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Large Language Models (LLMs) have demonstrated strong capabilities in generative and 

knowledge-intensive tasks such as question answering. However, these models may 

produce hallucinated responses, generating information that appears plausible but is 

factually incorrect or unsupported by evidence. While hallucinations in LLMs have been 

widely studied in English, limited attention has been given to their behavior in other 

languages, particularly Arabic. This study investigates hallucination phenomena in LLMs 

within the context of Arabic question answering. Two experimental settings are designed 

to evaluate the tendency of different models to generate hallucinated responses. In the first 

experiment, five widely used LLMs—Gemini, Claude 3.5, ChatGPT-4.0, ChatGPT-3.5, and 

Jais—are evaluated using hallucination-triggering questions in both Arabic and English. 

The results indicate that Gemini and Claude demonstrate stronger robustness against 

induced hallucinations, while ChatGPT-4.0 maintains consistent performance across both 

languages. The second experiment adopts a sampling-based framework to detect 

hallucinations in a black-box setting without relying on external knowledge sources or 

annotated references. The SelfCheckGPT framework is employed to evaluate GPT-4o-mini 

on open-domain Arabic question answering tasks. The model achieves an average 

hallucination score of 19.63% based on automatic sentence similarity evaluation. The 

findings highlight the challenges of hallucination in Arabic language processing and 

emphasize the need for more robust evaluation and mitigation strategies for LLMs in low-

resource languages. 
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1. INTRODUCTION

Recently, Natural Language Processing (NLP) has gained 

significant popularity and is continually evolving. As a crucial 

link between humans and computers, NLP enables machines 

to comprehend, translate, and generate human language [1]. 

This evolution has contributed to the emergence of Large 

Language Models (LLMs) like BARD (Gemini Now) and 

ChatGPT, which enhance conventional chatbot capabilities 

through Deep Learning (DL) and transformer architectures [2]. 

LLMs find applications across various domains, including 

search engines, translation, medical diagnostics [3], code 

generation [4], higher education [3, 5], finance [6], and sport 

[7]. However, despite their impressive performance, a key 

challenge known as "hallucinations" hinders their practical 

reliability and precision as sources of information. In the field 

of computing, hallucinations refer to instances in which LLMs 

produce responses that sound convincing but are actually 

incorrect or nonsensical [8, 9]. Simply put, these 

hallucinations happen when the model creates information that 

seems believable yet isn’t grounded in reality. This can include 

fabricating details, making up events, or straying beyond what 

it has learned from its training data, leading to inaccurate 

outputs. These responses may appear authentic but lack any 

basis in real-world facts [10]. Tackling this issue is essential 

for improving the reliability and trustworthiness of AI-

generated content. Hallucination poses a significant challenge 

in medicine [3, 11], business decision-making [12], and other 

fields that require highly accurate measurements [13]. 

Looking back to the root causes of hallucination LLMs, 

researchers found that models deliver statistically based 

outcomes due to limited real-world knowledge, bias, or 

deceptive training data. This suggests a potential lack of 

understanding of input [14]. Furthermore, Hallucinations in 

LLMs affect their significant economic potential and rapid 

adoption. Recent research conducted by McKinsey in June 

2023 highlights the economic growth and productivity gains 

enabled by AI generative applications. According to their 

estimates, this technology has the potential to annually 

generate value for the global economy ranging from $2.6 

trillion to $4.4 trillion [15]. The introduction of ChatGPT by 

OpenAI in late 2022 garnered widespread attention for chatbot 

technology among the public. Within just five days of its 

launch, it amassed one million users. Notably, a milestone was 

achieved in January 2023, with the platform attracting over 

100 million users [16]. 

Moreover, the growing adoption of LLMs is reaching 

diverse communities, including Arabic speakers, representing 

a significant segment of internet users. Arabic is the fourth 

most spoken language in the world, with over 480 million 
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native speakers [17, 18]. Approximately 67% of the Arab 

world’s population are internet users [19], increasing demand 

for language processing technology. Evaluating LLMs in the 

context of the Arabic language has both practical applications 

and significant commercial relevance. Hence, developing 

LLMs that can understand and generate Arabic is vital for 

inclusive AI advancements. However, challenges such as a 

lack of high-quality Arabic datasets and dialectal variations 

hinder these models’ effectiveness [20]. Consequently, 

hallucinations in AI outputs lead to inaccuracies and risk 

spreading misinformation among Arabic users, undermining 

the reliability of AI applications. 

Current research works in the field of LLM hallucinations 

are examining the underlying factors and exploring methods 

to mitigate them. Detecting misinformation generated by 

LLMs is more challenging than detecting that generated by 

humans [21]. This highlights the importance of understanding 

the core of the problem and how different LLM models behave. 

Most LLM models are developed for Latin Languages, making 

it challenging to handle non-Latin environments [22]. 

Moreover, the size of training data plays a critical role in 

effective models where many non-Latin Languages have 

smaller sizes compared to Latin Languages [23-28]. To our 

knowledge, no previous academic studies have been 

conducted on the phenomenon of hallucinations of LLM in the 

Arabic language to date. 

To address this gap, this research studies the phenomenon 

of hallucinations generated by LLMs in Arabic language, 

focusing on question-answering tasks with the primary aim of 

contributing to the continued advancement of the field. The 

main contributions of this study are as follows: 

• To investigate hallucinations in Arabic language QA task in 

public prominent LLMs: Gemini, ChatGPT-4.0, ChatGPT-

3.5, Claude 3.5, and Jais. 

• To compare the tendency of hallucinations in the QA task 

in five prominent public LLMs for Arabic and English 

languages. 

• To evaluate the hallucination rate of a black-box model 

adopting a sampling-based approach. 

• To analyze the hallucination level in various generated 

responses. 

The remaining sections of the paper are organized as 

follows: Section 2 presents the problem statement and research 

motivation. Section 3 provides background on NLP and 

Hallucination in LLMs. After that, Section 4 discusses recent 

studies on hallucination in LLMs across different tasks. 

Section 5 then introduces the research methodology. 

Following the presentation of the results and discussion in 

Section 6. Finally, Section 7 presents the conclusions and 

potential future work. 

