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Abstract 

Large Language Models (LLMs) have rapidly become central to modern information systems, 

supporting tasks ranging from customer service to medical question answering and legal 

drafting. Despite their fluency, these models frequently generate outputs that appear plausible 

but are factually incorrect, a phenomenon widely referred to as hallucination. This paper 

investigates the reliability and hallucination risks of contemporary LLMs through a structured 

empirical evaluation. We examine four widely used models across factual recall, reasoning, 

and domain-specific question answering. A mixed-method framework is applied, combining 

automated metrics such as factual consistency scores, semantic similarity, and human expert 

assessment. Our findings reveal that hallucination rates vary significantly across task type and 

domain, with closed-domain medical and legal queries showing the highest error frequencies. 

We further observe that retrieval augmentation reduces hallucination by nearly forty percent, 

while prompt engineering alone provides only marginal improvement. The study contributes a 

layered reliability framework that distinguishes between intrinsic, extrinsic, and reasoning-

based hallucinations. Implications for safe deployment in high-stakes settings are discussed, 

along with recommendations for hybrid grounding strategies. The paper concludes that 

achieving trustworthy LLM behaviour requires combined advances in training data curation, 

retrieval grounding, and continuous human oversight. 
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1. Introduction 

Large Language Models have transformed natural language processing by enabling systems 

that can write essays, summarise documents, answer complex questions, and even reason 

through multi-step problems [1]. Their widespread adoption in sectors such as healthcare, 

finance, education, and law has created a strong dependence on their outputs for decision-

making and information retrieval [2]. However, this dependence has revealed a critical 

weakness: these models often produce confident yet incorrect statements, a behaviour 

commonly described as hallucination [3]. 

Hallucinations are not merely typographical mistakes or grammatical errors. They are well-

formed, fluent sentences that contain fabricated facts, invented citations, or distorted reasoning 

chains. In customer-facing applications such failures can mislead users, while in regulated 

environments like clinical decision support or legal advice they can cause measurable harm 

[4]. The issue has therefore moved from being an academic curiosity to becoming a central 

concern in the responsible deployment of artificial intelligence [5]. 
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Recent surveys highlight that hallucination is an intrinsic feature of the way large language 

models generate text, since they predict the next token based on statistical patterns rather than 

verified knowledge [6]. This means the problem cannot be solved by simply scaling up 

parameters or training data. Instead, researchers have proposed multiple mitigation strategies 

including retrieval-augmented generation, reinforcement learning from human feedback, and 

grounding through external knowledge bases [7]. 

Despite these efforts, several gaps remain in the current understanding of hallucination 

behaviour. First, most evaluations rely on a single metric or benchmark, which fails to capture 

the multidimensional nature of reliability. Second, there is limited comparative work across 

domains, leaving practitioners unsure about which model is safer for a given context. Third, 

the role of prompt design relative to architectural choices remains unclear. 

This research is motivated by three questions. How frequently do leading LLMs hallucinate 

across different task categories? Which mitigation strategies are most effective in reducing 

hallucination without sacrificing fluency? And what evaluation framework best captures 

reliability in a practically meaningful way? 

The remainder of the paper is organised as follows. Section two reviews relevant literature. 

Section three outlines the methodology and presents the layered reliability framework. Section 

four describes the experimental setup. Section five reports results with supporting figures. 

Section six discusses the implications, and section seven concludes with directions for future 

work. 

2. Literature Review 

The study of hallucination in language models has evolved from early observations in machine 

translation, where systems sometimes produced fluent but unfaithful translations, to current 

investigations into general-purpose generative models [8]. The shift from sequence-to-

sequence architectures to transformer-based foundation models has amplified both capability 

and unpredictability, leading scholars to treat hallucination as a distinct research subfield. 

A widely cited taxonomy divides hallucinations into intrinsic and extrinsic types [9]. Intrinsic 

hallucinations contradict the source input, while extrinsic ones introduce information that 

cannot be verified from the provided context. Later work expanded this framework by adding 

reasoning-based hallucinations, where the surface facts may be correct but the logical chain 

connecting them is flawed [10]. This three-way distinction has become useful for diagnostic 

evaluation. 

Empirical studies show that hallucination is not uniform across tasks. Summarisation systems 

often produce extrinsic hallucinations by adding details absent from the source, while open-

domain question answering systems tend to fabricate entities or dates [11]. In medical contexts, 

models have been shown to invent drug interactions or misattribute clinical guidelines, raising 

serious safety concerns [12]. 

