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ABSTRACT:

Online social media sites (platforms) have become
essential parts of modern life, offering avenues for
communication, collaboration, and entertainment.
Antisocial behaviour refers to actions that go against
societal norms and disrupt the well-being of others. It
can manifest in different forms, such as hostility,
deceitfulness, disrespect for the law, and a deficiency
in empathy. Antisocial behaviour can occur both
offline and online, with the latter often referred to as
online antisocial behaviour.

Network Analysis Examining the social network of
users to identify clusters of individuals engaging in
ASB or patterns of behaviour that indicate ASB.
Using NLP techniques to analyze text for sentiment,
intent, and linguistic cues associated with ASB.
Combining these approaches can enhance the
accuracy and effectiveness of detecting and
classifying online ASB. Additionally, it’s important to
consider ethical implications and ensure that
detection methods do not infringe on user privacy or
freedom of expression.

With the intention of:

1) Identifying characteristics of personality and
behaviour from online platforms;

i) Binary detection of antisocial conduct on the
internet; and detecting multiclass antisocial
behaviour from social media datasets.

This paper offers a unique deep learning-based three-
part framework. A highly accurate classification
model is presented after a great deal of testing with
different machine learning and deep learning
methods, adjusting hyper-parameters, and employing
various feature extraction methods.This paper very
interesting and addresses a crucial area of research.
Deep learning can be a powerful tool for detecting
behaviour and personality traits from online
platforms, as well as for identifying online antisocial
behaviour.

1. INTRODUCTION

The Internet is a vast virtual platform for personal
opinion expression and sharing, impacting all facets
of life and having ramifications for both marketing
and communication. Social media is changing
people's attitudes and habits, which in turn is
influencing their choices. Keeping an eye on using
social media is a helpful tool. For tracking consumer
attitude toward brands and products and gauging
customer loyalty. The next natural area for marketing
Is social media. At the moment, Facebook is the
industry leader in digital marketing, closely followed
by Twitter.[1Social media refers to online groups and
websites that facilitate social networking and the
creation and sharing of content.

Because they allow people to express themselves,
connect with others, and share knowledge, these
platforms have become essential to modern life.
Social networking sites include LinkedIn, Instagram,
Facebook, Twitter, and TikTok, to name a few.
Posting text, images, and videos; interacting with
other users via likes, comments, and messages;
joining communities or groups based on common
interests; and receiving updates from friends, family,
and organizations are just a few of the features
available on social networking platforms.

Even though social media can be a useful tool for
networking and communication, it also brings up
issues  with  online  antisocial  behaviour,
misinformation, privacy, and cyberbullying. Users
should therefore be aware of their online activity and
the potential effects it may have on both themselves
and other people. Behaviour features are displayed by
humans when they interact with their environment.
These behavioural characteristics include personality,
behaviour habits, and mental state [2].

Antisocial behaviour refers to actions that go against
societal norms and disrupt the well-being of others. It
can manifest in different forms, including hostility,
dishonesty, disobedience to the law, and lack of
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empathy. Antisocial behaviour can occur both
offline and online, with the latter often referred to
as online antisocial behaviour. Online antisocial
behaviour encompasses actions that harm others in
the digital realm. This can include cyberbullying,
trolling, spreading misinformation, hacking, and
online harassment.

Limitations of traditional methods for studying
social and antisocial behaviour, particularly in the
internet and social media. It acknowledges
challenges posed by the online environment, where
antisocial behaviour can be exhibited without
immediate repercussions.

Developing a methodology to detect online antisocial
behaviour (ASB) at scale, including its variants, is
crucial for enhancing online safety. By leveraging
Using cutting-edge machine learning, deep learning,
and natural language processing algorithms, you can
reliably separate important postings from the massive
volume of web content.

For this objective, deep learning models such as
Convolutional Neural Networks (CNNs), Gated
Recurrent Units (GRUSs), Long Short-Term Memory
networks (LSTMs), and Recurrent Neural Networks
(RNNs) can be useful. These algorithms are very
good at extracting patterns and features from textual
material, which helps them recognize stuff that is
relevant to ASB.

Feature extraction techniques such as word
embeddings (e.g., Word2Vec, GloVe) can help
represent text data in a manner that embodies
semantic relationships between words. This is
essential for understanding the context and meaning
of online posts, which is crucial for detecting ASB.

