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Abstract
The rise of social media has amplified both
the visibility and vulnerability of marginalized
communities, such as the transgender popula-
tion in South Asia. While hate speech detection
has seen considerable progress in high resource
languages like English, under-resourced and
code mixed languages such as Roman Urdu
remain significantly understudied. This pa-
per presents a novel Roman Urdu dataset de-
rived from Instagram comments on transgen-
der related content, capturing the intricacies
of multilingual, code-mixed, and emoji-laden
social discourse. We introduce a transphobic
slur lexicon specific to Roman Urdu and a se-
mantic emoji classification grounded in con-
textual usage. These resources are utilized to
perform fine-grained classification of sentiment
and hate speech using both traditional machine
learning models and transformer-based archi-
tectures. The findings show that our custom-
trained BERT-based models, Senti-RU-Bert
and Hate-RU-Bert, show the best performance,
with F1 scores of 80.39% for sentiment classi-
fication and 77.34% for hate speech classifica-
tion. Ablation studies reveal consistent perfor-
mance gains when slur and emoji features are
included.

1 Introduction

In recent years, there has been a significant increase
in social networks and content consumption. What
people share on social media platforms has a di-
rect impact on their daily lives (Aziz et al., 2023).
Social media has become a powerful platform for
sharing ideas and perspectives; however, it is also
increasingly misused to spread hate against individ-
uals, groups, and communities. Such content poses
serious threats to social harmony, online safety, and
mental health (Sharma et al., 2025), contributing to
the alarming rise in hate speech.

Hateful speech is a type of language which con-
veys the negative sentiment that can shame users

while also promoting radicalism and inciting vio-
lence (Gitari et al., 2015). Hate speech is a growing
issue, especially in the comment sections of social
media platforms such as Instagram, Facebook, and
YouTube. Several approaches to categorizing hate
speech on social media platforms were investigated
in the study (Martins et al., 2018). They presented
a combination of machine learning and lexicon-
based methods for predicting hate speech. Notably,
they employed emotional content in sentences to
improve the detection accuracy of hate speech.

While hate speech detection in English (Shahi
and Majchrzak, 2024; Pan et al., 2024; Gandhi
et al., 2024) have been widely studied, low resource
South Asian languages remain significantly under-
explored, leaving millions of social media users
vulnerable. In Pakistan, for instance, around 26%
of the population is bilingual, leading to frequent
code mixing in user generated content (Aziz et al.,
2023). This linguistic diversity often results in
text that blends English script with local languages
such as Roman Urdu and Roman Sindhi posing
unique challenges for automated detection systems.
Addressing this gap requires the development of
dedicated resources for these underrepresented lan-
guages.

Although sentiment analysis in Roman Urdu
has received some attention in prior work, sub-
stantial limitations persist. Several Roman Urdu
datasets are publicly available, and previous studies
have focused on unsupervised lexical normaliza-
tion (Mehmood et al., 2020b) and the impact of
lexical variation on sentiment classification (Man-
zoor et al., 2020). Notable efforts include the Ro-
man Urdu E-commerce Dataset (RUECD), which
comprises 26,824 customer reviews from DarazPK
(Chandio et al., 2022), a binary-labeled dataset of
11,000 reviews across six domains (Mehmood et al.,
2019), and a third dataset with 3,241 annotated at-
titudes (Mehmood et al., 2020a). Despite these
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efforts, Roman Urdu remains a low-resource lan-
guage, and progress in sentiment and hate speech
detection is hindered by a lack of standardized lin-
guistic tools and comprehensive annotated datasets
(Khan et al., 2024). This scarcity highlights the
pressing need for further research and resource de-
velopment to support natural language understand-
ing in code-mixed, under-resourced settings.

Existing studies on Urdu language television dra-
mas reveal a distorted portrayal of transgender char-
acters, often exaggerating dominance and neglect-
ing economic violence while emphasizing psycho-
logical abuse (Mehmood et al., 2020b; Manzoor
et al., 2020; Ullah et al., 2024). Despite such media
shaping cultural discourse, no curated Roman Urdu
dataset exists that reflects the unique linguistic pat-
terns and hate speech dynamics in social media
discussions about transgender people in Pakistan.
This underscores an urgent need to build special-
ized Roman Urdu datasets for hate speech detection
that can more accurately capture the sociolinguistic
realities of digital discourse in underrepresented
languages and communities.