Retrieval-augmented generation has emerged as a leading mitigation strategy. By grounding 

outputs in retrieved documents, models reduce dependence on parametric memory and gain 

access to current information [13]. However, retrieval is not a complete solution, since 

retrieved documents themselves may be irrelevant or contradictory, and models can still ignore 

them in favour of their internal priors. 
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Other approaches focus on training-time interventions. Reinforcement learning from human 

feedback aligns model behaviour with human preferences but does not directly target factuality. 

Recent proposals such as factuality-aware fine-tuning and self-consistency decoding aim to 

address this gap by explicitly rewarding verifiable outputs. Evaluation remains a persistent 

challenge, with researchers debating whether automated metrics such as BLEU and ROUGE 

capture true reliability or merely surface similarity. This review identifies a clear need for 

multi-layered evaluation that combines automated scoring with expert judgment, which the 

present study seeks to provide. 

3. Methodology 

The methodology adopts a mixed-method evaluation design that integrates quantitative scoring 

with qualitative expert review. The objective is to assess hallucination behaviour across 

multiple dimensions rather than relying on a single benchmark [14]. 

Four contemporary LLMs were selected for comparison based on their popularity and 

accessibility through public APIs. The models were tested on three task categories: factual 

recall, multi-step reasoning, and domain-specific question answering covering medical and 

legal subjects [15]. Each category contained one hundred carefully constructed prompts, 

yielding a total of twelve hundred model responses for evaluation. 

The reliability of a response is conceptualised as a weighted combination of factual accuracy, 

semantic faithfulness, and reasoning soundness. We define the reliability score as: 

𝑅 =  α ⋅ 𝐹 +  β ⋅ 𝑆 +  γ ⋅ 𝐿 

where F is the factual accuracy score, S is the semantic similarity to a verified reference, L is 

the logical consistency score, and α +  β +  γ =  1. Weights were set at 0.5, 0.3, and 0.2 

respectively to reflect the priority of factual accuracy [16]. 

The hallucination rate for a given task is calculated as: 

𝐻 =
𝑁ℎ

𝑁𝑡
× 100 

where 𝑁ℎ is the number of responses containing at least one hallucination and N_t is the total 

number of responses. Semantic similarity was measured using cosine similarity between 

sentence embeddings: 

sim(𝑎, 𝑏) =
𝑎 ⋅ 𝑏

|𝑎|, |𝑏|
 

Human evaluators with domain expertise reviewed a stratified sample of three hundred 

responses to validate automated scores [17]. Inter-rater agreement was measured using Cohen's 

kappa and reached 0.81, indicating substantial agreement. 
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Figure 1: Layered Reliability Assessment Framework. 

4. Experimental Setup 

The experiments were conducted under controlled conditions to ensure reproducibility. All four 

models were accessed through their official APIs during a two-week window to minimise 

variation from model updates [18]. Temperature was fixed at 0.2 to reduce stochastic variation, 

and maximum output length was capped at five hundred tokens. 

The prompt set was constructed in three stages. First, factual recall prompts were drawn from 

publicly available knowledge benchmarks covering history, geography, and science. Second, 

reasoning prompts were adapted from multi-step problem sets requiring chained inference. 

Third, domain-specific prompts were generated in consultation with practising professionals in 

medicine and law to ensure realistic phrasing [19]. 

For retrieval-augmented conditions, a vector database was constructed from a curated corpus 

of approximately fifty thousand documents drawn from open-access medical, legal, and general 

knowledge sources. Retrieval used dense embeddings with top-five document recall, and 

retrieved passages were inserted into the prompt context. The retrieval relevance was measured 

using: 
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𝑃@𝑘 =
relevant documents in top 𝑘

𝑘
 

Baseline conditions used the same prompts without retrieval. Each prompt was issued three 

times per model to capture response variability, and the median reliability score was retained 

for analysis [20]. Statistical comparisons across models used paired t-tests with Bonferroni 

correction for multiple comparisons. 

Figure 2: Experimental Pipeline for LLM Reliability Evaluation. 

5. Results 

5.1 Hallucination Rates Across Models and Tasks 

The aggregate results show that hallucination is widespread across all four models but varies 

considerably by task type. Factual recall produced the lowest average hallucination rate at 

approximately fourteen percent, while domain-specific medical and legal queries showed rates 

as high as thirty-eight percent. Reasoning tasks fell in between, with an average of twenty-six 

percent. Differences between models were statistically significant, with the best-performing 

model showing nearly half the hallucination rate of the weakest in the medical category. 

