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ABSTRACT 

Large language models (LLMs) are increasingly deployed to assess, diagnose, and predict clinical symptoms and 

outcomes from textual data. However, prior work has shown that LLMs are susceptible to hallucinations. To date, 

it remains unclear whether, how, and why such hallucinations arise when LLMs are applied to clinical data situated 

in diverse real-world contexts. In this work, we systematically quantify the prevalence and types of hallucinations 

across different LLMs and examine the utility of LLMs-as-judges (LLJs) for automated hallucination assessment 

using real-world clinical data situated in diverse real-world contexts. Specifically, we analyzed transcripts obtained 

from both community controls and populations at higher risk of developing schizophrenia. Across ground-truth 

hallucination analyses, we find that hallucination rates vary widely, from 0.3% to 76.3%, depending on transcript 

type, prompting strategy, and the LLM used for classification. Diagnostic hallucinations are the most prevalent 

subtype, accounting for up to 50.4% of observed hallucinations. Across automated hallucination detection, LLJs 

demonstrate reasonable alignment with human raters, achieving up to 65.7% agreement on hallucination presence 

and 64.7% agreement on hallucination subcategorization. Finally, we identify that hallucinations most commonly 

arise when there is insufficient contextual grounding. 

 

IndexTerms— automated text analysis, clinical safety, large language models 

 

 

 

 



1. INTRODUCTION 

Large language models (LLMs) are increasingly used in a wide range of healthcare settings ranging from biomedical 

imaging [1], patient–provider messaging [2] and pathology [3]. They support a wide range of clinical tasks such as 

clinical note summarisation [4], disease diagnosis [5], and medication prescription[6, 7]. Their utility is particularly 

pronounced in applications involving text-based inputs and transcripts. Recent studies have demonstrated the 

effectiveness of LLMs in text-driven healthcare tasks including mental-health symptom prediction [8], crisis 

detection [9], health coaching [10] and text-driven linguistic biomarker analysis for diagnostic classification support 

across clinical populations [11, 12, 13, 14]. 

However, the problem of LLM “hallucinations” are increasingly documented in existing work. LLM 

hallucinations can roughly be understood as the situation where the LLMs generate output that is highly plausible 

but incorrect and can be hard to detect [15], and can be understood as a phenomenon where LLMs generate errors 

such as fabricating content, generating unfounded inferences and making factual errors in its output. Medical 

hallucinations pose particularly serious risks as incorrect dosages of medications, drug interactions, or diagnostic 

criteria can directly lead to life-threatening outcomes [16, 17, 2] Research has increasingly highlighted a host of 

problems. On a more minor scale this includes the erosion of user trust [18]. On a more major scale, misdiagnosis 

can potentially lead to life-threatening situations and unnecessary distress [19]. Consequently, there is a growing 

body of literature focused on detecting and mitigating hallucinations in LLMs [19, 16, 17, 2]. Although there are 

some recent efforts investigated LLM hallucination within a medical context, they have mainly done so using 

synthetic datasets [19]. None of the existing work have investigate the prevalence of LLM hallucination when LLMs 

are applied to clinical data situated in diverse real-world contexts (Gap 1). In the context of this work, we analyze 

patient interviews that may include descriptions of psychotic symptoms, including hallucinations. This creates an 

inherent terminological ambiguity around the term “hallucination.” We therefore use “LLM hallucination” in line 

with prior literature, and explicitly distinguish cases where we refer to patients’ hallucinatory symptoms. 

For the task of hallucination presence assessment in medical settings, human evaluation remains the gold 

standard which is laborious and resource intensive [20]. Automated metrics, such as Recall-oriented Understudy for 



Gisting Evaluation (ROUGE) [21], Bilingual Evaluation Understudy (BLEU) [22] and Bidirectional Encoder 

Representations from Transformers (BERT)score [23], while useful for comparing general model-generated text 

with expert-written examples, can be limited when applied to the evaluation of medical-related content. This is 

because metrics, such as ROUGE, BLEU and BERT primarily focus on surface-level textual similarity, either based 

on ngram overlap or embedding distance. Such an approach may fail to capture the semantic nuances, contextual 

dependencies, and domain-specific knowledge crucial for accurate medical discourse, assessment and diagnosis 

[24]. In parallel, large language models (LLMs) are increasingly employed as evaluators, sometimes referred to as 

LLMs-as-a-Judge (LLJ), across a wide range of domains. Within a clinical setting, LLJs have been used to assess 

the quality or correctness of model outputs for tasks such as clinical summaries [20] medical question answering 

[25], clinical report generation [19], and related applications. Despite their growing adoption, prior work has raise 

concerns regarding both the reliability [26, 27, 28], and validity [29, 30] of LLM-based evaluation. Although there 

were some early efforts on LLM hallucination assessment in medical settings [19], most of the existing work are 

based on simulated data. To the best of our knowledge, none of the existing work have systematically evaluated the 

reliability of LLM-based hallucination judgments against human annotators using real-world patient data, which 

can often introduce various artefacts not present in simulated data, thus representing a critical gap in ensuring clinical 

safety when deploying AI solutions in the real-world (Gap 2). None of the existing work have investigated under 

what circumstances, i.e. how and why, do these hallucinations occur (Gap 3). Moreover, a growing body of work 

has explored the use of “LLM-as-a-judge” (LLJ) for large-scale evaluation. In this paradigm, 

LLJs are employed as a substitute for human annotators or evaluators. Prior literature suggests that this approach 

offers an effective solution to the challenges of human evaluation, which is often time-consuming and resource-

intensive, thereby limiting scalability [27, 31]. Additionally, LLJs provide flexibility by adapting their evaluation 

criteria to the task at hand and can generate qualitative assessments, enabling researchers to gain deeper interpretive 

insights into model behavior. 