In this study, we address the underexplored issue
of hate speech and sentiment analysis in Roman
Urdu social media discourse, particularly focus-
ing on transgender related content. We construct a
novel dataset of Instagram comments that reflects
real-world multilingual and code-mixed usage, en-
riched with emojis and varying sentiment. To cap-
ture the specific linguistic and multimodal nuances
of online hate, we also develop a Roman Urdu
transphobic slur lexicon and a context aware emoji
classification. These resources enable deeper anal-
ysis of abuse patterns and facilitate fine-grained
feature extraction. Building on these contributions,
we perform a thorough evaluation of traditional ma-
chine learning models and transformer-based archi-
tectures, comparing their performance across dif-
ferent combinations of textual, lexical, and emoji-
based features for both sentiment and hate speech
classification tasks. This comprehensive approach
highlights the complexities of detecting hate in low
resource, code-mixed contexts and offers tools to
improve detection and understanding in similar so-
ciolinguistic settings. Following are three main
contribution of this study:

• Creation of a novel, Roman Urdu dataset from
Instagram comments on transgender related
content, incorporating multilingual and emoji-
inclusive text.

• Development of a Roman Urdu based trans-
phobic slur lexicon and an emoji classifica-
tion, enabling fine grained linguistic and mul-
timodal feature enrichment.

• Conducted a comprehensive evaluation of ML
and transformer models using text, emoji, and
slur features for sentiment and hate speech
classification.

2 Dataset

The dataset used in this study was collected from
the Instagram comment sections of Binax Studio1,
a social media page focusing on transgender ori-
ented content in Pakistan. The dataset comprises
comments written in multiple languages, includ-
ing Roman Urdu, Urdu (Arabic script), Hindi (De-
vanagari), Arabic, English and a high frequency of
emojis. Given their dominance in the dataset, we
retained only comments written in Roman Urdu or
code-mixed Roman Urdu (i.e., Roman Urdu com-
bined with English or emojis), as well as purely
emoji based expressions, for further analysis. A
zero-shot learning approach with human feedback
was employed to label the comments. A typical
prompt provided to the model was:

“Analyze the following text and return
JSON with exactly these keys: - sen-
timent: one of ’positive’, ’neutral’, or
’negative’ - negative type: if sentiment
is ’negative’, classify it as ’abusive’,
’threatening’, ’call for action’, or ’other’.
Else null. - language: detect the lan-
guage or script used, like ’Urdu’, ’Ro-
man Urdu’, ’English’, etc. Consider
emoji and transliteration.”

For reliability, two bilingual authors (fluent in
Urdu, Roman Urdu, and English) independently ex-
amined 200 model labeled comments. Substantial
agreement was achieved with the model’s assign-
ments (Cohen’s κ = 0.75), and any differences
were settled through discussion, which informed
adjustments to the labeling guidelines.

Table 1 summarizes the distribution of content
types in the dataset. A majority of the comments
(1584) were written in Roman Urdu without emojis,
followed closely by 1282 comments that combined

1https://www.instagram.com/binax.
studio

https://www.instagram.com/binax.studio
https://www.instagram.com/binax.studio
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Roman Urdu with emojis. Additionally, 294 com-
ments consisted entirely of emojis. The dataset was
annotated for two key tasks:

Table 1: Distribution of Content Types with Examples

Content Type Count Example

Roman Urdu 1584 Ab khusron ky bhi podcast
hongy?

Roman Urdu +
Emoji

1282 Apko dekh kr ma kya hi

judge krunga

Emoji Only 294

Total 3160 –

2.1 Task 1: Sentiment Analysis

The first task involved classifying each comment
into one of three sentiment categories: Positive,
Neutral, or Negative. This task captures the overall
emotional tone of public engagement with trans-
gender content (Mao et al., 2024).

• Positive: Comments that express support, ad-
miration, or encouragement.

