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ABSTRACT

The healthcare industry is a prolific source of data, with every patient record, clinical trial, drug
test, and medical research generating copious amounts of information. Consequently, the interest
in using machine learning algorithms in healthcare applications has increased dramatically, with
numerous breakthroughs being made. One such application is using social media to study and
understand public health. With millions of users sharing their thoughts, exchanging ideas, and
providing health-related information on various social media platforms, researchers and
clinicians can conduct studies on diseases and associated symptoms in natural settings by
establishing digital phenotypic biomarkers. Twitter is one such platform that has proven to be an
exceptional source of health-related information from both public and health officials. In this
study, we aim to mine data related to "autism" from " #ActuallyAutistic" tweets on Twitter. The
textual differences in social media communications can help identify various behavioral
symptoms, which can be used to distinguish an autistic individual from their typical peers. We
were able to scrape a total of 6,469,994 tweets from approximately 70,000 individual users. We
illustrate the usefulness of the dataset through simple applications such as: sentiment analysis,
text classification and topic modeling. Our classifier achieved an accuracy of 73%, which is
consistent with previous studies published in Nature Digital Medicine journal where using
different modality data such as eye gazing and facial expressions, the authors achieved a similar
accuracy. The collected data will also be released publicly to help accelerate scientific research in
this field. This sharing of data and interdisciplinary research can enhance its analytical capacity

and enable medical practitioners to make more informed decisions.
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1. INTRODUCTION

Autism spectrum disorder (ASD) is a group of developmental disorders affecting millions of
individuals. According to the Diagnostic and Statistical Manual of Mental Disorders (DSM-5),
autism delays the neurodevelopment of an individual causing physical, cognitive and behavioral
changes. ASD 1is characterized by continuing challenges in social interaction, difficulty in
communication and restricted or repetitive behaviors [1]. In 2020, the Centers for Disease
Control and Prevention (CDC) reported that 1 in 36 children, aged 8 years (4% of boys and 1%
of girls), were identified with autism [2]. The prevalence of autism has increased 317% over the

past two decades and is shown to be highly associated with socioeconomic status.

ASD poses numerous challenges to individuals affected by the disorder as the symptom profiles
change with age. Because of its complex nature its characteristics can often be mistaken for other
disorders  such as  anxiety, obsessive  compulsive disorder (OCD), and
attention-deficit/hyperactivity disorder (ADHD)[3, 4]. Therefore, early diagnosis is crucial to
provide appropriate treatment and improve the efficacy of screening tools. However, there are
limitations on the availability of standard tests, leading to misdiagnosis or delayed treatments[5],
which can put patients at risk of developing depression or even suicide [6]. The Modified
Checklist for Autism in Toddlers (M-CHAT) [7] questionnaire, recommended by the American
Academy of Pediatrics (AAP), was found to have a low sensitivity and positive predictive value
[8]. On the other hand, the Autism Diagnostic Observation Schedule-Generic (ADOS-G) was
found to be overdiagnosing the symptoms of communication problems with autism [9].
Therefore, a reliable diagnosis requires doctors to monitor the child's behavior and
developmental screening questionnaires, which is a time-consuming process. During this
observation, children may develop other health issues such as infections [10] and gastrointestinal

problems [11].

Given all the associated problems and its social and economic burden, ASD has been the subject
of multiple research involving clinical trials, reviews and epidemiological studies, as evidenced
by the increasing number of academic literature. As shown in Figure 1, the number of

publications including keywords like “autism”, “ autism spectrum disorder” or “ASD” has

increased steadily over the last decade (extracted from PubMed). But even with the significant



scientific progress there is still a lack of understanding and awareness around it, stigmatizing the
mental health disorders and developmental delays. The poorly understood etiology and
heterogeneity of the ASD phenotype have also led to misinformation and misinterpretation of the

disability.
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In recent years, social media has emerged as a promising tool for filling this gap by mining
behavioral and observational data. Social media platforms allow users to post content about their
daily lives, including their thoughts, suggestions, interests or mood on various topics, thereby
facilitating social interactions. Additionally, social media has become an abundant source of
health information, symptomatology, and daily struggles posted by individuals suffering from
different diseases. Using digital data collected from social media, digital wearables and
smartphones is referred to as “digital phenotyping”. It is defined as moment-by-moment

quantification of the individual-level human phenotype in-situ using data from personal digital

devices [12].

The digital footprint of an individual can be further harnessed to study behavioral symptoms of
ASD and other mental health disorders. Text based data, especially the ones obtained from social

media has gained significant attention because these platforms provide a voice to individuals
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struggling with ASD to express their emotions, symptoms, struggles, and thoughts. Such data
belong to the category of non-clinical data, as they lack annotations from medical health
professionals but can be used extensively by the research community to generate meaningful
results and improve the rigor of autism research. When combined with machine learning
algorithms, medical datasets have shown potential to improve the healthcare field and perform
various tasks such as improving clinical trial results, medical imaging, and identifying patterns
for a disease. The use of geocoded data for longitudinal tracking can also help identify changes

in opinions or responses for a disease/disorders.

Twitter is a cutting-edge, microblogging platform, which has emerged as a potentially valuable
source for similar data. It allows users to post tweets containing up to 280 characters and has an
active monthly user base of approximately 450 million individuals [13]. With its vast amount of
user-generated content, Twitter offers significant opportunities for data and text mining in
various fields of application. Twitter's strength lies in its ability to capture real-time thoughts,
news, conversations, and statistics, making it more suitable for collecting observational
information than traditional survey-based methods. Understanding the differences in textual
patterns of users, self identifying with autism or who have family members with the condition
and users engaging and supporting these conversations, researchers can gain a better
understanding of diagnosis and potential misdiagnosis identifiers, particularly during the early
stages of autism spectrum disorder. Furthermore, studying such differences in communication
patterns can enable analysis of current behavioral and emotional states, facilitating better

analysis of different mental health issues.

