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ABSTRACT

Hate speech ought to be identified and minimized to diminish the undesirable influx of toxic content on the Internet, particularly 
in the fields of sensitive matters, such as the climate change debate. This article analyzes hate speech detection using climate 
change-related information and focuses on tweet classification and the identification of the hate target via prompt engineering 
with large language models (LLMs). Specifically, we compare three instruction-tuned LLMs, TinyLlama, Flan-T5, and Gemma, and 
evaluate them in contrast to a standard transformer baseline, bidirectional encoder representations from transformers (BERT). The 
aspects of the experimental framework include prompt design in a systematic way, reproducible implementation environments, 
and performance measures such as accuracy, precision, recall, and F1-score. The results suggest that prompt-based LLMs for 
zero-shot inference of hate speech do not require task-specific training. However, the finetuning BERT baseline is more precise 
and achieves a high F1-score, suggesting the importance of classification reliability. The findings indicate the pros and cons of 
prompt engineering, which is feasible but highlights the need for prompt design and model choice to achieve reliable hate speech 
detectors in climate-related speech.
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1. INTRODUCTION

Hate speech detection is a vital research area now, 
given its significant influence on society. The proliferation 
of social media such as Facebook and Twitter (now X) has 
changed the face of communication, but has also made it 
easier to spread harmful content. Nevertheless, such plat-
forms are also gradually becoming a means of distribution 
of harmful and offensive content aimed at individuals or 
groups (Mohbey et al., 2025).

Hate speech is a term used to describe communica-
tion that offends, intimidates, or discriminates against a 
person or group of people based on their race, religion, 
gender, ethnicity, sexual orientation, or beliefs (Albladi et 
al., 2025; Mohbey et al., 2025). This kind of content may 
cause severe psychological, social, and emotional dam-
age, as well as societal division and conflict. In addition, 
user anonymity makes the problems more difficult (Al-
Maatouk et al., 2020). These actions can have a negative 
influence on the emotional and psychological condition 
of the abused. Hate speech detection has emerged as a sig-
nificant research field because of its role in society (Jahan 
& Oussalah, 2023; Mossie & Wang, 2020). Social media 
has made communication and the exchange of informa-
tion reach heights never seen before. Nevertheless, besides 
the benefits of virtual communication, hate speech has be-
come more widely spread, which is extremely dangerous 
to personal and social integrity.

The conventional methods of hate speech identifica-
tion mostly rely on keyword matching, lexical analysis, 
and conventional machine learning methods. Neverthe-
less, such methods do not frequently reflect context, 
sarcasm, implicit hate, or changing language patterns. 
However, recent deep learning technologies, in particular 
transformer models and large language models (LLMs), 
have demonstrated significant improvements in text com-
prehension (Mukherjee & Das, 2023). The instruction-
tuned LLMs include TinyLlama, Flan-T5, and Gemma, 
which can reason contextually and categorize natural lan-
guage when provided with structured prompts. Moreover, 
prompt engineering has proven to be a useful method for 
tasking LLMs, instructing them with structured prompts 
to enhance their performance in classification and inter-
pretation.

The rise in sharing of climate change discourse on 
social media ecosystems has led to the escalation of polar-
ization, the spread of false information, and the spread of 
goal-oriented hate speech towards individuals, activists, 
scientists, and communities. Climate change hate speech 

presents unique issues due to its domain-specific vocabu-
lary, lack of contextual hints, and emotionally charged 
information. The existing automated hate speech detec-
tors lack climate-specific optimization and thus face chal-
lenges with contextual interpretation. This is why there is 
an urgent need to explore new methodological solutions, 
including prompt engineering and LLMs, to improve the 
accuracy of detection and the interpretability of AI in this 
specific field. The primary objectives of this research are:

•	 To explore prompt engineering and instruction-
tuned LLMs for hate speech detection in climate 
change–related social media tweets.

•	 To analyze the performance of various models (Ti-
nyLlama, Flan-T5, and Gemma) to identify their 
strengths and limitations.

•	 To highlight challenges in hate speech detection and 
provide directions for future research.

Although hate speech detection models, both tradi-
tional and transformer-based, have advanced, there are 
several gaps. The current methods are more dependent on 
supervised learning and are not usually useful in specific 
domains, such as climate change discourse. The systematic 
analysis of prompt engineering and its effects on classifi-
cation and hate-target identification have not been studied 
in recent years, although recent studies have delved into 
the ellipses of LLMs. Moreover, there is little systematic 
research comparing prompt-guided LLMs to traditional 
transformer baselines. To fill these gaps, this paper assess-
es prompt-engineered LLMs for detecting climate change-
related hate speech and compares their performance with 
a transformer-based model across a range of tasks.

