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Abstract- The advent of Large Language Models 

(LLMs)—prominently including architectures such as 

ChatGPT, Gemini, and Claude—has precipitated a 

paradigm shift in natural language processing. These 

models exhibit unprecedented proficiency in complex text 

generation, summarization, and reasoning. However, 

their integration into high-stakes, real-world applications 

is critically impeded by their propensity to generate 

“hallucinations.” In the context of LLMs, hallucinations 

are defined as outputs that are grammatically fluent and 

presented with high confidence, yet are factually 

inaccurate, logically inconsistent, or entirely fabricated. 

Because these models lack true epistemic uncertainty and 

ground their outputs in statistical probability rather than 

verified truth, they can seamlessly weave falsehoods into 

otherwise credible discourse, posing significant risks to 

user trust and system safety. To systematically address 

this challenge, this study presents a comprehensive 

investigation into the detection, categorization, and 

mitigation of hallucination behaviors across four critical, 

knowledge-intensive domains: medicine, law, science, and 

history. We construct a novel, rigorously curated 

benchmark dataset comprising 200 highly specialized 

prompts designed specifically to stress-test the factual 

boundaries and reasoning limits of state-of-the-art 

models. Furthermore, this research proposes a granular 

taxonomy of hallucination types, differentiating between 

intrinsic hallucinations (direct contradictions of 

established facts) and extrinsic hallucinations (the 

inclusion of verifiable but un-prompted or irrelevant 

assertions). To quantify this phenomenon accurately, we 

introduce the Confidence-Weighted Hallucination Score 

(CHS), a novel evaluation metric that recalibrates 

traditional accuracy measurements by heavily penalizing 

models that output false information with high lexical 

certainty. Extensive experimental evaluations utilizing the 

CHS frame-work reveal significant variance in model 

reliability. Overall hallucination rates across the tested 

models ranged from 11% to 22%, heavily modulated by 

the complexity and specialization of the queried domain. 

Notably, our results demonstrate a stark prevalence of 

hallucinations in highly technical spheres—such as 

medical diagnostics and legal case synthesis—where 

parametric knowledge is dense and external factual 

verification is computationally difficult. In these edge 

cases, models frequently masked their knowledge deficits 

by generating highly plausible but synthetic citations, 

precedents, and terminology. By systematically mapping 

the conditions under which these failures occur, the 

proposed evaluation framework provides critical insights 

into the limitations of current generative architectures. 

Ultimately, this research lays the theoretical and 

empirical groundwork for more robust mitigation 

strategies, contributing directly to the development of 

safer, more transparent, and highly reliable LLM systems 

capable of operating within specialized environments. 

 

Index Terms- Large Language Models, Hallucination 

Detection, Natural Language Processing, AI Reliability, 

Generative AI Evaluation 

 

I. INTRODUCTION 

 

Recent advances in artificial intelligence have led to 

the development of powerful Large Language 

Models (LLMs) ca-pable of generating human-like 

text. Systems such as ChatGPT and Gemini are 

widely used for education, research assistance, 

programming, and decision support. 

 

Despite their impressive capabilities, LLMs often 

produce hallucinated outputs, which are responses 

that appear plau-sible but contain incorrect or 

fabricated information. Such hallucinations present 

significant risks in high-stakes domains including: 

• healthcare decision support 

• legal consultation 

• academic research 

• financial analysis 

The root cause of hallucination lies in the 

probabilistic to-ken prediction mechanism used by 
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language models. Rather than retrieving verified 

facts, LLMs generate responses based on statistical 

patterns learned during training [?]. 

 

This research aims to address three key questions: 

• When do hallucinations occur in LLM responses? 

• How can hallucinations be systematically 

categorized? 

• Can hallucination severity be quantified using 

statistical metrics? 

 

To answer these questions, we propose a structured 

halluci-nation evaluation framework and perform 

experiments across multiple knowledge domains. 

 

II. RELATED WORK 

 

Research on hallucination in natural language 

generation has expanded rapidly in recent years. 