When seeking information about autism, people usually turn to experiences shared by others,
trying to learn about the different aspects that are affected by the disorder and how they can be
overcome. Although the research tools using facial expressions and eye gazing for autism
diagnosis [14] are consistently reliable, there is currently a lack of standardization and
preciseness in tools to measure deficits in social interaction. Therefore, linguistic and behavioral
markers extracted from Twitter conversations of individuals with autism can be used to study
verbal and textual differences and social interactions in naturalistic settings. In this research, we
collected the data from Twitter users who self-identified as having autism and used machine

learning algorithms on the corpus to build a text classifier distinguishing autistic individuals



from their typical peers. Such a corpus can be used by machine learning researchers and
clinicians to understand and analyze different features associated with autism, early symptoms,
specific behavioral characteristics, derive hidden patterns, propose a clinical treatment plan and
also provide community support. Furthermore, we also aim to publicly release the dataset to
promote interdisciplinary collaboration, gain fresh perspectives on the research problem and

promote awareness and solution findings through hackathons, tutorials and public challenges.

1.1. Open sharing of data

Open sharing of data is a crucial aspect of scientific research that can significantly impact and
advance the scientific community's understanding of a particular field. By making data openly
available, researchers from different disciplines can use it to gain new insights, validate existing
theories, and create new knowledge. There are several ways in which open sharing of data helps

research:

1. Reproducibility: Open sharing of data allows researchers to reproduce and verify the
findings of previous studies, which can help validate the results and conclusions. This

ensures that the scientific knowledge is reliable and replicable.

2. Collaboration: Open sharing of data enables researchers from different subject matter
experts and locations to collaborate on a project, contributing to a more comprehensive

and interdisciplinary understanding of the research problem.

3. Cost-effective: Sharing data reduces the cost of research by enabling other researchers to
use the same data for different studies, thus avoiding the need to collect new data. This

becomes extremely important for academic research.

4. Accelerating discovery: Open sharing of data accelerates scientific discovery by enabling

researchers to build on each other's work and generate new knowledge faster.

5. Transparency: Open sharing of data promotes transparency in research, which enhances
the credibility and integrity of the scientific community. It allows other researchers to

scrutinize the data, methods, and results, thus reducing the risk of fraud and error.



It is widely acknowledged that ImageNet has had a significant impact on the growth of deep
learning, which has revolutionized the field of artificial intelligence (Al). First presented in 2009
[62], the aim of the research team was to expand and enhance the availability of data for training
Al algorithms. This led to the creation of the largest image dataset, consisting of over 14 million
images. Since then, numerous algorithms have been developed, each surpassing the previous one

by producing lower error rates and advancing computer vision research.

In light of these developments, our motivation is to curate and publicly release a dataset that can
serve as a standardized benchmark for natural language processing (NLP) tasks involving social
media text data related to autism. Using this data, interdisciplinary research with subject matter
experts and researchers from different disciplines can lead to the development of more advanced

algorithms with improved prediction capabilities.

This study has been approved by the University of Hawaii Institutional Review Board (UH IRB)

under an expedited review procedure.



2. BACKGROUND AND PREVIOUS WORK
2.1. Social media analytics for mental health, global pandemics and event

detection

In the past, research in mental health and real-time mapping of infectious disease spread has
greatly benefited from digital phenotyping. Coppersmith et al [15] utilized the Linguistic Inquiry
Word Count (LIWC) tool to analyze Twitter data and measure language similarities and
differences for various mental health conditions. Similarly, Tausczik and Pennebaker [16] used
LIWC to link word usage with social and emotional states. Hswen et al found that Twitter users
who self-identify as having schizophrenia displayed elevated symptoms of depression and
anxiety [17] as well as tobacco use [18]. Mowery et al used lexical features and emotions to
classify depressive symptoms from the tweets [19]. These findings are particularly relevant as
according to the American Psychiatric association and Mental Health in America, nearly 21% of
the population experience some form of mental illness in a year [20], with half of them not
receiving adequate treatment. With the increasing prevalence, untreated substance use disorders
and suicide risks, social media platforms can provide behavioral intervention and inform suicide

prevention and smoking cessation groups to focus on at-risk groups.

Furthermore, several published works have focused on the live infoveillance approach to
measure the incidence rate of pandemics. For example, Chew et al performed sentiment analysis
for “HIN1” and “swineflu” keywords using Twitter data [21]. Robinson et al [22] and Sakaki et
al [23] even used the quasi-real time nature of twitter to locate the epicenter of an earthquake.
These studies demonstrate the potential of social media data in real-time monitoring and tracking

of disease spread and natural disasters.

2.2. Research in ASD

Several studies have utilized social media platforms, such as Twitter and YouTube, to explore the
potential of data mining for ASD-related information. However, a reliable diagnostic classifier
using social media data is still far from being achieved. For instance, Newton et al [24] used the
LIWC tool to investigate differences in writing patterns between ASD and neurotypical bloggers
on web blogs. Nguyen et al [25] used a similar corpus to investigate differences in sentiments,

language styles, and topics of interest in the two groups, revealing that ASD writing often



conveys negative emotions. Schalkwyk et al [26] demonstrated that social media usage can
improve friendship quality with reduced anxiety levels in adults with ASD, but this relationship
was not observed among control users. Other studies have examined YouTube content to analyze
public sentiments and perceptions on ASD [27] as well as the the quality, usability and
understandability of uploaded ASD-related videos, which were generally found to be subpar.

2.3. Using digital wearables and smartphones

In addition to social media analytics, digital wearable technology such as Fitbits and mobile
devices have also contributed to the advancement of digital phenotyping research. The ubiquity
of mobile phones and the extensive time spent on them has made it easy to retrieve their
behavioral and health data, allowing for the identification of digital markers that can be used for
precision health. For instance, Teo et al conducted a study on wearable-derived sleep tracking
data and its association with socioeconomic, demographic and lifestyle factors, which was found
to be associated with cardiovascular disease risk markers [28]. Other studies have utilized mobile
devices to extract sleep pattern markers indicating circadian misalignment [29] and correlating
with the severity of depression [30]. User interactions with devices based on keyboard patterns,
swiping or scrolling can also be useful in detecting stress [31]. Rachuri et al built a platform that

utilizes the phone's built-in microphone to identify up to 14 different types of emotions [32].

2.4. The role of machine learning in behavioral and social media analytics

This study employed Natural Language Processing (NLP) techniques and machine learning
(ML) algorithms to develop a text classifier. It is worth noting that the results might not be used
as a diagnostic tool, but rather as an evidence of the textual differences between tweets posted by
individuals with Autism Spectrum Disorder (ASD) and control groups. NLP tasks such as named
entity recognition, part-of-speech tagging, text classification and topic modeling have been the
subject of numerous research works. Machine learning and deep learning have provided
substantial computational power, enabling the development of new methods, algorithms, and
large language models using a massive corpus of data from the World Wide Web (WWW),
books, clinical structured or unstructured texts, social media, and various other linguistic data.
Moreover text classification is also one of the popular competing tasks over platforms like

Kaggle.



