptom of depression, which is consistent
with scientific research findings, but the perception of autism
as a cause that shows misunderstanding and needs to be
clarified through targeted awareness campaigns. Moreover,
the inclusion of other symptoms linked to depression,
including sleep disturbances and anorexia, plus emotional
factors such as anxiety and stress, highlights the growing
necessity for a holistic approach to its diagnosis and
management. Raising awareness can pave the way for early
intervention and proper support that can lessen the burden of
untreated depression on individuals and society as a whole.

4.2 Causes and symptoms of autism

Figure 4 shows a word cloud visualization of the symptoms
and causes of autism based on the perceptions expressed by
Saudi society. The analysis shows several causes of autism,
with vaccines emerging as the most frequently mentioned.
Other significant causes include foods, the environment,
genetics, vitamin deficiencies, bullying, and the use of smart
devices. The prevalent attribution of vaccines as a primary
cause reflects a potentially widespread misconception, as
extensive scientific research has proved that there is no link
between vaccines and autism [24]. This highlights the urgent
need for targeted awareness campaigns to educate the public
and correct such misunderstandings.

Regarding symptoms, the word cloud highlights difficulty
in communication as the most commonly reported symptom,
accompanied by challenges in social and visual interaction.
Other notable symptoms include delayed growth,
hyperactivity, distraction, fear, and a lack of expression or
interaction. Additionally, individuals with autism were
described as exhibiting frequent seizures, avoiding physical
contact (e.g., hugs or touch), and engaging in behaviors such



as screaming, word or phrase repetition, and repetitive
movement patterns.

The society ensures on vaccines as a significant cause of
importance

autism  underscores the of addressing

misinformation. Public health authorities could implement
evidence-based awareness initiatives to clear these myths and
promote a more accurate understanding of autism.
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Figure 3. Causes and symptoms of depression
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Figure 4. Causes and symptoms of autism

4.3 The relationship between the causes of autism and
depression

The visualization provided by LDAvis as illustrated in
Figure 5, explores the relationship between depression and
autism by analysing the underlying causes associated with
these conditions. By applying (LDA), topics were extracted
from a dataset, with the topics representing the most prevalent
causes of both conditions. The interactive LDAvVis tool reveals
how these topics relate to each other in terms of similarity and
salience.

(1) Intertopic distance map

The intertopic distance map on the left panel shows two
distinct topics, labelled as Topic 1 and Topic 2, which
represent different underlying causes for depression and
autism. For the distance between these two topics, which is
relatively large, suggesting that the causes or factors
contributing to depression and autism have some notable
differences. However, the presence of some overlapping terms
(discussed below) indicates there are shared elements.

Moreover, both topics have fairly large circle sizes,
indicating that the two topics are well-represented in the
dataset.

(2) Most salient terms

The analysis of the top 30 most salient terms on the right
panel reveals critical insights into the perceived causes of both
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depression and autism within society. Among the highlighted
terms, smart devices (&S 33eaY) emerge as most factor,
indicating potential societal concerns about excessive screen
time and its implications for mental health. The relationship
between technology and mental health is a growing area of
interest, with studies suggesting that prolonged use of
electronic devices, particularly among children and adult, can
exacerbate symptoms of both autism and depression by
increasing isolation, reducing physical activity, and affecting
sleep quality [25].

Another significant term, growth problems (sl JSLic),
emphasizes the challenges related to physical or
developmental delays. These issues are strongly linked to
autism but can also contribute to depression, particularly when
developmental struggles lead to low self-esteem, social
rejection, or frustration. This association highlights the
interplay between physical and mental health, underscoring
the need for early interventions that address developmental
and psychological aspects concurrently. The inclusion of
Corona (Y3,55) reflects the profound mental health impact of
the COVID-19 pandemic. Beyond disrupting daily life, the
pandemic has feelings of isolation, anxiety, and stress, which
are common triggers for depression. For individuals with
autism, the disruption of structured routines and limited access
to support systems further intensified challenges, emphasizing
the need for tailored strategies to support these populations



