
SpectrumNet: Detecting LGBTQ+ Cyberbullying with Dynamic
Context-Aware Attention

Arslan Bisharat1, Manuel Sandoval1, Mujtaba Nazari1, Deborah L. Hall2, Mohammed
Abuhamad1, Yasin N. Silva1

1Loyola University Chicago
2Arizona State University

{marslan, msandovalmadrigal, mnazari, mabuhamad, ysilva1}@luc.edu
d.hall@asu.edu

Abstract

Cyberbullying remains a critical societal issue, with
LGBTQ+ individuals disproportionately affected. Although
previous work proposed general cyberbullying detection
models, LGBTQ+-targeted cyberbullying detection remains
relatively unexplored. SpectrumNet, a novel transformer-
based model introduced in this paper, goes beyond conven-
tional cyberbullying detection by adding conversational con-
text and identity-aware modeling. SpectrumNet freezes the
RoBERTa backbone and adds three key components: a hi-
erarchical attention network to capture linguistic nuance, a
GRU-based encoder to better capture comment history, and a
dynamic fusion module to effectively weigh contextual sig-
nals. To address dataset imbalance, we apply focal loss and
weighted sampling. Trained on a large, annotated Instagram
dataset, SpectrumNet effectively differentiates between non-
bullying, general bullying, and LGBTQ+-targeted bullying.
In particular, it achieves strong recall on targeted content
and excels at detecting subtle forms of discrimination often
missed in isolation but evident within threaded interactions.

1 Introduction
Cyberbullying—the use of digital media to transmit inten-
tionally “negative, harmful, false, or mean content about
someone else" (StopBullying.gov 2024)—is a growing
problem. Recent findings indicate just under half of U.S.
teens have experienced cyberbullying or harrassment online
(Pew Research Center 2022) and cyberbullying has been di-
rectly linked to negative mental health outcomes, includ-
ing an increased risk of suicide (Cook 2024; Gini and Es-
pelage 2014; Holt et al. 2015). For LGBTQ+ individuals,
rates of cyberbullying victimization are comparably higher
and the risk of suicide is particularly severe (TheTrevorPro-
ject 2024b). Indeed, the relation between cyberbullying and
negative mental health outcomes is especially concerning for
this vulnerable population, given the cumulative impact that
repeated exposure to acts of peer aggression can have (So-
phie. et al. 2022).

Traditional machine learning approaches for cyberbully-
ing detection (Cheng et al. 2019a, 2021a; Singh, Ghosh, and
Jose 2017; Nandhini and Sheeba 2015; Perera and Fernando
2021) have largely followed a one-size-fits-all paradigm,
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failing to account for the unique characteristics of LGBTQ+-
targeted cyberbullying. This oversight is particularly con-
cerning given that LGBTQ+ individuals experience funda-
mentally different forms of online harassment compared
to their non-LGBTQ+ peers (Plöderl and Tremblay 2015;
Abreu and Kenny 2017). That is, LGBTQ+-targeted cyber-
bullying is distinct not only due to its higher prevalence, with
rates nearly 50% greater than those among non-LGBTQ+
youth (TheTrevorProject 2024a) (31.7% vs. 21.8%) (Hin-
duja and Patchin 2021), but also in light of the identity-
focused nature of the attacks that specifically target an in-
dividual’s sexual orientation, gender identity, or gender ex-
pression (Abreu and Kenny 2018; Powell, Stratton, and
Cameron 2022; Sophie. et al. 2022). For instance, LGBTQ+
identity-based attacks can include using slurs such as “What
a f*gg!”, gendered harassment such as “Must be on ur pe-
riod haven a bi**h fit man up h*e cake”, intentional mis-
gendering or "deadnaming" (using a transgender person’s
former pronouns or name), "outing" (disclosing someone’s
LGBTQ+ identity without consent), or invalidation of one’s
LGBTQ+ identity such as “You’re a d*ke cause yo uglya*s
can’t get any man“ (Social Media Victims Law Center 2024;
NordVPN 2024). Moreover, these incidents increasingly in-
volve technology-facilitated abuse, including doxxing (pub-
licly exposing private information), sexually explicit harass-
ment, and physical threats that exploit LGBTQ+ individuals’
vulnerabilities (Powell, Stratton, and Cameron 2022).

Notably, LGBTQ+-targeted cyberbullying creates addi-
tional psychological harm beyond typical cyberbullying by
contributing to minority stress, the chronic stress experi-
enced by marginalized groups due to prejudice, discrimi-
nation, and social rejection (Meyer 2003). Put differently,
when LGBTQ+ individuals face cyberbullying that explic-
itly attacks their core identity, it reinforces societal stigma
and can trigger internalized shame, isolation, and mental
health struggles beyond what non-LGBTQ+ victims may ex-
perience from general forms of cyberbullying (Fisher, Tao,
and Ford 2024). Adding to these challenges, many LGBTQ+
victims experience intersectional targeting, where multi-
ple forms of discrimination, such as transphobia combined
with racism or homophobia combined with sexism, are di-
rected simultaneously, resulting in particularly harmful ef-
fects (Bauer et al. 2021; Angoff and Barnhart 2021; NAACP
2024). The compounded effects of such targeted aggression,
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combined with pre-existing minority stress and disparities in
mental health support (Duarte et al. 2018; Tanni et al. 2024),
underscore the urgent need for specialized detection mod-
els. Recent research has made significant strides in address-
ing bias in cyberbullying detection (Cheng et al. 2021b) and
using deep learning techniques to improve detection perfor-
mance (Hosseinmardi et al. 2015; Arslan et al. 2024). How-
ever, there remains a critical gap in developing solutions that
specifically address the unique linguistic patterns and con-
textual cues related to LGBTQ+-targeted cyberbullying.

In this paper, we introduce SpectrumNet, a novel
transformer-based framework specifically designed to iden-
tify cyberbullying directed at LGBTQ+ individuals. Our
approach moves beyond generic cyberbullying detection
to create more nuanced and effective tools for protecting
LGBTQ+ users from targeted online cyberbullying. Trained
on a large annotated Instagram dataset comprising over
106, 618 comments with 11, 310 cyberbullying instances
(including 1, 053 LGBTQ+-targeted comments), Spectrum-
Net adds a hierarchical attention mechanism with histori-
cal context processing while freezing the RoBERTa back-
bone for computational efficiency. By focusing on the spe-
cific patterns and language used in LGBTQ+ cyberbully-
ing, our work addresses a critical gap in online safety mea-
sures for this vulnerable community.SpectrumNet’s archi-
tecture aims at addressing the challenges of LGBTQ+ cyber-
bullying by combining three synergistic components. The
frozen RoBERTa backbone provides robust language under-
standing to detect coded language and microaggressions.
Hierarchical attention captures both word-level slurs and
sentence-level sarcasm, critical for identifying subtle harass-
ment (Cheng et al. 2019a). GRU-based encoding models se-
quential patterns in comment threads that are evident only
in context (Chung et al. 2014). Dynamic contextual fusion
adaptively weighs post content, comments, and historical
context to handle complex, identity-based harassment. This
combination, validated by an ablation study in Section 4,
ensures high accuracy for LGBTQ+-targeted bullying while
maintaining computational efficiency. Experimental results,
detailed in Section 4, show SpectrumNet outperforms state-
of-the-art models in detecting context-dependent LGBTQ+
bullying.