Given the proliferation of using LLMs to assess and diagnose medical conditions based on textual inputs [32, 

33], recent advancements in LLMs which have enhanced their ability to process longform transcripts and infer 

underlying cognitive and emotional states, and its increasing LLJ usage, we build on a growing body of work and 



attempt to address the research gaps outlined above. The main research questions (RQs) that we attempt to address 

are outlined as follow: 

• RQ 1: What is the prevalence of different hallucination rates across the different LLM models and transcript 

type ? Our hypothesis is that different types of hallucinations manifest differently across different models, 

experimental settings and prompting techniques. We believe having a good understanding of this helps with 

downstream hallucination mitigation 

efforts. 

• RQ 2: Which LLM demonstrates the highest reliability as an LLM-as-a-judge when benchmarked against 

humanannotated ground truth, how does its reliability compare to that of human raters, and does this reliability 

generalize across both binary hallucination detection and fine-grained hallucination categorization tasks? 

• RQ 3: What are the notable or extreme behaviors in model outputs that quantitative metrics fail to capture, 

and under what circumstances do they occur? How do these behaviors help explain the mechanisms and 

conditions under which LLM hallucinations arise? 

This study contributes to ongoing efforts to ensure the clinical safety of large language models (LLMs). We focus 

on the prevalence of hallucinations in clinical inference tasks and evaluate the utility of LLM-as-a-judge (LLJ) 

frameworks for automated hallucination assessment. Our contributions are threefold. To address RQ1, we first 

investigate the types of hallucinations that arise when LLMs are used to classify whether a transcript belongs to a 

clinical high-risk (CHR) individual. We analyze LLM-generated clinical assessments for 300 patient transcripts 

using two classifier models, Qwen and Llama. Each model is evaluated under three prompting strategies, neutral, 

NLP-based, and PSYCHS interview-based, to examine performance sensitivity to prompt design. This yields 1,800 

model outputs, which are subsequently hand-coded by human raters to identify the presence and type of 

hallucinations. Reviewers were instructed to identify all hallucination types present and to provide a fine-grained 

analysis of hallucinations within each transcript. We then computed the proportion of evaluated samples that 

contained at least one hallucination. This proportion is reported as the hallucination rate. 



To address RQ2, we evaluate the reliability of automated hallucination detection by applying two open-source 

models (oss120b and oss20b) in an LLJ setting to assess the outputs from the first experimental stage. The models 

are prompted to determine whether hallucinations are present and, if so, to identify the specific hallucination 

category. LLJ-generated assessments are then compared against human-annotated ground truth to quantify 

agreement and reliability. This was evaluated under two settings: (1) a binary hallucination setting, where model 

performance is assessed based on its ability to detect the presence or absence of hallucinations, and (2) a multiclass 

setting, where performance is measured by agreement with human raters using Cohen’s kappa and Krippendorff’s 

α. This is in alignment with a growing body of work attempting to determine how LLMs compare with human 

experts across qualitative data analysis [34, 35]. 

Finally, to address RQ3, we conduct qualitative thematic analyses to identify the conditions under which 

hallucinations are most likely to occur, examining factors such as model choice and prompting strategy. To achieve 

this, human evaluators were asked to provide qualitative evaluations of the outputs which are then iteratively 

distilled into a set of key qualitative findings. Through this process, we uncovered several interesting findings. First, 

we find that hallucination rates vary widely, from 0.3% to 76.3%, depending on transcript type, prompting strategy, 

and the LLM used for classification. Second, when using LLJs for automated hallucination detection, LLJs 

demonstrate strong alignment with human raters, achieving up to 65.7% agreement on hallucination presence and 

64.7% agreement on hallucination subcategorization. However, agreement rates are likely to vary depending on the 

LLJ used and type of input. Overall, the larger LLJ, oss120b, demonstrates greater agreement with human raters. 

Through our qualitative evaluation, we identify that hallucinations most commonly arise when there is a mismatch 

between the input context and the prompting request, and especially when contextual grounding is insufficient. 

 

 

 

 

 



Type Brief Overview Examples from our experiments 

(A) Factual 

hallucination 

Any incorrect factual claim about the 

external world (includes fabrications 

and contradictions). 

Transcript mentions “don’t have plans” for birthday. 

LLM output says the interviewee ”had big plans for 

their birthday (factual fabrication). LLM made up 

”the individual thinking that they were being 

followed” (factual fabrication). 

(B) Diagnostic 

hallucination 

occurs when the model infers clinical 

or psychological diagnoses without 

sufficient evidence. 

After making things up (see example above), the 

LLM claimed that by having big plans for a 

birthday, it is having grandiose ideas (diagnostic 

hallucination) 

(C) In-context 

hallucination 

Conflicts with explicit information 

present in the provided prompt or 

document. 

The participant repeatedly reports auditory 

hallucinations (“the voices have been, like, really, 

uh, prominent... it’s so hard to take, you know?”) 

and sensory overload (“I really struggle if I go into 

a supermarket... it’s like noise over noise, like my 

head’s inside of that”) but the LLM did not pick up 

on it. 

(D) Reasoning 

hallucination 

Fabricated or incorrect intermediate 

reasoning steps or justifications 

(inference errors). 

The LLM correctly identifies PSYCHS symptoms 

but somehow marks this participant as CHR 

negative. 

Table 1. Definitions and examples of hallucination types in the classifier LLMs hand-coded by human raters. 



2. RESULTS 

We organise the hallucinations found into four main categories: (a) factual hallucination, (b) diagnostic 

hallucination, (c) incontext hallucination and (d) reasoning hallucination. Table 1 provides an overview of the hand-

coded ground-truth hallucination labels, a brief definition and concrete examples of these hallucinations. 