during global crises. Additional factors such as teenage
(481 ya)), families (wtlad)), family workers (3mY) 8 o skalall),
electronics (ki iSYY), and anger (w—=ill) provide further
context. The teenage stage is a critical period marked by
hormonal changes, identity formation, and increased
susceptibility to mental health issues. Societal pressures,
academic demands, and family dynamics during this phase
may represent the impact of familial contexts and family-
oriented stress on mental health outcomes. While families can
be key in providing support, strained family relationships at
home or an overburdened caregiver can serve as stressors,
making emotional challenges persistent in individuals with
autism as well as people with concurrent depression.
Electronics also echo societal worries over the use of—some
might argue, overuse of—digital media and how it relates to
behavioral and psychological health. While electronic devices
cannot be avoided in today's world, their over-reliance can

lead to increased social withdrawal and reduced meaningful
face-to-face interaction, especially in the younger population.
Finally, anger as a salient term highlights the emotional impact
of unaddressed frustrations, misunderstandings, and unmet
needs that are frequently documented among people with
autism and those experiencing depression. To conclude, these
results highlight the complex, multifactorial nature of
depression and autism influenced by individual, social, and
environmental factors. Public education campaigns and
targeted interventions could raise awareness, correcting
societal misconceptions and driving early identification and
support. Furthermore, dealing with modifiable factors like the
use of technology and interactional dynamics at home, in
tandem with broader systemic factors such as the impact of the
pandemic, could be a major contributor to enhancing outcomes
for those at risk.

Selected Topic: 0 Previous Topic | Next Topic  Clear Togic

Intertopic Distance Map (via multidimensional scaling)

Mucyns azes: distringtion

3
Sl 3ot
gy

=all

Py

TN

Slide 1o adjust relevance metric:a;
=1

oo oz 04 0s

Top-30 Most Salient Terms'

100 150 200

Lss
Liapht

Jelits

Cromew] tmem fracuency

Cxamaiad torm 1Oquency within s selacind ope

eI = AL fox Sopeca ¢ me Chunng et o (2012
L"_F VRl R l_L:, b | I sme Siwenrt & Shickoy (20145

Figure 5. The common points between the causes of autism and depression

4.4 The relationship between the symptoms of autism and
depression

In general, the visualization explores the relationship
between symptoms associated with depression and autism, and
the dataset's latent topics (symptom clusters) are displayed,
offering insights into how these symptoms overlap between
the two conditions as indicated in Figure 6. This method
allows for a deeper understanding of the shared and unique
symptoms that are prevalent in individuals with depression
and autism.

(1) Intertopic distance map

As observed in Figure 6, the intertopic distance map shows
two distinct clusters, labelled Topic 1 and Topic 2,
representing two major sets of symptoms for depression and
autism. In addition, there is a moderate separation between the
two clusters, indicating that while there are distinct symptom
profiles for depression and autism, some overlap exists, as
highlighted by shared salient terms. Regarding the topic
proportions the two circles are of comparable sizes, suggesting
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that both sets of symptoms (depression and autism) have
substantial representation in the dataset.

(2) Most salient terms

The most salient terms provide key insights into the primary
symptoms for both depression and autism. Some of relevant
terms such as depression (<iSY)) is one of the most frequent
terms, depression can manifest in individuals with autism due
to challenges with communication, social isolation, and unmet
emotional needs [26]. Another significant term, sleep (psi')
disturbances are a critical symptom linked to both depression
and autism. People with autism often experience irregular
sleep patterns, and sleep problems are also a common
symptom of depression. This suggests a shared physiological
or neurological basis for sleep issues across both conditions.
Moreover, the presence of psychological (xdill) term indicates
that both conditions deeply affect mental health. Emotional
regulation difficulties, heightened anxiety, and stress are
common psychological challenges in both autism and
depression. Communication (J=lsll) term is more closely
associated with autism, as communication difficulties (both



verbal and non-verbal) are core features of the condition.
However, social withdrawal and poor communication can also
be symptoms of depression, particularly in severe cases where
individuals disengage from social interaction. Another
symptom is anorexia (%uill O)a38) or loss of appetite, associated
with both autism and depression. In autism, sensory
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sensitivities may lead to selective eating, while depression
often causes appetite changes, leading to weight loss or gain.
Additional factor such as stress (-aall) is a common symptom
in both conditions. For individuals with autism, dealing with
sensory overload, social expectations, and unfamiliar
situations can lead to stress.
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5. CONCLUSION

In conclusion, social media platforms have become
essential channels for communities to discuss critical issues,
including political, health, and educational matters. This has

led to a vast amount of data being generated on these platforms.