To fill these gaps, the current paper will systematically 
test the application of prompt engineering methods on 
several LLMs, including TinyLlama, Flan-T5, and Gem-
ma, and compares the quality of the results with those of 
a traditional transformer baseline (bidirectional encoder 
representations from transformers; BERT). In contrast to 
earlier research, this paper is dedicated to the problem of 
hate speech about climate change and analyzes the perfor-
mance of models in a variety of tasks, such as hate speech 
recognition and hate target recognition. This study takes 
a step forward in creating adaptive, interpretive, and ef-
ficient hate speech detectors by offering empirical analysis 
of prompt-guided performance of LLMs in a domain-
specific environment.

The rest of this paper is structured in the following 
way: Section 2 outlines the dataset and preprocessing 
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procedures. Section 3 is a detailed literature review. Sec-
tion 4 explains the suggested methodology and prompt 
engineering strategy. Section 5 provides an analysis of the 
experiment’s results. Lastly, Section 6 provides concluding 
remarks and suggests avenues for future research.

2. BACKGROUND AND PRELIMINARIES

The feature extractors common in traditional hate-
speech detection methods are bag-of-words (feature 
extraction) (Zhang et al., 2010), term frequency-inverse 
document frequency (Sammut & Webb, 2011), and word-
embedding-based feature extraction (Oro et al., 2025). In 
its turn, prompt-based LLMs are driven by an alternative 
paradigm. Rather than explicitly extracting features, pre-
trained language models implicitly encode linguistic and 
semantic and contextual evidence, which they learn by 
massive pretraining. In prompt-engineering engines, the 
model is directed through a natural-language interface, 
in the form of structured instructions, to do classification 
directly on raw text (Oro et al., 2025). This does not need 
manual feature engineering and makes it possible to do 
hate speech detection flexibly and at scale using pretrained 
contextual representations.

In the traditional model training for hate speech detec-
tion, feature extraction and data preprocessing are crucial 
steps performed on the labeled dataset before training or 
finetuning the model. These techniques involve trans-
forming text data into numerical representations as fea-
tures that can be fed into classification models. However, 
in prompt-based text generation approaches, such as those 
employed in prompt engineering techniques with LLMs, 
feature extraction and data preprocessing are not explic-
itly applied during model training or testing. Instead, the 
focus is on designing contextually relevant prompts that 
guide the model to generate hate-speech-related responses 
based on the given input prompt.

Contextual prompt design is a critical part of prompt 
engineering, as it shapes the model’s responses and behav-
ior. The prompts provide helpful information and clues 
that assist the LLMs in identifying patterns of hate speech 
and generating acceptable responses. Although feature ex-
traction and data preprocessing are not directly applied to 
prompt-based text generation, the representations learned 
by LLMs and their internal processes contain linguistic 
features and contextual information, which makes it easier 
to produce responses that are meaningful and appropriate 
to the situation. Both feature extraction and data prepara-
tion are significant in the detection of hate speech. They 

are typically performed on labeled data during training or 
finetuning. Nonetheless, they are not applied in prompt-
based text generation, including prompt engineering with 
LLMs. Rather, they are concerned with generating appro-
priate prompts and directing the model’s answer genera-
tion process using the provided input prompt. This takes 
advantage of LLMs’ natural ability to generate meaningful, 
relevant text in the context (Meguellati et al., 2025).

3. LITERATURE REVIEW

The problem of hate speech identification has become 
a rather important research topic with considerable social, 
psychological, and informational consequences of hate 
speech on the Internet space. Besides being a technical 
classification problem, hate speech is a socially construct-
ed and contextual process that is determined by the spe-
cifics of language, platform-based norms, cultural defini-
tion, and the groups to which the hate speech is directed. 
Classification and information filtering are therefore 
carried through automated detection systems, which help 
in content moderation, trust, transparency, and decision-
making. This review evaluates the traditional machine 
learning techniques, deep learning techniques, and emerg-
ing prompt-based LLM techniques critically and identifies 
key gaps that suggest the necessity of the present study.

3.1. Traditional and Deep Learning Approaches
The initial hate speech recognition systems used a rule-

based approach, handcrafted linguistic attributes, and 
supervised machine learning models, including support 
vector machines, Naive Bayes, and maximum entropy 
classifiers. Other articles, such as Alsafari et al. (2020) and 
Al-Hassan and Al-Dossari (2022), created their own an-
notated datasets and used bag-of-words, lexicon-based 
representations, and feature-extraction techniques based 
on word embeddings. Such methods showed the possibil-
ity of automated hate speech classification and developed 
basic datasets and assessment systems. Nevertheless, con-
ventional methods have a number of weaknesses. Their 
dependence on manual feature engineering limits their 
capacity to capture the contextual meaning, sarcasm, 
implicit hate, and changing linguistic patterns. Also, the 
models of this type usually consider hate speech as a lexi-
cal phenomenon as opposed to a dynamic and context-
dependent informational phenomenon. These restrict 
how well they work in more intricate areas like climate 
change discussion, where there can be hate speech that is 
either indirect or entrenched in ideological messages.

http://www.jistap.org
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Convolutional neural networks, long short-term 
memory networks, and transformer-based networks, in 
particular BERT and robustly optimized BERT pretrain-
ing approach, have demonstrated a great capability to en-
hance the performance of hate speech detection through 
deep learning. Vidgen et al. (2021) created large annotated 
datasets and proved that transformer models could effec-
tively find fine-grained categories of hate when consider-
ing various social facets. In line with this, Mathew et al. 
(2021) have also pointed out the necessity to detect the 
target communities and offer explanations, which can be 
achieved only by having interpretable hate speech detec-
tors.