Example: ”Jaan ho ”

Translation: ”You are my life”

• Neutral: Comments that are factual, descrip-
tive, or unclear in tone.

Example: “yaar yeh q ka mtlv kya hai”

Translation: ”Hey, what does this mean?”

• Negative: Comments expressing disapproval,
mockery, or hostility.

Example: ”Saleh hijre”

Translation: ”Damn eunuch”

2.2 Task 2: Hate Speech Classification

The second task involved classifying hate speech
present in the comments into four categories: Abu-
sive, Threat, Call for Action, and Other. This cate-
gorization aims to capture different intensities and
types of harmful speech targeting transgender indi-
viduals (Kumar et al., 2025).

• Abusive: Insults, slurs, or dehumanizing lan-
guage directed at transgender people.

Example: “Tum dono ki MKC”

Translation: ”You both are motherf***ers”
(highly offensive)

• Threat: Explicit or implicit threats of vio-
lence or harm.

Example: “The scream at the end will be u
screaming when i will execute u. Fitnah phe-
late ho tum loug. JAHANAMMI!!”

Translation: ”You spread chaos. The scream
at the end will be yours when I execute you.
You are hell-bound!!”

• Call for Action: Urging others to act against
transgender individuals, including boycotts or
violence.

Example: “Report karo inko”

Translation: ”Report them”

• Other: Includes misgendering, sarcastic de-
rision, or religiously framed delegitimization
that doesn’t fit the above but still contributes
to a hostile environment.

Example: “Ouch”

Translation: Same in English; sarcastic or
mocking tone.

Table 2 presents the distribution of sentiment and
hate speech categories within the filtered dataset.
Out of 3160 comments, the majority (1603) ex-
pressed negative sentiment, followed by 966 pos-
itive and 591 neutral comments. In terms of hate
speech, 1225 comments were labeled as abusive,
while a smaller number fell into the categories of
other (339), threatening (22), and call for action
(17).

Table 2: Distribution of Sentiment and Hate Speech
Categories

Sentiment Count Hate Speech Type Count

Negative 1603 Abusive 1225
Positive 966 Other 339
Neutral 591 Threatening 22
– – Call for Action 17

3 Linguistic Analysis

This section explores the linguistic features and af-
fective cues used in online discourse targeting trans-
gender individuals, particularly in Roman Urdu.
We focus on two key dimensions: (1) lexical abuse
through Roman Urdu slurs, and (2) the affective
and rhetorical functions of emojis in these hos-
tile or supportive comments. Together, they reveal
how language and visual symbols convey support,
mockery, identity assertion, or threats.
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3.1 Emoji Classification Design
To analyze the role of emojis in transgender-related
discourse, we developed a custom taxonomy based
on contextual usage rather than Unicode semantics.
As shown in Figure 1, we identified ten functional
categories: Supportive/Affective (affection, soli-
darity), Mocking/Dismissive (ridicule, sarcasm),
Identity Pride (queer or gender identity markers),
Aggressive/Threatening (symbolic violence, hostil-
ity), Gesture/Emphasis (tone amplification), Reli-
gious/Moral (judgment) Humor/Ambiguous (irony,
camp), Sadness/Vulnerability (grief, helplessness),
Body/Gendered (physical or sexed features), and
Mock Femininity (caricatured feminized traits). Al-
though each emoji was placed in one main category
based on its context, in rare cases, the same emoji
could fit into more than one category depending
on how it was used. Building on the taxonomy,
Figure 2 presents the distribution of emoji usage
across the dataset. The most frequent category was
Mocking (38.76%), highlighting the prevalence of
ridicule and sarcasm. This was followed by Sup-
portive/Affective (27.33%), indicating a substantial
presence of emotional solidarity. Mock Feminin-
ity (8.84%) and Aggressive/Threatening (7.51%)
emojis also appeared prominently, often signaling
coded transphobia or symbolic hostility.

3.2 Construction of Transphobic Slur Lexicon
for Roman Urdu

We constructed a domain specific lexicon by iden-
tifying 124 unique slurs from the comment dataset.
This lexicon includes both explicit terms and more
implicit or coded expressions used in South Asian
digital discourse (e.g., chakka, khusra, etc). The
lexicon construction was in done in following 4
steps.