Some of the previous research efforts have focused on the use of social media to extract health
information. Prieto et al used bag of words (BoW) model, with Support Vector Machines (SVM),
Naive Bayes (NB), Decision Trees (DT) and Nearest Neighbour (KNN) classifiers to study
eating disorders, flu and depression in Spain and Portugal using geocoded Twitter data [33].
Nadeem et al [34] combined crowdsourcing with the same approach to develop a text-based
depression classifier. Signorini et al. used SVM regression-based models to measure influenza
activity [35]. Similar regression-based models were also used to forecast flu and influenza rates
in the USA [36], and Japan [37]. During the recent COVID-19 pandemic, Twitter served as an
empirical tool for researchers to do multiple digital epidemiology surveillance, vaccination
sentiment analysis using the transformer-based BERT model [38] and to evaluate its impact on
mental health [39,40]. Twitter even experienced a 23% increase in daily use during COVID-19
pandemic, using which multiple studies were conducted to analyze emotional states of people

[41, 42].

Numerous research works have employed computer vision models to track eye gaze and facial
expressions of autistic children [43] or used mobile phones to capture videos [44] in search of
specific traits to detect autism. Mythili et al [45] utilized an autism student database to classify
levels of autism using social, communication and behavioral data. However, only a handful of
studies have been done using social analytical tools for investigating ASD. Hswen et al [46] used
Twitter data to analyze the textual patterns with obsessive-compulsive and repetitive behavioral
characteristics and identified emotions such as fear, anxiety and paranoia from them. In another
study [47], the authors found that ASD-related conversations are frequent on social media
platforms and can provide valuable insights to clinicians and public health officials. Interestingly,
they also found that ASD tweets have a higher proportion of nouns focused on related issues and
struggling individuals than verbs. Corti et al [48] focused on ASD tweets in conjunction with
COVID-19, leading them to discover the negative sentiments of the tweets being directed
towards vaccine misinformation, poor management during the pandemic and various challenging
situations faced by individuals, while the positive sentiments were aligned with topics like
“family”, “community” and “therapy”. Based on the aforementioned prior works, we aim to

curate a dataset, using Twitter as the source, to study various aspects of social communication

that differentiate autistic people from their typical peers. We have also attempted to use the



collected data to identify the characteristics of ASD, which people use in their tweets, that could
aid clinicians in preliminary diagnosis and/or tailor required treatment. The collected data would

also be released publicly for the same purpose.

2.5. Studies using other social media platforms

While twitter remains one of the most popular social networking sites, these studies are not
limited to it but to other platforms as well. Supervised learning [49] and topic modeling [50] has
been done for early detection of depression, suicide risk detection [51] and opioids overdose risk
assesment [52] using Reddit posts. Tadesse et al [53] combined LIWC+LDA+bigram features
with Multilayer Perceptron (MLP) classifier to identify the lexicon of words related to
depression in Reddit posts with an accuracy of 91%. Schwartz et al [54] employed a regression
based model to predict the degree of depression in Facebook users. Reece et al [55] and Ricard
et al [56] analyzed Instagram posts to identify depression markers, and Hassanpour et al. [57]
used Instagram to study substance abuse risk. Yang et al [58] analyzed Flickr images and
comments to infer emotions, while Lin et al [59] used Sina and Tencent Weibo, a Chinese
microblogging website, to analyze behavior patterns and the users’ social networks to detect
psychological stress. In a study [60] Reddit posts were analyzed to identify themes related to
applied behavioral analysis (ABA) therapy for ASD using topic modeling and LIWC. The
authors observed that the users shared personal opinions and experiences on ABA therapy more
than clinical information, indicating emotional interventional support. Similarly, Aspergers
subreddits were found to have higher emotional and informational support scores than other
average subreddit posts [61]. Overall, social media platforms have provided a valuable source of

data for detecting and studying mental health conditions and risky behaviors.



3. CREATION OF THE AUTISM TWEETS DATASET
3.1. Data Collection

In recent years, social media platforms such as Twitter, Facebook, and Instagram have played a
significant role in promoting social movements and campaigns, including those aimed at raising
awareness about specific issues. Many of these campaigns, such as #MeToo, #BlackLivesMatter,
and #StopAsianHate, have been successful in disseminating messages and influencing public
opinion. In the context of the autism community, the popular hashtags until a while ago were
#AutismMom or #AutismParent. These represented neurotypical parents of autistic children,
whose outside perspectives have often shaped research and policy in this area. However, these
advocacy groups have often overshadowed autistic adults, who have felt left out of the
decision-making process. To address this issue, there has been a paradigm shift in the autism
rights movement, with a focus on understanding the struggles, symptoms, and lives of actually
autistic people rather than just their caregivers. As such, the present work aims to extract Twitter

conversations of users self-identifying with autism, using the hashtag #ActuallyAutistic.

The process of extracting data from a website is commonly referred to as web scraping. In this
study, tweets were manually collected using snscrape [63], a Python based library that allows for
the extraction of tweets without the need for personal Twitter API keys. The library provides a
powerful search functionality to help filter tweets based on various conditions, such as date-time,
language, and number of likes. For this study, we obtained English tweets related to autism by
using the search query #A4ctuallyAutistic and setting the since and until flags to January 1, 2014,
and December 31, 2022, respectively. From these tweets we identified unique users who had
keywords like “autism” OR “autistic” OR “neurodiverse” in their profile description (i.e. twitter
bio) to focus on users self-identifying with ASD. It is worth noting that some users only had
these keywords in their username, so we also checked usernames in addition to user bios. Finally,
we extracted all the tweets from the timelines of these users to build the autism dataset, which
consists of over 3 million tweets. Associated metadata such as username, account created, friends
count, date of tweets posted and location (if the user had mentioned in their profile) were also

extracted that could be used for statistical analysis.
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In order to build a machine learning classifier capable of discerning semantic differences in
textual patterns between ASD individuals and control groups, we collected a sample of random
tweets as a comparison group. To achieve this, we formulated a search query excluding the
#ActuallyAutistic hashtag i.e. “-#ActuallyAutistic”’, using the advanced query searching
operators and methods provided by Dr Igor Brigadir [64]. However, this approach carries the risk
of data leakage, whereby users who have not posted any autism-related content may possess
autism-related keywords in their profile description or username. To avoid this, we screened for
users who had keywords related to autism in their profile description or usernames, or who were
also present in the autism dataset, and subsequently removed them from the sample. Finally we
repeated the same process of extracting all the tweets from the remaining users’ timeline, which
made the random dataset. Through this combined data collection method, we obtained a total of

6,469,994 tweets from approximately 70,000 individual users.