Transformer models enhance context due to their abil-
ity to employ semantic relationships among words and 
phrases. Nevertheless, there are still a few drawbacks to 
these models. To begin with, they need a large amount of 
labeled training data, which may not be readily accessible 
in a domain-specific application such as climate change 
discourse. Second, the traditional transformer models are 
more like classification systems without necessarily hav-
ing clear explanations and reasoning mechanisms. Third, 
they can have difficulty generalizing to new trends in 
hate speech due to static training processes. Such limita-
tions point to the necessity of more adjustable, adaptive 
methods that are capable of accommodating changes in 
language patterns and can give interpretable outputs.

3.2. Domain-Specific and Climate-Related Hate 
Speech

Recent studies have generalized hate speech detection 
to domain-specific contexts, which include biomedical, 
scientific, and pandemic-related communication. Other 
researchers like Alshalan et al. (2020) have investigated 
hate speech during COVID-19 discourse, showing that 
conversations on the crisis might increase the use of 
harmful language. On the same note, there have been 
transformer-based models like biomedical BERT and sci-
entific BERT that have been created to capture domain-
specific language representations (Lee et al., 2019; Wei et 
al., 2019). These papers demonstrate that the task of hate 
speech detection should consider language peculiarities 
of the domain, contextual meaning, and social standards. 
Nevertheless, the bulk of the available literature focuses 
on general hate speech detection rather than more specific 
areas, such as climate change. The language of climate 
change has its own problems, such as polarization of ide-
ology, indirect aggression against activists, and implicit 
use of harmful language. Moreover, there has been little 

research on the role of hate speech detection systems as 
information systems that facilitate transparency, audit-
ability, and content moderation decisions. This void high-
lights the need for detection techniques that can not only 
categorize harmful content but also provide interpretable, 
actionable results.

The debate on climate change is now characterized 
by polarization, which leads to the formation of specific 
hate speech against the members of activist movements, 
policymakers, and social cohorts. EL-Sayed & Nasr (2024) 
and Kaya et al. (2024) established that transformer-
based models are suitable in the detection of hate speech 
and stance in climate-related tweets. These papers have 
highlighted the relevance of contextual characteristics, 
including hashtags, mentions, and metadata on tweets. 
Nevertheless, previous work in climate-related hate speech 
detection is mainly based on traditional supervised trans-
former-based models. Such methods need a large amount 
of annotated data, and they cannot usually be adjusted to 
new hate speech forms. Also, they fail to critically analyse 
the effect of prompt design or model-interaction strategies 
on detecting performance. This weakness highlights the 
necessity of dynamic detection systems capable of manag-
ing changing climate-related discourse.

3.3. Prompt Engineering and Large Language Model-
Based Detection

The recent progress in LLMs like GPT, LLaMA, and 
Flan-T5 has proposed novel hate speech detection para-
digms featuring prompt engineering. Prompt-based mod-
els allow them to reason and classify according to natural-
language instructions, in contrast to the more traditional 
supervised models. As Chain-of-Thought prompting is 
suggested to be effective in hate speech moderation, the 
HATE-GUARD model suggested by Vishwamitra et al. 
(2024) revealed the idea of chain of thought prompting. 
In the same way, Guo et al. (2023) tested the prompting 
strategies on benchmark datasets and demonstrated that 
prompt design has a significant impact on the perfor-
mance of the LLM. The HARE proposed by Yang et al. 
(2023) is a model that uses the explanations generated by 
the LLM to enhance the accuracy and explainability of the 
detection. Although all these studies show the prospects 
of prompt-based approaches, a number of gaps are to be 
filled:

•	 Most studies do not provide systematic comparisons 
between prompt-guided LLMs and conventional 
transformer baselines.
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•	 Limited research examines the effectiveness of 
prompt engineering in domain-specific contexts, 
such as climate change discourse.

•	 Few studies evaluate the ability of prompt-guided 
models to perform multiple tasks simultaneously, 
including hate speech classification and target iden-
tification.

•	 The relationship between prompt structure and 
model performance remains insufficiently analyzed.

These limitations highlight the need for empirical eval-
uation of prompt engineering strategies within domain-
specific hate speech detection tasks.

4. METHODOLOGY

This paper explores the detection of hate speech and 
the identification of hate targets with prompt engineering 
on LLMs. Rather than finetuning models, a prompt-based 
classification model was used, where structured instruction 
prompts were used to prompt pretrained LLMs to classify 
tweets. The overall framework is illustrated in Fig. 1.