2. RELATED WORK

Social media has transformed information
consumers into information producers. This
phenomenon has enticed researchers (from various
disciplines)to study online social media as an
important source of data to explore human
behaviour in the physical world [6, 7].

Social media generates unprecedented amount of
data and has led to new ways to discover urban
functions and human behaviour.

By aggregating millions of check-in platforms
such as Swarm and Facebook Places, researcher

scan reveal distinct visit patterns and busy times
for various locations with in a city[8]. Based on
this information a recommendation system can be
developed to provide real time information on
interesting events and their statistical deviation
from past trends [9]. Aggregated check-ins can
also reveal positive and negative sentiments about
the places people visit. This can be achieved by
conducting real time sentiment analysis of the
data, and information can then be feedback to a
recommender system to make recommendations
[10, 11]. Based on these recommendations, people
can plant routings and visits.

Discovering similar trends from data collected by
traditional methods, also called the ‘top-down
approach’, for real time functionality is not
possible. Data obtained for urban planning by top-
down approaches such as remote sensing,
nationwide surveys, and geographic information
system has its limitations. It is intricate and fails to
reveal the complex dynamics of a city. It is also
difficult to extract the emotions, perceptions and
experiences of people using this approach [12]. Even
though such data has been used extensively in the
past to study urban functions, urban planning and
geographical information systems, it comes with
limitations related to the time and effort required
for collection, processing and analysis.

On the other hand, data generated by ‘bottom up
approaches offer superior alternatives and include
user created data in the form of online blogs, check-
in, and social media posts [13].

Researchers are not required to create questionnaires
or a surveys; normally sources of very rich data and
information [11]. Instead, data can easily be
collected using techniques such as APIs, web
crawling, software tools such as “Ncapture’, and
web scrapping. By analysing comments, posts,
images, etc. posted by users of social media,
researchers can infer important information about
them.

This may include the type of art people buy, the
theatre they visit and fashion they favour [14].
User generated social media data is not only useful
in discovering human behaviour, is also useful in
generating city knowledge [15, 16]. Vernacular
geography encapsulates the spatial knowledge that
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people use to visualize and communicate the
places around them on daily basis. Through the
data posted on social media directly or through meta
data, people unknowingly share a body of
knowledge about their surrounding geographic
world. Flickr, which people use to post their photos,
provides meta data that helps to understand
vernacular geography of an area [17, 18]. It is not
uncommon for people to add tags to the images
they store on the platform and, in most common
scenarios, they use the location at which the image
was taken as a tag. Vernacular geography also
concentrates on how people name and demarcate
places in everyday use, and the knowledge
gathered from this can be utilized to develop a
geographical information system [19]. There is no
limit to the type of questions one can answer using
the same set of social media data and use cases for
the data depends on researchers' imaginations.

User activity modeling has been an area of interest
for researchers in the field of pervasive computing.
For developing an activity model, researches
usually rely on data from different streams such as
location sensors and smart phones with inbuilt GPS
sensors [20, 21]. The data gathered is then analyzed
to develop a ‘user behavior model’ to discover

Class Label |[Number of
Tweets

Not adhering to social norms |1 1180
Intolerance and hostility 2 1244
recklessness in regard to safety|3 904

Absence of regret 4 870

General or Non-Antisocial5 1410
Tweets

content or location dependent knowledge. This
knowledge is then fed into a recommender system
for targeted advertising and marketing. In
particular, such information can be analyzed to
determine user activity duration.

3. METHODOLOGY

Neural network development had largely stagnated
until the resurgence of interest in deep learning, It has
resulted in notable developments in a number of
disciplines of artificial intelligence.

The conceptual framework is show in Figure-1, and
the detailed steps are discussed in the following part

-Fod Croms Valsation

Prevaned [ Hype-garameties
Embeddngs . Tuig
s Coletion l __, Dwplaaming i
- G
L5Te
L v B Toit o 0 Woddl Traning M —
i Revctaton Exincion

1
Fre ety — J;*H";‘” o m . :’:: « :m E;
F
5
Figure 1 Multi-class identification proposed

conceptual framework.

Ncaptuer, a browser plugin that interfaces with Nvivo
software, a program frequently used for qualitative
research, was utilized to gather data for this chapter
via Twitter. To find relevant tweets, pre-defined terms
linked to online ASB were utilized. A total of 35
tweets from candidates were gathered. The tweets
were saved by Ncapture as a.nvcx file that can only
be viewed with Nvivo. Machine learning algorithms
can be trained with the file by exporting it as an
Excel or CSV file. Only tweets that satisfied ASB
requirements were hand-picked. A clinical
psychologist directly oversaw the process, which was
carried out in accordance with the DSM-5 guidelines

[1].