3.2.1 Orthographic Normalization:
To consolidate orthographic variants of abusive
terms, we applied phoneme aware normalization
rules that convert common Roman Urdu digraphs
and vowel elongations into base forms (e.g., “gan-
doo”, “gaanduu” → gandu). This step was im-
plemented using regular expressions and phonetic
substitution rules that we manually created to
handle common Roman Urdu spelling variants
(e.g.,“aa”/“a”). As no standardized resources ex-
ist for Roman Urdu normalization, our rules were
iteratively refined through manual inspection of
sample outputs. To group closely related variants
and misspellings, tokens were clustered based on

Levenshtein edit distance (threshold ≤ 2). This ap-
proach ensured that minor typographical variations
were treated as a single lexeme.

3.2.2 Token Filtering and Frequency
Thresholding:

We removed stopwords using an expanded bilin-
gual stopword list covering both Roman Urdu and
English function words. Tokens with a frequency
less than three were discarded to focus on com-
monly used terms.

3.2.3 Manual Filtering:
After converting minor typographical variations
into single lexemes, we obtained 664 tokens. These
were manually reviewed to remove ambiguous or
contextually irrelevant words, resulting in a final
curated lexicon of 124 semantically abusive and
transphobic slurs.

Table 3 shows the most common abusive and
transphobic slurs found in our dataset. These slurs
frequently appeared in user comments and were
retained in our final lexicon after normalization
and manual review. Many of the terms, such as bc
and bkl, are abbreviations or phonetic spellings,
but within the comment context, they clearly func-
tion as tools of verbal abuse. While this data is
specific to our collected dataset, it reflects a wider
trend of how such harmful language is casually and
repeatedly used in online conversations related to
transgender topics in the South Asian social media
space.

Table 3: Most common slurs in the dataset based on our
Roman Urdu Transphobic Slur lexicon

Normalized Count Description

bc 58 Abbreviation of incest-
based Urdu profanity

khusra 57 Slur for transgender
person (Roman Urdu
for Khusra)

gand 44 Vulgar term for but-
tocks (Roman Urdu)

bkl 32 Abbreviation for “idiot”
or “stupid” in abuse
contexts

gandu 24 Used in the context of
abuse to call someone
F*gg*t

Table 4 shows the most common co-occurrences



135

Figure 1: Proposed Emoji Classification

Figure 2: Emoji Distribution Based on Proposed Emoji
Classification

between transphobic slurs and emojis within Ro-
man Urdu comments. These combinations were
extracted from our dataset and reveal how users
often use affective emojis especially the (joy)
emoji alongside abusive terms like gand, bc, and
chakka. The use of such emojis tends to amplify
mockery, express sarcasm, or downplay the abuse,
making it seem more casual. This highlights an im-
portant multimodal layer of hate speech and shows
why emoji signals should be included in models
that detect implicit or indirect abuse.

Table 4: Top Slur Emoji Co-occurrences by Frequency

Slur (Description) Emoji Count

gand (buttocks) 29

bc (incest profanity) 19

chakka (trans slur) 18

lan (penis) 15

chod (f**k) 14

Table 5 presents examples of how emojis fre-
quently appear alongside transphobic or vulgar

slurs in Roman Urdu social media comments.
Each row includes a commonly used slur, its co-
occurring emoji, the frequency of this pairing, and
an anonymized usage example translated into En-

glish. Emojis like (laughter) or (mockery)
often shift the emotional tone either by making
the abuse sound humorous, sarcastic, or more in-
tense. These combinations reflect a deliberate use
of visual cues to strengthen or mask hateful intent,
making the abuse seem more socially acceptable or
performative. The findings emphasize the need to
treat emojis not just as add-ons, but as important
features in detecting and understanding online hate
speech.