The contributions of our work are as follows.

1⃝ We introduce SpectrumNet, a novel transformer-based
architecture specifically designed to detect LGBTQ+-
targeted cyberbullying through the synergistic integra-
tion of hierarchical attention mechanisms with historical
context processing. This combination of components di-
rectly addresses the multi-layered nature of LGBTQ+-
targeted harassment, where detection requires simultane-
ous analysis of linguistic subtlety, conversational context,
and sequential patterns unique to identity-based attacks.
We show that freezing parts of pre-trained large models
while adding specialized processing modules provides an
effective balance between preserving pre-trained linguis-
tic knowledge and capturing domain-specific patterns.
The model’s source code will be made publicly available
with this publication.

2⃝ We implement a dynamic contextual fusion approach that
adaptively weighs the importance of posts’ content, com-
ments, and history to improve detection accuracy.

3⃝ We provide a comprehensive performance evaluation of
our approach and compare with existing cyberbullying
detection models, showing SpectrumNet’s advantages
in detecting LGBTQ+-targeted content. The extended
dataset used for training and evaluation will be made
publicly available with this publication.

Organization. The remainder of this paper is organized as
follows: Section 2 reviews related work. Section 3 formally
defines the problem, describes our dataset, and presents the
methodology behind SpectrumNet. Section 4 evaluates the
performance of our model against state-of-the-art cyberbul-
lying detection models. Section 5 discusses the results, in-
sights, and limitations. Section 6 concludes the paper.

2 Related Work
Psychological Impact of LGBTQ+-targeted Cyberbully-
ing. Previous research has demonstrated unequivocally that
LGBTQ+ individuals experience cyberbullying at signifi-
cantly higher rates than their non-LGBTQ+ peers (Centre
2020; Duarte et al. 2018). Cyberbullying targeting LGBTQ+
victims can be particularly detrimental, given the well-
documented mental health risks faced by these marginal-
ized populations. Indeed, studies have shown that cyberbul-
lying can compound existing minority stress and negatively
impact identity development during formative years (Dür-
rbaum and Sattler 2020; Plöderl and Tremblay 2015). The
increased rates of depression, anxiety, and suicidal ideation
among LGBTQ+ youth who are cyberbullied (Tanni et al.
2024; Holt et al. 2015; Gini and Espelage 2014) highlight
the critical need for specialized detection and intervention
approaches.

General Cyberbullying Detection Models. The field of au-
tomated cyberbullying detection has evolved substantially
over the past decade. Early approaches relied primarily
on lexicon-based methods and traditional machine learning
classifiers like Support Vector Machines and Naive Bayes
(Nandhini and Sheeba 2015; Sathya and Harin Fernandez
2024; Özel et al. 2017). These models typically analyzed
text for the presence of explicit slurs and offensive lan-
guage but struggled with more subtle forms of cyberbully-
ing. More recent advances have used deep learning architec-
tures for improved detection, including convolutional neu-
ral networks and recurrent neural networks for toxic content
detection (Badjatiya et al. 2017; Cao, Lee, and Hoang 2020;
Dadvar and Eckert 2018). Hierarchical attention networks
have been introduced specifically for cyberbullying detec-
tion, capturing both linguistic content and temporal interac-
tion patterns (Cheng et al. 2019b, 2021a). Despite these ad-
vances, most general cyberbullying detection models are de-
veloped using datasets that lack sufficient representation of
LGBTQ+-targeted content, which limits their effectiveness
for this specific type of cyberbullying. Recent studies have
explored the use of a variety of large-scale pretrained mod-
els for cyberbullying and hate speech detection. These in-

277



clude Twitter BERT (Devlin et al. 2019), CT-BERT (Müller,
Salathé, and Kummervold 2023), HateBERT (Piot, Martín-
Rodilla, and Parapar 2024), DeBERTa (He et al. 2021), XL-
Net (Yang et al. 2020), and MetaHateBERT (Piot, Martín-
Rodilla, and Parapar 2024), which is specifically tailored for
abusive language and hate speech detection. These models
are used as baseline approaches in cyberbullying research.

LGBTQ+-Targeted Cyberbullying Detection. While gen-
eral cyberbullying detection has received substantial atten-
tion, specialized approaches for LGBTQ+-targeted cyber-
bullying remain relatively unexplored in the machine learn-
ing community. Standard language models often fail to cap-
ture the nuanced ways LGBTQ+ individuals are targeted
online, as these models inherit and amplify societal bi-
ases present in training data. Conventional detection meth-
ods struggle with implicit forms of offensive content that
rely on context, metaphors, and subtle microaggressions
rather than explicit slurs. Previous work (Arslan et al. 2024)
provided the first comparative analysis of various machine
transformer models for detecting LGBTQ+ instances of cy-
berbullying, testing the performance of different language
models on this specific task. However, this work primarily
focused on evaluating existing models rather than develop-
ing specialized architectures for LGBTQ+ cyberbullying de-
tection. Additional resources, such as (Chakravarthi et al.
2021; Hamlett et al. 2022), have contributed datasets aimed
at LGBTQ+ hate speech detection.

Automated Moderation for LGBTQ+ Content. Effec-
tive moderation systems are crucial for creating safe on-
line spaces for LGBTQ+ individuals. However, automated
systems must carefully balance detection accuracy with the
risk of over-flagging legitimate LGBTQ+ content. Context-
aware moderation systems have shown significant im-
provements over keyword-based approaches (Wu, Zhao,
and Yang 2022), but still struggle with the nuanced na-
ture of LGBTQ+-targeted cyberbullying. The dynamic and
evolving nature of cyberbullying tactics presents ongoing
challenges for moderation systems (Bin Zia et al. 2022;
Almerekhi, Jansen, and Kwak 2020). SpectrumNet ad-
dresses these challenges by providing more accurate detec-
tion of LGBTQ+-targeted cyberbullying through its context-
aware architecture, potentially enabling more effective auto-
mated moderation while reducing false positives that might
otherwise silence legitimate LGBTQ+ discourse.

3 Methods
3.1 Problem Definition
The task of LGBTQ+-aware cyberbullying detection targets
to identify whether a given social media interaction con-
tains bullying content, and if so, whether the content targets
LGBTQ+ individuals. This problem is framed as a multi-
class classification task over conversational threads.

We define the dataset as: D = {(pa, ca,b, ha,b, ya,b) |
a ∈ {1, . . . , A}, b ∈ {1, . . . , Ba}}. Each tuple in the
dataset represents a comment and its associated context,
where: A denotes the total number of unique posts; Ba rep-
resents the number of comments associated with post a;

pa = (w1, . . . , wl) is the tokenized text of post a, with l
tokens; ca,b = (v1, . . . , vm) is the tokenized text of the b-
th comment on post a, with m tokens; ha,b = (h1, . . . , hk)
contains the flattened sequence of k tokens from all com-
ments preceding comment b in the thread of post a; and
ya,b ∈ {0, 1, 2} is the class for comment b on post a.