 

 

2. PROBLEM STATEMENT AND RESEARCH 

MOTIVATION 

 

The present issue concerns Hallucination in LLMs, which 

occurs when these models produce text that appears credible 

but strays from factual truth or input faithfulness despite 

exhibiting fluency and grammatical correctness [23, 29]. 

Research has categorized and analyzed these hallucinations 

across various tasks, including machine translation, question 

answering, dialogue systems, summarization systems, 

knowledge graphs, and visual question-answering [30]. 

However, LLMs are increasingly being utilized by people who 

require essential information, such as researchers [5], business 

sectors [12], students and teachers [31], and patients [32], due 

to their excellent performance. LLM hallucinations raise 

serious concerns about their reliability in real-world scenarios, 

as they significantly hinder practical use. This has prompted 

increased attention from researchers and practitioners who are 

focused on developing strategies to identify and address these 

hallucinations, aiming to enhance the trustworthiness and 

effectiveness of LLMs in practical applications. Moreover, 

most models are excessively trained in Latin Languages, 

making handling dialectal variations and morphological 

structures in non-English settings challenging since the 

effectiveness of model performance depends on the size of 

available training data [22, 23]. These factors emphasize the 

importance of examining LLM hallucination in language-

specific domains to better understand and address the 

phenomenon effectively. 

This study delves into the scope of LLMs hallucinations, 

narrowing its focus to hallucinations in natural language 

generation, specifically LLM transformer-based architecture 

with question-answering tasks in the Arabic language. 

 

 

3. BACKGROUND 

 

Natural Language Processing (NLP) is an AI field that 

processes speech and text to understand their syntactic, 

semantic, and emotional aspects [29]. Rule-based techniques 

were initially used [30, 31], followed by supervised and 

unsupervised approaches [32-34], and most recently, 

transformers bring a breakthrough in NLP tasks based on an 

encoder-decoder structure along with long-range dependency 

capture [35-37]. The development of LLMs has revolutionized 

NLP, achieving human-level performance on various 

language tasks, including medical diagnostics [3], code 

generation [4], higher education [3, 5], and Finance [6]. 

Despite the outstanding performance of these models, a 

fundamental issue called "hallucinations" has been preventing 

their practical usage as a reliable source of information. The 

subsequent sections outline Hallucination in LLMs, including 

its taxonomy, causes, and mitigation strategies. 

 

3.1 Hallucination definition 

 

In a computing context, the term hallucination is defined as 

" a plausible but false or misleading response generated by an 

artificial intelligence algorithm" [8]. The LLM Hallucinations 

occur when a model produces false or fabricated information, 

straying from factual knowledge and giving answers 

unsupported by the model’s training data or the input provided 

[9]. This phenomenon can arise due to various factors related 

to the data, training processes, or inference methodologies, as 

discussed in subsection 3.3. 

 

3.2 Classification of hallucinations 

 

The categorization of LLM hallucinations remains an 

evolving field. While no single taxonomy reigns supreme, 

researchers have proposed diverse categories to classify them. 

This section reviews the different classification approaches. 

Figure 1 offers a detailed overview of the various 

classifications of hallucinations based on reviewed studies. 

Also, examples for each category are presented in Figure 2. 
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Figure 1. Overview of hallucination classification 

 

A study [30] has identified two forms of hallucinations in 

natural language generation. The first category is Intrinsic 

hallucination which happens when an LLM produced output 

contradicts the original content. In contrast, the second 

category, extrinsic hallucination, arises when LLM produces 

outcomes that cannot be validated against the original content 

and lack support or contradiction within the original context. 

Another study [14] introduced different types of 

Hallucination by categorizing hallucinations into two main 

groups. The first is factuality hallucination, which highlights 

the disparity between the outcomes produced and verified real-

world facts. This category is divided into two subcategories 

based on verifiable sources. The first subcategory is factual 

inconsistency, which occurs when the AI provides outputs that 

include facts that can be confirmed but don’t quite add up. The 

second subcategory is factual fabrication, which occurs when 

the AI presents information that cannot be verified and 

contradicts what is known to be true. This type can sometimes 

appear as either unverifiability or an overclaim of facts. 

 

 

 
 

Figure 2. Examples of each category of large language model (LLM) hallucinations along with an explanation 
Note: Text highlighted in Red represents the hallucinatory generated output, while text highlighted in Blue represents user prompts or provided context that 

contradicts the hallucinations generated by the language model [14]. 
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The other category is faithfulness hallucination, which deals 

with how well the AI’s generated content aligns with what the 

user has asked for. Users often experience inconsistencies in 

three ways: instruction, context, and logical inconsistencies. 

Instructional inconsistency occurs when the AI’s responses 

diverge from what the user intended, highlighting instances in 

which the AI misinterprets benign instructions, even if some 

of those deviations are related to safety measures. Context 

inconsistency refers to the AI contradicting the context 

provided by the user. Finally, logical inconsistency can arise 

when AI output contains contradictions, which is particularly 

noticeable during tasks that require reasoning. 

 

3.3 Hallucination causes 

 

Hallucinations in LLMs stem from multiple factors 

associated with their comprehensive capability development. 

The primary origins of these hallucinations are data, training, 

and inference. Pre-training data is crucial, as it serves as the 

basis for these models, enabling them to develop general skills 

and factual knowledge [36]. However, pre-training data can 

inadvertently contribute to hallucinations in LLMs through 

two primary mechanisms: risks associated with imperfect or 

unreliable data sources and the inadequate application of 

factual knowledge contained within the data. LLMs undergo 

two key phases of training: the initial pre-training phase, 

during which they develop general representations and acquire 

broad world knowledge, and a subsequent alignment phase 

aimed at refining their responses to align better with user 

instructions and preferences. Shortcomings in either of these 

phases can result in hallucinations in the model’s outputs [14]. 

Decoding plays a vital role in demonstrating the capabilities of 

LLMs after pre-training and alignment. Therefore, faulty 

decoding representation and the inherent randomness of 

decoding strategies can lead to hallucinations in LLMs [14]. 