Table 5: Examples of Emoji Usage in Slur Contexts

Slur Emoji Count Example

gando 29 ”Gando log ” ”F*gg*t
people” with mocking
laughter.

lanat 5 ”Lanat ”
”Shame/curse” with
repeated hand gestures.

chutiya 3 ”Chutiya promoting nu-

dity ” Sarcastic or
mocking tone.

bc 3 ”Chaako ki podcast
are bc” ”Chaako” is a
derogatory slur for trans-
gender people, and ”bc” is
a strong abusive term

4 Experimental Settings

We conducted comprehensive experiments for two
classification tasks: (i) Sentiment analysis (positive,
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neutral, negative), and (ii) Hate speech classifica-
tion (e.g., abusive, threatening, etc.). Each task was
evaluated using both traditional machine learning
models and fine tuned transformer based model.

4.1 Dataset Preprocessing and Feature
Engineering

We have dataset D = {(xi, yi)}Ni=1, where each xi
is a instance of the dataset (i.e. comment on an
Instagram post) and yi ∈ Y is the corresponding
label (for either sentiment or hate speech category),
we augmented the inputs with structured linguistic
and contextual features to capture additional social
and semantic cues beyond raw text.

Each input xi was decomposed into its base text
ti, a categorical emoji feature ei ∈ E , and a bi-
nary indicator si ∈ {0, 1} for the presence of slurs.
The slur flag si is computed based on a manually
curated lexicon lexslur of 124 normalized Roman
Urdu transgender related slurs. The flag is defined
as:

si =

{
1 if ∃w ∈ lexslurw ∈ Tok(ti)
0 otherwise

(1)

In equation 1 Tok(ti) denotes the tokenized form
of the comment ti. The emoji feature ei was de-
rived by mapping each emoji in ti to a predefined
semantic category (e.g., mocking, affective, gesture,
threat).

To systematically evaluate the contribution of
each feature type, we defined four feature sets:
(i) Ftext = {ti}, representing raw text only; (ii)
Ftext+emoji = {ti, ei}, which includes emoji cate-
gory alongside text; (iii) Ftext+slur = {ti, si}, incor-
porating slur presence; and (iv) Fall = {ti, ei, si},
the full feature combination. These sets were used
across experiments to assess the role of lexical and
paralinguistic features under controlled compar-
isons.

4.2 Modeling and Evaluation
Once dataset preprocessing and feature engineer-
ing is done, the next step is perform machine learn-
ing modeling and evaluation across both sentiment
analysis and hate speech type classification tasks.
We implemented two modeling approaches: one
based on traditional machine learning (ML) algo-
rithms with bag of words representations, and an-
other using a custom fine tuned BERT (Devlin et al.,
2019) based transformer model. For consistency

each model was trained and tested using a strati-
fied 80/20 train-test split with fixed random seed to
ensure reproducibility.

4.2.1 Traditional Machine Learning Models
For classical approaches, we trained a diverse
set of supervised classifiers: Logistic Regression
(LogReg), Linear Support Vector Machine (Lin-
earSVC), Multinomial Naive Bayes (Multinomi-
alNB), Random Forest, XGBoost, and LightGBM.
In this modeling approach the textual input ti
was converted into numerical form using TF-IDF
(De Santis et al., 2024) vectorization, capturing
both unigrams and bigrams (n-gram range = (1,
2)) and restricted to a maximum of 5000 features.
Emoji categories ei ∈ E were encoded using one-
hot encoding, and the slur flag si ∈ {0, 1} was
passed through as a numeric binary feature.

4.2.2 Transformer Based Model
To model context and semantic nuance directly
from raw text, we trained a task specific trans-
former classifier based on BERT (bert-base-
uncased). Input text was tokenized using the cor-
responding WordPiece tokenizer (Schönle et al.,
2024), subword information, and special tokens.
Each input sequence was truncated or padded to
a maximum length of 128 tokens and passed to
the BERT encoder. The transformer model was
implemented using the HuggingFace Transformers
library2. All experiments were conducted with a
batch size of 8, 3 epochs of training with 50 logging
steps.