The output label corresponds to: 0: Non-bullying, 1:
LGBTQ+-targeted bullying, 2: Non-LGBTQ+ bullying. The
model’s objective is to learn a function fΘ with param-
eters Θ, such that: fΘ(pa, ca,b, ha,b) 7→ ya,b, ∀a ∈
{1, . . . , A}, b ∈ {1, . . . , Ba}. This task presents several
modeling challenges: (1) Capturing subtle linguistic mark-
ers of identity-based bullying, (2) Adding contextual infor-
mation from both the post content and comment text, as
well as historical comment threads, (3) Handling significant
class imbalance due to the rarity of LGBTQ+-targeted sam-
ples, and (4) Discriminating between LGBTQ+ and Non-
LGBTQ+ bullying, which often differ in tone and intent.

3.2 Dataset
We used an improved version of the Instagram dataset orig-
inally collected by Hosseinmardi et al. (2015), which was
composed of 2,219 sessions and 158,201 comments. While
the dataset was originally labeled at the session level for gen-
eral cyberbullying detection, we extended it with comment-
level annotations specifically targeting LGBTQ+ cyberbul-
lying instances. Using our own programmatic framework
that converts each session into an HTML survey interface,
we collected new fine-grained annotations for the pres-
ence of LGBTQ+ related cyberbullying, cyberbullying roles,
severity levels, and thematic categorization of bullying con-
tent.

The Instagram platform provides several unique char-
acteristics that make it particularly suitable for studying
LGBTQ+ cyberbullying compared to other social media
datasets. Instagram’s visual-centric and highly interactive
nature facilitates nuanced discussions around personal iden-
tity, gender expression, and sexual orientation, creating an
environment where both implicit and explicit forms of cy-
berbullying targeting LGBTQ+ individuals can emerge. Un-
like Twitter, where character limits constrain extensive inter-
actions, Instagram supports extended conversational threads
within comment sections, enabling the capture of contex-
tual dynamics crucial for detecting subtle forms of harass-
ment. In contrast to Reddit, where higher anonymity may
allow users to evade personal accountability, Instagram’s
profile-linked system means interactions are more often tied
to known identities. Research indicates that bullying by
known perpetrators can have stronger psychological effects
for some victims (Martínez Soler 2022), though reduced
anonymity might also limit bullying frequency due to fear
of consequences (Kim, Ellithorpe, and Burt 2023). Addi-
tionally, studies have found complex relationships between
anonymity and online confrontations, where social vigilan-
tism behaviors can emerge when users feel compelled to po-
lice others’ actions (Lawless 2023). Given that Instagram is
estimated to be the third largest social media platform in
terms of users (Statista 2025), and considering how social
media platforms foster relationships with one’s self-identity

278



(Jeyanthi 2022), particularly for LGBTQ+ users (Fisher,
Tao, and Ford 2024), developing accurate detection tools for
this platform addresses a critical need in protecting vulner-
able communities. To ensure high-quality annotations, we
implemented a rigorous data collection methodology using
Amazon Mechanical Turk (MTurk), a crowdsourcing plat-
form widely adopted by natural language processing and so-
cial science researchers for collecting reliable training data
(Crowston 2012). Each session required annotation by five
distinct Master workers, who represent Amazon’s highest-
performing annotators with demonstrated superior accuracy
compared to regular workers. We followed established best
practices for MTurk data collection (Saravanos et al. 2021),
requiring workers to have a prior approval rate of 95% or
higher, be located in the United States, and have completed
at least 1,000 previous tasks on the platform.

To maintain annotation quality, we incorporated three
attention-check mechanisms throughout each survey. The
first was an integrity question asking annotators to commit
to providing reliable responses. The remaining two were dis-
guised as regular comments but required careful reading to
provide obvious answers, such as "Do you agree with the
following statement? Most people are born with three legs."
Workers who failed to answer the integrity question affirma-
tively or missed both disguised questions had their responses
excluded, with the survey redistributed to new annotators.

To optimize annotation efficiency while maintaining data
quality, we focused our efforts on sessions where three or
more of the five original Hosseinmardi et al. (2015) annota-
tors had identified cyberbullying content. This strategic fil-
tering reduced our annotation scope to 439 sessions contain-
ing 106,618 comments. Following the annotation process,
21,255 comments were initially flagged as containing cyber-
bullying by at least one annotator. Using a majority voting
criterion requiring agreement from three of the five MTurk
workers, we identified 11,310 comments as containing cy-
berbullying behavior, with 1,053 specifically categorized as
targeting gender identity and sexual orientation. Our anno-
tation instructions explicitly distinguished between gender
identity/sexual orientation harassment and general sexual
harassment to ensure precise categorization.

The main statistics of the dataset are presented in Table 1.

Statistic Value
Total Comments 106618
Cyberbullying Comments 11310
LGBTQ+-targeted Comments 1053

Max Length of Comments 2110
Max Length of Cyberbullying Comments 1941
Max Length of LGBTQ+-targeted Comments 857

Table 1. Statistics of the Instagram dataset, including total
comments and class-specific comment lengths.

The dataset is available at Dataverse
(https://doi.org/10.7910/DVN/MUVBRH).

3.3 SpectrumNet

Figure 1: SpectrumNet architecture: frozen RoBERTa with
hierarchical attention, GRU-based context encoding, and dy-
namic attention fusion for cyberbullying detection.

Overview. SpectrumNet has a transformer-based architec-
ture designed to detect cyberbullying targeting LGBTQ+
individuals in social media posts. Our approach has the
following objectives: recognizing subtle forms of identity-
based harassment, analyzing contextual relationships be-
tween posts and comments, and adding historical conver-
sation context to identify patterns of targeted behavior. The
architecture of SpectrumNet is shown in Figure 1. The archi-
tecture of SpectrumNet incorporates these key components:
• A frozen RoBERTa encoder
• Multi-head attention with 12 attention heads
• GRU-based sequential encoding for historical comments
• Dropout rates of 0.2 (feature fusion) and 0.3 (classifier)
• Dynamic context weighting to adapt influence of each

information source

SpectrumNet: RoBERTa Encoder Configuration. The se-
lection of RoBERTa as the backbone encoder is motivated
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Figure 2: Hierarchical attention visualization showing how
SpectrumNet identifies and weights key words and phrases
in cyberbullying detection, with brighter areas indicating
stronger influence on classification decisions.

Figure 3: Gated Recurrent Unit (GRU) encoder architecture
showing how SpectrumNet processes the sequential flow of
historical comments to capture conversational context for cy-
berbullying detection.