 

Early work by Maynez et al. [1] analyzed factual 

consis-tency in neural summarization models. Their 

study revealed that many generated summaries 

contained statements not sup-ported by the source 

text. 

 

A detailed survey by Ji et al. [2] examined 

hallucination phenomena across various natural 

language generation tasks. The authors classified 

hallucinations into intrinsic and extrinsic categories 

based on whether they contradict the input context. 

The TruthfulQA benchmark, introduced by Lin et 

al. [3], checks whether language models repeat 

common misconceptions instead of factual 

information. 

 

Recent research by Bang et al. [4] showed that 

hallucination behavior is influenced by decoding 

strategies and uncertainty in the training data. 

 

Industry research from organizations like OpenAI 

and Google DeepMind has suggested ways to reduce 

these issues, including using reinforcement learning 

from human feedback [5] and retrieval-augmented 

generation [6]. 

However, standard evaluation metrics and cross-

domain benchmarks are still limited, which motivates 

the framework proposed in this work. 

 

III. BACKGROUND: LARGE LANGUAGE 

MODELS 

 

Large Language Models are neural networks trained 

on massive datasets using transformer architectures 

[7]. These models learn statistical relationships 

between words and gen-erate responses through next-

token prediction. 

 

Given a sequence of tokens x1, x2, . . . , xn, the 

probability of the next token is defined as: 

P (xn+1 | x1, x2, . . . , xn) (1) 

This probabilistic generation process explains why 

models sometimes produce incorrect outputs even 

when confidence appears high. 

 

IV. HALLUCINATION TAXONOMY 

 

We categorize hallucinations into four primary 

classes. 

A. Factual Hallucination 

Incorrect factual statements. 

Example: incorrect historical date. 

 

B. Citation Hallucination 

Generation of non-existent research papers or 

references. 

 

C. Logical Hallucination 

Faulty reasoning steps that lead to incorrect 

conclusions. 

 

D. Fabricated Entity 

Creation of fictional people, institutions, or datasets. 

This taxonomy enables structured evaluation of 

hallucination behavior. 

 

V. METHODOLOGY 

 

The proposed methodology consists of four stages. 

A. Stage 1: Prompt Generation 

A dataset of 200 prompts was created across four 

domains, as shown in Table I. 

 

 

TABLE I 

PROMPT DISTRIBUTION ACROSS DOMAINS 
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Domain  Prompts 

Medicine 50 

Law 50 

Science 50 

History 50 
 

 

B. Stage 2: Model Evaluation 

Responses were generated using: 

• ChatGPT 

• Gemini 

• Claude 

 

C. Stage 3: Fact Verification 

Responses were verified using trusted sources such 

as: 

• Wikipedia 

• academic publications 

• domain knowledge bases 

 

D. Stage 4: Hallucination Classification 

Each response was labeled according to the 

taxonomy. 

 

VI. HALLUCINATION DETECTION 

ALGORITHM 

 

Algorithm 1 Hallucination Detection  

Require: Prompt P , Response R 

Ensure: Hallucination Label 

1: Extract factual claims from response 

2: Retrieve supporting evidence 

3: Compare claims with verified sources 

4: if contradiction detected then 

5: Label as Hallucination 

6: end if 

7: Categorize hallucination type 

8: return classification 

 

VII. EVALUATION METRICS 

 

The hallucination rate is defined as: 

 
                                                                   (2) 

 

where: 

• Nh = hallucinated responses 

• Nt = total responses 

 

Variance analysis can be computed as: 

 

    (3) 

 

This measures statistical reliability across 

experiments. 

 

VIII. EXPERIMENTAL RESULTS 

 

A. Hallucination Rate by Domain 

Table II presents the hallucination rate observed 

across the four evaluated domains. 

 

TABLE II 

HALLUCINATION RATE BY DOMAIN 

 

 

 

 

 

 

 

B. Hallucination Rate by Model 

Table III presents the hallucination rates observed 

per model. 