4.1. Dataset Description
The data utilized in this study were the ClimaConvo, as 

given by Shiwakoti et al. (2024). The data consists of Twit-
ter posts about climate activism and environmental dis-
cussions obtained in social media. It marks hate speech, 
hate targets, and stance identification, and enables one to 
study harmful hate speech in its complexity in the setting 
of online climate discussions. In this paper, hate speech 

is speech that targets, threatens, or attacks groups or in-
dividuals due to certain characteristics that the group or 
individual is safeguarded or defended against in terms of 
characteristics such as race, religion, sex, or ideology. This 
definition is the same as that of dataset annotation and 
past studies on hate speech detection.

4.1.1. Dataset Structure
The ClimaConvo dataset consists of 15,309 tweets. Out 

of them, 10,407 tweets are marked as relevant to climate 
activism and environmental discourses, and 4,902 tweets 
are defined as non-relevant (Shiwakoti et al., 2024). The 
corresponding subset has hate speech detection, hate tar-
get detection, and stance detection annotations. Table 1 
shows the entire dataset composition to make it transpar-
ent and traceable.

4.1.2. Dataset Split
Stratified sampling was used to separate the dataset 

into training, validation, and testing sets to maintain the 
same consistency of the classes in all the subsets. Namely, 

Table 1. Dataset composition

Category No. of tweets

Total tweets 15,309

Relevant tweets 10,407

Non-relevant tweets 4,902

The hate speech detection and hate target identification experi-
ments were conducted using the annotated subset of relevant 
tweets.

http://www.jistap.org
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70% of the data was assigned to the training set, 15% 
to the benchmark set, and 15% to the testing set. Even 
though the prompt-based LLMs were tested on the basis 
of zero-shot inference, the split of the data was preserved 
in order to be consistent with standard evaluation proce-
dures and could be compared with supervised baseline 
models. There was no testing set that was applied to evalu-
ate the final performance, except to have a legitimate and 
accurate assessment.

4.1.3. Tasks Definitions
The ClimaConvo data is favorable to various classifica-

tion problems of harmful content detection. Subtask A 
is concerned with the detection of hate speech, whereby 
the tweets are classified as hate speech or non-hate speech 
using their content. Subtask B is the identification of the 
hate target, which is to determine the target or the group 
that is the subject of hate speech, like individuals, groups, 
or organizations. Subtask C will entail stance detection, 
where the stance as expressed in climate activism tweets 
is identified. The given research is mostly concerned with 
hate speech identification and hate target recognition.

4.2. Data Preprocessing
As used in this study, pretrained LLMs use prompts to 

classify data, which is why little preprocessing was done to 
ensure that the original semantic and contextual informa-
tion of the tweets was preserved. Preprocessing was done 
to lowercase all the text and to remove formatting artifacts, 
and to keep useful contextual features, including hashtags, 
mentions, and punctuation that can carry useful semantic 
features (Aliero et al., 2023). The structured prompt tem-
plate was planted with each tweet directly without the use 
of stopword removal, stemming, or feature engineering. 
This is to make sure that the models utilize what they have 
already trained in terms of contextual knowledge.

4.3. Model Selection and Baseline Configuration
This paper assesses prompt-based classification on 

instruction-tuned LLMs. The chosen models are TinyLla-
ma-1.1B-Chat, Flan-T5-Small, and Gemma-2B-Instruct. 
The models were chosen because they exhibit instruction-
following abilities and are well-suited to prompt-based 
natural language classification problems. Besides prompt-
based models, a supervised BERT model was used as a 
baseline to identify hate targets. This baseline allows for 
comparing zero-shot classification via prompts with stan-
dard supervised learning methods. In contrast to the old-
fashioned supervised techniques, the LLMs considered in 

this present paper were not trained on data. Rather, clas-
sification was based on structured prompt templates, and 
the models’ classification capabilities were assessed.

4.4. Bidirectional Encoder Representations from 
Transformers Baseline Model

Hate target detection was done as a supervised baseline 
on the BERT model. BERT is a contextual representation-
learning language model that is a pretrained transformer. 
The model was trained on labeled data and tested using 
standard classification metrics, including accuracy, preci-
sion, recall, and F1-score. This benchmark is used to com-
pare the performance of prompt-based classification using 
LLMs (Naaz et al., 2021).

4.5. Prompt Engineering and Classification 
Framework

To tackle the problem of hate speech detection and 
hate target identification, LLMs were directed with the 
help of prompt engineering. The objective of classifica-
tion, definitions of categories, and output constraints were 
well outlined through structured instruction prompts. All 
of the tweets were inputted into a prompt template, which 
was predefined and passed to the model. The model pro-
duced a textual answer with the projected classification 
label, which was directly retrieved as a part of the output 
and contrasted with the ground truth label. The method-
ology allows task-independent finetuning, and reproduc-
ible and consistent assessment between different models. 
Prompt-based classification enables the use of pretrained 
language models in a cost-effective way, and flexibility and 
interpretability in classification problems (Marvin et al., 
2024).