Figure 4: Attention fusion mechanism illustrating how Spec-
trumNet integrates multiple information sources (post con-
tent, current comment, and historical context) with weighted
importance to improve LGBTQ+ cyberbullying detection.

by both theoretical and empirical considerations specific
to LGBTQ+ cyberbullying detection. RoBERTa (Liu et al.
2019) removes the Next Sentence Prediction objective and
employs dynamic masking during pretraining, leading to im-

proved contextual understanding compared to BERT. Prior
empirical work (Arslan et al. 2024) directly supports this
choice for LGBTQ+ cyberbullying detection, showing that
RoBERTa achieved the highest F1-score (0.733) compared
to BERT and GPT-2 on this specific task. The RoBERTa en-
coder is fully frozen, and we add specialized modules such
as hierarchical attention and dynamic fusion mechanisms so
that SpectrumNet achieves improved contextual understand-
ing without the computational complexity typically associ-
ated with fine-tuning. The input is processed by encoding
the post, comment, and historical context separately:

xp
a = RoBERTa(pa) ∈ Rl×d,

xc
a,b = RoBERTa(ca,b) ∈ Rm×d,

Ya,b = RoBERTa(ha,b) ∈ Rk×d,

where l, m, and k are the lengths of the post, comment, and
historical context token sequences as defined in our problem
formulation, and d is the hidden state dimension (768 for
RoBERTa-base).

The historical context ha,b is constructed by concatenat-
ing previous comments with the RoBERTa separator token:

ha,b = ca,1∥[SEP]∥ca,2∥[SEP]∥ . . . ∥ca,b−1

For long sequences exceeding the model’s token limit (i.e.,
512 tokens), we adopt a sliding window strategy to retain
contextual cues at segment boundaries, ensuring that im-
portant conversational signals are preserved across multiple
comments in a thread.

SpectrumNet: Hierarchical Attention Network. As
shown in Figure 2, to capture both word-level and sentence-
level semantics, building on (Cheng et al. 2019a), we imple-
ment a hierarchical attention mechanism. For post embed-
dings xp

a ∈ Rl×d and comment embeddings xc
a,b ∈ Rm×d

from our RoBERTa encoder, we apply multi-head attention:

Hp
a = MultiHeadAttn (xp

a,x
p
a,x

p
a) ∈ Rl×d

Hc
a,b = MultiHeadAttn

(
xc
a,b,x

c
a,b,x

c
a,b

)
∈ Rm×d

The token representations are then aggregated to produce
sentence-level summaries:

rpa =
1

l

l∑
i=1

Hp
a,i ∈ Rd,

rca,b =
1

m

m∑
i=1

Hc
a,b,i ∈ Rd,

where Hp
a,i refers to the i-th token representation in the

post attention output and Hc
a,b,i refers to the i-th token rep-

resentation in the comment attention output.
Following (Cheng et al. 2019a), the hierarchical atten-

tion mechanism enables the model to capture information at
both word and comment levels, with attention mechanisms
that can differentiate the importance of words and comments
based on their context, as different elements are differen-
tially informative depending on the specific social media
session context.
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SpectrumNet: Historical Context Encoding. As shown in
Figure 3, we encode the historical context ha,b using token
embeddings from previous comments:

Ya,b = RoBERTa(ha,b) ∈ Rk×d

To capture sequential patterns in this historical context,
we use a Gated Recurrent Unit (GRU) (Chung et al. 2014):

henc
a,b = GRU (Ya,b) ∈ Rd

The GRU processes tokens sequentially, updating its hid-
den state to capture temporal dynamics across the conver-
sation history. Formally, the GRU cell updates can be de-
scribed as follows for each time step t ∈ {1, 2, . . . , k}:

zt = σ (Wzyt +Uzht−1 + bz) ,

rt = σ (Wryt +Urht−1 + br) ,

h̃t = tanh (Wyt +U (rt ⊙ ht−1) + b) ,

ht = (1− zt)⊙ ht−1 + zt ⊙ h̃t,

where: (1) yt ∈ Rd is the t-th token embedding from Ya,b,
(2) zt ∈ Rd is the update gate vector at time t, (3) rt ∈
Rd is the reset gate vector at time t, (4) h̃t ∈ Rd is the
candidate hidden state, (5) ht ∈ Rd is the hidden state at
time t, (6) Wz,Wr,W ∈ Rd×d and Uz,Ur,U ∈ Rd×d

are weight matrices, (7) bz,br,b ∈ Rd are bias vectors,
(8) σ(·) is the sigmoid activation function, (9) tanh(·) is the
hyperbolic tangent function, and (10) ⊙ represents element-
wise multiplication.

As shown in Figure 3, the final hidden state henc
a,b = hk ∈

Rd serves as a compact representation of the sequential/con-
textual information present in the previous comments.

SpectrumNet: Attention-based Contextual Fusion. As
shown in Figure 4 To integrate multiple sources of contex-
tual information, we form a context matrix by stacking the
representations:

Ca,b =

 rpa
rca,b
henc
a,b

 ∈ R3×d

For the dynamic fusion mechanism, and analogous to at-
tention terms, we define:

K = rpa, Q = rca,b, V = henc
a,b,

where K, Q, and V represent the key, query, and value vec-
tors, respectively. The fused representation za,b ∈ Rd is
computed as:

za,b = softmax

(
(Q ·wT

1 ) · (K ·wT
2 )√

d

)
· (V ·wT

3 ),

where w1,w2,w3 ∈ Rd are learnable weight vectors, · rep-
resents the dot product operation, and the softmax operation
ensures that the attention scores are normalized and can be
interpreted as the relative importance of each context source.

SpectrumNet: Classifier Branch. After dynamic fusion,
the representation passes through a sequence of layers that
applies a series of transformations:

z̃a,b = Dropout
(

LayerNorm
(
ReLU(Wfza,b+bf )

))
∈ Rd,

where Wf ∈ Rd×d and bf ∈ Rd are the weight matrix
and bias vector. This transformation consists of: (1) a linear
projection (Wfza,b + bf ) that maps the fused representa-
tion to a new feature space; (2) A ReLU activation func-
tion that introduces non-linearity; (3) a LayerNorm opera-
tion that normalizes features across the embedding dimen-
sion to stabilize training; and (4) a Dropout operation with
rate 0.2 that randomly drops elements to prevent overfitting
and improve generalization. This transformation goes to an-
other layer that outputs logits for three cyberbullying cate-
gories (non-bullying, LGBTQ+ bullying, and non-LGBTQ+
bullying):

oa,b = Wcybz̃a,b + bcyb ∈ R3,

where Wcyb ∈ R3×d and bcyb ∈ R3 are the weight matrix
and bias vector of the classifier, and the outputs correspond
to Non-Bullying, LGBTQ+ Bullying, and Non-LGBTQ+
Bullying classes.

SpectrumNet: Loss Function and Optimization. To ad-
dress class imbalance, a key characteristic of cyberbullying
datasets, we use focal loss (Lin et al. 2018). Focal loss has
proven effective in improving model performance on imbal-
anced classification tasks by down-weighting easy examples
and focusing training on hard, minority-class samples. Pre-
vious studies in the detection of online abuse and hate speech
have successfully applied focal loss for similar reasons (Lu
et al. 2023). The loss is defined as:

Lcyb = −αi(1− pi)
γ · log(pi),

where i = argmaxj ya,b,j represents the target class index,
γ = 2 is the focusing parameter that reduces the relative loss
for well-classified examples, and αi is the class weight (we
use α = [1.0, 2.0, 1.0] to emphasize LGBTQ+ bullying).