 

Fig. 1. Hallucination rates across the different LLM classification model (Llama vs Qwen), prompt (neutral, NLP-

based, psychs-based prompt) and transcript type (Open vs. Psychs-based interviews). 



 

Fig. 2. Hallucination breakdown across hallucination types. The majority of the hallucinations are diagnostic 

hallucinations, followed by factual hallucinations, incontext hallucinations and finally reasoning hallucinations. 



 

Table 2. Intra-rater reliability results between rater 1 and rater 2 and model 1 and model 2 within both a binary and 

multiclass breakdown setting. Abbreviations: R1: rater 1. R2: rater 2. M1: model 1 (gpt oss120b). M2: model 2 (gpt 

oss20b). PSYCHS: Positive SYmptoms and Diagnostic Criteria for the CAARMS Harmonized with the SIPS. 

Highest scoring kappa and agreement score across each LLM is denoted in bold. 

2.1. Ground-truth Hallucination 

2.1.1. Hallucination rates 

Figure 1 summarizes hallucination rates across LLM classification models (LLaMA vs. Qwen), prompt types 

(neutral, NLPbased, and PSYCHS-based), and transcript types (open interviews vs. PSYCHS-based interviews). 



The hallucination rates are computed as a proportion of the transcripts that contains hallucination in relation to the 

total transcripts in that category. Overall, the LLaMA classifier exhibits substantially higher hallucination rates than 

Qwen across experimental conditions. The highest hallucination rate (0.763) is observed for LLaMA when applied 

to open-interview transcripts using the PSYCHS-based prompt. 

In contrast, Qwen’s highest hallucination rate stands at 0.19 under the neutral prompt condition on PSYCHS-

based interview transcripts. Across both transcript types, LLaMA consistently hallucinates more than Qwen, with 

particularly elevated Cohen’s kappa agreement 

 

 



rates on open-interview transcripts. Additionally, across both classification models, the NLP-based prompt is 

associated with lower hallucination rates relative to the neutral and PSYCHS-based prompts, suggesting that prompt 

framing plays a role in hallucination behavior. 

2.1.2. Hallucination breakdown 

Figure 2 provides a more fine-grained breakdown of hallucinations by type. In contrast to Figure 1, which reports 

hallucination rates normalized by the total number of transcripts analyzed, Figure 2 aggregates hallucination counts 

across all annotated hallucination labels, as annotators were allowed to assign multiple hallucination types to a 

single model output. As shown in Figure 2, diagnostic hallucinations account for the majority of cases (60.1%), 

followed by factual hallucinations (21.6%). In-context and reasoning hallucinations occur at comparable 

frequencies, representing 8.4% and 9.9% of cases, respectively. 

Because multiple hallucination types can co-occur within a single output, different categories frequently overlap. In 

particular, factual and reasoning errors often coincide with, diagnostic hallucinations, which likely contributes to 

the disproportionately high prevalence of diagnostic hallucinations observed in this analysis. 

Overall, although the models exhibited surface-level awareness of CHR symptom categories (e.g., suspicion, 

perceptual disturbance), it repeatedly misinterpreted contextual details and failed to articulate a clear rationale for 

its classifications. Another noteworthy observation is that the Llama model using PSYCHS-based prompting often 

misinterpreted neutral or practical statements as delusional, suspicious, or grandiose when used on the OPEN 

interview transcripts. Moreover, it demonstrated a consistent tendency toward factual hallucination, fabricating 

reasoning, and evidence not grounded in the transcript. It identified delusional ideas, suspiciousness, and grandiose 

ideas without providing statements from the transcript. When models produced a CHR-positive classification, it has 

a tendency to produce a generic output, failing to provide a coherent justification for that assessment, limiting 

interpretability and diagnostic transparency. 

2.2. Human and model alignment 



Tables 2 and 3 summarize the results of our agreement analyses. Table 2 reports overall agreement, including intra-

human agreement between human rater 1 (R1) and human rater 2 (R2), as well as intra-model agreement between 

model 1 (oss120b; M1) and model 2 (oss20b; M2). Table 3 presents the inter human–model agreement results, 

comparing both human raters (R1, R2) with both models (M1, M2). 

2.2.1. Binary hallucination detection 

In the binary classification setting, model performance is evaluated solely on the ability to detect the presence or 

absence of hallucination. Table 2 shows consistently high intra-rater and intra-model agreement across raters and 

models, reflected across the high percent agreement, Cohen’s κ, and Krippendorff’s α for binary hallucination 

detection tasks. Overall, the average intra-rater Cohen kappa between raters R1 and R2 (0.616) is higher compared 

to the average intra-model Cohen kappa between models M1 and M2 (0.479). On the other hand, the average intra-

rater percentage agreement between R1 and R2 (0.852) is slightly lower compared to the intra-model percentage 

agreement between M1 and M2 (0.938). Overall, we also see signs of the “kappa paradox”, i.e. the phenomenon of 

low Cohen’s Kappa but high agreement. This happens when there is imbalanced data, i.e. one category is much 

more common than the other. 

With respect to human alignment, M1 achieves fair agreement with human raters, whereas M2 attains only slight 

agreement. With reference to Table 3, we see that across both the LLaMA and Qwen classification models, oss120b 

(M1) consistently outperforms oss20b (M2) , with an average advantage of approximately 0.13 κ points, revealing 

a stable and consistent performance gap. The same trend holds across the percentage agreement results. For instance, 

the average inter-rater agreement between oss120b and R1 (0.612) and R2 (0.647) is higher than the average inter-

rater agreement between oss20b and R1 (0.583) and R2 (0.615). However, we see from Table 2 that agreement 

between oss120b and oss20b remains high (around 85%), indicating moderate inter-instance consistency despite 

performance differences. 