5. EXPERIMENTS AND RESULTS

5.1. Experimental Setup
The experiments were made to measure the effective-

ness of the prompt engineering method using LLMs in 
detecting hate speech and identifying hate targets. Clima-
Convo data was stratified into training (70%), validation 
(15%), and testing (15%) sets. The test set was used to 
evaluate the prompt-based LLMs using zero-shot infer-
ence, and the dataset split was kept to be able to compare 
the results with the supervised baseline models. The test 
set was evaluated based on standard classification mea-
sures such as accuracy, precision, recall, and F1-score. 
Experimental conditions were the same, and structured 
prompt-based classification was used to evaluate all the 
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models. The model provided the classification decision 
without any further finetuning or classifiers. With this ap-
proach, there would be equal comparison of the models 
and uniform assessment of prompt engineering effective-
ness across them.

5.2. Reproducibility and Implementation Details
To promote complete reproducibility and method-

ological transparency, detailed implementation instruc-
tions, such as immediate templates, preprocessing pro-
cesses, hyperparameters, and execution environments, are 
given. The experiments were performed with pretrained 

LLMs, which are TinyLlama-1.1B-Chat-v1.0, Flan-T5-
Small, and Gemma-2B-Instruct. They were implemented 
in HuggingFace Transformers and Keras-NLP, which are 
Python 3.10 frameworks. All the tweets were placed in an 
organized instructional prompt that was specially created 
to detect hate speech. The textual outputs produced by 
the models were texts with classification labels that were 
processed to retrieve the category that was predicted. The 
final evaluation did not rely on any external sentiment 
analysis or complementary classifiers. This is to make sure 
that the reported results are as per the inherent capabili-
ties of the tested models and as per the efficacy of expedi-

Table 2. Complete prompt, hyperparameter, preprocessing, and execution configuration

Category Parameter Specification

Models TinyLlama TinyLlama-1.1B-Chat-v1.0

Flan-T5 Google/flan-t5-small

Gemma Gemma-2b-instruct

Prompt configuration Prompt type Instruction-based zero-shot classification

Task Hate speech detection and hate target identification

Output labels Hate speech, non-hate speech

Output constraint Single label output

Prompt format Structured instruction template with explicit definitions and output 
requirements

Hyperparameters Max_new_tokens 50

Temperature 0.0

Decoding strategy Greedy decoding

Num_return_sequences 1

Preprocessing Text normalization Lowercasing applied

Special characters Preserved to maintain contextual meaning

Stopword removal Not applied (to preserve semantic integrity)

Lemmatization Not applied (to preserve original linguistic structure)

Dataset split Stratified sampling: Train (70%), validation (15%), test (15%)

Execution environment Programming language Python 3.10

Framework HuggingFace Transformers, Keras-NLP, PyTorch

Hardware Graphics processing unit execution when available; otherwise central 
processing unit

Tokenizer Pretrained model-specific tokenizer

Inference settings Input Structured prompt+tweet text

Output Generated classification label extracted from model output

External classifiers Not used

Evaluation Metrics Accuracy, precision, recall, F1-score

Evaluation method Comparison with ground truth annotations using test dataset

http://www.jistap.org
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ent engineering. The pretrained model-specific tokenizers 
were used to execute the experiments. Its implementation 
was done on GPU hardware (where it was available) or 
on CPU hardware. Each model was tested with the same 
prompt structures and decoding arrangements to ensure 
consistency and reproducibility. Deterministic decoding 
(temperature=0.0) was used on all experiments to have 
consistent and reproducible results.

Table 2 provides complete prompt specifications, pre-
processing details, hyperparameters, and execution set-
tings to ensure full reproducibility of the experiments. All 
experiments were conducted using fixed random seeds 
and deterministic decoding to ensure full reproducibility.

5.3. Model Selection for Hate Speech Detection
In the process of selecting the model to use in hate 

speech detection, we considered several factors to ensure 
that we settle on the best models to use in our objectives. 
After the deep analysis, we have chosen TinyLlama, Flan 
T5, and Gemma due to their unique advantages, compli-
ance with timely engineering processes, and their ability 
to provide contextually suitable responses. This discussion 
gives a detailed discussion on the reasons why these mod-
els were selected:

5.3.1. TinyLlama
TinyLlama (Zhang et al., 2024) is a lightweight, re-

source-efficient framework designed for deployment in 
environments with limited resources, such as mobile or 
edge devices. TinyLlama is designed with prompt engi-
neering in mind so that we can build contextually relevant 
prompts and can successfully direct the generation of an-
swers by the model. TinyLlama is a strong contender for 
hate speech detection where efficiency is paramount, as it 
produces excellent, contextually pertinent responses even 
though the model is small.

5.3.2. Flan-T5
Flan-T5 is a state-of-the-art architecture that is char-

acterized by its generality and efficiency when used in a 
variety of natural language processing applications. Flan 
T5 is built based on T5 (text-to-text transfer transformer) 
(Longpre et al., 2023). Prompts such as this give valuable 
indications to the model to identify hate speech, and we 
can make them personalized with the help of Flan T5, 
which is a prompt engineering model. Thanks to the scal-
ability and flexibility of Flan T5, we are able to choose 
how to prompt model parameters and formulations to 
optimize the performance of our particular hate speech 

detection task.