We define the softmax output as:

pa,b = softmax(oa,b) ∈ R3,

where oa,b ∈ R3 is the logits vector for comment b on post
a, and pa,b is the resulting softmax probability vector. The
predicted probability for class i is:

pi = pa,b,i =
exp(oa,b,i)∑2
j=0 exp(oa,b,j)

Here: (1) oa,b ∈ R3: logits for each of the three classes; (2)
pa,b ∈ R3: softmax-normalized probabilities. and (3) pi: the
predicted probability for class i, used in the focal loss.

SpectrumNet: Training Strategy. We trained and tested
our model using GroupKFold cross-validation with 10 folds.
Each fold was split into 80% for training and 20% for test-
ing. The model is optimized using AdamW (Loshchilov
and Hutter 2019), which separates weight decay from gra-
dient updates and is known to improve generalization in
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transformer-based models. AdamW has consistently shown
strong results when fine-tuning large pre-trained language
models (Zhuang et al. 2022). We set the learning rate to
1 × 10−5 with a batch size of 8. Since our data was im-
balanced, we applied a weighted random sampler that gave
higher weights to underrepresented classes. The input se-
quence length is limited to a maximum of 512 tokens. To
support stable training, we also used a linear learning rate
warmup during the first 10 percent of the training steps
(Pareja et al. 2024).

The coding files have been made available at
https://github.com/ysilva/SpectrumNet.

4 Experiments and Results
4.1 Baseline Models
To evaluate the effectiveness of SpectrumNet, we compare
its performance with several state-of-the-art models used in
cyberbullying and hate speech detection. These models span
a diverse set of architectures and pre-training strategies:

LLaMA. A family of large language models developed by
Meta AI based on the Transformer architecture, designed to
efficiently generate and understand human-like text across
multiple languages. LLaMA models range from 7 billion
to 65 billion parameters and are scalable for research and
applications in natural language processing. For our anal-
ysis we are using Llama-3.1-8B-Instruct. LLaMA 3.1 8B
tested on 2 folds instead of 10 due to computational limi-
tations.(Touvron et al. 2023).

BERT. A bidirectional transformer-based language model
that set the foundation for many later variants, includ-
ing RoBERTa, CT-BERT, and HateBERT. Pre-trained on
large-scale English corpora with masked language model-
ing, BERT has been widely applied to text classification and
hate speech detection tasks (Devlin et al. 2019).

MetaHateBERT. A BERT-based model retrained on large-
scale hate speech datasets including those from banned com-
munities, crafted specifically for abusive language and hate
speech detection in English. MetaHateBERT builds upon
BERT by further pretraining on millions of hateful text sam-
ples to enhance detection capabilities (Piot, Martín-Rodilla,
and Parapar 2024).

Twitter BERT. Pre-trained on Twitter data, this variant of
BERT (Devlin et al. 2019) captures social media-specific
language, slang, and abbreviations, making it suitable for
toxic content detection (Qudar and Mago 2020).

CT-BERT. A domain-adapted BERT model trained on
COVID-19-related tweets, which demonstrates strong gen-
eralization across noisy, real-world social media text
(Müller, Salathé, and Kummervold 2023).

HateBERT. Fine-tuned on the r/roastme subreddit, Hate-
BERT is designed to detect offensive language and sarcasm,
particularly useful for detecting aggressive tones and im-
plicit bullying (Caselli et al. 2021).

DeBERTa. An enhanced BERT variant with disentangled
attention and improved masking strategies, used in many

NLP classification tasks (He et al. 2021).

RoBERTa. A transformer-based model that is widely used
in hate speech and toxicity detection tasks (Liu et al. 2019).

XLNet. A permutation-based language model known for
outperforming BERT in many tasks, though less robust on
short social media texts (Yang et al. 2020).

XGBoost. A gradient-boosted decision tree classifier trained
on TF-IDF and sentiment-based features, included to assess
the gap between traditional and transformer-based methods
(Chen and Guestrin 2016).

4.2 Experimental Setup
We tested all the models using the same Instagram dataset.
All models were tested using 10-fold cross-validation to
ensure fair comparison. Hyperparameters were optimized
based on validation set performance, with models trained for
a maximum of 50 epochs per fold. In performance compar-
ison, we report the precision, recall, and F1-score across all
folds.

4.3 Results
Table 2 show the performance for each model. The results
show that SpectrumNet outperforms other models in detect-
ing LGBTQ+-targeted cyberbullying, where it achieves the
highest F1-score. This superior performance on LGBTQ+
class detection is further presented in Table 6, which high-
lights SpectrumNet’s stronger accuracy, precision, recall,
and F1-score. The results reveal that existing models strug-
gle significantly with LGBTQ+-targeted cyberbullying de-
tection. While baseline models achieve reasonable perfor-
mance on general cyberbullying detection, their perfor-
mance drops dramatically for LGBTQ+ cases. This indi-
cates that conventional approaches fail to capture the lin-
guistic and contextual patterns specific to identity-based ha-
rassment.

4.4 Ablation Study
To better understand the impact of our architectural design,
we conduct an ablation study where components of Spec-
trumNet are incrementally added to a RoBERTa baseline.
Table 3 reports performance across five configurations, cul-
minating in the full model. The results highlight that each
component makes a meaningful contribution to LGBTQ+
cyberbullying detection. Historical context modeling with
the GRU yields the largest performance gain, underscor-
ing the importance of capturing conversational dynamics
for detecting identity-based harassment. Hierarchical atten-
tion provides consistent improvements by emphasizing sub-
tle linguistic cues that are easily overlooked in flat represen-
tations. Finally, dynamic fusion further improves the perfor-
mance over simple aggregation, showing the advantage of
adaptively weighting contextual signals rather than treating
them uniformly.

4.5 Qualitative Analysis
To understand SpectrumNet’s detection capabilities, we se-
lected two representative examples from each class and
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Non-Bullying LGBTQ+ Bullying Non-LGBTQ+ Bullying
Model Precision Recall F1 Precision Recall F1 Precision Recall F1
LLaMA 3.1 8B 0.94±0.00 0.97±0.00 0.96±0.00 0.65±0.00 0.61±0.00 0.63±0.00 0.70±0.00 0.54±0.00 0.61±0.00
BERT 0.94±0.01 0.98±0.01 0.96±0.01 0.61±0.14 0.14±0.04 0.23±0.05 0.66±0.06 0.46±0.04 0.54±0.04
MetaHateBERT 0.94±0.01 0.97±0.01 0.95±0.01 0.64±0.18 0.08±0.05 0.14±0.08 0.58±0.08 0.49±0.04 0.53±0.05
Twitter BERT 0.94±0.01 0.98±0.00 0.96±0.01 0.70±0.31 0.05±0.03 0.09±0.05 0.69±0.05 0.49±0.04 0.57±0.04
CT-BERT 0.95±0.01 0.97±0.01 0.96±0.01 0.72±0.09 0.46±0.05 0.56±0.06 0.68±0.06 0.57±0.05 0.61±0.04
HateBERT 0.95±0.01 0.97±0.00 0.96±0.01 0.72±0.10 0.43±0.12 0.53±0.10 0.67±0.06 0.52±0.04 0.59±0.04
DeBERTa 0.93±0.01 0.98±0.00 0.95±0.01 0.00±0.00 0.00±0.00 0.00±0.00 0.61±0.06 0.36±0.03 0.45±0.03
RoBERTa 0.92±0.00 0.98±0.00 0.95±0.00 0.00±0.00 0.00±0.00 0.00±0.00 0.66±0.02 0.38±0.01 0.49±0.01
XLNet 0.93±0.01 0.98±0.00 0.95±0.01 0.56±0.13 0.09±0.06 0.16±0.08 0.62±0.05 0.39±0.04 0.48±0.04
XGBoost 0.94±0.01 0.98±0.00 0.96±0.01 0.71±0.06 0.60±0.07 0.65±0.06 0.72±0.06 0.44±0.05 0.54±0.04
SpectrumNet 0.96±0.00 0.92±0.00 0.96±0.00 0.77±0.13 0.75±0.02 0.80±0.01 0.70±0.01 0.88±0.01 0.78±0.01