Table 1: Hallucination Rates by Model and Task Category (percent) 

Model Factual Recall Reasoning Medical QA Legal QA 

Model A 11.2 22.4 28.6 31.1 

Model B 13.7 25.8 33.2 35.4 

Model C 14.1 27.3 36.7 38.9 

Model D 16.5 29.6 39.2 41.5 
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Figure 3: Comparative Hallucination Rates Across Models and Task Categories. 

5.2 Effect of Retrieval Augmentation 

The introduction of retrieval-augmented generation reduced hallucination rates substantially 

across all tasks, with the largest gains observed in domain-specific categories. The average 

reduction across the four models was approximately thirty-nine percent. Medical QA showed 

the strongest improvement, falling from an average of thirty-four percent to twenty-one 

percent. However, retrieval did not eliminate hallucination entirely, since models sometimes 

ignored retrieved content when it conflicted with parametric knowledge. 

Figure 4: Reduction in Hallucination Rate with Retrieval Augmentation. 
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5.3 Reliability Score Distribution 

The composite reliability score R revealed clearer differentiation between models than any 

single metric. The mean reliability score across all conditions ranged from 0.62 to 0.81. 

Retrieval-augmented conditions consistently produced higher scores, and the distribution 

narrowed, indicating more predictable behaviour. 

Table 2: Mean Reliability Scores by Condition 

Condition Model A Model B Model C Model D 

Baseline 0.74 0.69 0.66 0.62 

Retrieval-Augmented 0.81 0.77 0.74 0.71 

Figure 5: Distribution of Reliability Scores Across Models. 

5.4 Hallucination Type Analysis 

Categorising hallucinations by type revealed that extrinsic hallucinations were most common 

in factual recall, while reasoning-based hallucinations dominated multi-step problems. Intrinsic 

hallucinations were rare overall but most concerning in legal queries where they distorted 

explicit source material. This pattern suggests that mitigation strategies must be tailored to task 

type rather than applied uniformly. 

6. Discussion 

The findings confirm that hallucination is a persistent and multi-dimensional problem in large 

language models. No single model performed reliably across all task categories, and the 

variation across domains underscores the danger of generalising performance claims from one 

benchmark to another. The strong performance gains from retrieval augmentation support the 

growing consensus that grounding is essential for high-stakes deployment, yet the residual error 

rate of around twenty percent in medical contexts indicates that retrieval alone is insufficient. 
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The layered reliability framework introduced here offers a more nuanced view than traditional 

accuracy metrics. By separating factual, semantic, and logical components, it allows 

practitioners to identify where a model is failing and to target interventions accordingly. For 

example, a model with high factual accuracy but weak logical consistency may benefit from 

chain-of-thought prompting, while one with weak factual grounding may require enhanced 

retrieval. 

The distribution of hallucination types also has practical implications. Extrinsic hallucinations 

may be tolerable in creative writing but unacceptable in clinical documentation. Reasoning-

based hallucinations are particularly difficult to detect because the surface facts appear correct, 

suggesting a need for verification tools that examine the logical chain rather than only 

individual claims. 

Several limitations should be acknowledged. The evaluation focused on English-language 

prompts and may not generalise to multilingual settings. The retrieval corpus, while substantial, 

cannot match the breadth of real-world knowledge. Human evaluators, despite high agreement, 

may carry implicit biases. Finally, the rapid pace of model development means that absolute 

performance numbers may shift quickly, though the relative patterns are likely to remain 

informative. 

Future research should explore hybrid mitigation approaches that combine retrieval with 

reasoning verification, develop standardised multi-domain benchmarks, and examine the cost-

benefit trade-offs of different mitigation strategies in production environments. There is also a 

clear need for transparent disclosure of hallucination risks to end users, particularly in regulated 

domains. 

7. Conclusion 

This study examined the reliability and hallucination risks of contemporary large language 

models through a structured empirical evaluation across factual, reasoning, and domain-

specific tasks. The results demonstrate that hallucination remains a significant concern, with 

rates varying substantially by task and domain. Retrieval augmentation emerged as the most 

effective mitigation strategy tested, reducing hallucination by approximately forty percent on 

average, though it did not eliminate the problem entirely. 

The layered reliability framework presented offers a practical tool for assessing model 

behaviour beyond surface-level accuracy, enabling targeted interventions based on the type of 

failure observed. The findings reinforce that trustworthy deployment of LLMs requires a 

combination of architectural choices, grounding mechanisms, and ongoing human oversight 

rather than reliance on any single technique. As these systems become more deeply embedded 

in critical workflows, transparent evaluation and honest communication of their limitations will 

be essential to building justified user trust. 
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