 

3.4 Hallucination mitigation 

 

The widespread use of LLMs presents a challenge when it 

comes to mitigating hallucinations. Studies have proposed 

various mitigation methods, but some can worsen 

hallucinations [37, 38]. A study [37] introduced a practical 

approach to reducing GPT3.5 hallucinations by rectifying 

false information in generated sentences using retrieved 

knowledge. Different categories of mitigation methods were 

suggested, classified into the following groups: 

• Fine-tuning: A Machine Learning (ML) technique is 

employed to fine-tune a pre-trained model for a specific 

context using relatively small training data [39]. A study 

[40] demonstrated the effectiveness of fine-tuning in 

mitigating LLM hallucinations, although the 

computational cost can be prohibitive due to LLMs’ large 

parameter count. 

• Knowledge Graphs: These methods enable the 

integration of structured and unstructured knowledge, 

providing LLMs with a broader platform to perform 

tasks [41]. However, designing and maintaining a 

curated knowledge base can require considerable time 

and effort. 

• Memory Augmentation: Given the increasing need for 

deep learning techniques to expand their functionalities 

by incorporating additional knowledge, a recent study 

[42] developed an enhanced transformer specifically 

designed for knowledge-intensive NLP tasks. Despite the 

proven benefits of memory augmentation in NLP models, 

no similar tests have been conducted for LLMs. 

• Context Prompts: A self-monitoring prompting 

framework was introduced that leverages formal 

methods for error identification and response alignment 

[43]. Another study [44] introduced Self-Familiarity, a 

zero-resource pre-detection method designed to reduce 

the risk of LLMs generating inaccurate output. 

• Pre-emptive Strategies: The study by Feldman et al. [45] 

developed a method utilizing context-tagged prompts to 

improve LLM response accuracy by guiding them with 

context prompts and validated questions. 

Each approach offers unique potential for mitigating LLM 

hallucinations, contributing to ongoing efforts to enhance the 

reliability and trustworthiness of LLM-based systems. 

 

 

4. RELATED WORK 

 

Previous works are reviewed and organized into two 

sections. The First investigates hallucinations commonly 

encountered in various downstream tasks and explores the 

most prevalent hallucination types observed across these tasks. 

The second presents previous research exploring 

hallucinations in specific languages. A visual summary of this 

section is shown in Figure 3. 

 

 
 

Figure 3. An overview of the related work section 

 

4.1 Hallucinations in different Large Language Models 

tasks 

 

Researchers conducted a comprehensive study investigating 

various types of hallucinations that may arise from different 

tasks performed by LLMs. The following subsections explore 

six specific tasks. Table 1 provides an overview of different 

types of hallucinations, categorized according to the respective 

tasks associated with LLMs. 

 

4.1.1 Machine translation 

Conventional translation methods verify the instances 

entered into the model after perturbation, as text perturbations 

can lead to reliable hallucinations [46, 47]. Hallucinations 

produced by LLMs mainly manifest as off-target translations 

or failed translations [23]. In situations with limited language 

resources, models trained on small, annotated datasets present 

weak performance [48]. The proliferation of pre-trained 

language models influences the reliability of machine 

translation in multilingual settings [49]. Consequently, LLMs 

tend to be more prone to producing hallucinations when 

trained on data from a single language across different scales. 

 

4.1.2 Question and answer (Q&A) 

Hallucination in a Q&A task occurs when an LLM provides 
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an incorrect answer to a user’s inquiry because the LLM 

incorrectly infers from its source information. This can 

transpire even when relevant source materials are accessible. 

For instance, if a user inquires, “Where can a sea urchin attack 

a swimmer: the Andaman Sea or the Mediterranean Sea?” and 

the context indicates that the first option is correct, the LLM 

might still incorrectly respond with “Mediterranean Sea” 

because of its previous knowledge regarding the 

Mediterranean being a popular vacation spot. Instead of 

accurately retrieving the existing source information, the LLM 

might disregard the evidence and make an unwarranted 

inference based on its established knowledge [50]. Inaccurate 

external knowledge is key to producing incorrect answers, as 

discussed by Zheng et al. [51]. LLMs often generate 

incomplete but seemingly plausible responses rather than 

opting to provide no answer when they encounter inadequate 

or irrelevant information [52]. Additionally, if a system 

depends entirely on memorized information without 

referencing accessible, reliable, and accurate sources, it can 

result in the emergence of various types of hallucinations. A 

study [11] evaluates ChatGPT-3.5, ChatGPT-4.0, and Google 

Bard in addressing medical queries, highlighting ChatGPT-

4.0’s potential for accurate and comprehensive responses, 

whereas Google Bard achieved the lowest accuracy and 

showed poor responses. Moreover, scaling up models is less 

effective in enhancing accuracy than refining through fine-

tuning with training objectives that extend beyond merely 

mimicking text from the web [53]. A study [53] proposed a 

benchmark that assesses language models’ truthfulness in 

responding to queries. Eight hundred seventeen questions in a 

variety of categories were used in the study. The study tested 

different models like GPT-3 and T5-based models. It was 

discovered that, in contrast to human performance, which was 

accurate in 94% of cases, the best model was only true in 58% 

of cases. 

 

Table 1. Reviewed literature of hallucination in different large language model (LLM) tasks 

 

Ref. LLM Task Dataset Model Architecture 
Hallucination 

Classification 
Methodology 

[23] 
Machine 

Translation 
WMT2018 Encoder-Decoder Oscillatory, largely fluent. Natural scenario 

[46] 
Machine 

Translation 
IWSLT2014 Encoder-Decoder 

Under perturbation, 

hallucination. 
Source perturbation 

[48] 
Machine 

Translation 

Wikipedia, 

Jig-saw, FLORES-

200 

Encoder-Decoder Full, Partial,Word-level. Introduce pathology detection 

[11] 
Question and 

Answer 

USMILE, Headqa, 

MEDMCQA, 

Pubmed, 

Medqa 

Only-Decoder 
Reasoning, 

Memory-based. 

Medical Domain Hallucination 

Test: a custom 

medical benchmark 

[51] 
Question and 

Answer 
HotpotQA, BoolQ 

Only-Decoder 

Comprehension 

Comprehension, 

Specificity,  

Factualness, Inference. 