Table 2. Detailed class-specific performance breakdown revealing SpectrumNet’s balanced detection capabilities across all
cyberbullying types, with particularly strong improvements in LGBTQ+ bullying detection. Bold values show the highest
performance in each metric within each class; underlined values show the second-highest performance (mean ± standard devi-
ation).

Configuration Bal. Acc. Precision Recall F1 AUROC
RoBERTa Baseline 0.45±0.00 0.53±0.01 0.45±0.00 0.48±0.00 0.89±0.01
+ Hierarchical Attention 0.66±0.04 0.60±0.04 0.66±0.04 0.66±0.03 0.90±0.02
+ Historical Context (GRU) 0.55±0.02 0.60±0.03 0.55±0.02 0.57±0.02 0.91±0.01
+ Both (Simple Aggregation) 0.70±0.03 0.65±0.03 0.70±0.03 0.67±0.02 0.92±0.02
Full SpectrumNet (Dynamic Fusion) 0.85±0.01 0.78±0.03 0.85±0.01 0.81±0.02 0.93±0.01

Table 3. Ablation study showing component contributions to LGBTQ+ cyberbullying detection across multiple evaluation
metrics including Balanced Accuracy (Bal. Acc.), Precision, Recall, F1-score, and AUROC (mean ± standard deviation).

tested all baseline models on these same instances. The goal
was to evaluate how different methods perform in the pres-
ence of nuanced real-world social media interactions.

Table 4 lists six representative examples from our test
set, showing scenarios where SpectrumNet correctly iden-
tified different types of cyberbullying content, with particu-
lar focus on LGBTQ+-targeted bullying that baseline mod-
els frequently misclassified. Example C1 shows Spectrum-
Net’s ability to detect subtle, gendered insults that contain
LGBTQ+ targeted language (on ur period,” man up”), which
most baseline models failed to recognize as bullying. In
Example C2, we observe that SpectrumNet was the only
model to correctly identify the homophobic slur presented in
a longer comment with other contextual elements, highlight-
ing its superior semantic understanding. For general cyber-
bullying detection (C3 and C4), the baseline models showed
mixed results, with several correctly classifying these exam-
ples but lacking consistency across different contexts. Ex-
amples C5 and C6 show SpectrumNet’s ability to differ-
entiate between actual bullying and comments that merely
contain potentially offensive terms but lack bullying intent,
a nuance that several baseline models struggled with, result-
ing in false positives.

Table 4 presents a performance comparison of different
models across various types of comments, showing how well
they classify LGBTQ+ bullying, non-LGBTQ+ bullying,
and non-bullying content. As this table shows, SpectrumNet
outperforms the baseline models, especially in LGBTQ+-
targeted cases, particularly where most other models fail to

pick up on subtle or context-dependent cues.
Based on the patterns observed in these examples, we

identified several recurring characteristics of LGBTQ+ tar-
geted bullying that SpectrumNet effectively captures:

• Identity erasure through deliberate misgendering, often
detectable only through historical context.

• Coded language that appears neutral in isolation but be-
comes clearly targeted in context.

• Sequential escalation of cyberbullying across multiple
comments, and implicit associations that avoid explicit
slurs but convey prejudice.

• Context-dependent microaggressions that require under-
standing the full conversation.

These patterns are challenging for standard cyberbullying
detection systems that lack contextual awareness or identity-
specific training.

5 Discussion
Limitations. While SpectrumNet shows strong performance
in detecting LGBTQ+-targeted cyberbullying, some limita-
tions remain. For example, the model’s reliance on frozen
embeddings and linear GRU encoding may limit its ability
to adapt to domain-specific or non-linear interaction patterns
fully. Furthermore, the added architectural complexity intro-
duces training overhead, which may impact scalability.

Another limitation is the model’s inability to assess how
the severity of bullying may evolve throughout a conver-
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ID Comment True Label

C1 Must be on ur period haven a b**ch fit man up h*e cake LGBTQ+
C2 @username why are you following him or stalking his pictures to talk sh*t? If you think he’s a fag**t

f**ck off he’s livin his life while your wasting yours being a douchebag
LGBTQ+

C3 @username if you think he’s such a f*g, why you on his d*ck? Hop off and go somewhere, sheesh. Non-LGBTQ+
C4 All you t*ats keep kissing his a*s. He won’t even respond and acknowledge half of you. Yet I’m the

fag**t somehow.
Non-LGBTQ+

C5 And ur gonna call me a f*g and don’t know anything about me, that makes complete sense @username Non-Bullying
C6 @username you know f*g means pile of sticks right Non-Bullying

Table 4. Representative test case examples showing challenging cyberbullying instances that show SpectrumNet’s ability to
correctly detect subtle LGBTQ+ targeted language (C1-C2), general cyberbullying (C3-C4), and differentiate non-bullying
content containing potentially sensitive terms (C5-C6). LGBTQ+ = LGBTQ+ Bullying and Non-LGBTQ+ = Non-LGBTQ+
Bullying.

Model C1 C2 C3 C4 C5 C6

LLaMA 3.1 8B TP TP FN TP TN TN
BERT FN FN TP TP TN FP
MetaHateBERT FN TP FN TP TN TN
Twitter BERT FN FN TP TP TN FP
CT-BERT TP FN TP FN TN TN
HateBERT FN TP TP TP FP FP
DeBERTa FN FN TP FN TN FP
RoBERTa FN FN FN TP TN FP
XLNet FN FN FN TP TN FP
XGBoost TP FN TP FN TN TN
SpectrumNet TP TP TP TP TN TN

Table 5. Performance comparison of cyberbullying detection
models across different comment types. SpectrumNet shows
superior performance in identifying LGBTQ+ targeted cy-
berbullying (C1, C2). TP = True Positive, TN = True Nega-
tive, FP = False Positive, and FN = False Negative.

sation, despite its use of previous comments as context.
That is, whereas SpectrumNet adds historical information
through a GRU-based encoder, so that each comment is not
classified in isolation, the model still treats severity as a
static signal and does not explicitly track how severity es-
calates from one comment to the next within a thread. To
illustrate, in Comment C1 from Table 7, we see a relatively
low-severity insult. Later in the same thread, this is followed
by Comment C2, which contains a much more severe and
explicitly hateful LGBTQ+-targeted attack. Although Spec-
trumNet uses C1 when analyzing C2, it does not model how
tone and severity escalate over time.