4.2.3 Model Evaluation
Both traditional machine learning models and the
transformer based model were evaluated using stan-
dard classification metrics: Accuracy, Precision,
Recall, and F1 Score. All metrics were computed
using weighted averaging, which accounts for the
distribution of samples across classes and ensures
that minority classes are not ignored during evalu-
ation. To ensure a fair and consistent comparison
across all models and feature combinations, the
dataset was partitioned into 80% training and 20%
testing subsets using stratified sampling, preserving
the original class proportions in both splits.

5 Results

This section presents the performance outcomes
of various models applied to two primary tasks:

2https://huggingface.co/

https://huggingface.co/
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Sentiment Classification and Negativity Type (hate
speech) Classification. We evaluate both traditional
machine learning classifiers and a transformer-
based BERT model using four different feature
configurations: text only (T), text with emoji fea-
tures (T+E), text with slur features (T+S), and all
features combined (T+E+S). For experiments in-
cluding emojis (E) and slur flags (S), these features
were concatenated as auxiliary inputs to the BERT
classifier’s final hidden layer before the classifica-
tion head. The evaluation metrics include Accuracy,
Precision, Recall, and F1 Score. All experiments
were conducted on Google Colab with a 16 GB
RAM and 128 GB disk environment.

Table 6 presents the comparative performance
of multiple models across two classification tasks:
Sentiment Detection and Hate speech Classifica-
tion. All models were evaluated using a unified fea-
ture set comprising textual (T), emoji features (E),
and slur features (S). Among traditional machine
learning models, LinearSVC and Random Forest
demonstrated relatively strong and consistent per-
formance. However, BERT-based models (Senti-
RU-BERT and Hate-RU-BERT) outperformed all
baselines across both tasks, achieving the highest
accuracy (80.54% for sentiment, 78.01% for neg-
ativity type) and F1 scores (80.39% and 77.34%
respectively). Our domain specific variants, Senti-
RU-BERT and Hate-RU-BERT, fine-tuned on Ro-
man Urdu data with emoji and slur context, yielded
the best results. These findings shows the effec-
tiveness of contextual embeddings in capturing
the nuanced affective and abusive signals in under-
resourced, code-mixed languages especially when
enhanced with multimodal cues.

Table 6: Performance (Accuracy, Precision, Recall, F1)
for Sentiment and Hate Speech Classification

Task Model Acc. Prec. Rec. F1

Sentiment

LinearSVC 74.37 74.77 74.37 74.54
LogReg 74.21 73.51 74.21 73.09
RandomForest 73.26 73.72 73.26 73.46
XGBoost 71.99 73.62 71.99 72.60
MultinomialNB 68.83 74.00 68.83 63.60
LightGBM 68.04 70.11 68.04 68.77
Senti-RU-BERT 80.54 80.29 80.54 80.39

Negativity

LinearSVC 72.15 71.21 72.15 71.19
LogReg 71.68 71.11 71.68 70.17
RandomForest 74.21 74.43 74.21 72.86
XGBoost 71.20 69.85 71.20 70.36
MultinomialNB 71.36 72.20 71.36 69.86
LightGBM 68.67 67.99 68.67 67.83
Hate-RU-BERT 78.01 76.75 78.01 77.34

Table 7 presents a detailed ablation study re-
porting F1 scores for different combinations of
input features Text only (T), Text + Emoji fea-
tures (T+E), Text + Slur features (T+S), and all
combined (T+E+S) across various models for both
sentiment and negativity classification. For senti-
ment classification, the best results were consis-
tently achieved with the T+E+S combination. Tra-
ditional models like LinearSVC (74.54), Logistic
Regression (73.09), and Random Forest (73.46)
showed marked improvements over their text-only
baselines (66.74, 64.94, and 66.79 respectively).
Notably, Senti-RU-BERT attained the highest F1
score of 80.77 with the T+E setting, slightly out-
performing the T+E+S score (80.39), suggesting
that emojis alone contributed more than slurs in
this transformer model. Among traditional models,
XGBoost (72.60) and LightGBM (68.77) also ben-
efited from feature fusion, while MultinomialNB
saw the greatest relative gain jumping from 45.75
(T) to 63.60 (T+E+S). In the case of hate speech
type classification, results were more nuanced. The
highest F1 score was obtained by Hate-RU-BERT
with 77.64 using T+S, showing that slur features
were particularly informative for this task. Among
classical models, Random Forest (73.88) and Lo-
gistic Regression (72.45) also achieved their top
scores using T+S, indicating the value of slur-based
lexical signals for distinguishing hate subtypes. In-
terestingly, unlike the sentiment task, adding emo-
jis (T+E) showed limited or no improvement here.
The overall best traditional performance came from
Random Forest with T+S (73.88), while Multinomi-
alNB, though less effective overall, reached 72.03
with T+S its peak performance across all configura-
tions. These results validate that incorporating task
specific linguistic signals such as emojis for senti-
ment and slurs for hate subtype detection improves
classifier performance.