3.2. Data Labeling

In order to train a supervised machine learning model, it is necessary to have labeled data where
each data point, in this case, tweet text, is associated with a corresponding class. In this study,
we have manually labeled tweets posted by individuals with Autism Spectrum Disorder (ASD)
as belonging to the "autism" category, which has been assigned a class label of 1. All other
tweets have been labeled as belonging to the "random" category, which has been assigned a class
label of 0. The data labeling process was carried out by the researchers themselves using their
domain knowledge, and therefore, falls under the category of weakly supervised learning. It is
important to note that obtaining ground-truth labels can be a costly and time-consuming process,
and performance of the machine learning model is often found to decrease with a decrease in
labeled data. Weak supervision approaches address these challenges by using noisy or partially
accurate sources to label the data, which can be more efficient than manual labeling. In cases
where there is a shortage of labeled data, weak supervision techniques such as crowdsourcing,
transfer learning, or heuristic rules can be used to generate weak labels, which can then be used

to train a model.
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4. EXPLORATORY DATA ANALYSIS
4.1. Methods

Data analysis and visualization is a crucial step in machine learning research to gain insights
from the data. It can help in identifying missing values, understanding data distributions,
visualizing trends and choosing the right set of features. We first started by observing the
distribution of missing values in the data that can help understand how and where the missing
values are before imputing or dropping them. Missingno is a python-based library that can be

used to visualize missing values in a dataset through matrix, bar charts, and heatmaps.

Plotting monthly and yearly distribution of tweet counts can help identify trends over time and
understand how issues discussed on Twitter have changed with people’s perception and
histograms of character and word counts in tweets can provide insights into the length of the
tweets and whether there are any significant differences between the two groups. Word clouds, a
text visualization technique, can help identify trending topics and prominent words in the corpus.
These insights can help researchers to discover trending topics and choose the feature set and

algorithm accordingly.

4.1.1. Sentiment Analysis

Sentiment analysis, also known as opinion mining, is a crucial NLP task that involves identifying
and extracting subjective information from textual data to determine its overall sentiment. It has
been extensively researched in academic literature and is commonly studied using two
approaches: machine learning and lexical. While the former approach tends to have better
performance with larger datasets, it requires a model to be trained using previously labeled data
to predict sentiments of new unseen data. The latter approach, however, uses a dictionary of
sentiments to map words or sentences to a category (positive, negative, or neutral) or a numeric

range of emotional intensity of sentiments.

For this work, we utilized the Valence Aware Dictionary for sEntiment Reasoning (VADER), a
lexical based approach specifically attuned to sentiments expressed in social media or
microblogs like context [71] to analyze the sentiments of the curated dataset. At the word level,

VADER uses a lexicon of words to determine the sentiment of each individual word, with their
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polarities score ranging from -4 (most negative) to +4 (most positive). At the sentence level, it
applies a set of rules and heuristics on the sentiment scores of the individual words to determine
the overall sentiment of the sentence. After determining the sentiment score for each sentence,
VADER returns a dictionary containing four values: neg, neu, pos, and compound, each
representing the negative, neutral, positive, and overall (normalized) sentiment scores of the
sentence, respectively. The compound score ranges from -1 (most negative) to +1 (most
positive), which is obtained by normalizing the sum of the individual sentence scores. For this
study, the analysis was conducted to compare the sentiments of tweets posted by individuals with
ASD to those of the control group in two scenarios: one including tweets with profanity and the

other excluding it.

4.2. Results

It was observed that the location column of the dataset had the most number of missing values.
This is likely due to the fact that Twitter users have the freedom to enter any location they desire
on their profiles. Analysis revealed that the majority of users did not enter their actual location
and those who did had inconsistent location entries. Of the top 20 location values found, the
majority were variations of "United Kingdom", including "UK", "London, England", "England,
United Kingdom", "South East, England", while others were less informative strings such as

"Picnic party" and "My parent's basement".

Further analysis of the yearly distribution of tweets revealed an increase in conversations about
Autism Spectrum Disorder (ASD) over the years, as shown in Fig 2. Autistic individuals appear
to be more comfortable with social media interactions, which provides them with multiple
employment opportunities and serves as an effective platform for educating people about

developmental delays and sharing behavioral symptoms that may be helpful to others.
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Fig. 2: Timely distribution of tweets posted by ASD users.

Note that the count for 2023 is incomplete as it only includes

data, from timelines of the users, up to and including

February 2023.

The sentiments of most of the original autism tweets (with profanity) were found to be positive,

followed by negative and neutral sentiments. A similar trend was observed in the cleaned autism

dataset as well, although with a slight increase in positive sentiment and a decrease in negativity.

The original control group dataset, on the other hand, had the majority of the tweets with positive

sentiments followed closely by neutral sentiments and some negative sentiment tweets. However,

upon removing profanity from the dataset, the distribution was dominated by neutral sentiment

tweets and a nearly equal percentage of positive but fewer negative tweets.
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Fig. 3: Distribution of sentiments in the autism and control group dataset
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This was supported by another interesting observation, where the autistic individuals tend to use
more characters or words in their content as compared to the control group, shown in Fig 4. The
histograms of the tweet word counts of both the groups follow similar distributions, but with a
substantial difference in their means. This is clearly indicative of the differences in textual
patterns between the two groups and a similar pattern was observed in the word count

distribution of each sentiment as well (Fig 5).
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Fig. 4: Histograms of tweet character and word counts of the two groups.