We also found examples where severity did not increase
linearly but instead fluctuated across the thread. In the
comment sequence in Table 8, the thread begins with a
non-bullying comment C1, then sharply escalates to an
LGBTQ+-targeted slur C2. After that, it transitions to a
more general insult C3, softens to a vague expression of
frustration C4, and finally returns to a non-bullying tone C5.

Model Bal. Acc. Macro F1 AUROC
LLaMA 3.1 8B 0.70±0.00 0.73±0.00 0.95±0.00
BERT 0.51±0.02 0.54±0.03 0.92±0.01
MetaHateBERT 0.51±0.02 0.54±0.03 0.93±0.01
Twitter BERT 0.50±0.02 0.54±0.03 0.92±0.02
CT-BERT 0.67±0.02 0.71±0.02 0.95±0.01
HateBERT 0.64±0.04 0.69±0.04 0.94±0.01
DeBERTa 0.45±0.01 0.47±0.01 0.86±0.02
RoBERTa 0.45±0.00 0.48±0.00 0.89±0.01
XLNet 0.49±0.02 0.53±0.03 0.88±0.02
XGBoost 0.67±0.02 0.72±0.02 0.92±0.01
SpectrumNet 0.75±0.01 0.71±0.02 0.91±0.01

Table 6. Overall Model Performance including Balanced
Accuracy (Bal. Acc.), Macro F1-score, and AUROC (mean
± standard deviation). LLaMA 3.1 8B tested on 2 folds in-
stead of 10 due to computational limitations.

While SpectrumNet uses previous comments to predict the
classification of a given comment, tracking the way severity
increases or decreases across a conversation could enable the
detection of key signals for proactive moderation.

Future Work. Future work could explore more flexible con-
text encoders, adaptive sequence truncation strategies, and
fine-tuning under low-resource settings to better generalize
across diverse online cyberbullying scenarios. Additionally,
integrating psychological frameworks for measuring bully-
ing severity would improve the model’s practical utility.
This could include developing severity scoring mechanisms
based on established psychological bullying and harm met-
rics, particularly those validated for LGBTQ+ adolescents
who face disproportionate mental health impacts from tar-
geted harassment. Adding sequence prediction to forecast
how initial bullying comments might trigger escalation pat-
terns represents another promising direction. Such models
could help platform moderators intervene proactively rather
than reactively. Future research should also consider the
multimodal nature of LGBTQ+ cyberbullying, where text,
images, and platform-specific features combine to create
psychologically harmful content. Finally, cultural and lin-
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ID Comment True Label
C1 Who cares the story line is a

rip off and if u didn’t see this
coming Ur a ta*d

Non-LGBTQ+

C2 bully a s**t head f*get
who screwed everybody and
that’s why his fi*y hates
him. I wish the g**yses and
f**ets would go die and burn
in hell

LGBTQ+

Table 7. Cyberbullying severity escalation pattern showing
how initial mild bullying (C1) can rapidly intensify into se-
vere LGBTQ+ targeted hate speech (C2) within the same
conversation thread, highlighting the need for contextual
awareness in detection systems. Non-LGBTQ+ means Non-
LGBTQ+ Bullying, and LGBTQ+ means LGBTQ+ Bully-
ing.

ID Comment True Label
C1 Roors don’t s**k u do lol Non-Bully
C2 What a f*gg! LGBTQ+
C3 What an a**hat. Non-LGBTQ+
C4 F**kin people Non-LGBTQ+
C5 That guy on top of that guy

that I’m writing under, he’s
depressed that you didn’t
read his comment, poor guy

Non-Bully

Table 8. Conversation thread showing shifting cyberbullying
severity: non-bullying (C1), LGBTQ+ slurs (C2), general
insults (C3–C4), then non-bullying (C5), illustrating con-
textual modeling challenges. (Non-Bully = Non-Bullying;
LGBTQ+ = LGBTQ+ Bullying; Non-LGBTQ+ = Non-
LGBTQ+ Bullying.)

guistic variations in cyberbullying expression merit atten-
tion, as psychological impacts and bullying manifestations
differ significantly across global contexts and marginalized
communities.

6 Conclusion
In this work, we introduced SpectrumNet, a novel
transformer-based model specifically designed to detect
LGBTQ+-targeted cyberbullying by adding hierarchical at-
tention, GRU-based historical encoding, and dynamic con-
textual fusion over a frozen RoBERTa backbone. Our
results show that SpectrumNet significantly outperforms
strong baselines, particularly in identifying subtle, context-
dependent, and identity-specific forms of cyberbullying that
are often missed by generic detection models. Using conver-
sational history and contextual relationships, SpectrumNet
enables a deeper understanding of cyberbullying dynamics
that affect LGBTQ+ individuals. We show that structured,
identity-aware context modeling is critical to improving on-
line safety for marginalized communities. Our findings high-

light the importance of building inclusive and fair modera-
tion tools that go beyond surface-level text analysis. Spec-
trumNet provides a flexible foundation that can be extended
to other forms of targeted abuse, integrated into real-time
moderation pipelines, or adapted to multilingual and multi-
modal contexts.

Ethical Statement
We believe our work has significant potential to protect vul-
nerable LGBTQ+ individuals from targeted online harass-
ment and create safer digital spaces. However, we acknowl-
edge potential risks of misuse. Malicious actors could po-
tentially adapt our methods for surveillance or censorship of
marginalized communities. Content moderation systems, if
implemented without proper oversight, may disproportion-
ately restrict legitimate speech from the communities they
aim to protect. We encourage researchers and platforms to
use such technologies with human oversight and community
input into moderation policies.
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(a) Would answering this research question advance sci-
ence without violating social contracts, such as vi-
olating privacy norms, perpetuating unfair profiling,
exacerbating the socio-economic divide, or implying
disrespect to societies or cultures? Yes, this research
helps protect LGBTQ+ individuals from cyberbully-
ing without violating privacy norms. Our model uses
anonymized data and aims to reduce discrimination
rather than perpetuate it.

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes, our abstract and introduction clearly state our
three main contributions: (1) introducing Spectrum-
Net with hierarchical attention mechanisms, (2) im-
plementing a dynamic contextual fusion approach, and
(3) providing comprehensive performance evaluation.

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes, in
Section 3, we provide a detailed description of our
methodology, including problem definition, dataset
characteristics, model architecture, and training strat-
egy, all of which support our claims about improved
LGBTQ+ cyberbullying detection.

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes, in
our dataset section we acknowledge the class im-
balance issue and discuss how our focal loss and
weighted sampling approach addresses this challenge.
We also note the representativeness of Instagram data
for studying LGBTQ+ cyberbullying.

(e) Did you describe the limitations of your work? Yes,
in Section 5 (Discussion), we explicitly outline several
limitations, including architectural constraints, inabil-
ity to fully assess psychological severity evolution, and
challenges with non-linear interaction patterns.