All of the tweets that were gathered were manually
classified in order to create a gold standard dataset.
Initially, more than 25,000 tweets were gathered,
but many of them were eliminated since they didn't
fit the experiment's requirements. After searching
for offensive, threatening, and abusive language
many of the discovered tweets were jokes rather
than instances of ASB, or they just included
sarcasm.
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Only the tweets that blatantly demonstrated ASB
were retained after these were manually filtered
away. For the sake of testing and training, the
borderline tweets were also removed. Following hand
annotation and filtering, 5,504 tweets made up the
benchmark corpus. Table 1 Having a dataset
categorized into separate classes is essential for
teaching machine learning algorithms to accurately
identify and categorize ASB. The sample tweets,
along with the class labels and the explanation for
each classification, are shown below to further
demonstrate the annotation process.

Table 1 Labels for classes

were followed for assigning the class.

It's important to maintain uniformity in annotation
for consistency.

Table2 sample table displaying classified posts with
labels

Post Label

Can't believe how rude some||ASB (Antisocial
people can be online! Behaviour)

Just finished a great book,||Non-ASB (Non-
highly recommend it! Antisocial Behaviour)

Class

Class 1:
Not adhering to societal
norms pertaining to

This includes those who
disobey the law or
encourage others to do

This weather is awful, can't|Non-ASB (Non-
wait for summer! Antisocial Behaviour)

I'm so tired of all the|ASB (Antisocial
negativity on social media ||[Behaviour)

appropriate behaviour. s0.
Class 2: A certain level of
Some people act irritably | violence

and aggressively toward
other people.

Excited to start my new job|Non-ASB (Non-
next week! Antisocial Behaviour)

Class3:

Careless disregard for
one's own and other
people's safety.

disregard for human life
(one's own or that of
others)

Class 4:
Lack of regret

by justifying the hurting
and/or mistreatment of

demonstrated by others

insensitivity to the

sentiments of others or

Class 5: devoid of ASB
Non-antisocial or | manifestations.

general class,

Annotation was finished in line with DSM-5
guidelines with the help of two research students and
supervision from a clinical psychologist with
experience in ASB disorder.

It was decided that the presence of a domain expert
was essential to guaranteeing the precision and
legitimacy of the annotation procedure. One of the
most commonly used measures for comparable
studies, the Kappa coefficient, was computed to
support the inter-rater reliability. A degree of
agreement of 0.91 was attained. for there was a
disagreement, the domain expert's recommendations

In this table, each row represents a post, and the
"Label” column indicates whether the post is
classified as antisocial behaviour (ASB) or non-
ASB.

Word embeddings are crucial for representing
words in a manner that captures their meanings and
relationships within a given text corpus. By
converting words into dense vectors in a continuous
vector space, embeddings enable deep learning
models to grasp the semantic similarities between
words. This representation is especially beneficial
in natural language processing (NLP) tasks, such as
multiclass text classification, where comprehending
the context and meaning of words is vital for
accurate classification.

The key advantage of word embeddings is their
capacity to identify word semantic links.

For example, in a word embedding space, words
like "cat" and "dog" would be closer together than
words like "cat" and "apple,” because "cat" and
"dog" are semantically related as both being
animals. This allows deep learning models to learn
more effectively from textual data and perform
better in tasks such as text classification.
Additionally, Word embeddings assist in overcoming
the drawbacks of conventional methods like bag-of-
words (BoW) or TF-IDF, which treat each word as a
separate feature without considering its context or
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meaning. By capturing the semantic relationships
between words, word embeddings enhance the
effectiveness of natural language models on a range
of tasks, including as text categorization with many
classes.