2.2.2. Granular hallucination coding 

Subsequently, we look at the inter-model-rater results in the multiclass setting, where reviewers were instructed to 

identify all hallucination types present and provide granular hallucination analysis within each transcript. Because 

multiple hallucination labels could be assigned to a single instance, the number of annotations per transcript varied 

across raters. This increased annotation complexity partially explains the observed reduction in both inter- and intra-

rater agreement relative to the binary classification setting, for both human reviewers: R1 and R2, and the automated 

LLM-as-a-judge (LLJ) models: oss120b and oss20b. Evidently, we see from Table 2 that the overall fleiss kappa 

scored drops from 0.259 to 0.196. The same is true for the overall krippendorff α, Cohen kappa and percentage 

agreement values. 

With reference to Table 3, relative to human reviewers, M1 achieves substantially higher Cohen’s κ values: with 

Reviewer 

1, κ = 0.293 for M1 versus 0.164 for M2, and with Reviewer 2, κ = 0.357 for M1 versus 0.231 for M2 (+0.236; 

+110%). Similar trends are observed in raw agreement rates, with M1 achieving 61.2% and 64.7% agreement with 

Reviewers 1 and 2, respectively, compared to 58.3% and 61.5% for M2. Inter-instance consistency between M1 and 

M2 remains limited, with a κ of 0.101 indicating low agreement and an agreement rate of 31.7%, indicating notable 

divergence between model instances in multiclass hallucination labeling. 

Notably, prompt type P2 consistently yields poor performance across all experimental settings. As shown in 

Table 2, all experiments using P2 result in negative Fleiss’ κ, Krippendorff’s α, and Cohen’s κ values. Interestingly, 

while Table 2 indicates high intra-human and intra-model agreement, Table 3 reveals low human–model agreement. 

Further analysis shows that this discrepancy arises because both human raters largely agree that hallucinations are 

absent or minimal, whereas the LLJs frequently classify the same instances as hallucinated. This systematic 

disagreement accounts for the observed low agreement scores. 

2.3. Qualitative thematic analysis 



The quantitative analyses above characterize hallucination rates across different LLM classifier models and 

transcript types, as well as the effectiveness and reliability of automated LLJ-based hallucination assessment relative 

to human annotators. However, these analyses also reveal important nuances that automated LLJ evaluators fail to 

capture. To better understand how and why these hallucinations arise, we therefore conducted a qualitative 

evaluation and thematic analysis. Our key findings are summarized below. 

Overall, we noted that the LLMs exhibit limited contextual engagement without a specific framework. For 

instance, the neutral prompt when used on the open transcript consistently produced the most generic responses, 

across both LLM models. These outputs tended to mirror broad clinical templates without referencing any specific 

interview content. Even when examples were cited, they were drawn from the surface-level narrative rather than 

grounded in the subject’s experiential details. This is supported by our findings on how the LLMs exhibit shallow 

metric interpretation under the NLP-based prompts. 

Outputs generated by both models under the NLP prompt accurately restated and calculated quantitative 

computational linguistic metrics, such as syntactic complexity, but failed to benchmark these features against 

meaningful thresholds. Consequently, the model produced metrics descriptively rather than diagnostically. 

Additionally, at times, the models would even refer to the same metric value, such as nouns per sentence, as ”high” 

in some circumstances, and ”low” in other circumstances. This pattern reflects the LLM’s difficulty in integrating 

quantitative indicators into categorical judgements without explicit reference standards. 

In addition, a prominent trend across both the OPEN and PSYCHS transcripts and both LLM models was the 

model’s disproportionate focus on the final segment of each conversation. In most cases, the rationale for CHR 

classification referenced details from the last 30 seconds to one minute of the interview, implying a recency bias in 

the model’s attention. This behavior may stem from token-limit constraints or inherent transformer attention decay, 

causing the model to weigh later text more heavily than earlier material. 

Moreover, LLM classification models often label normative behaviors (e.g., hygiene, social interaction) as 

indicators of elevated psychosis risk. There is an inclination for these models to over-pathologize even with the 

absence of explicit evidence or cues. Even when the LLM arrived at the correct CHR classification, its supporting 



rationale often relied on weak or tangential evidence. Instead of synthesizing central behavioral or emotional cues, 

the model tended to highlight incidental remarks or affectively neutral-leaning statements made near the 

conversation’s end, despite their factual veracity. This suggests an overreliance on local textual salience rather than 

proper clinical reasoning. 

3. DISCUSSION 

3.1. RQ 1: What is the prevalence of different hallucination rates across the different LLM classification 

models and transcript type ? 

Overall, the LLaMA classifier exhibits substantially higher hallucination rates than Qwen across experimental 

conditions. Moreover, it is more likely for a model (both Llama and Qwen) to display hallucinatory behaviour when 

prompted with a psychs-based prompt. Across both models and transcript types, there is negligible hallucinatory 

behaviour when the NLP-based prompt was used. Overall, QWEN displayed a more quantitative orientation, 

specifically under the NLP prompts, emphasizing numerical metrics even when interpretive reasoning was absent. 

Llama, by contrast, exhibited a more qualitative interpretive style, drawing on qualitative judgements of 

computational linguistics metrics. This divergence might suggest that QWEN prioritizes structured data 

representation while Llama defaults to qualitative reasoning, reflecting different inductive biases in how each model 

processes language as evidence [36]. 

Most identified hallucinations were classified as diagnostic hallucinations, likely because diagnostic errors 

frequently arise as downstream consequences of other hallucination types [17, 35]. Diagnostic hallucinations occur 

when the models either asserted the presence of symptoms not supported by the transcript or denied symptoms that 

were explicitly reported. In particular, diagnostic hallucinations were strongly linked to factual contradictions. 