Response analysis manually 

[52] 
Question and 

Answer 

TopiOCQA,NQ, 

HotpotQA 

Encoder-Decoder, 

Decoder-only 

Semantic and Symbolic 

analogy, 

Granularity, Intrinsic 

ambiguity 

discrepancies, 

Enumeration, 

Incomplete, Satisfactory 

Subset 

Assess retrieval 

augmented Question and 

Answer. 

[53] 
Question and 

Answer 
TruthfulQA 

Encoder-Decoder, 

Decoder-only 
mitative falsehoods 

Cause imitative 

falsehoods 

[54] 
Dialog 

System 
WoW 

Encoder-Decoder, 

Decoder-only 
Intrinsic, Extrinsic 

Sample dialogue 

responses 

[55] 
Dialog 

System 
WoW 

Encoder-Decoder, 

Decoder-only 

Generic, 

Uncooperativeness. 
benchmark FaithDial 

[56] 
Dialog 

System 

WoW, 

TopicalChat, 

CMU-DOG 

Encoder-Decoder, 

Decoder-only, 

Encoder-only 

Generic, Partial, 

Uncooperative. 

Inferences based on 

the knowledge snippet 

[57] 
Summarization 

System 

XSum, 

CNN/DM 

Encoder-Decoder, 

Decoder-only 
Factually inconsistent 

Produce summaries 

from specified models 

[58] 
Summarization 

System 
NHNet 

Encoder-Decoder, 

Encoder-only 
News headline 

Majority vote of 

journalism specialist 

[60] 
Summarization 

System 
MENT 

Encoder-Decoder, 

Encoder-only 

Factual, Non-factual, 

Intrinsic. 

Identify factual objects 

from summaries 

[61] 
Knowledge 

graph 

TekGen, 

WebNLG 
Decoder-only 

Subject, Object and 

relation hallucination 

ext2KGBench: An ontology 

driven knowledge graph 

generation benchmark 

[62] 
Knowledge 

graph 

Encyclopedic, 

ETC 

Encoder-Decoder, 

Decoder-only 
Knowledge 

Evaluate knowledge 

generating ability 

by given facts 

[63] 
Visual Question 

Answer 
MSCOCO Encoder-Decoder Object hallucination 

Evaluation of caption 

hallucination 
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4.1.3 Dialog system 

Numerous studies have examined dialogue models as basic 

imitators, suggesting they merely alter data perspectives and 

communication patterns without generating genuinely reliable 

output. However, using standard benchmarks in dialog 

systems can actually cause models to intensify hallucinations, 

as shown in the study by Sun et al. [54]. In another study [55], 

human feedback was used to identify various types of 

hallucinations in Knowledge Graph (KG) grounded chatbots. 

Similarly, multiple experiments [54-56] conducted a meta-

evaluation of hallucinations in dialogue systems that are based 

on knowledge by utilizing the WoW dataset. 

 

4.1.4 Summarization system 

LLMs enable the automatic generation of fluent abstracts, 

but this often comes at the cost of accuracy and faithfulness to 

the original content. Summaries produced by LLMs can 

generally be evaluated based on two types of hallucinations: 

intrinsic, which alter or misrepresent the information from the 

source, and extrinsic, which introduce new information not 

found in the source document [57]. Recently, extrinsic 

hallucinations have been getting greater focus, especially in 

summarization, due to LLMs' tendency to continue inputs with 

seemingly factual information [57, 58]. Extrinsic 

hallucinations are more harmful than intrinsic hallucinations 

because they cannot be verified from the source prompt [59]. 

A further refinement presented in the study by Cao et al. [60] 

breaks down the extrinsic category into two types: factual and 

non-factual. Where the former incorporates outside-world 

knowledge that might actually aid in understanding the text, 

even though it wasn’t part of the original document. 

 

4.1.5 Knowledge graph with Large Language Models 

Text generation using a knowledge graph faces difficulties 

with intrinsic hallucinations, which occur when redundant or 

inaccurate information is introduced due to the model’s 

reliance on its memorized knowledge [61]. A recent study [62] 

addressed this problem by separating correctly generated 

knowledge from hallucinated content. In the study by Yu et al. 

[62], a large LLM is proposed within a neural-symbolic 

framework to generate interpretable fact-checks. 

Hallucinations are categorized into three types: subject, 

relation, and object hallucinations, depending on how closely 

they align with the original source content. 
 

4.1.6 Cross-modal system 

Cross-modal tasks have made notable advancements, 

largely due to the exceptional language capabilities of LLMs 

[62]. An example of this advancement is Large Visual 

Language Models (LVLMs), which combine vision and 

natural language processing. When the original language 

encoder is replaced, LVLMs may persistently produce reports 

of items that are absent from the images, a phenomenon known 

as object hallucination [63]. Typically, most of these failure 

cases are observed in Visual QA [63] and visual Captioning 

tasks [64, 65]. 
 

4.2 Hallucination in Large Language Models for specific 

language 
 

A recent study [66] introduced a benchmark called HalluQA 

to assess hallucinations in Chinese LLMs. This benchmark 

comprised 450 adversarial questions spanning different 

domains and categorized imitative falsehoods and factual 

errors as types of hallucinations. The study evaluated 24 

LLMs, revealing that 18 models achieved non-hallucination 

rates below 50%, underscoring the considerable challenge 

posed by HalluQA. In a recent study [24], the authors 

examined hallucination tendencies in LLMs, specifically in 

the Bulgarian language context. They evaluated two models, 

namely text-DaVinci-003 and gpt-3.5-turbo-0613, utilizing 

the EXAMS dataset from the bgGLUE benchmark [67-69], 

which comprises multiple-choice questions from various 

subjects, including Biology, Philosophy, Geography, History, 

Physics, and Chemistry. The study revealed that gpt-3.5-turbo-

0613 model demonstrated a higher propensity for 

Hallucination across all metrics assessed. Mainly, Philosophy 

questions obtained the highest evaluation scores due to their 

expansive nature, eliciting a more comprehensive range of 

responses compared to other subjects. Remarkably, the study 

identified a recurrent type of Hallucination labelled "foreign 

language hallucination," characterized by language-specific 

errors such as spelling mistakes, incorrect word order, and 

misused terms. These errors gained coherence when translated 

using machine translation tools like Google Translate. For 

instance, the word (rezonirane, "resonance") was interpreted 

as "reasoning" despite its inaccurate usage in Bulgarian. 

