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but there are several other instances of overlap, such as harassers and bystander
assistants, which have very similar behavior in cyberbullying interactions. This can
be explained as victims aggressively defending themselves, which can make it

Abstract Methods appear as the harasser
Cyvberbullving | obal bh . . .  health of Basic data preprocessing — removal of punctuation,
erbullying Is a globa enomena impacting the mental health o . as . icti
y y g g p p g fOker"ZCI'l'lOn, Clnd qudmg Shorter Comments 20 {Model Conﬁgesrff:der Sl 20 TModel Confideanzrasser . 15 {Model Confidenc\:cnm .
thousands of adolescent. Understanding the dynamics of cyberbullying 1.0 1.0 1.0
. . . . . . . 15[ 0.5 e 151 0.5 ;i 2 0.5 ! b
roles requires large amounts of labeled data on nuanced interactions. This To maintain the connection between the comments, we o . . Lrwedudhi | 0N e Dl teE
. . . .« o .« s 101 ' o Sy 101 | T i We & Sing e de | 8RS s NSl L
study explores the use of machine learning models to predict the generate two samples for each Q&A pair in the original PR AR PR T Al B B & 7 R
I 1 1 ilizi 3 - ..o AR . E?zi ‘~‘.: 5 :;‘. . :’ & bt L '.T .30 ';‘ P e ﬁ:';.}ﬁ-.‘;;'\.t ®- =..%.,»'<;'« 5 '-#’. .
cyberbullying roles, harasser, victim, bystander defender, and bystander dataset, utilizing both labels SR ARG e SE e s se o i L
. . . . . . . L 4 LAY AR I 0- oy AR T 0 o BT et v
assistant [2] in online interactions. Using the AMiCA ASM.fm dataset [3 : L 8 ok S IO R o O " e
[2] f 9 f 3], f To handle class imbalance, we use ADASYN with its default s e e LA LRt "Nl ?rﬁ,;‘_-j.: |
o . . . . . o % s - ) -5 4 ¥ ..i. ;- e s .*"'}'. a: -5 L] c‘a, A
which consists of 113,698 English posts, we evaluated the performance o oarameters (neighbors = 15) to oversample the minority ond Zo : e
° ° ° ° ° . . 3 - ~10- _ 2..,1.'{:, : ® :
various models built with four underlying LLMs, i.e., BERT, RoBERTa [1], T5, samples: Harasser, Victim, Bystander-Defender, and = . i 3
and GPT-2 for role detection. A fine-tuned RoBERTa model performed Bystander-Assistant -0 -0 0 1 2 -0 -lo 0 10 0 -0 0 10

the best, achieving an F1 score of 0.828.
Using context-target pair embedding vectors, we fine-tune

each LLM to predict the cyberbullying roles of the targets

Future Work

Collecting a dataset with severity of bullying, the topic of bullying,

Data Structure and improved role labels

Models purposefully built for identifying bystander interventions (anti-

“* Posts from users are conversations, each of which consists of one Q&A pair. For our model, we reconstruct the Q&A pair into a context-target bullying]
ullying

embedding vector.
** Each is tagged with severity (none, mild, severe) and labeled with role of the author (harasser, victim, bystander defender,
bystander assistant). For our purposes, we only focus on the role label.

Conversation-level analysis to identify patterns across several posts for
a single user
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