Effectively processing and analyzing such large datasets
requires advanced tools, such as data visualization, which
transforms complex data into intuitive, visual formats,
facilitating better understanding and decision-making.

This study aimed to design a web-based visualization
system to explore and visualize autism-related data and
depression in Saudi Arabia based on X.com (formerly Twitter)
posts. This data was analyzed using the Latent Dirichlet
Allocation (LDA) model for topics after the cleaning and
preparation of the dataset. The system was subsequently used
to visualize the causes, symptoms, and relationships between
the two conditions.

The analysis revealed several key insights into the perceived
causes and symptoms of depression and autism, as reflected in
social media discourse. For depression, genetics emerged as
the leading cause, with symptoms such as anorexia, mood
disorders, and sleep disturbances being prominently
mentioned. This aligns with established research linking
genetic predisposition to mental health disorders. Autism, on
the other hand, was overwhelmingly associated with vaccines
as a cause, reflecting a widely debated and scientifically
contested narrative that underscores the need for better public
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awareness. The most frequent symptoms of autism included
difficulties with communication and interaction, alongside
developmental challenges. A significant overlap was observed
between the causes and symptoms of depression and autism.
Notably, the use of smart devices was highlighted as a
potential contributing factor to both conditions. This raises
important questions about the impact of technology on mental
health. Shared symptoms between the two disorders, such as
depression, anxiety, insomnia, anorexia, and grief, point to the
interconnected nature of mental health conditions,
emphasizing the need for a more integrated approach to
diagnosis and treatment. From a broader public health
perspective, these findings have several implications. The
emphasis on genetics as a cause of depression underscores the
importance of advancing genetic research and integrating it
into personalized treatment strategies. For autism, the
prevalence of vaccine-related discourse highlights the urgent
need for targeted awareness campaigns to correct
misconceptions and foster trust in public health initiatives.
Additionally, the shared impact of technology, stress, and
social factors across both conditions calls for policies that
promote healthy digital habits and provide mental health
support tailored to the challenges of modern living. The
study’s reliance on social media data introduces certain
limitations. While social media offers a rich and immediate
source of public opinion, its users may not represent the
broader population, and the unstructured nature of the text
presents challenges in extracting nuanced insights.



Additionally, cultural and regional biases inherent in the
dataset may influence the perceived causes and symptoms.
These limitations should guide future research toward
incorporating more diverse and representative data sources, as
well as employing advanced natural language processing tools
for deeper analysis.

Exploring collaborative opportunities with healthcare
professionals and policymakers will help translate these
findings into actionable outcomes. By employing social media
data to spot popular perceptions and trends, this tool could be
an important resource for planning awareness campaigns,
targeting mental health interventions, and shaping public
health policy. Healthcare providers, for instance, might use
this data to fine-tune diagnostic criteria and treatment plans,
and policymakers could use it to correct misconceptions and
improve resource allocation. Building on the study has the
potential to help improve mental health outcomes and inform
public health planning through partnerships in all sectors.

For future work, there are multiple things that could have
been improved to allow the system to work better. New and
improving elements, such as the application of interactive
features, would help users communicate with the data in a
more organized way. For example, -customizable
visualizations can allow viewers to filter, sort, and explore
these subsets of data by topics or keywords. Such
improvements would allow for a better understanding of the
data, as well as more customized insights to suit the needs of
various users. Moreover, including real-time capability should
make this system particularly useful. This way, the system can
present the latest posts, which can help in representing society
better at that time. This ability is especially important for
analysis of high-velocity areas of discourse, like public health
emergencies and changing social norms. In the future,
collaboration with psychologists, psychiatrists, neurologists,
and other domain experts will be crucial to refining the
categorization of the symptoms and causes. Similarly, expert
input could help drive features of the system that prioritize
clinically relevant findings, as well as ensure that results are
consistent with established medical and scientific standards.
Combined, such enhancements would make the system an
invaluable resource for researchers, policymakers, and
healthcare practitioners. The system has the capability to allow
for more dynamic and fruitful engagement with the data, better
insights into trends over time, and timely and informed
decision-making, effective public health interventions, and
continued research into the societal understanding of mental
health and neurodevelopmental disorders.
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