Berbatova and Salambashev [24] encourage the widespread 

adoption of the latest technology in different languages. 

Focusing mainly on lower-resource languages can help us 

utilize the findings for inspiration and idea generation. Arabic 

language, with its unique linguistic features, is a particularly 

intriguing topic for research in NLP systems. As a Semitic 

language, Arabic boasts a complex morphological structure, 

utilizing a root-and-pattern system that allows the formation 

of numerous words from a limited set of base roots. The 

language is heavily inflected, with word forms varying by 

tense, gender, case, and number [70-72]. This complexity 

poses important challenges for linguistic modeling and text 

generation. 

Moreover, the significant variation in Arabic dialects, with 

Modern Standard Arabic (MSA) as a formal written standard 

and numerous spoken dialects differ considerably in syntax, 

vocabulary, and phonetics [73]. This linguistic diversity, 

coupled with the varying data available for different dialects 

and the lack of an annotated data set, presents challenges in 

training effective language models. Considering these 

characteristics, research into Hallucination in Arabic language 

models (LLMs) is essential for improving model performance 

and developing effective NLP strategies, particularly for other 

morphologically complex and low-resource languages. Hence, 

this research primarily examines Hallucination in Arabic to 

contribute to the literature and improve the performance of 

Arabic LLMs. 

 

 

5. RESEARCH METHODOLOGY 

 

The subsequent sections present the research methodology 

for investigating Hallucination in Arabic LLMs for question-

answering (QA) tasks with two experiments. The first one 

evaluated five recent and prominent LLMs, ChatGPT-4.0 and 

ChatGPT-3.5 [74], Gemini [75], Claude 3.5 [76], and Jais [77] 

using Hallucination triggering questions from the HaluEval 

benchmark [78]. To evaluate these models’ tendency to 

produce hallucinations, an online prompt is utilized to pose the 

question in both Arabic and English. Additionally, precise 

criteria are specified to determine whether the response 

displays hallucinations. The overview of the first experiment 

42



 

is presented in Figure 4. 

 

 
 

Figure 4. First experiment’s framework for evaluating 

hallucination in Arabic 

 

For the second experiment, an Arabic open-domain 

question answering dataset is used to assess GPT-4o-mini-

2024-07-18 [79]. The model selection is due to the version 

being a lighter variant of GPT-4o that performs efficiently 

while maintaining low resource consumption. Then, the 

selfcheckGPT framework is utilized to detect Hallucinated 

answers. Lastly, evaluation is performed using the BertScore 

metric employing the bert-base-multilingual-cased model 

variant to measure the similarity between the correct and 

generated answers. The suggested framework is shown in 

Figure 5. The subsequent subsection presents in detail the 

implementation of these two experiments. 

 

 
 

Figure 5. Second experiment’s proposed framework for 

evaluating hallucination in Arabic 

 

5.1 First experiment 

 

5.1.1 Dataset 

A set of 12 questions is meticulously selected from the 

HaluEval benchmark dataset [78], a comprehensive collection 

containing 5,000 common user questions and 30,000 domain-

specific samples covering areas like QA, dialogue, and 

summarization that induced Hallucination in LLMs. 

Experiments conducted with the HaluEval benchmark shows 

that not all prompts lead to hallucinated responses. A study 

tested and filtered the HaluEval dataset, carefully selecting 20 

questions that triggered hallucinations in one or more of the 

chosen LLM [25]. These 20 questions were categorized into 

three classes: Chinese context-dependent (5 questions), 

English context-dependent (3 questions), and language-

independent contextual (12 questions). Based on these 

classifications, this study extracted 12 questions from a total 

of 20, focusing exclusively on those categorized as language 

context-independent. Then, following the pattern established 

by the previous study to explore specific language contexts, 

two questions were generated that are Arabic context-

dependent. Thus, questions 1 through 12 are language context-

independent, while questions 13 and 14 are Arabic context-

dependent. A total of 14 questions are presented in Figure 6. 

These questions refer to general knowledge and span multiple 

fields, including common sense, technology, mathematics, 

language analysis, geography, and science. This experiment 

explores the impact of language on LLMs’ hallucinations by 

examining both the input prompt’s language and the cultural 

context it implies. The experiment is conducted in English and 

Arabic, categorizing cultural background into Arabic context-

dependent and language context-independent. Several factors 

inform this choice. First, the selected LLMs in this experiment 

can be categorized into Arabic LLMs, such as Jais, and 

multilingual LLMs. Since English is considered a high-

resource language while Arabic is classified as low-resource 

[80, 81], this allows for a comparison of hallucination 

evaluation comparison based on corpus size [82]. Second, the 

way language is used and expressed in Arabic differs from that 

in English [83], which is vital to ensure the wide usability of 

the LLMs. 

 

 
 

Figure 6. The sample of 14 questions used to induce 

hallucination in large language model (LLM) in the first 

experiments is shown in English and Arabic 
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5.1.2 Large Language Models selection 

In the first experiment, five pre-trained LLMs were utilized 

for evaluation purposes. The LLMs used were ChatGPT-4.0 

and ChatGPT-3.5 [74], developed by OpenAI; Gemini [75], 

developed by Google; Claude 3.5 [76], developed by 

Anthropic; and Jais [77], launched in 2023. Jais was 

specifically trained with 13 billion parameters to cater to the 

intricacies of the Arabic language, enhancing its 

understanding and generation capabilities in that linguistic 

context. All LLMs’ calls were tested using their standard 

online settings, without any adjustments for specific tasks. To 

keep things consistent, the experiment followed a standard 

mid-range setup across the different models. Hence, setting the 

temperature value to be 1.0, the top-p value to be 0.95, and the 

top-k value to be 40 when applicable. The maximum number 

of tokens generated was determined automatically by the 

platform. 