Words in original autism tweets

Positive Sentiments Negative Sentiments Neutral Sentiments
400000
400000 200000 350000
300000
300000 150000 250000
200000
200000 100000
150000
100000
100000 50000
50000
. . . M
0 20 40 60 80 100 0 20 40 60 80 100 120 0 20 40 60 80

15



400000

300000

200000

100000

500000

400000

300000

200000

100000

600000

500000

400000

300000

200000

100000

0

0

20

20

20

Positive Sentiments
500000

400000

300000

200000

100000

40 60 80 100

Positive Sentiments

200000

150000

100000

50000

0
40 60 80 100

Positive Sentiments
400000

350000
300000
250000
200000
150000
100000

50000

0
40 60 80 100

Words in original random tweets
Negative Sentiments

0 20 40 60 80 10

_
20 40 60

Words in clean autism tweets

80

100

Negative Sentiments

120

0 120

Words in clean random tweets
Negative Sentiments

0

IIIIIII--
20 40 60

80

100

120

800000

600000

400000

200000

400000
350000
300000
250000
200000
150000
100000

50000

0

Neutral Sentiments

0 20 40 60

80 100 120 140

Neutral Sentiments

|II--_
0 20 40 60

1le6 Neutral Sentiments

80

0 20 40 6

0 80 100 120

Fig. 5: Distribution of word counts in positive, negative and neutral sentiments in autism and control

group dataset.

We also visualized the positive and negative sentiments in the tweets using a word cloud (Fig 6).

This word cloud plot was followed by studying a few randomly sampled tweets from both

positive and negative sentiment categories to analyze the contribution of words in predicting
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emotional intensity. The positive tweets were found to be associated with sharing support,
providing helpful resources, individuals acknowledging and embracing their identity, and
showcasing their artistic or creative side. In contrast, the negative sentiment tweets were linked
to struggles, feelings of dejection experienced on a particular day, or negative attitudes

encountered from others.

Fig. 6: Word cloud plots of the positive and negative sentiments
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5. TEXT CLASSIFICATION

5.1. Data Preprocessing

Working with unstructured, raw Twitter data is challenging because the conversational text has
too much noisy information such as punctuation, abbreviations, emojis and other stray
characters. Thus, before using such data for training a model, it is necessary to perform data
cleaning and preprocessing, which is an essential step in any natural language processing (NLP)
task. NLP makes human language understandable to computer programs and python provides a
package called Natural Language Toolkit or NLTK for the same. The preprocessing usually

involves:

e Removing profanity: One significant issue in this context is the use of profane language
in tweets, where individuals often express their emotions using profanity, such as cursing
or swear words. However, the socially offensive use of a language could also be related
to hatred or harassment on social networks and must be avoided. To address this issue,
we utilized the better-profanity Python library [65], which is designed to flag
inappropriate words using string comparison and mask them using special characters (the
default setting uses "*"). In our study, we applied this library to clean our entire dataset

and remove any profane words from user tweets.

e Tokenization: breaking down a text into smaller units such as words or sentences to build

a vocabulary.

e [Lower case conversion: the computer treats each case differently and that could increase

the data dimension so doing this would reduce redundancy and complexity of the corpus.

e Stop word removal: the very common words such as “a”, “an”, “in”, “is”, “for” etc add
noise to the features. Because of their high frequency they can affect model complexity
and performance as well, so it is better to remove these words to keep only important

words to train the model.

e Stemming: oftentimes a word is used in many different contexts and formats such as
13 2 <C 9% ¢¢

run”, “running”, “ran”, where the base or root word is “run”. So, stemming removes the

suffix and prefix from a word to keep only the core word and ignores its usage.
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e [emmatization: stemming a word sometimes leaves just a fragment of words which may
or may not make sense so lemmatization too reduces a word to its base form but gives a
complete English word. Eg: the word “studies” would be stemmed to “studi” but

lemmatized to “study”.

Other than this NLTK also provides methods like Part of Speech (POS) tagging, which labels the
words from a text according to their part of speech i.e. nouns, pronouns, verbs, adjectives and

named entity recognition (NER) to extract date, names, time, locations etc from noun phrases.

5.2. Text representation

Real-world textual data is typically unstructured and messy, rendering it unfit for direct use with
machine learning algorithms that require well-defined, fixed-length data. Additionally, to be
understood and processed by machines, the input text must be converted into numerical
representations through a process known as feature extraction or encoding. Some of the popular

text encoding approaches, used in this research work, are discussed below:

5.2.1. Bag of words (BoW)

One of the most commonly used and simple approaches for feature extraction from text is the
Bag of Words (BoW). This technique uses a vocabulary of words and their frequency of
occurrence in the document to generate a mapping of word vectors representing each sentence.
Here, any information about the structure or order of words is ignored and only the word count is
used as a feature. However, this approach could lead to a sparse vector representation where
more common words, such as "the," may receive higher weights and hide the less frequent,
informative words. To address this issue, n-grams, which are sequences of n-tokens, are used to

group words together and create a vocabulary.

5.2.2. Term frequency-inverse document frequency
To prevent more frequent words outweighing the less frequent ones, a solution is to rescale the

frequency of words by their count in all the documents, thereby penalizing the scores. This
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brings the rare words, containing more information, into highlight. An easy mathematical way to

understand is:

number of repeating words in a document
total number of words in a document

Term frequency (TF) =

and, inverse document frequency, IDF (w, D) = log ( number of documents )

number of documents where the word 'w' appear

where, |D| = corpus size or number of documents.

Finally, TF-IDF is the product of two aforementioned frequencies = TF * IDF.

While the BoW model has shown promising results in text classification and language modeling,
on a smaller corpus, it has limitations as well. The vocabulary used to build the model should be
chosen carefully to avoid complexity and sparsity, which can significantly increase
computational time. Furthermore, since BoW ignores the order of words, the resulting document

may lose its semantics, which can lead to the model being trained differently.

5.2.3. Word embeddings using Word2Vec

The shortcomings of BoW can be addressed by using a dense word-vector representation or word
embeddings, which can also capture the meaning of the sentence in a large corpus. In this
method, each point in the embedding space represents a word, which learns and moves around in
the space to refer to a target word. The resulting vector representation allows similar words to
locally cluster together in the space and have similar embeddings. This use of word embeddings
has allowed deep learning to take over text data and has given breakthrough performance in tasks
such as machine translation. A team of researchers led by Tomas Mikolov from Google [66]
developed a vector space for word representations, known as Word2Vec. Python provides
support for an open-source library called Gensim, which enables working with word embeddings
with a focus on topic modeling. Word2Vec is also supported in Gensim to learn word
embeddings from a corpus. Prior to training the model, each sentence must be tokenized after

which multiple queries can be made from the resulting word vectors.
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5.3. Machine learning algorithms

In this section, we discuss various machine learning algorithms that were employed to solve the
binary classification problem in our work, which involved identifying whether a given user tweet

belonged to an autistic individual or the control group.