For instance, in one transcript the participant remarked, “The whole series is kind of a main character. So it’s 

like you hear her thoughts.” Despite being situated within an open transcript (i.e. regular conversation-based 

transcript) and using a neutral prompt Llama interpreted this as evidence of psychosis (“hearing thoughts and 

experiencing things that are not there” and “delusional thinking”), indicating semantic distortion and over-



interpretation. The model further extended its response to include “disorganized communication” and “decreased 

functioning,” neither of which were clearly substantiated in the original transcript. For example, when the subject 

had reported a difference in work since their colleagues were on leave, the model incorrectly classified this thought 

as a “delusional and suspicious idea.” Another subject reported that their closest friend from home recently got a 

car and took them on a few rides. The model interpreted this as a grandiose belief in their friend’s new car and the 

importance of the subject in the life of his friend. The model also commonly misinterprets statements as delusional 

beliefs. For example, a subject reports an explanation of a practical exam that they have to complete, and the model 

interprets this as “delusions” occurring during an exam. Such hallucinations suggest an overextension of psychosis-

related diagnoses to benign statements due to a lack of contextual cues [35, 37]. 

The findings also indicate a trend where the models maintained internal logical coherence but inflated symptom 

severity or diagnostic classification. Models have a tendency to label normative behaviors (e.g., hygiene, social 

interaction) as indicators of elevated psychosis risk. There is an inclination for these models to over-pathologize 

even with the absence of explicit evidence or cues and distory benign description or content. For example, in one 

transcript the participant remarked, “The whole series is kind of a main character. So it’s like you hear her thoughts.” 

The OPEN P1: NEUTRAL Llama interpreted this as evidence of psychosis (“hearing thoughts and experiencing 

things that are not there” and “delusional thinking”), indicating semantic distortion and overinterpretation. The 

model further extended its response to include “disorganized communication” and “decreased functioning,” neither 

of which were clearly substantiated in the original transcript. 

3.2. RQ 2: Which LLM demonstrates the highest reliability as an LLM-as-a-judge when benchmarked 

against human annotated ground truth, how does its reliability compare to that of human raters, and does 

this reliability generalize across both binary hallucination detection and fine-grained hallucination 

categorization tasks? 

As shown in Section 3, oss120b consistently exhibits greater alignment with human raters when compared against 

oss20b across both the binary hallucination detection and fine-grained hallucination categorization tasks. This seems 



to suggest that larger models may exhibit hallucination detection capabilities more aligned with human annotated 

ground-truth labels. 

Although the results suggest that LLM-based automated hallucination assessment can be viable and reliable, as 

indicated by Cohen’s κ and percentage agreement, our qualitative analyses caution against relying solely on 

quantitative metrics. Moreover, the substantial disagreement observed between both LLJ models and human raters 

under the NLP-based prompting condition further underscores that LLJs are not yet capable of fully replacing 

human-annotated ground truth [38, 39]. This result largely holds across both the binary hallucination detection and 

fine-grained hallucination categorization tasks. 

Moreover, it is interesting to note that agreement rates decreased across the fine-grained hallucination 

categorization tasks. We hypothesize that this pattern may be partly attributable to overlapping definitions across 

hallucination subcategories, where the assignment of a specific category is highly context-dependent and subject to 

interpretive variability. This interpretation is supported by our results, which show that inter-rater agreement 

decreases when raters are asked to assign specific hallucination subcategories, compared to binary judgments of 

hallucination presence. 

3.3. RQ 3: What are the notable or extreme behaviors in model outputs that quantitative metrics fail to 

capture, and under what circumstances do they occur? How do these behaviors help explain the mechanisms 

and conditions under which LLM hallucinations arise? 

As noted within our qualitative evaluation, a prominent pattern observed across both OPEN and PSYCHS 

transcripts, and across both LLMs, was a pronounced recency bias in model attention. In many cases, the models’ 

interpretive rationales for CHR classification relied disproportionately on details from the final segment of the 

interview—often the last approximately 10% of the transcript. Remarks appearing near the transcript’s end 

frequently served as the primary evidence for the model’s conclusions, effectively truncating contextual reasoning 

across the full dialogue and underweighting earlier clinically relevant information. 

Importantly, key symptomatic indicators such as auditory perceptual experiences or unusual thoughts (e.g., 

“hears music that is not playing,” “has trouble separating reality and imagination,” “feels like someone is always 



watching”), were frequently omitted from the generated outputs. This pattern suggests that the model’s responses 

were probabilistic rather than reliably cuedriven, with salient clinical signals inconsistently attended to across 

generations. Even transcripts containing explicit references to positive symptoms, including suspiciousness or 

delusional ideation, were not consistently reflected in the model outputs. Our findings are consistent with those 

within existing literature [35, 38]. Recent studies have shown that models often produce incorrect answers when 

their reasoning process relies on shallow pattern-matching rather than genuine deep reasoning [40, 41]. This 

suggests that, in the absence of structured cues, the model defaults to generalized psychiatric phrasing rather than 

making use of contextual reasoning [37] This mirrors findings in cognitive science, where human thinking patterns 

are closely linked to the emergence of cognitive illusions [42, 43, 44]. Our findings further emphasized the need for 

proper model grounding in order to perform well on specific tasks. Notably, these patterns would not have been 

captured by quantitative metrics alone, underscoring the need for evaluation approaches that extend beyond 

numerical performance measures [45, 46]. We emphasize that this paper examines a specific configuration of the 

LLM-as-a-judge paradigm, rather than providing a general assessment of LLM capabilities. Alternative approaches 

such as fine-tuning, agentic systems, and retrieval-augmented generation may exhibit different error profiles from 

those observed here. The key takeaway for clinicians and health system leaders is that current evidence does not yet 

support the safe and reliable use of LLMs in clinical settings, and that LLJs cannot consistently replace human 

evaluation. Additional safeguards, including human-in-the-loop mechanisms, remain essential before such systems 

can be deployed in real-world practice [47, 48]. 