Creation of Models

This part employs four distinct deep learning
architectures. The following sequence is in which
they are listed:

e CNNs: explaining a Convolutional Neural
Network's (CNN) methodology and architecture for
text classification. Here, the CNN receives input
text, processes it through layers that extract n-grams
and apply word embeddings, uses a pooling layer to
generate feature vectors, transforms these vectors to
a higher-level representation, and then uses a dense
layer for the final prediction. This method works
well for finding patterns in text data and forecasting
things based on those patterns.

e RNNSs: Recurrent Neural Networks (RNNSs) are
well-suited for handling sequential data like text
due to their ability to capture the sequential nature
of language. Unlike Convolutional Neural
Networks (CNNSs), which are better suited for
spatial data like images, RNNs excel at
understanding the context and semantics of
sentences by integrating information from previous
timestamps through the recurrent hidden state. This
makes RNNSs particularly effective for natural
language processing (NLP) tasks where word order
and context are crucial, such as language translation
or sentiment analysis.

e LSTM and GRUs: LSTM (Long Short-Term
Memory) and GRU (Gated Recurrent Unit) are two
types of recurrent neural network (RNN)
architectures that are designed to address the
vanishing gradient problem, which can occur when
training traditional RNNs on long sequences of
data.

Both LSTM and GRU have gating mechanisms that
allow them to selectively remember or forget
information over long periods of time, making them
well-suited for tasks involving sequential data, such
as natural language processing, speech recognition,

and time series forecasting.

4. PERFORMANCE EVALUATION

The Accuracy, Precision, F-measure, and Recall are
the metrics that were used to evaluate the
performance of various classifier used in this
research paper. These are the widely accepted
evaluation metrics for machine learning algorithms
[35], [37]. K-fold cross-validation was also adapted
to enforce robustness to the validation process and
to impede selection bias and model over fitting,
which is a common problem that can occur when
trying to improve efficiency by fine-tuning features
[23]. In K-fold validation, the data set is randomly
split into k number of sets. One of these sets are
used for testing and others are for training and
validation. The whole process is repeated k times
using different training sets, and the results are
subsequently averaged to get a final performance
metric of an algorithm or a model.

Design and Analysis of Experiments

The automated classification experimentation
approach for ASB category identification postings
is covered in this part. Several actions were taken in
order to assess how well the suggested deep
learning technique functioned. These actions
include:

Training that describes: The training process is
explained, including the reasoning behind
parameter settings, for deep learning models as well
as traditional machine learning models. The
Word2Vec and GloVe models are examined, and
feature engineering techniques are shown.

Evaluation of accuracy: To evaluate and compare
the performance of various deep learning
architectures and traditional machine learning
techniques, we utilized our benchmark dataset and
generated the most commonly used validation
metrics: accuracy, recall, precision, and F-measure.
The deep learning architectures evaluated include
Recurrent Neural Networks (RNNSs), Long Short-
Term Memory networks (LSTMs), Gated Recurrent
Units (GRUs), and Convolutional Neural Networks

IJSMER202308502
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Regression (LR), and Decision Trees (DT) were also
evaluated.

5. EXPERIMENT DESIGN AND ANALYSIS
This section discusses the process of automatic
classification experiments for category identification
from ASB posts in detail. To evaluate the
performance of the proposed deep learning approach,
several steps were performed, and these include:

* Descriptive Statistics: Qualitative analyses of the
underlying text corpus was conducted in this step.
This section presents insight into the types of classes,
number of tweets within each class, and the most
prevalent words in these classes. Analyses
incorporated removing and leaving stop words and
implementing stemming.

* Model Training: The training procedure for both
traditional machine learning and deep learning
models is described incorporating the rationale in
parameter settings. Both Word2Vec and GloVe
models are explored, and feature engineering
techniques are presented.

» Accuracy Evaluation: The most widely accepted
validation metrics i.e. Accuracy, Recall, Precision,
and F-measures were calculated and compared, on
our benchmark dataset. All the four deep learning
architectures, namely RNNs, LSTMs, GRUs, and
CNNs were evaluated with these five metrics. For
comparison purpose, traditional machine learning
algorithms such as RF, SVM, LR, and DT, were also
experimented with.

» Hyper-parameter Evaluation: Considering an
impact the related hyper-parameters can have on the
performance of an algorithm or an architecture, a
number of experiments were conducted by adjusting
various parameter-settings. The parameters that were
adjusted for optimization are dropout rate, optimizer
type, word embeddings, number of memory units or
convolution filters, and the number of recurrent units.
Since training and tuning an artificial neural network
can be quite time consuming, the study by Reimers et
al [24] was followed for the chosen parameters.

* Models Visualization: The confusion matrices and
the scatter plots presented illustrate the output

performance of all the top performing deep learning
architectures implemented.