5.3.3. Gemma
Gemma (Gemma Team, 2024) is an instruction-tuned 

LLM that is trained to follow natural language instruc-
tions and execute a broad spectrum of natural language 
processing tasks. Instruction tuning enhances the inter-
pretation properties of the model to produce task-relevant 
responses to prompts. Gemma shows good contextual 
knowledge and is able to do classification tasks without 
task-specific finetuning based on prompt-based methods. 
It is instruction-following that makes it appropriate in as-
sessing prompt-based hate speech detection.

5.4. Prompt Design and Configuration
Prompt engineering was the primary tool for steering 

LLMs toward hate speech detection. Under this method, 
tweets were placed in the context of a structured, instruc-
tion-based prompt that formally stated the classification 
task and the required output format. The task was given 
in a timely manner, with category names and clear out-
put limitations that provided uniform and interpretable 
reactions of the model. In this work, a zero-shot prompt 
engineering technique was used. In zero-shot prompt-
ing, the model is not finetuned to a specific task during 
classification (Zhou et al., 2023). Instead, the pretrained 
model uses its existing linguistic and contextual informa-
tion, along with the structured prompt, to produce clas-
sification decisions. In this way, it is possible to assess the 
intrinsic reasoning capacity of LLMs in detecting hate 
speech. The timely template was well laid out to make 
it very clear, reproducible, and consistent among all the 
models tested. The Twitter messages in the ClimaConvo 
dataset were given to the model as input by inserting the 
Twitter messages in the input prompt template. The mod-
els produced textual responses with classification labels, 
and they were then broken down to receive the category 
that was predicted.

The exact prompt template used in the experiments is 
presented in Fig. 2.

All of the test set tweets were, respectively, loaded into 
the {tweet} input, and the programmatically generated 
output was analyzed to obtain the prediction label of clas-
sification. This directive prompt makes sure that the task 
is well specified and the model generates a controlled and 
consistent output format. The clear definitions used in 
the prompt are useful in minimizing ambiguity and en-
hancing the reliability of classification. The experimental 
conditions were used to make sure that all of the models 
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were consistent and could be compared to each other, 
and the identical prompt template, format structure, and 
output limits were applied to all of them, such as TinyL-
lama, Flan-T5, and Gemma. No prompt-related specifics 
of the models were added. The model-generated output 
was used to make the classification decision without refer-
encing external classifiers or other supporting sentiment 
analysis tools. This guarantees that the assessment of the 
intrinsic ability of the LLMs and prompt engineering per-
formance has been represented.

5.5. Evaluation Metrics
The model’s performance was evaluated based on 

precision, recall, F1-score, and accuracy (Mohbey et al., 
2025), as shown in equations (1)-(4). 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑃 𝑃 �������
����������������

  

 

  

	 (1)

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑅 𝑅 �������
����������������

  

  

	 (2)
 
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝐹 𝐹 𝐹 ���������𝐹������

����������������  

  

	 (3) 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝐴 ���������������
���������������������������������

  	 (4)

5.6. Results
The present section provides experimental findings 

on the utilization of prompt-based classification on LLMs 
to detect hate speech (Subtask A) and hate targets (Sub-
task B). The classification decisions were simply obtained 
as the results of the model outputs using the structured 
prompt template as discussed in Section 5.4. The ground 
truth annotations were compared with their predicted 
labels to calculate accuracy, precision, recall, and F1-score. 
Notably, the final assessment did not utilize any external 
classifier, sentiment-based analysis models, or any other 
scoring mechanisms. This guarantees that the reported 
results are based on the classification ability of the tested 
LLMs in the specified prompt setting and the performance 
of prompt engineering.

5.6.1. Hate Speech Detection Results

5.6.1.1. TinyLlama Model.
The TinyLlama-1.1B-Chat model was tested on the 

structured instruction-based prompt template as outlined 
in Section 5.4. The prompt included each of the tweets, 
and the model produced a text reply with the estimated 
classification label. The ground-truth annotation was 
then compared with the predicted label, which was di-
rectly derived from the model output, and the evaluation 
metrics were computed. The TinyLlama model had 80% 
accuracy, 25% precision, 50% recall, and 33% F1-score. 
These findings imply that TinyLlama has a strong overall 
classification accuracy and moderate recall, implying that 
it can be used to detect hate speech cases. Nevertheless, 
the comparatively low accuracy implies the existence of 
false positives, which also points to the necessity of addi-
tional advances by timely refining the models or moving 
to larger and instruction-tuned ones.

5.6.1.2. Flan-T5 Model.
The Flan-T5-Small model was tested in the same 

structure of instruction-based prompt template and the 
same experimental setup so that the models are fairly 
and equally compared. The prompt included each of the 
tweets, and the model produced a text reply with the esti-
mated classification label. The generated output was spe-
cially extracted into the predicted label that was compared 
with the ground truth annotation to calculate the evalu-
ation metrics. The accuracy, precision, recall, and F1-
score of the Flan-T5 model were 80%, 25%, 33% and 29% 
respectively. These findings show that Flan-T5 has com-
petitive overall classification accuracy, which is similar 

http://www.jistap.org

 

Instruction: 

You are an expert system for hate speech detection. 