 

TABLE III 

HALLUCINATION RATE BY MODEL 

  

Model      

 

Hallucination Rate 

ChatGPT      18% 

Gemini        15% 

Claude         12% 

 

Findings indicate that hallucinations increase in 

domains requiring specialized knowledge. 

 

IX. HALLUCINATION PROBABILITY 

MODEL 

 

To better understand hallucination generation in large 

language models, we propose a probabilistic 

hallucination model that estimates the likelihood of 

hallucinated outputs during token generation. 

Domain Hallucination Rate 

Medicine 22% 

Law 19% 

Science 16% 

History 11% 



© APR 2026 | IRE Journals | Volume 9 Issue 10 | ISSN: 2456-8880 
DOI: https://doi.org/10.64388/IREV9I10-1716821 

IRE 1716821          ICONIC RESEARCH AND ENGINEERING JOURNALS 2905 

 

LLMs generate responses by predicting the next 

token based on a probability distribution over the 

vocabulary. The probability of generating a token wi 

is given by the softmax function:  

 

   (4) 

 

where:     

zi = model logit score for token wi     

• T = temperature parameter controlling 

randomness 

• V = vocabulary size 

 

Increased temperatures yield flatter probabilities, 

thereby increasing the likelihood of choosing low-

probability tokens. Low-probability tokens could 

introduce information that is factually inaccurate or 

unfounded, which results in hallucinations. 

 

A. Hallucination Probability 

Let: 

• pc = probability of selecting a correct token 

• ph = probability of selecting a hallucinated token 

 

The hallucination probability for a generated 

sequence of length n can be approximated as: 

   (5) 

 

where pc,i is the probability that token i belongs to a 

factually  correct sequence. This equation indicates 

that as sequence length increases, the probability of 

hallucination increases, especially in long reasoning 

chains. 

 

B. Hallucination Risk Score 

To quantify hallucination likelihood, we define a 

Halluci-nation Risk Score (HRS): 

HRS = αT + βC + γD (6) 

where: 

• T = temperature parameter 

• C = prompt complexity score 

• D = domain difficulty factor 

• α, β, γ = weighting coefficients 

 

Higher values of the Hallucination Risk Score 

indicate increased likelihood of hallucinated outputs. 

This metric can be used to predict hallucination 

probability before response generation, enabling 

proactive mitigation strategies. 

 

X. RESEARCH CONTRIBUTIONS 

 

The following are the major contributions of this 

research to the field of hallucination in large 

language models. 

 

A. Experimental Evaluation of Hallucination 

Behaviors 

This paper offers a systematic evaluation of 

hallucination behaviors across different domains such 

as medicine, law, sci-ence, and history. The findings 

show that there are substantial differences in the 

prevalence of hallucinations among various 

knowledge domains and generation parameters. 

 

B. Hallucination Taxonomy Framework 

We propose a classification framework for 

hallucinations based on four main categories: 

• factual hallucination 

• fabricated citation hallucination 

• reasoning hallucination 

• instruction hallucination 

 

C. Hallucination Detection Algorithm 

A new hallucination detection workflow is 

introduced relying on: 

• claim extraction 

• evidence retrieval 

• semantic similarity check 

 

The algorithm makes it possible to automatically 

detect hallucinated outputs in any domain. 

 

D. Experimental Evaluation Framework 

This paper proposes an experiment framework for 

evaluating hallucinations comprising: 

• datasets of prompts from various domains 

• analysis of generated texts under different 

temperatures 

• hallucination statistical test 
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Future researchers will find the framework helpful in 

bench-marking LLM hallucinations. 

 

E. Probabilistic Hallucination Model 

We develop a mathematical model for estimating 

hallucination probability using: 

• token generation probabilities 

• prompt complexity 

• domain difficulty 

 

This model provides a theoretical perspective on 

hallucination emergence in generative AI systems. 

 

This taxonomy provides a structured foundation 

for future hallucination research. 