The graphical representation aids in understanding
not only the similarities between the different classes
but also the misclassifications during the training and
testing process. These visualizations present an
overview of the classification outputs and assist in
understanding the sources of errors. Overall, these
are helpful in facilitating the interpretation of model
performances.

* Error Analyses: The examples of misclassified
tweets along with the word embeddings of the
commonly occurring terms in the data set are
presented in this section. A thorough investigation of
the correctly and wrongly classified tweets afford the
opportunity for active learning and classification
refinement

MODELS VISUALIZATION

The classification performance of deep learning
architectures can be better understood with the aid of
visualization. Virtualization provides insights into the
inner workings of algorithms. We used t-SNE, the
dimensionality reduction techniques, based on GloVe
embedding to understand the similarities and
dissimilarities among disparate categories of
antisocial behaviour. The visualization indicates
categories of antisocial behaviour that were correctly
classified and the categories that were not. Since
algorithms performed better with GloVe embedding
compared to Word2Vec, we evaluated visualization
generated with Glove embeddings. The highest
performing models- GRU and LSTM, and the lowest-
performing model-RNN are  presented for
comparison. The scatter plots in Figure-3 show the
clustering of all the five classes. The more confined
and distinct the clusters are, the better the algorithm
has performed.

Following conclusions can be drawn from the
analysis of the scatter plots:

* RNN performance on the dataset was relatively
inferior when compared with other algorithms used
in the study. A significant number of tweet
misclassification can be depicted from the scatter
plot. The model was unable to generate a clear
distinction between some of the classes, especially
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between the ‘General’ and the ‘Lack of Remorse’
categories. The algorithm misclassified a large
number of tweets that were meant to be in category 4
(lack of remorse) as non-antisocial tweets. Similarly,
it also misclassified some of the category 3 tweets
(Reckless disregard for safety) as non-antisocial
tweets. It can be inferred that the algorithm was
unable to draw a clear distinction between the classes
and it is apparent by the lack of sufficient gaps
between the clusters representing disparate classes.

RMNMNs Normalized confusion matrix

0 0.00 001 003 0.03 o8
1 0.02 0.05 002 0oz |
06
=
=, 002 002 0.00 0.02
s
= 0.4
0.00 000 001 002
|
4 0.06 0.00 0.03 0.05 0.85 Fo2
~ - -
Predicted label

—L oo

* LSTM model performed better than RNN and was
draw comparatively distinct class clusters. Apart
from some misclassifications, clearly defined clusters
represent a decent classification performance. As can
be seen in Figure-3, some class 4 tweets (Lack of
remorse) were wrongly classified as class 3 tweets
(Reckless disregard for safety).

LSTMs Normalized confusion matrix

001 0.00

0.00 000

0.00 000

True label

3 000 000 001 001
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This is mainly due to the use of similar terms in both
types of posts. Phrases such as ‘I don’t care’, and
‘you can die’ were quite common in both classes, and
lead to some misclassifications. Similarly, class 2
posts (Irritability and aggressiveness) were wrongly

classified as class 1 (Failure to conform to social
norms). We believe this may have been again due to
the use of similar terms & semantics and sentiments
of the underlying posts. The algorithm was ableto
identify class 1 posts with significantly high
accuracy. Overall, the performance was better than
RNNSs.

* GRU architect was able to distinguish posts fairly
correctly, as can be seen in the scatter plot. There is a
clearer distinction among classes represented by
well-defined clusters with a significant gap between
them.

GRUs Normalized confusion matrix

True label

Predicted label
—- 0.0

Nonetheless, there were a few misclassifications in
almost all classes. Some posts from class 1(Failure to
conform to social norms) were misclassified as class
3, (reckless disregards for safety)

6. CONCLUSION

Online platforms have expenses even with all of their
bells and whistles. They have developed into havens
for unwanted behaviour under the guise of free
expression. One such topic that has been the primary
focus of this thesis is online antisocial behaviour. It
puts vulnerable populations in danger and impedes
equitable participation on social media. online groups
are experiencing such unacceptable behaviour.
Threats, carelessness, lack of regret, and
disobedience to the law can have serious
consequences and negatively impact the online
community. It's important for online platforms to
have measures in place to address and mitigate such
behaviour, including clear community guidelines,
reporting mechanisms, and enforcement actions.
Additionally, promoting positive behaviour and
fostering a sense of responsibility among users can
help create a safer and more respectful online
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environment. It is necessary to identify and stop this
behaviour in order to make online platforms safer for
everyone. Therefore, the following are the primary
goals of this research study:

» Creating a method for identifying and analyzing
unique user behaviour patterns and personality
characteristics gleaned from users' usage of various
social media platforms.