6 Limitations

Despite achieving strong performance on both sen-
timent and hate speech classification tasks, sev-
eral limitations persist. First, the class imbalance,
especially in the hate speech subtype categories
(e.g., threatening, call for action), may bias the
models toward more frequent classes like abusive.
This limits generalizability and reduces sensitiv-
ity to underrepresented categories. Second, many
instances of hate speech in our dataset exhibit sub-
tle or context-dependent abuse, including sarcasm,
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Table 7: Ablation Study: F1 Score Comparison Across Feature Sets and Models

Features LinearSVC LogReg RandomForest XGBoost MultinomialNB LightGBM Senti-RU-BERT / Hate-RU-BERT

Sentiment

T 66.74 64.94 66.79 64.41 45.75 54.09 72.65
T+E 73.25 71.10 71.36 68.76 62.52 63.28 80.77
T+S 68.00 66.82 68.62 66.75 46.83 57.85 74.31
T+E+S 74.54 73.09 73.46 72.60 63.60 68.77 80.39

Negativity Type

T 70.70 69.54 70.21 68.58 69.22 60.71 76.14
T+E 70.76 69.44 69.53 68.49 68.36 61.21 76.82
T+S 72.42 72.45 73.88 69.46 72.03 68.06 77.64
T+E+S 71.19 70.17 72.86 70.36 69.86 67.83 77.34

code switching, or rhetorical phrasing, which re-
main challenging for both traditional models and
BERT. Although auxiliary features like slur flags
and emoji categories improve performance, they
cannot fully capture nuanced socio-pragmatic cues.

7 Future Work

Future work can focus on curating more balanced
and culturally grounded datasets for Roman Urdu
and code-switched text, incorporating linguistic an-
notation informed by sociolinguistic cues to better
detect subtle or indirect expressions of hate speech.
Further to deal with class imbalance the dataset
should be curated in such a way that there is bal-
ance between both overrepresented and underrepre-
sented classes such as such as threatening or call for
action. This can also be achieved through targeted
data augmentation techniques like paraphrasing,
back translation, or synthetic oversampling. Fu-
ture work could also explore applying more recent
large language models (e.g., GPT or open-source
alternatives).

8 Conclusion

This study presents a novel computational approach
to analyzing online discourse concerning trans-
gender communities in Pakistan, with a particu-
lar emphasis on Roman Urdu—a low-resource,
code-mixed language prevalent across social me-
dia platforms. We introduce a comprehensive
Instagram-based dataset annotated for both sen-
timent and hate speech, and further enrich this re-
source through the development of a Roman Urdu
transphobic slur lexicon and an emoji classification
grounded in contextual semantics. Experimental
evaluations reveal that transformer-based architec-
tures, notably BERT, consistently outperform tra-
ditional machine learning models on both classi-

fication tasks, achieving F1 scores of 80.39% for
sentiment and 77.34% for hate speech detection.
Ablation analyses demonstrate that the integration
of lexicon-based and emoji-derived features yields
significant performance improvements, especially
in identifying implicit or nuanced forms of hate
speech. These findings highlight the critical role
of culturally and linguistically informed resources
in advancing hate speech detection in low-resource
settings. By integrating domain-specific linguis-
tic insights with state-of-the-art natural language
processing techniques, this work establishes foun-
dational tools, benchmarks, and methodologies for
future research in socially-aware, multilingual, and
inclusive NLP.
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