 

XI. DISCUSSION 

 

The conducted experiments have shown that 

hallucinations remain an enduring problem in 

contemporary Large Language Models (LLMs). The 

obtained results show considerable differences in 

hallucinations among various domains. Specifically, 

the highest hallucination frequencies were 

observed in domains that necessitated precise factual 

knowledge such as medicine and law, whereas 

general knowledge elicited comparatively lower error 

rates. 

 

The conclusions made based on this experiment 

include the following: 

1) Domain Sensitivity: The high rates of 

hallucinations associated with medical and legal 

prompts suggest that LLMs encounter significant 

difficulties when accuracy in the respec-tive 

domain is important. These difficulties arise due 

to the following reasons: 

• Lack of domain context 

• Failure to verify facts in real-time 

• Semantically broad token prediction 

2) Confidence Misalignment: Another critical 

observation is the confidence–accuracy mismatch. 

LLMs often produce responses with high 

linguistic confidence but low factual correctness. 

This behavior stems from the probabilistic nature 

of language generation, where the model 

optimizes likelihood rather than truthfulness. 

3) Prompt Complexity: The higher the prompt 

complexity, the greater the chance of 

hallucination occurrence. Multi-step reasoning 

problems have a high chance of inducing the 

model to fabricate intermediate reasoning steps. 

4) Impact of Retrieval: When the experiments 

involved retrieval-augmented prompting, 

hallucination decreased by around 15%–20%, 

validating the importance of external knowledge 

retrieval for enhancing factual accuracy. In sum-

mary, these results underscore the importance of 

incorporating verification procedures, retrieval 

capabilities, and domain-specific tuning in 

addressing hallucinations. 

 

Overall, these findings reinforce the need for 

verification layers, retrieval systems, and domain-

specific fine-tuning to mitigate hallucinations. 

 

XII. LIMITATIONS 

 

While the hallucination assessment framework 

introduced in this paper offers valuable perspectives, 

certain limitations should be noted. 

 

A. Limited Dataset Size 

The experimental dataset consisted of 200 evaluation 

prompts, which may not fully represent the vast 

diversity of real-world queries. 

 

B. Model Scope 

The study focused on a limited set of widely used 

LLMs. Different architectures or newly released 

models may exhibit different hallucination behaviors. 

 

C. Evaluation Subjectivity 

Though automated grading systems are implemented 

in the hallucination assessment process, there could 

be subjective factors involved in assessing partially 

correct answers. 

 

D. Static Knowledge Benchmark 

The study assumes a static knowledge base for 

verification. However, factual information evolves 

over time, which may affect evaluation results. 

 

E. Prompt Engineering Bias 

Some prompt designs could inadvertently introduce a 

bias within the model either towards hallucinating or 

giving factually correct responses. 
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Recommendations for future work: 

• use of larger data samples 

• multiple criteria for evaluation 

 

XIII. FUTURE WORK 

 

Although this study provides insights into 

hallucination behavior, several open challenges 

remain. 

 

Future research directions include: 

• integration of real-time fact verification systems 

• development of hallucination-aware training 

objectives 

• incorporation of retrieval-augmented knowledge 

grounding 

• creation of benchmark datasets for hallucination 

evaluation 

 

Advances in these areas will be essential for 

building trustworthy and reliable large language 

models. 

 

XIV. CONCLUSION 

 

In this paper, we conduct a systematic investigation 

on hallucination behavior in Large Language Models. 

We propose an evaluation framework to assess the 

occurrence rate of hallucinations in different 

domains, such as general knowledge, medicine, and 

law. According to experimental results, the rate of 

hallucination varies among different domains, and 

technical and factual domains have the highest 

susceptibility to hallucinations. T-tests prove that 

there is statistical significance between these 

differences. It can be seen that the issue of 

hallucination is no longer an accident, but is due to 

some intrinsic structure of the system itself as a 

probability-based language model. Although existing 

solutions like retrieval-augmented generation and 

domain fine-tuning could decrease hallucination 

occurrences, they cannot solve the problem once and 

for all. Solving the problem of hallucinations needs 

AI hybrid architectures, better training processes, and 

stricter benchmark standards. It helps to design more 

reliable and credible AI models. 
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