* To present a framework that combines conventional
machine learning, deep learning(DL) and natural
language processing(NLP) methods to detect
antisocial behaviour in online discourses.

*To suggest a method for accurately and
automatically extracting various forms of antisocial
behaviour and classifying them, as well as to find
new information about these behaviours that can be
used to counteract their ubiquity on the internet.

The research proposes three benchmark datasets from
Twitter and the Swarm app to achieve its objectives.
These datasets were annotated with the help of a
domain expert. Extracting meaningful knowledge
from user-generated data is complicated due to its
informal and noisy nature. Traditional machine
learning algorithms perform poorly compared to deep
learning due to the sparse and non-semantic
representation of online data. The classification
performance is negatively impacted as similar
meanings are treated as different features. a valuable
and pioneering effort! Deep learning methods,
especially those leveraging word embeddings, can
indeed offer more scalability and nuanced
understanding of social media expressions compared
to traditional approaches. It's great that you're also
exploring and comparing them with other feature
extraction techniques.

The research aimed to determine if behaviour and
personality traits could be identified from online
activities. A benchmark dataset was created using
Swarm and Twitter, which underwent cleaning and
manual annotation. It's impressive how you've
integrated a range of tools and methodologies to gain
such comprehensive insights. Geo and spatial
temporal analyses can add a fascinating dimension to
understanding behaviour patterns, especially in
online contexts where physical locations might not be
immediately apparent. The combination of text

mining and sentiment analysis is also powerful for
uncovering underlying motivations and sentiments.
The proposed method utilizes deep learning on a
benchmark dataset with labels for online antisocial
behaviour (ASB) and non-ASB. It captures word
dependencies using word embeddings and advanced
features, leading to superior performance compared
to traditional machine learning algorithms. The study
also investigates the most distinctive features
between ASB and non-ASB categories. Overall, this
approach is deemed crucial for various stakeholders,
including online platforms, healthcare providers,
policymakers, government organizations, and support
groups, as it provides an effective means to combat
online ASB.

Al technology used to extend a binary classification
task to tackle multi-class classification for identifying
online anti-social behaviour. ~This automated
categorization aids online platforms in efficiently
managing large amounts of data. The study identified
four prevalent forms of ASB, assisting platforms in
assessing their nature and seriousness. Word2Vec and
GloVe were utilized alongside deep learning
architectures like GRU+GloVe, which achieved an
accuracy of approximately 99%. Decision tree
performed poorly compared to other architectures in
this research.

Different hyper parameters were explored to
understand their impact on deep learning algorithms.
The combination of Relu activation function, Nadam
optimizer, 128 recurrent units, and a batch size of 32
yielded the best results. Visualizations like scatter
plots and confusion matrices can be incredibly
insightful for understanding the performance of
classification algorithms. They can help identify
patterns, outliers, and areas where the model might
need improvement. Error analysis allowed for re
annotation of misclassified posts, enhancing
performance. Comparative analysis on annotated
datasets revealed distinctions in forms of ASB
classes, shedding light on word usage patterns.
Notably, aggression was often expressed through
short sentences, while lack of remorse was conveyed
through lengthier posts.

7. FUTURE DIRECTION
This project's research can go in a number of areas,
some area are covered here. Psychologists and social
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scientists have recently identified online antisocial
behaviour (ASB), which is different from real-world
encounters. This study explores online ASB in all its
forms. Online ASB may have different causes and
traits compared to offline ASB. In the online world,
factors like wealth, status, and physical strength do
not necessarily determine control or influence. For
example, a young boy without power or resources
can intimidate someone with a higher social standing.
This study lays the groundwork for understanding
online ASB and its unique hypotheses.

Exploring additional types of online antisocial
behaviours is a valuable direction for research. These
behaviours can manifest in various forms online,
affecting individuals and communities. Investigating
deceitfulness, impulsivity, consistent irresponsibility,
failure to honor financial obligations, and other types
can provide a more comprehensive understanding of
online ASB and inform strategies for detection and
mitigation.

It's fascinating to see your interest in exploring a
wide range of personality and behaviour traits
beyond antisocial behaviour. Each of these disorders
presents unique challenges and complexities, and
understanding them better can lead to more effective
interventions and support strategies.
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