 

5.1.3 Evaluation metrics 

The evaluation process was carefully structured to assess 

the tendency to hallucinate across different LLMs in the Q&A 

task. Each model was provided with a set of 14 questions in 

Arabic. The same set of questions was also presented in 

English for comparison. The responses were analyzed to 

distinguish between accurate answers and those that exhibit 

Hallucination. Responses were categorized as either 

exhibiting hallucinations or not, based on defined criteria. 

Given the correct answer or possible answers in case of open 

questions, the criteria used to determine whether an answer 

Exhibits Hallucination or Does Not Exhibit Hallucination are 

as follows: 

A. Exhibits Hallucination: A response is classified as 

exhibiting Hallucination if it meets any of the following 

conditions: 

• Lack of Fluency: The response is incoherent, 

ungrammatical, or contains excessive nonsensical 

content. 

• Irrelevant Correctness: While the response contains 

largely accurate information, it does not directly 

address the question posed. 

• Inference Violation: The response includes 

statements that cannot be logically inferred from the 

correct answer examples or contains information that 

contradicts them. 

B. Does Not Exhibit Hallucination: A response is 

considered free from Hallucination if it satisfies either of 

the following conditions: 

• Logical Consistency: The response is fully 

supported or can be reasonably inferred from at least 

one correct answer example. 

• Adherence to Undefined Cases: If correct answer 

examples indicate that a question cannot be 

answered, then a generated response such as "I do 

not know" is classified as non-hallucinatory. 

Since the criteria for Hallucination and non-hallucination 

are inherently contradictory, a response that meets the 

conditions for one category cannot logically belong to the 

other. We assess hallucination using a scoring system, where 

each response exhibiting Hallucination adds 1 point to the 

model’s hallucination hallucination score. This score ranges 

from 0 to 14, with higher values indicating a greater tendency 

to generate hallucinated content. To maintain fairness, we 

present each question 3 times, each with a new prompt, to 

prevent any influence from previous dialogues. This structured 

evaluation framework ensures a rigorous and objective 

assessment of response validity, prioritizing accuracy, 

relevance, and logical coherence [66]. 

 

5.2 Second experiment 

 

5.2.1 Dataset 

The open-domain question for this experiment is utilized 

from the publicly available wide scale ArabicaQA dataset for 

open domain QA and machine reading comprehension in 

Arabic [84]. The authors followed carefully crafted 

methodology steps to create high-quality question and answer 

pairs, which include article selection from wiki data, question 

generation, filtering, and human evaluation. The data set 

covered many aspects, including people, dates, organizations, 

products, and locations. We focus on open-domain tasks, 

which contain more than 80,000 pairs of questions and 

answers divided into training, development, and testing sets. 

Due to resource constraints, we conducted our evaluation on a 

subset of 400 questions from the ArabiaQA dataset. This 

selection aligns with previous research that utilizes LLMs for 

evaluation purposes of a given task [67, 68]. The subset was 

selected using random sampling with a fixed random seed. 

 

5.2.2 Sampling based approach 

One of the constraints of LLMs’ hallucination detection 

approach for low-resource languages is the scarcity of 

annotated data with an appropriate size and format for a 

specific task. Furthermore, a previously suggested method 

requires the capability to view token probability distributions, 

which could be unavailable for black box models. A sampling-

based approach with a reference-free framework is suggested 

in the previous study [85]. 

 

5.2.3 Implementation details 

We implement the SelfCheckGPT framework utilizing 

GPT-4o-mini [79]. Starting by randomly selecting 400 

questions from the ArabicaQA dataset. Following that, we 

assess the model in a zero-evaluation manner by prompting it 

to generate a primary response with a temperature equal to 0 

and three sample responses with a temperature equal to 1, both 

having a token limit of 100, resulting in a total of 1600 API 

calls. Bert-base-multilingual-cased variant [86] has been used 

to measure BertScore from the generated responses. For 

sentence splitting, we used the NLT sentence tokenization 

function instead of Spacy, which was used in the 

SelfCheckGPT repository to provide reliable sentence 

segmentation for Arabic languages. 

 

 

6. RESULTS 

 

6.1 First experiment 

 

Five LLMs were evaluated for each of the 14 questions. The 

evaluation is done by one annotator to assess whether a 

response is hallucinated based on the evaluation criteria 

presented in 5.1.3. Table 2 shows the hallucination score of 

hallucinated responses. ChatGPT-4.0 showed superior 

resistance to all inducing hallucination questions in Arabic 

compared to its former version; ChatGPT-3.5 showed more 

hallucinated responses. While Gemini and Claude 3.5 

responded robustly to most of the questions. Finally, Jais had 

the lowest resistibility among all five LLMs. Even though it 
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was extensively trained in the Arabic language, it provided 

more hallucinated responses. 

 

Table 2. Comparison of hallucination hallucination scores: 

The number of hallucinated responses out of 14 questions for 

each large language model (LLM) in Arabic (AR) and 

English (EN) 

 
LLM AR- Tendency Score EN- Tendency Score 

ChatGPT-4.0 2 2 

ChatGPT-3.5 5 4 

Claude 3.5 1 1 

Gemini 1 1 

Jais 8 7 

 

According to Table 3, in all five LLMs, Hallucinated 

responses were triggered by questions 5, 9, 11, 13, and 14, as 

shown in Figure 6. 

All 14 questions were asked in Arabic and English to 

observe the resistibility differences in the five LLMs. 

ChatGPT-4.0 showed the same hallucinated responses for 

questions 5 and 13 in both languages. 

 

Table 3. The question numbers that triggered hallucinated 

responses out of 14 for each large language model (LLM) in 

Arabic and English 

 

LLM Model 
Arabic Questions 

Trigger Hallucination 

English Questions 

Trigger Hallucination 

ChatGPT-4.0 5, 13 5, 13 

ChatGPT-3.5 4, 5, 9, 13, 14 5, 9, 13, 14 

Gemini 13 14 

Claude 3.5 9 13 

Jais 
3, 4, 5, 9, 

11, 12, 13, 14 

3, 4, 7, 9, 

12, 13, 14 

 

In contrast, the remaining models exhibit a hallucination 

tendency to different question sets in each language, as listed 

in Table 2. Figure 7 shows Gemini’s hallucinated responses in 

Arabic and English to question 14, which asks about the letter 

frequency of a given word. The question in English is, “How 

many times does the letter “r” occur in the word “machine”?" 