Task: 

Determine whether the following tweet contains hate speech. 

Definitions: 

Hate Speech: Content that attacks, threatens, or targets individuals  

or groups based on protected characteristics such as race, gender,  

religion, or ideology. 

Non-Hate Speech: Content that does not contain hateful, abusive,  

or targeted harmful language. 

Tweet: 

“{tweet}” 

Output Requirement: 

Return only one label: 

Hate Speech 

or 

Non-Hate Speech 

 

 

Fig. 2. Prompt template for hate speech detection. Structured 
prompt template used to guide the model for hate speech 
classification of tweets during the experiments.
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to TinyLlama. Nevertheless, it has a lower recall and F1-
score, indicating lesser accuracy in the consistent detec-
tion of hate speech cases. This difference in performance 
can be explained by the smaller size of the model and the 
sensitivity of the model to quick interpretation, which can 
influence the reliability of classification in more complex 
language situations (Table 3).

5.6.2. Hate Target Detection Results
The task in Subtask B was to recognize the hate speech 

target of tweets. To determine the effectiveness of both 
traditional transformer-based models and prompt-based 
LLMs in hate speech target detection, both models were 
tested. The analysis was conducted through the compari-
son of the obtained predicted labels to the ground truth 
annotations in terms of traditional performance measures, 
such as accuracy, precision, recall, and F1-score.

5.6.2.1. �Bidirectional Encoder Representations from 
Transformers Model.

The BERT-based sequence classification model re-
corded good and uniform performance in all the metrics 
of evaluation. The model had an accuracy, precision, re-
call, and F1-score of 0.68, 0.69, 0.68, and 0.68, respectively. 
These findings reveal that the BERT model is able to give 
dependable, balanced classification performance on hate-
target detection. The accuracy is very high, implying 
that the model will generate relatively low false positive 
predictions; as well, the model has a high recall, which 
means that it is useful in accurately predicting hate speech 
victims. The overall effectiveness and robustness of the 
model are also proven by the balanced F1-score.

5.6.2.2. Gemma Model.
Gemma-2B-Instruct model was tested with the same 

structured instruction-based prompt template as given in 
Section 5.4. All of the tweets were incorporated into the 
prompt, and the model produced a textual response with 
the predicted classification label. The ground-truth an-
notation was directly compared with the predicted label, 
which was directly recovered from the model output. The 
Gemma model had an accuracy of 0.68, precision of 0.53, 
recall of 0.54, and F1-score of 0.53. These findings sug-
gest that Gemma performs on average with comparatively 
even-handed accuracy and recall. Although its perfor-
mance is worse than the finetuned BERT model, Gemma 
shows that instruction-tuned LLMs can be used to per-
form classification tasks with prompt-based methods 
without task-specific finetuning.

5.6.2.3. TinyLlama and Flan-T5 Models.
These models were also evaluated for hate-target detec-

tion using the same prompt-based classification frame-
work. Since the distribution of predictions was similar in 
zero-shot settings and they exhibited prompt-response 
behavior, their evaluation measures were similar to those 
in Subtask A. This consistency indicates similar response 
patterns of the model and not evaluation artifacts (Table 4).

5.7. Comparative Analysis and Discussion
The experimental results reveal a distinct performance 

trade-off between traditional supervised learning and 
zero-shot prompt-based inference. To better contextualize 
these findings within the existing literature, Table 5 pro-
vides a comparative performance matrix that summarizes 
how our results align with or diverge from prior studies.

Table 4. Results for Subtask B (hate target detection)

Model Accuracy Precision Recall F1-score

BERT 0.68 0.69 0.68 0.68

TinyLlama 0.80 0.25 0.50 0.333

Flan-T5 0.80 0.25 0.333 0.286

Gemma 0.68 0.53 0.54 0.53

BERT, bidirectional encoder representations from transformers.

Table 3. Results for Subtask A (hate speech detection)

Model Accuracy Precision Recall F1-score

TinyLlama 0.80 0.25 0.50 0.333

Flan-T5 0.80 0.25 0.333 0.286
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The outcomes of the experiments present the key per-
formance indicators of the prompt-based LLMs in the 
hate speech detection task. Although TinyLlama and Flan-
T5 had comparatively high accuracy (0.80), they produced 
low precision, which means that they had false positives. 
This implies that prompt-based models can overgeneralize 
in detecting hate speech, especially in a zero-shot scenario. 
The patterns of prediction and the distribution of classes 
that exhibit the dominant one can be pointed out as the 
reason for the same values of accuracy that all the models 
indicate. Nevertheless, precision, recall, and F1-score of-
fer a more detailed measure of the classification perfor-
mance. The reduced precision values in prompt-based 
models point to the importance of better prompt design 
and model calibration. The finetuned BERT model, on 
the contrary, had more balanced performance with higher 
values of precision and F1-score. This shows that finetun-
ing can help the model to gain more accurate task-specific 
representations and enhance classification accuracy.