5.3.1. Logistic regression

Logistic regression is a supervised learning algorithm that utilizes a linear equation with
independent real value input, the output of which is then passed through a probabilistic sigmoid
function to generate a number between 0 and 1. These probabilistic predictions are then labeled
into one of the two classes using a threshold value or decision boundary. The mathematical
representation of the sigmoid function is:

1

e—(BO +B1*x)

p(x) =
1+
where x is the input value, p(x) is the probabilistic output, B0 and B1 are the bias and coefficient

terms respectively.

5.3.2. Support Vector Machines

Another popular supervised learning algorithm used for text classification is Support Vector
Machine (SVM). In this algorithm, each input is plotted in an n-dimensional space, and the
objective is to find an optimal hyperplane that can differentiate the data points into separate
classes with maximum between-class distance. The dimension 'n' of the hyperplane is dependent
on the number of features. If the input is not linearly separable, SVM creates a new variable
using "kernel," which maps the low-dimensional input to a high-dimensional space to make it

easily separable.

5.3.3. Naive Bayes

Naive Bayes is a probabilistic algorithm that assumes equal contributions and independence of
the features to predict the class. It is based on Bayes' theorem, which states that given the
conditional probabilities and some prior knowledge, the probability of the hypothesis can be

determined. Mathematically this can be written as:

21



P(A|B)= ﬂlljﬁﬂﬂ

(B)
where, P(A | B) is the posterior i.e. probability of hypothesis given the event occurs, P(B | A)
denotes likelihood i.e. probability that the hypothesis is true, P(A) is prior and P(B) is marginal
probability.

For the classification task, the target vector (class labels) substitute event A, and the data matrix
(features) substitute event B in the Bayes theorem equation. Since the features are assumed to be

conditionally independent given the class ‘y’, we get:

- — PO M P(xi|y)
P(y [ X) =P (y [ X1, X, ..., X) = P(x1)P(x2)P(x3)..P (xd)

Here, P(y | X) is the probability of observing class ‘y’ given the feature vector X. The feature
vector has the dimension ‘d’ ie. X = (X;, X,.... Xy), which denotes the number of
features/variables of the sample. The probability of each class is estimated from the training data,
and the conditional probability of each feature given the class is calculated as the frequency of
the feature in the training examples of that class. This results in a probability distribution over
the possible classes for a given input text, and the class with the highest probability is chosen as

the prediction. Since the denominator remains constant, the above equation can be simplified as:
P(y | x1,x2,..,xn)=P(y) * P(xl |y) * P(x2 | y) * ... * P(xn | y)

Now, for all the possible values of the class ‘y’ the probability of a given document will be the

output with maximum probability i.e.

y =argmax P(y) I P(xi | y)

5.3.4. Gradient Boosting

Gradient Boosting is an ensemble learning method that iteratively trains a sequence of weak
learners to minimize the error of the previous learners. The weak learners are usually decision
trees, and the gradient boosting algorithm fits them sequentially to the negative gradient of the
loss function of the previous tree. This approach can improve the overall model performance by

reducing the bias and variance of the model. eXtreme Gradient Boosting (XGBoost) is an
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extension of the gradient boosting algorithm that incorporates additional regularization

techniques and can handle sparse data efficiently.

5.3.5. Training a machine learning model

Once a machine learning model has been trained on a dataset, it is essential to evaluate its
performance to ensure its reliability and robustness when exposed to new, unseen data. However,
when the entire dataset is used for training, assessing the model's performance on new data
becomes challenging. To address this issue, it is standard practice to split the dataset into two or
three sections, depending on its size. The majority of the data is used for training, enabling the
model to learn the underlying patterns, referred to as the training set. A smaller subset, known as
the validation set, is reserved for evaluating the model's performance during training. This step
facilitates tuning and optimizing hyperparameters of the model, improving its performance for
classification tasks. Finally, the model's performance is evaluated on a completely separate,

unseen test dataset to determine its generalization ability to new, real-world data.

Cross-validation is another technique used in machine learning to assess model performance.
This technique involves dividing the training data into several subsets, with one subset used for
evaluation while the remaining subsets are used for training. This process is repeated multiple
times, with each subset serving as a validation set once. Finally, the results of each validation

step are averaged to obtain a more robust estimate of the model's performance.

5.3.6. Evaluation metrics

The selection of an appropriate metric for evaluating the performance of a machine learning
model is task-dependent and application-specific. For instance, classification problems typically
employ metrics such as accuracy, precision, F1 score, and recall, while regression problems rely
on mean squared error (MSE), mean absolute error (MAE), or root mean square error (RMSE).
Given that the present study pertains to a classification problem, we will utilize the former ones.
Most of the classification metrics usually rely on confusion matrix, an NxN matrix (N being the
number of classes), which uses each test sample prediction to integrate information. Each

prediction is associated with one of the four outcomes:
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e True Positives (TP): prediction and real output are both true

e True Negatives (TN): prediction and real output are both false

e False Positives (FP): predicted output is true but the real output is false
e False Negatives (FN): predicted output is false but the real output is true

Based on this, accuracy quantifies the number of times the classifier provides correct results, as

follows:

TP+ TN
TP+TN+FP+FN

Accuracy =

Accuracy is a widely used metric, but it may be misleading in cases of imbalanced samples in the
data, and can introduce bias towards the majority class samples. However, since our data is
nearly balanced, as discussed in a later section, it is acceptable to use accuracy as a performance

metric.

Precision and Recall are commonly utilized in medical data, where the former measures the
number of correctly classified samples, and the latter measures the proportion of positive

samples that were correctly identified.

.. TP TP
Precision = TP 1P and Recall = TP TN

Lastly, the F1 score combines precision and recall using their harmonic mean, thereby mitigating

the influence of large outliers:

2 * precision * recall

F1 score = —
precision + recall

5.4. Methods

The main objective of this study was to develop a classification model that could differentiate
between tweets posted by individuals with Autism Spectrum Disorder (ASD) and those
belonging to a control group. To accomplish this, we first identified unique usernames from both
the ASD and control datasets, and split each set into a 85:15 ratio for training and testing. This

was done to avoid data leakage, which could occur if a user's tweets were split between training
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and testing username datasets and cause the model to overfit to learn the semantic patterns
specific to an individual user. The training and testing text datasets were then constructed from
the preprocessed tweets associated with each user. The categorical labels, representing whether a
tweet belonged to an ASD or control user, were used for model training and evaluation. The
training dataset was further divided into 85% training data and 15% validation data, which was

used to fine-tune the model and adjust hyperparameters.