Gemini responded, "The word machine has two occurrences 

of the letter r," representing a hallucinated response. When the 

same question was posed in Arabic with a term that lacked the 

chosen letter, the response was "no occurrence. “not exhibiting 

Hallucination. 

Another example of a hallucinated response was generated 

by Jais when asked about the lowest common multiple of the 

numbers 36 and 87. The correct answer is 1044. Figure 8 

shows Jais’ responses were incorrect in both languages, 

providing different results for each. 

Figure 9 displays a snapshot of the hallucinated response 

generated by ChatGPT-3.5 for question 9, presented in both 

Arabic and English. The question asked about the probability 

of rolling a total of 13 with two dice, which is impossible since 

the numbers on the dice range from 1 to 6. The maximum total 

that can be achieved from rolling two dice is 12. Nevertheless, 

ChatGPT-3.5’s response, which was consistent in both Arabic 

and English, incorrectly stated that rolling 6 and 7 results in a 

total of 13, assigning a probability of 1/36 to this event. This 

response is clearly a hallucination. Claude 3.5 gave the same 

response in both Arabic and English, as shown in Figure 10. 

The most frequently hallucinated responses in both 

languages are triggered by question number 13, which inquires 

whether the names Al-Mutanabbi and Ahmed Ibn Hussein Ibn 

Al-Hassan Al-Ju’fi Al-Kindi Al-Kufi refer to the same 

individual. The correct answer is that they do, yet most models 

cannot accurately identify the relationship between these two 

names, even though the model can accurately identify the full 

name of Al-Mutanabbi when asked. 

 

6.2 Second experiment 

 

In this section, we will go through the experimental findings 

to illustrate the performance of the suggested technique and 

the hallucination result. We examined the ability of the GPT-

4o-mini model on open-domain questions for Arabic 

languages. The final hallucination results are calculated by 

comparing each sentence in the main response with each 

sampled response. The average hallucination score for the 

GPT-4o-mini is 19.63%. The lowest score is equal to 0, 

indicating that hallucinations are not observed, while the 

highest generated score is 33%. 

Figure 11 shows a sample of responses. Question number 

one achieved the highest hallucination score among all 

questions. The main response generated a factual response, but 

others provided vague or Hallucination responses. 

The first and third sample responses explicitly state that 

they lack the required knowledge to provide an answer, 

making them less informative while effectively avoiding 

hallucinated responses. Sample two responded with 

hallucination information contradicting the main answer, 

leading to factual inconsistency. 

For the second question, the response indicates that the 

model can identify the general information about the place of 

birth: “Egypt”. However, it fails to provide more detailed 

information about the city, resulting in a unique city for each 

response. Furthermore, sample 2 provided factual information 

unrelated to the question. This response achieved an 18.83% 

hallucination score. In contrast, question three yielded a 

response of a zero hallucination score, demonstrating 

consistency across all answers. 

 

 
 

Figure 7. A screenshot of the generated response from Gemini to question 14 in Arabic and English 

45



 

 
 

Figure 8. A screenshot of the generated response from Jais to question 4 in Arabic and English 

 

 
 

Figure 9. A screenshot of the generated response from ChatGPT-3.5 to question 9 in Arabic and English 
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Figure 10. A screenshot of the generated response from Claude 3.5 to question 9 in Arabic and English 

 

 
 

Figure 11. Example of generated response that contains the main answer and three sample answers for a given question 
Note: The Non-factual statements are highlighted in red. English translations are shown in Figure A1. 

 

6.3 Comparative analysis 

 

Comparing the two experiments provides a clearer picture 

of how hallucinations occur in LLMs. The first experiment 

examined differences across models and languages using 

carefully designed questions intended to trigger 

hallucinations. In contrast, the second experiment explored 

how consistent a single model’s responses are when 

generating multiple outputs for the same question. The 

findings show clear variation in hallucination behavior 

depending on both the model and the language used. 

ChatGPT-4.0 demonstrated greater resistance to hallucination 

than ChatGPT-3.5, reflecting improvements in newer model 

versions. Gemini and Claude 3.5 generally performed well, 

although their responses were influenced by language. Jais, on 

the other hand, showed the weakest performance, producing 

hallucinated answers in both Arabic and English. 

The second experiment, which focused on GPT-4o-mini, 

revealed an average hallucination rate of 19.63%. While some 

questions produced fully consistent and accurate responses, 

others resulted in noticeable inconsistencies. This variation 

indicates that hallucinations can depend strongly on the type 

of question, even within the same model. Overall, the 

combined results suggest that hallucinations are shaped by 

both model design and prompt characteristics. Although 

advances in model architecture help reduce hallucinations, 
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they do not fully eliminate the problem, highlighting the 

importance of evaluating models both across different systems 

and within individual models to better assess their reliability. 

 

6.4 Risk scenario 

 

Hallucinations in LLMs present significant risks when their 

outputs are used for decision-making, educational purposes, or 

knowledge dissemination [5, 12, 31]. Furthermore, beyond 

domain-specific risks, hallucination may also present societal 

implications that may lead to reduced public trust in AI 

technologies [87]. In the context of this study, users of Arabic 

and English question-answer systems, including students, 

educators, and professionals, may inadvertently receive 

inaccurate or misleading information. Factual errors, such as 

incorrect calculations, misrepresented historical details, or 

inaccurate scientific information, can lead to 

misunderstandings and the unintentional spread of 

misinformation. Misinterpretation of names, entities, or 

culturally specific references may produce outputs that 

conflict with the intended context, potentially undermining 

user trust in the model. Additionally, inconsistencies in 

following instructions, such as generating overly long 

responses or misaligned sentence structures, can reduce the 

clarity and usability of model outputs. These risks are 

particularly pronounced in underrepresented languages like 

Arabic, where limited training data may increase the 

likelihood of hallucinations. The potential consequences range 

from minor confusion in educational contexts to more serious 

issues when models are used for professional or public 

decision support. Recognizing these risks highlights the 

importance of both cross-model and intra-model evaluations, 

as well as the implementation of validation mechanisms, to 

mitigate the impact of hallucinations in real-world 

applications. 