 

Fig. 3. Pipeline of the entire experimental process. 

4. METHODS 

4.1. Language samples 

We analyzed language samples collected as part of the Accelerating Medicines Partnership–Schizophrenia (AMP-

SCZ) project [49], using data from Version 3 of the release. The present analysis focuses exclusively on the open-

ended and PSYCHS language samples. CHR participants were identified based on diagnostic criteria derived from 

the Comprehensive Assessment of At-Risk Mental States (CAARMS) [50] harmonized with the Structured 

Interview for Psychosis-Risk Syndromes (SIPS) [51] under the PSYCHS protocol [52]. Community control 

participants were recruited from the general population. All language samples were collected in separate assessment 

sessions, and inclusion and exclusion criteria were harmonized across study sites to ensure comparability. Additional 

details regarding the study protocol are provided in the supplementary materials. 

4.2. Speech transcript and data processing 



Figure 3, provides an overview of the complete data processing and analysis pipeline. Both the semi-structured 

clinical PSYCHS interview transcripts and the open-ended qualitative interview transcripts serve as inputs to the 

pipeline. 

4.2.1. Open-ended Language Samples 

Open-ended interviews were collected at baseline and at the 2-month follow-up, and were conducted either remotely 

or onsite using the Zoom communications platform or a digital audio recorder. Unlike the semi-structured PSYCHS 

interviews, these sessions followed a minimally directive format. Interviewers initiated the conversation with a 

broad prompt (e.g., “In this interview, I would really like to get to know you better and learn what your life is like”), 

allowing participants to largely guide the discourse. Open-ended interviews typically lasted between 10 and 30 

minutes and were fully transcribed. Recordings were transcribed using the TranscribeMe! transcription service, after 

which transcripts entered the downstream processing and analysis pipeline shown in Figure 3. 

4.2.2. Semi-structured Clinical Interviews 

The semi-structured clinical interview is based on the Positive SYmptoms and Diagnostic Criteria for the CAARMS 

[50] Harmonized with the SIPS [51] (PSYCHS) [52] interview. The PSYCHS is a measure to evaluate positive 

symptoms in psychosis based on a harmonized Comprehensive Assessment of At-Risk Mental States (CAARMS) 

[50] and Structured Interview for Psychosis-Risk Syndromes (SIPS) [51] scores. The PSYCHS language samples 

were collected at screening, baseline and then monthly. The PSYCHS semi-structured interview lasted 30 minutes 

or longer; but only the first 30 minutes were transcribed. 

The open interview transcripts contain more generic day-to-day words whereas the PSYCHS interview 

transcripts are more likely to contain words or content related to psychosis. In addition, across the two, semi-

structured interviews are generally considered more consistent [53] and codable [54] whereas open-ended interviews 

may elicit more fine-grained details and analysis [55]. The use of two different types of interviews, a semi-structured 

clinical-screening interview vs. an open-ended interviews, allows us to gain insights into how the different models 



analyze the different transcripts with the open-ended interview serving as a baseline transcript to investigate model 

hallucinatory behaviour. 

4.3. LLMs used and prompting methodology 

In light of growing ethical and privacy concerns surrounding the use of closed-source large language models (LLMs) 

[56, 57], alongside increasing calls to prioritize open-source alternatives in healthcare research [58], we elected to 

exclusively use open-source LLMs in this study to support transparent and responsible research practices. To date, 

no LLM has received approval from the U.S. Food and Drug Administration (FDA) for clinical use [59], and reliance 

on public or proprietary models (e.g., ChatGPT) introduces a substantial risk of non-compliance with the Health 

Insurance Portability and Accountability Act (HIPAA) due to the potential transmission of sensitive patient data to 

external servers. 

To fully address these concerns and uphold stringent ethical and privacy standards, all experiments were 

conducted using locally hosted, open-source models. We did not utilize any closed-source models or user-interface–

based platforms, thereby eliminating the need to upload protected health information to public or third-party servers. 

Local deployment further facilitates regulatory compliance by ensuring adherence to healthcare data protection 

requirements, including patient consent and privacy safeguards. 

All models were downloaded and executed on local computing infrastructure, with conversational transcripts 

and LLMgenerated outputs processed entirely within the local environment. Both model inference and automated 

LLM-as-a-judge (LLJ) hallucination evaluations were performed via local API calls, ensuring that no data were 

transmitted externally. Experiments were conducted on a 4× NVIDIA DGX A100 GPU system. To ensure 

methodological consistency across models, we standardized the experimental protocol and constrained model 

responses to remain grounded in the initial task instructions. 



4.3.1. Classification LLM 

As shown in Figure 3, we employ two open-source LLMs: Qwen 2.7 and LLaMA 2.8, as classifier models to analyze 

interview transcripts and determine whether each sample corresponds to a clinical high-risk (CHR) or community 

control (CC) participant. Each classifier LLM is evaluated under three distinct prompt conditions: (i) a neutral 

prompt, (ii) an NLP-oriented prompt, and (iii) a PSYCHS-based prompt, enabling systematic comparison of prompt 

framing effects on classification behavior. 

Consistent with prior work [8, 13] we adopt a zero-shot prompting strategy for automated CHR identification. 

Rather than fine-tuning models on task-specific data, the LLMs are guided entirely through structured English-

language prompts that define the evaluation task. Each prompt consists of three core components: (i) a task 

description that operationalizes CHR and specifies the model’s role in identifying CHR-relevant indicators; (ii) 

explicit evaluation criteria that delineate relevant clinical or linguistic features (e.g., symptom presence, severity, or 

markers of risk, where applicable); and (iii) the complete conversational transcript to be analyzed. The prompt 

structure is outlined as follow: 

 PromptZS = InputTranscripts + PromptPart1−S + PromptPart2−Q + Output (1) 

where InputTranscripts are the original transcripts gathered through the two different interview protocols (i.e. open-

ended 

and the semi-structured interview). PromptPart1−S provides specific guidelines for the assessment or evaluation 

criteria to adopt. PromptPart2−Q poses the question that we want the LLM to answer. Output determines the type of 

the model output asks for a brief rationale of their decision. The goal of is prompt is to provide the LLM with 

adequate information to make an informed decision on the transcripts provided. Subsequently, we designed three 

different prompting strategies for PromptPart1−S as illustrated below. 