The Gemma model showed moderate results, which 
validated the hypothesis that prompt-based methods on 
instruction-tuned LLMs are capable of classification. Nev-
ertheless, they are not as good as finetuned models, indi-
cating the trade-off between prompt-based flexibility and 
supervised finetuning. These results indicate that prompt 
engineering offers an effective and scalable method of hate 
speech detection, but it is also necessary to pay attention 
to the design of prompts and careful model choice to ob-
tain high-quality performance. Attributes of data sets and 
distribution patterns of classes affect the same accuracy 
values realized in some prompt-based models. Accuracy 
does not necessarily give the complete picture of classifi-
cation reliability, especially in imbalanced classification 

environments. Precision, recall, and F1-score differences 
also allow a better understanding of model behavior and 
emphasize the differences in the capacity to label the 
instances of hate speech as correct. The differences in ac-
curacy and precision observed imply the presence of class 
imbalance and conservative predictive behavior, which 
may lead to high overall accuracy and, in turn, false-posi-
tive predictions.

Our findings confirm the observations of Guo et al. 
(2023) and Vishwamitra et al. (2024), who noted that 
while LLMs possess vast linguistic knowledge, their zero-
shot performance in “adversarial” or “niche” domains 
(such as climate change) often lags specialized, finetuned 
models. The high accuracy (0.80) paired with low preci-
sion (0.25) in TinyLlama and Flan-T5 suggests a majority-
class dominance effect—a phenomenon often reported in 
imbalanced social media datasets where models default 
to “non-hate” labels to maximize accuracy while failing to 
recall the minority “hate” class effectively.

6. ETHICAL CONSIDERATIONS

When choosing and adopting models, ethical consid-
erations should be of the highest priority. Solutions were 
established to guarantee fairness, transparency, and pri-
vacy in hate speech detection, such as countermeasures 
to reduce bias and ethical principles in the use of data and 
consent. This integrated model selection and implemen-
tation plan provides a systematic approach to the imple-
mentation of timely engineering methods using LLMs to 
detect hate speech, the need to structure relevant contex-
tual prompts, transparent and reproducible evaluation 
processes, and ethical concerns during the investigation 

Table 5. Comparative performance matrix of evaluated models

Feature BERT
(supervised baseline)

Prompt-guided LLMs
(TinyLlama/Flan-T5/Gemma)

Data dependency High: Requires large, domain-specific labeled datasets 
for finetuning

Minimal: Relies on pre-trained weights; operates via 
zero-shot/few-shot prompts

Classification 
precision

Superior (~0.69): Lower false-positive rate; captures 
nuances of hate targets

Limited (~0.25): High false-positive rate due to 
conservative “safety” overgeneralization

Domain adaptability Static: Requires retraining for new domains (e.g., from 
generic to climate hate)

Dynamic: Adaptable via rapid prompt adjustments and 
instructional wording

Interpretability Opaque: Provides labels but lacks inherent reasoning or 
textual justification

High: Capable of generating “step-by-step” reasoning 
(chain-of-thought) for labels

Resource demand High compute for training; low compute for inference Low setup overhead; high compute for inference 
(parameter-heavy)

BERT, bidirectional encoder representations from transformers; LLM, large language model.

http://www.jistap.org
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process. Using this methodology, we will aim to develop 
a powerful hate-speech detection model that can assist in 
creating safer and more welcoming online spaces.

7. CONCLUSION

This paper examined the performance of prompt en-
gineering methods used on the LLMs, including TinyL-
lama, Flan-T5, and Gemma, on hate speech detection and 
hate target identification problems. The findings of the 
experiment prove that prompt-based classification can al-
low LLMs to detect hate speech without any task-specific 
finetuning. The tested models proved that prompt-based 
models are feasible in resource-constrained environments 
to detect hate speech, but their accuracy and F1 scores 
were less than those of the finetuned BERT baseline. The 
results show that instruction-based prompts, which are 
organized, are of paramount importance in modeling 
behavior and facilitating characterization. Although con-
ventional finetuned transformer models like BERT had 
better overall performance, prompt-based LLMs models 
were able to effectively conduct classification tasks by us-
ing zero-shot inference. This emphasizes the versatility 
and usefulness of prompt engineering, especially in situa-
tions where training data or computation components are 
scarce and labeled. Nevertheless, the findings also suggest 
imperfections of accuracy and classification reliability of 
smaller instruction-tuned models, showing possibilities of 
improvement by designing better prompts, larger model 
structures, and better instruction tuning. Further stud-
ies can seek to identify strategies to optimize the prompt 
in real-time and few-shot prompting methods, as well 
as test models on larger, more heterogeneous datasets to 
enhance the future strength and generality of models. On 
the whole, this paper shows that timely engineering is a 
useful, reproducible mechanism of using LLMs in hate 
speech recognition, which helps to design more efficient 
and flexible content moderation systems.
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