 

6.5 Discussion 

 

This research contributes by addressing the gap and 

investigating hallucinations in LLMs in the Arabic language. 

Two experiments were conducted focusing on the question-

answer task. The findings of this research are significant, as 

they shed light on the tendency to produce hallucinated 

responses of different LLMs in Arabic and English. Claude 3.5 

and Gemini outperformed all other LLMs in the first 

experiment, successfully resisting 13 out of 14 questions. 

ChatGPT-4.0 ranked second, generating hallucinated 

responses for only two questions. ChatGPT-4.0 displayed 

consistent performance across Arabic and English when 

responding to the same 14 questions, with no significant 

differences observed between the two languages. Most 

hallucinated responses were related to mathematics questions 

(such as questions 4, 7, and 9) and Arabic-contextual questions 

(like questions 13 and 14). 

Based on hallucination categories in the related work 

section and our observations, hallucinated responses to 

question 3 can be classified as instruction inconsistency. In 

this case, the model was asked to generate five-word sentences 

to describe a person, but produced five longer sentences 

instead. Question 4 involved finding the lowest common 

multiple of two numbers, and the hallucinated response here 

fell under logical inconsistency. Similarly, hallucinated 

responses to questions 7, 9, and 14 also belong to this category. 

For example, when an LLM claims that a six-sided die shows 

a 7, this could be considered a context inconsistency and 

intrinsic Hallucination, as the model generates data that 

contradicts the provided context. 

For question 5, it is essential to note that ’G’ is not a valid 

digit in the hexadecimal number system; therefore, there is no 

associated color. However, the model generated a response 

related to the RGB color system, which can be interpreted as a 

factual fabrication. A similar issue arises with question 11, 

where the model inaccurately suggests that red capes irritate 

bulls; in fact, the use of this color has historical significance. 

The model fabricated unrelated facts to create a justification 

for the question. Finally, question 13 highlighted issues with 

understanding the Arabic naming system, which many LLMs 

struggled to grasp. 

This result highlights the importance of language structure 

and how models process each language differently due to the 

size of the training data or inference process. These findings 

underscore the urgent need for language models to be more 

prepared to handle the intricacies of languages other than 

English. Literature has demonstrated that LLMs are more 

likely to produce hallucinatory responses in non-English 

languages such as Chinese [66] and Japanese [88]. 

Furthermore, the hallucinated responses in English, despite the 

extensive training data, suggest that training data is not enough 

to mitigate hallucinations; improvements in inference 

processes are also necessary. 

For the second experiment, the SelfcheckGPT approach 

with the BERTScore variant has been used to investigate 

hallucination tendencies in the GPT-4o-mini model for open 

Arabic questions. From the results, it was noted that when the 

model struggles to generate accurate answers, particularly for 

questions about people, it tends to produce overly long 

responses. Additionally, in some cases, even though all 

generated answers were inconsistent with each other and failed 

to provide a precise answer, they still received low 

hallucination scores. This may be attributed to the presence of 

common phrases shared among the responses, such as 

repeating the same information provided in the question, 

which does not contribute to delivering the required answer. 

 

 

7. CONCLUSION 

 

This study explored hallucinations, where LLMs generate 

fabricated or inconsistent responses, focusing on the QA task 

in the Arabic language and presenting a thorough overview of 

the definition, classification, causes, and mitigation of LLM 

hallucinations. To examine the phenomenon of LLMs’ 

hallucination in question-answering tasks within the Arabic 

language, this study undertook two experiments. The first 

experiment was predicated on zero-shot learning, employing 

LLM models such as ChatGPT-3.5 and Gemini. The second 

experiment implemented a sampling-based approach by 

utilizing the selfcheckGPT framework. The findings of the 

first experiment shed light on the tendency of five prominent 

LLMs to produce hallucinated responses in Arabic and 

English. The second experiment applied the BERT Score to 

measure the similarity between the model’s responses, and 

lower scores indicate hallucinated responses. Overall, this 

study provides insight by investigating the level of 

Hallucination of LLMs for the Arabic language, which poses 

unique challenges compared to other languages, such as 

morphological richness, script variations, and lack of 

annotated datasets [70, 71]. 

48



 

These challenges are characteristic of many low-resource 

languages, where limited high-quality training data, scarce 

benchmarks, and diverse dialectal variations hinder the 

development of reliable language models. Morphologically 

complex languages, including Arabic, often require models to 

understand intricate root-and-pattern systems, extensive 

inflectional paradigms, and context-dependent word forms, 

which can increase the likelihood of hallucinated outputs. 

Additionally, the scarcity of annotated corpora for both formal 

and dialectal varieties limits opportunities for model fine-

tuning and evaluation, further exacerbating performance gaps 

compared to high-resource languages like English. As 

observed in studies of other low-resource languages, such as 

Chinese [66] and Bulgarian [24], hallucination rates tend to be 

higher, particularly in domains that require factual precision or 

context-sensitive reasoning. By focusing on Arabic, this 

research highlights the broader need for improved resources, 

evaluation benchmarks, and targeted strategies for low-

resource languages, contributing to more accurate and reliable 

NLP systems across linguistically diverse contexts. 

A key limitation lies in the experiment’s scale. Testing only 

a few LLMs on a small dataset limits the generalizability of 

the findings. Different languages possess unique grammatical 

structures, expressions, and cultural contexts that can 

influence hallucinations in varying ways. Future work should 

involve testing a wider range of LLMs across diverse 

languages and larger datasets to gain a more comprehensive 

understanding. This would allow researchers to explore the 

influence of language on hallucinations, delve deeper into the 

root causes, and develop methods for improving LLM 

robustness. 
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APPENDIX 

 

A. Translation of the response generated from GPT-4O-MINI 

 

This section provides a translated version of the question and responses using Google Translate as shown in Figure 12. 

 

 
 

Figure 12. English translation of example of responses shown in Figure 11. 
Note: The Non-factual statements are highlighted in red. 

 

 

53