Prompt 1: Neutral The neutral prompt thus gives a broad context of CHR symptoms of schizophrenia, such as 

unusual perceptual experience, disorganized communication or social isolation, which were selected based upon 

clinical evidence and existing research [60, 61, 62, 63]. The specific prompt then becomes: 

“Please analyze the following interview transcript and determine whether the individual demonstrates 

characteristics consistent with Clinical High Risk (CHR) for psychosis status. Consider the following areas in 

your analysis: Unusual perceptual experiences. Unusual thought content or beliefs. Disorganized 

communication. Decreased functioning or motivation. 

Social withdrawal or isolation. 

 

Prompt 2: NLP-based The NLP-based prompt requires the LLM to conduct their assessment based on evidence 

derived from the extracted NLP features as summarized by Tables 4 and 5 within the supplementary material. The 

features in Table 4 were provided to the LLMs when running the analysis across the open-interview transcripts. 

Correspondingly, the features in Table 5 were provided to the LLMs when running the NLP-based prompt across 

the PSYCHS-interview transcripts. The specific prompt then becomes: 

“Using the computational linguistic features extracted from speech data, evaluate Clinical High Risk (CHR) 

status. Research indicates that individuals at CHR may show:  

Reduced semantic density.  

Increased speech graph disconnectivity. 

Altered syntactic complexity. Changes in affective language patterns. Decreased coherence in narrative 

structure.” 

Prompt 3: PSYCHS-based The PSYCHS-based prompt is structured exactly according to how a PSYCHS-based 

clinical screening assessment [52] is conducted. The specific prompt then becomes: 



“Using the Psychological Screening for Clinical High Risk (PSYCHS) interview protocol, evaluate this 

individual’s CHR status. The PSYCHS assessment focuses on: Domain 1: Positive Symptoms (Attenuated) P1: 

Unusual thought content/delusional ideas P2: Suspiciousness/persecutory ideas P3: Grandiose ideas P4: 

Perceptual abnormalities/hallucinations P5: Disorganized communication Domain 2: Negative Symptoms N1: 

Social anhedonia N2: Avolition N3: Expression of emotion N4: Experience of emotion and self N5: Ideational 

richness N6: Occupational functioning Domain 3: Disorganization D1: Odd behavior/appearance D2: Bizarre 

thinking D3: Trouble with focus and attention D4: Personal hygiene.” 

To ensure reproducibility and consistency across models and prompt conditions, outputs are constrained to a 

predefined format. The full prompts are provided in the supplementary materials. 

4.3.2. LLM-as-a-judge 

We evaluated two state-of-the-art large language models spanning different model scales—OSS-20B (small) and 

OSS-120B (medium), to examine how model capacity and architecture influence performance. This selection 

enables both within-family comparisons across OSS models of increasing size and cross-family comparisons 

between OSS and LLaMA models, allowing us to assess potential architectural or training-related differences, 

including model self-preference effects. 

In line with prior work [48, 19], we employ an LLM-as-a-judge framework for automated hallucination 

detection. Under this paradigm, a large language model is first provided with a concise description of the evaluation 

task, including the definition of hallucination and the criteria to be applied. T he model is then prompted to review 

a given system input–output pair and to assess whether a hallucination is present, and if so, to classify the 

hallucination according to a predefined taxonomy. Each LLJ is given the following instruction: 

“Please analyze whether the response contains any of the following hallucinations: (A) Diagnostic 

hallucination occurs when the model infers clinical or psychological diagnoses without sufficient evidence. (B) 

Factual hallucination occurs when the model invents facts, references, or entities that do not exist in the real 



world. (C) Incontext hallucination occurs when the output conflicts with explicit information present in the 

provided prompt or document. (D) Reasoning hallucination occurs when the model demonstrates fabricated or 

incorrect intermediate reasoning steps or justifications. ” 

To ensure consistency and machine-readable outputs, the LLM is instructed to return its judgments in a 

structured, prespecified format (e.g., categorical labels). This approach enables scalable, reproducible evaluation 

while minimizing postprocessing ambiguity. The complete prompt specification and formatting instructions are 

provided in the supplementary materials. 

4.4. Hallucination Annotation 

Importantly, LLM-generated judgments are not treated as ground truth. Instead, they are evaluated against human 

annotations to quantify human–LLM agreement and to assess the reliability of automated hallucination detection. 

To support a systematic and reproducible evaluation, we recruited four trained student annotators to label model 

outputs. Annotators received an overview of the study objectives and completed annotation training prior to the 

labeling task. Each annotator evaluated model outputs along two dimensions: (i) whether an LLM hallucination was 

present, and (ii) if present, the specific type(s) of hallucination exhibited in alignment with established hallucination 

taxonomies [64, 65, 66]. A summary of these definitions is provided in Table 1. 