We initially used a simpler Bag-of-Words (BoW) model transformed by Term Frequency-Inverse
Document Frequency (TF-IDF) to construct the text representation, using 25,000 features. The
BoW representation produced an n x m matrix, where n is the number of documents in the
corpus and m is the number of features. We then compared the performance of various machine
learning algorithms, including Support Vector Machines, Naive Bayes, Logistic Regression, and
XGBoost gradient boosting, using 5-fold cross-validation and F1 score as the evaluation metric.

We also measured the time taken for each algorithm during model training.

After identifying the most effective and efficient algorithm, we trained the model again on the
entire training dataset and evaluated its performance on the testing dataset by constructing a
confusion matrix. As our corpus was large, we also trained a word2vec model using the same
algorithm, with a vector size of 500, to generate word embeddings for improved feature

representation.

5.5. Results

For the four algorithms used to train the data using cross-validation, the obtained F1 scores were
0.615, 0.598, 0.615, and 0.624 for SVM, Naive Bayes, logistic regression and XGBoost
respectively. While the scores were similar, logistic regression was chosen as the best predictor
due to its superior performance and shorter training time. Subsequently, the logistic regression
model was trained on the complete training dataset, and an accuracy of 63% was obtained. The
logistic regression model was then trained on the word2vec features, and a better accuracy of

73% was obtained.
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Fig. 7: Confusion-matrix of BoW + LR model, which gave an accuracy of 63%
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Fig. 8: Confusion matrix of word2vec + LR model giving an accuracy of 73%. Note that the model has

improved in predicting fewer incorrect classes.
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The results of the study were found to be consistent with the semantic similarities of the words.
For instance, the word "autism" was found to have a higher cosine similarity to words such as

"Aspergers", "neuroatypical”, and "autism spectrum condition". This suggests that the word2vec

model was able to capture the semantic relationships between the words.
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6. EXPLAINABILITY AND TOPIC MODELING

6.1. Explainability

The field of machine learning and deep learning has revolutionized the data-driven world with its
continuous and promising advances. However, the inability of models to help humans understand
or interpret their black box nature still limits their potential. Despite becoming more accurate,
robust, and autonomous, it is essential for machine learning systems to gain human trust,
particularly in critical domains such as healthcare, national security, or judiciary. Such
applications require algorithms to explain their predictions with a rationale and characterize their
strengths and weaknesses while maintaining a high level of accuracy. The lack of transparency in
a model can make humans lose control over decision support agents, introduce bias, and raise
ethical or legal concerns. To address these challenges, the concept of explainable artificial
intelligence (XAI) was introduced, which involves a set of processes and methods that allow
human users to comprehend and trust the results and output created by machine learning

algorithms [67].

In 2016 [67], two techniques were introduced to introduce trust in machine learning models:
Local Interpretable Model-agnostic Explanations (LIME) and SHapley Additive exPlanations
(SHAP). This research work specifically uses LIME, so this section will describe the intuition
behind it. LIME aims to use interpretable explanations that are understandable to humans over
feature representations used by the classifier. As the name suggests, it uses a local surrogate
model to explain the classifier around the sample that is being predicted. The model-agnostic
nature of LIME utilizes the weights of the perturbed neighborhood points of the sample to
interpret the associated predictions. For text data, perturbation can be introduced by the presence

or absence of a word and how each word contributes to the class prediction of a document.

6.2. Topic modeling

Topic modeling is an unsupervised learning technique that is used to identify semantic structures
in the documents to find hidden topics and cluster the related expressions and word groupings. In
this work we used the Top2Vec algorithm, which clusters semantically similar words in the same

topic by making use of the spatial proximity of these words. To avoid sparse vector
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representation, Top2Vec uses uniform manifold approximation and projection (UMAP)
dimensional reduction, followed by a hierarchical density-based spatial clustering of applications
with noise (HDBSCAN) clustering. This reserves the local and global structure of the vector

space and finally the topic vectors are extracted from the centroids of the dense vectors.

6.3. Methods

To get the general idea of the black-box model’s decision making process, the LIME explainer
was used with TF-IDF feature vectors and the classifier linked together into a pipeline. A
surrogate model is trained on the neighborhood instances of the selected few individual test
examples, using the same machine learning algorithm as the original model. This returns feature
importance scores for each feature in the instance by analyzing the surrogate model's coefficients
as an explanation for the predictions allowing us to understand which words or features are
distinguishing the two groups. For topic modeling, the Top2Vec algorithm was utilized to extract
word and sentence embeddings using a pretrained embedding model known as Universal

Sentence Encoder.

6.4. Results

For this we used LIME explanations with the BoW model and the analysis revealed that words
such as "brain," "think," "feel," and "need" were associated with tweets related to autism,
indicating that the BoW model was still able to capture meaningful features related to autism.
This finding was further supported by the word cloud analysis, which was constructed using the
100 most frequent words from the ASD and control groups, as well as the complete dataset and
the frequency of a word is encoded by its corresponding font size on the plot. The top most
frequent words used in the ASD tweets were more emotion-driven, with words related to "kids"
and "school" being more prevalent. This finding aligns with previous research that has
highlighted the importance of early childhood intervention and thus it is reasonable for the
parents or autistic individuals themselves to seek help or raise awareness and support for ASD.
Conversely, the control group tweets were characterized by daily activities and verb-based

patterns, reflecting a more typical language use.