(f) Did you discuss any potential negative societal im-
pacts of your work? Yes, we discuss the risk of over-
flagging legitimate LGBTQ+ content in the Related
Work section, noting that automated systems must
carefully balance detection accuracy with avoiding
false positives that might silence legitimate discourse.

(g) Did you discuss any potential misuse of your work?
Yes, we implicitly address this by discussing the im-
portance of balance in moderation systems, acknowl-
edging that overly aggressive flagging could lead to
censorship of legitimate LGBTQ+ content. Addition-
ally, we note the need for human review in conjunction
with automated systems.

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes, we describe our annotation pro-
cess with quality control measures, use of anonymized
data, and implementation of focal loss to reduce bias.
Our future work section also suggests improvements
for better contextual understanding to reduce false pos-
itives.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes, our re-
search focuses on protecting a vulnerable population
(LGBTQ+ individuals), uses anonymized data, and
aims to reduce harm rather than create it, conforming
to ethical guidelines for AI research.

2. Additionally, if your study involves hypotheses testing...
(a) Did you clearly state the assumptions underlying all

theoretical results? Yes, we state our assumptions that:
(1) conversational context is critical for detecting sub-
tle forms of cyberbullying, (2) LGBTQ+-targeted bul-
lying has distinctive linguistic patterns, and (3) hierar-
chical attention can capture these patterns effectively.

(b) Have you provided justifications for all theoretical
results? Yes, we justify our architectural choices in
Section 3.3, explaining why each component (hierar-
chical attention, GRU-based encoding, dynamic fu-
sion) contributes to improved detection performance
for LGBTQ+ targeted content.

(c) Did you discuss competing hypotheses or theories
that might challenge or complement your theoreti-
cal results? Yes, we compare our approach with eight
baseline models representing different theoretical ap-
proaches to cyberbullying detection, discussing their
relative strengths and limitations.

(d) Have you considered alternative mechanisms or ex-
planations that might account for the same outcomes
observed in your study? Yes, in comparing baseline
models, we examine alternative mechanisms for cy-
berbullying detection and evaluate whether simpler ap-
proaches could achieve similar results.

(e) Did you address potential biases or limitations in your
theoretical framework? Yes, we discuss the limitations
of our approach in Section 5, including challenges
with severity assessment and the potential need for
more flexible context encoders.

(f) Have you related your theoretical results to the existing
literature in social science? Yes, we connect our work
to social science research on LGBTQ+ cyberbullying
in the Introduction and Related Work sections, citing
studies on psychological impact and minority stress.

(g) Did you discuss the implications of your theoretical re-
sults for policy, practice, or further research in the so-
cial science domain? Yes, we discuss implications for
creating safer online spaces for LGBTQ+ individuals
and suggest future directions including psychological
frameworks for measuring bullying severity.

3. Additionally, if you are including theoretical proofs...
(a) Did you state the full set of assumptions of all theoret-

ical results? Our paper does not include formal theo-
retical proofs.

(b) Did you include complete proofs of all theoretical re-
sults? Not applicable to our work.

4. Additionally, if you ran machine learning experiments...
(a) Did you include the code, data, and instructions

needed to reproduce the main experimental results
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(either in the supplemental material or as a URL)?
Yes, our dataset and full code have been provided
with the submission for reviewer evaluation, includ-
ing the model architecture, training scripts, and eval-
uation code. Upon paper acceptance, we will publicly
release the complete codebase, along with data pro-
cessing scripts, to ensure full reproducibility.

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? Yes, in Sec-
tion 3.3 we detail our training strategy, including op-
timizer choice (AdamW), learning rate (1e-5), batch
size (8), weighted sampling approach, and sequence
length limits.

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
Yes, we used 10-fold cross-validation for all experi-
ments and report the mean ± standard deviation per-
formance metrics, which accounts for statistical varia-
tion.

(d) Did you include the total amount of compute and
the type of resources used (e.g., type of GPUs, in-
ternal cluster, or cloud provider)? Yes, experiments
were conducted using NVIDIA RTX 3090 GPUs with
24GB memory, RTX 5090, and Quadro RTX 8000
hardware across distributed computing environments
including Lambda Labs cloud infrastructure.

(e) Do you justify how the proposed evaluation is suf-
ficient and appropriate to the claims made? Yes, our
evaluation compares SpectrumNet against eight state-
of-the-art baselines on the same dataset, focusing
specifically on LGBTQ+ cyberbullying detection met-
rics that directly address our claims.

(f) Do you discuss what is "the cost" of misclassification
and fault (in)tolerance)? Yes, we discuss the differen-
tial costs of misclassification in Section 5, noting that
false negatives can lead to continued harassment while
false positives might silence legitimate discourse.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes, we cited Hosseinmardi et al. (2015) as the
creators of the original Instagram dataset which we
further annotated for LGBTQ+ cyberbullying detec-
tion, not created.

(b) Did you mention the license of the assets? No, but the
original Instagram dataset we used is publicly avail-
able for research purposes through the cited publica-
tion.

(c) Did you include any new assets in the supplemental
material or as a URL? Yes. We have submitted our
extended Instagram dataset, which includes LGBTQ+
cyberbullying annotations, along with the paper. Upon
acceptance, these specialized annotations will be pub-
licly released through a research repository to ensure
reproducibility and to advance research on LGBTQ+
cyberbullying.

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
Yes, we discuss our annotation process using Amazon
Mechanical Turk with 5 master-level annotators per
session and the consent procedures for annotators un-
der formal IRB approval. The original dataset by Hos-
seinmardi et al. (2015) used public Instagram posts.

(e) Did you discuss whether the data you are using/curat-
ing contains personally identifiable information or of-
fensive content? Yes, we acknowledge that the dataset
contains offensive content (masked in our examples)
and explain that usernames and personally identifiable
information were anonymized in the original dataset.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see ?)? Yes, we intend to release our annotations
(not a new dataset) with clear documentation, meta-
data, and accessibility through a research repository
with appropriate citation methods to ensure FAIR prin-
ciples. The original dataset was created by Hossein-
mardi et al. (2015), and our contribution is the addi-
tional LGBTQ+ cyberbullying annotations which we
will share upon paper acceptance.

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see ?)? Yes, we
have prepared a detailed documentation for our an-
notation extension including annotation procedures,
quality control measures, class distributions, content
warnings, annotator qualifications, and intended re-
search uses. This datasheet follows established guide-
lines and will accompany the public release of our
LGBTQ+ cyberbullying annotations.

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? Yes, we included a de-
tailed description (without screenshots). The annota-
tion task was conducted under formal IRB approval
with proper informed consent procedures.

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? Yes. Our annotation task was conducted un-
der formal IRB approval.

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? Yes. We stated the rate per comment
and calculated the total session compensation as the
product of this rate and the number of comments.

(d) Did you discuss how data is stored, shared, and deiden-
tified? Yes, we mention that the data was anonymized
prior to annotation and discuss our multi-stage valida-
tion process to ensure quality while protecting privacy.
Our IRB-approved protocol specified that all collected
data was kept in private (password-protected) folders,
and that an anonymized version of the labels would
only be shared with researchers who commit to not

289



sharing the data directly and using the labels only for
research purposes.
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