4.5. Results evaluation 

Agreement was evaluated using both Cohen’s κ and Krippendorff’s α across all comparison settings, including 

human–human, model–model, and human–model evaluations. For each pairwise comparison, agreement was 

quantified using Cohen’s κ, Agreement strength was interpreted using standard benchmarks (moderate: 0.40–0.60; 

substantial: 0.60–0.80; almost perfect: ≥ 0.81). In parallel, Krippendorff’s α was computed for each comparison 

setting to assess reliability under more general conditions, including variable numbers of raters, nominal-scale 

labels, and potential missing annotations. Following established psychometric guidelines, α values ≥ 0.80 indicate 

strong agreement suitable for reliable inference; values between 0.67 and 



0.80 reflect moderate agreement appropriate for exploratory analyses; and values below 0.67 indicate insufficient 

reliability. Cohen’s κ and Krippendorff’s α capture complementary aspects of reliability: Cohen’s κ provides an 

interpretable pairwise measure aligned with prior LLM evaluation work [67], whereas Krippendorff’s α offers a 

more general reliability estimate that is robust to differing rater sets and missing data. Reporting both metrics 

therefore mitigates metric-specific biases and strengthens the robustness of our reliability assessment. 

4.6. Qualitative Evaluation 

To complement the quantitative results, student volunteers were asked to provide qualitative evaluations of the 

outputs. We conducted an inductive qualitative analysis to synthesise these responses, broadly following the 

Thematic Analysis framework [68]: 1) familiarisation with data, 2) creating initial codes, 3) searching for themes, 

4) reviewing the themes, 5) defining and naming the themes, and 6) creating a report. The analysis was developed 

iteratively through multiple passes over the data and refined through discussion between the authors. We consider 

the sample size adequate for Thematic Analysis, as data saturation was reached [69], and the research question 

outlined in Section 1 was sufficiently addressed [70].  
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Supplementary Material 

Inclusion vs. Exclusion Criteria 

The inclusion criteria for all participants as follow: All participants must be (i) aged between 12-30 years inclusive, 

(ii) understand and sign the informed consent/assent, (iii) meet either CHR or CC criteria. The exclusion criteria for 

all participants is as follow: (i) Antipsychotic medication exposure equivalent to a total lifetime haloperidol dose of 

> 50 mg, estimated based on available information (e.g., medical file documentation, patient and family report) or 

current antipsychotic medication at time of baseline assessment. (ii) Documented history of intellectual disability. 

(iii) Past or current clinically relevant central nervous system disorder. When necessary, research assistants will 

consult with study team investigators (including medical personnel) to determine if the central nervous system 

disorder is deemed to be clinically relevant. (iv) Traumatic brain injury that is rated as 7 or above on the Traumatic 

Brain Injury screening instrument. (v) Current or past psychotic disorder, verified using the SCID. 

NLP Features 

 Name Cohen’s 

d 

CC CHR 

1 Adverb usage ratio 0.572*** 0.07 0.06 

2 Date entity references 0.508*** 14.79 10.92 

3 Adjectival modifier 

ratio 

0.410*** 0.02 0.02 

4 Compound structure 

ratio 

0.386** 0.01 0.01 

5 Geographic entity 

count 

0.376** 5.43 2.80 



6 Number usage ratio 0.361** 0.03 0.04 

7 Case marking ratio 0.342** 0.05 0.04 

8 Adverbial modifier 

ratio 

0.339** 0.07 0.07 

9 Average sentence 

length 

0.336** 12.57 11.42 

10 Organization 

References 

0.327** 3.06 2.12 

11 Positive Sentiment 0.322** 0.03 0.02 

12 Adverb Count 0.314** 273.55 245.76 

13 Word Length 

Variability 

0.302** 2.50 2.56 

Table 4. OPEN Interview Transcripts: Top 13 features used in our experiments which survived Bonferroni 

corrections. *** p<0.001, ** p<0.01, * p<0.05. CC: community control. CHR: Clinical high risk. 

 Name Cohen’s 

d 

CC CHR 

1 Type-Token Ratio 1.65*** 0.183 0.14 

2 Prop of Nouns 1.46*** 0.143 0.12 

3 Prop of 

Conjunction 

Dependencies 

1.32*** 0.027 0.02 

4 Average Word 

Length 

1.28*** 3.720 3.54 



5 Variability in Word 

Length 

1.19*** 2.997 2.82 

6 Prop of 

Determiners 

-1.02*** 0.042 0.05 

7 Prop of Adverbs 

Modification 

-1.01*** 0.045 0.05 

8 Prop of Adverbial 

Modifications 

-

1.003*** 

0.045 0.05 

9 Prop of Determiner 

Dependencies 

-

0.976*** 

0.042 0.05 

10 Prop of Auxiliary 

Verbs 

0.972*** 0.058 0.05 

11 Unique Adverb 

Count 

-

0.956*** 

89.8 156.89 

12 POS: Pronoun 

Ratio 

-

0.945*** 

0.096 0.11 

13 POS: Determiner 

Count 

-

0.921*** 

83.75 146.52 

14 Dependency: 

Nominal Subject 

Ratio 

-0.92*** 0.071 0.08 

15 NER: Date Count -

0.907*** 

9.54 24.54 

16 POS: Number Ratio 0.865*** 0.070 0.06 



17 POS: Pronoun 

Count 

-

0.863*** 

190.1 314.69 

18 POS: Punctuation 

Count 

-

0.834*** 

623.8 933.19 

19 Number of Words -

0.829*** 

1980 2944.02 

20 Number of Tokens -

0.821*** 

1969 2908.82 

21 POS: Interjection 

Count 

-

0.821*** 

145.64 215.47 

Table 5. PSYCHS Interview Transcripts: Top 21 features used in our experiments which survived Bonferroni 

corrections. *** p<0.001, ** p<0.01, * p<0.05. Abbreviations: POS: CC: community control. CHR: Clinical high 

risk. Part-of-Speech. NER: Named Entity Recognition. 

Classification LLM full prompts 

Neutral prompt 



 

 

NLP-based prompt 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

PSYCHS-based prompt 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



LLM-as-a-judge full prompt 

 

 

 

 

 

 

  

 

  

 

  

 

  

 

   

   

  

 

   

   

 

 

  

  

 

  

 

 

 