29



Feeling caught between serious dilemmas and faith .

autism

Text with highlighted words

feéel caught seriou dilemma faith

autism

Text with highlighted words
give laura bailey guest role

autism

Text with highlighted words

direction §ill dmdtobillion dmdtob onedirect

autism

Text with highlighted words

True label: autism
Prediction probabilities random
feel
random o
autism fa;g‘ﬂ
caught
0.00)
seriou
0.00f
dilemma
000l
Give Laura Bailey a guest role in this too .
True label: autism
Prediction probabilities random
ive
random go.oo
autism la;“;
bailey
0.00|
guest|
0.00)
role
0.001
DIRECTIONERS STILL HERE «" #DMDTolBillion #dmdTolB @onedirection https://t.co/gESS7gBnks
True label: random
Prediction probabilities random
still
random 0.11
autism d““%"o’;
dmdtobillion
0.00|
dmdtob
0.00|
onedirect]
0.00l
I hate my brain , and my brain hates me .
True label: autism
Prediction probabilities random
hate
random 00
autism b;gm

This guy out here like he just won a new dining set on The Price Is Right * x *

True label:
Prediction probabilities

random
autism

autism
random
like

0.06

30

autism

Text with highlighted words

[ik€ dine price right



It's time to let go #fb
True label: autism

Predicti liti random autism ) .
rediction probabilities ime Text with highlighted words
random 005
autism fime

Sams nan got me this absolute cutie to " take with me to Canada so I'm not on my own " & he's gonna be my new sidekick , what should I call him & https://t.co/70kAtgrxu2
True label: autism
Predicti babiliti random autism . L.
redichion probabiiies ke Text with highlighted words
random [¥0.09
5 labsolut bsolut cuti d; idekick call
autism bs sam absolut cuti f@ke canada gon na sidekick c:

call
0

gon
.00
cuti
00
canada
00

sam
0.00
na

00
sidekick
00
THIS IS SO IMPORTANT .

True label: autism

Predicti babiliti random autism . C .

rediction probabilities import Text with highlighted words
random koo
autism import

I think I need to cut this simply be ause of how muddy the art is . My foil is just indiscernible https://t.co/Kv]zC9veSO
True label: random

Prediction probabilities random autism

think
random 0.10
autism need fiifik need simpli au muddi foil indiscern

0.06

muddi
00

foil
00

Text with highlighted words

[simpli
.00

au
0.00

indiscern
0

Fig. 9: LIME text explainer. Note the highlighted words emphasizing the prediction for class “autism”

31



The objective of our topic modeling analysis was to investigate whether there exist specific
themes that are frequently discussed in relation to autism. Using the autism dataset, multiple
topics were discovered, however, the majority of them revolved around ASD or related
behavioral and emotional symptoms, such as "hyperactivity", "tourette", "fidgeting",
"schizophrenia", "jitters", "fear", "anxiety", "trembling", and "overwhelmed", as well as
disability-related topics, such as "wheelchair", "paralysis", "bedridden", "crippled", and
"psychosomatic". Interestingly, a considerable number of documents were also focused on
"vaccine", "therapy", "misdiagnosis", and "cats". These could be explained by the fact that
autism is frequently misdiagnosed or diagnosed late, leading to worsening of symptoms.
Consequently, individuals experiencing such symptoms seek therapy, support, and self-help from
others. Furthermore, misinformation about autism being caused by vaccinations can negatively
impact the lives of those affected by autism. However, given the timeframe in which the dataset
was collected, it is also possible that these tweets are related to COVID-19 vaccines. Lastly,
multiple studies [68, 69, 70] have found that autistic children are more at ease with cats, as they
are less intrusive, do not maintain prolonged eye contact, and can help to relieve stress and

understand emotional cues.

On the contrary, it was difficult to extract specific topics from control group Twitter
conversations as they were quite random. Most of the topics were related to internet
personalities, different exclamations used in daily conversations, discussions around specific
days of the week or special days such as birthdays or anniversaries. Surprisingly some topics
were found to be related to animals, in general, as opposed to just cats which was observed in
autistic user conversations. Some of these posts also displayed usage of emotional words

suggesting that pets or animals may provide therapeutic benefits.
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DISCUSSION

The work presented in this study demonstrates the potential of using data-mining techniques to
learn about autism and related topics from social media platforms such as Twitter. The 73%
achieved accuracy in the study shows that there are significant semantic differences in the
messages posted by individuals with and without ASD. This finding, along with previous studies
published in Nature Digital Medicine and PubMed journal using computer vision models [14,
72], suggests that social phenotypical behavior could be used to support effective ASD screening
strategies and facilitate early detection. Using machine-learning tools, Drimalla et al [14]
detected individuals with ASD with an accuracy of 73%, sensitivity of 67%, and specificity of
79%, based on their facial expressions and vocal characteristics alone and found that the
performance was equal to clinical expert ratings. The collected dataset in our study has valuable
information related to various topics of discussion, which could help public health officials,
policymakers, and clinicians in decision-making. By observing the behavioral symptoms of
individuals in a non-clinical setting, clinicians can reduce doctor-patient meeting time and
improve the rigor of autism research. Overall, this study highlights the potential of using social
media data for ASD research and its potential impact on healthcare, which could be improved by
combining our findings with research works similar to aforementioned works to build a
multi-modal analytical tool. Such multimodal digital phenotyping methods have the potential to
improve grading quality of clinical tools and shift healthcare from a reactive, disease-based

model to a proactive, prevention-based model.

However there are certain limitations to consider in this work as well. While the study focused
on individuals who self-identified as autistic, there is no clinical validation for their autism
diagnosis. Furthermore, there is a possibility of data leakage, where the identified users may not
be autistic but instead could be family members, parents, caregivers, advocacy organizations, or
researchers belonging to a different study population. The use of VADER to label the emotional
intensity and sentiments of the tweets can be relatively inaccurate than human labels, whose
sentiments tend to get affected by their surroundings, politics and other factors, thus making it
difficult to provide reliable labels. VADER uses dictionary mapping to label the social media
posts that may not be generalizable to different topics being discussed. Additionally, the study
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only considered the English language, potentially missing out on information from other
countries or languages that could aid the model in making better predictions. This also raises
concerns of the lack of diversity in the data, where only English-speaking users from higher
socio-economic groups or younger adults are represented in the dataset, as they comprise a larger

population of Twitter users.

This study presents several opportunities for future research. The rapid advancements in deep
learning techniques offer potential for improved results using recurrent neural networks (RNNs)
or convolutional neural networks (CNNs) applied to the large corpus of data curated in this
study. In future we plan to use pre-trained models such as BERT for text classification, topic
modeling, and feature extraction and integrate it with additional modality data, such as audio,
video, and clinical texts, which could potentially enhance the reliability and accuracy of ASD
diagnosis. In addition, incorporating auxiliary information to textual features may further
improve the effectiveness of machine learning models. Lastly, as the Centers for Disease Control
and Prevention has reported that boys are four times more likely to receive an ASD diagnosis
than girls, gender analysis using crowdsourcing or other metadata analysis techniques may hold

promise for future investigations.
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