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Abstract

Convolutional Neural Networks (CNNs) are the standard models for neuroimaging anal-
ysis, but their opacity hinders clinical adoption. While Large Language Models (LLMs)
offer a potential solution to translate CNN outputs as human-readable impressions, their
reliability remains questionable. In the context of Alzheimer’s Disease (AD) detection, we
introduce a framework that computes CNN-based brain morphology scores and leverages
a rule module for summarization. Using an LLM, conditioned on diagnostic guidelines via
Retrieval-Augmented Generation (RAG), we generate explanatory justifications of pathol-
ogy detected. To assess the impact of hallucinations, we propose a taxonomy that considers
generated justifications as falsifiable claims. Manual evaluation on 30 reports shows that
hallucinations remain substantial. In the pathological cases, from 34-50% of claims were
incorrect. Our feasibility study shows that integrating rule-based guardrails with RAG
improves auditability but fails to sufficiently mitigate hallucinations.

Keywords: LLM, Radiological Impressions, Dementia, MRI, RAG, Hallucination

1. Introduction

CNNs are widely used in medical imaging for diagnosing neurodegenerative diseases, and
have shown strong performance in identifying pathological MRI patterns (Alsubaie et al.,
2024). Correspondingly, LLMs offer promise in generating human-readable explanations
(Zhou et al., 2025; Tian et al., 2023), but as they often hallucinate, their usability in clinical
practice remains uncertain (Hager et al., 2024). In our feasibility study, we present a hybrid
framework that integrates clinical domain knowledge with LLMs to generate radiological
impressions of disease detection based on structural MRIs (see Figure 1).

Since no public dataset jointly contains MRI scans and corresponding radiologist re-
ports, we first generated rule-based pathology summaries using morphological rules. The

© 2026 CC-BY 4.0, D. Singh et al.
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Figure 1: A framework including CNN detection, rule-based templates, and a RAG-
grounded LLM for automated guideline-driven impression generation

summary structure was validated by expert radiologists before being used to generate MRI
impressions. We assess if the use of a RAG module to ground LLM responses in diagnostic
guidelines can improve reliability. Our study evaluates the feasibility of end-to-end MRI-
based radiological summary generation and whether a rules-plus-RAG approach produces
guideline-consistent diagnostic justifications.

2. Methods and Results

We analyzed 3,433 MRIs from multiple cohorts: 47% cognitively normals (CN), 33% with
mild cognitive impairment (MCI), 16% with Alzheimer’s disease (AD), and 4% with fron-
totemporal dementia (FTD) (App A). FastSurfer segmented scans into neuroanatomical
regions and estimated gray-matter volumes and cortical thickness, which were adjusted for
age, sex, and brain size to produce W-scores, a covariate-adjusted form of z-score reflect-
ing deviation from the expected distribution. A previously developed rule-based system
summarized each patient’s abnormalities by retaining regions with W-scores > 25D and
collapsing subregions into higher-level structures to reduce verbosity, yielding templated
text with graded severity (mild/moderate/strong) labels (Singh et al., 2025a). Structured
findings were translated into clinically grounded justifications using LLMs via RAG, with
prompts engineered to emulate radiologist-style reports. The RAG module was conditioned
on four NIA-AA diagnostic recommendation papers (Jack Jr et al., 2024) and the Ger-
man Neurological Society’s (DGN) diagnostic guidelines (DGN e. V. and DGPPN e. V.,
2025). The prompts cast the model as a “radiology trainee” to encourage clear, didactic
explanations (App. B). We propose a reporting structure where each impression begins
by reiterating findings, followed by guideline-based justifications and then lists limitations
(App. C). The source code of our framework is available via GitHub'.

Clinical correctness was evaluated by manually measuring hallucinations in 30 repre-
sentative patients across disease spectrum. In a micro-averaged analysis, each claim was
evaluated for citation presence, information source, and overall claim correctness, yielding
seven scenarios: (1) No hallucination: cited, RAG-grounded, true claim; (2) Attribution

1. GitHub repository: https://github.com/DhanushBabul8/MRIs-to-Radiological-Dementia-Reports/
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AD (N=10) MCI (N=8) CN(N=4) FTD(N=8) Macro

Hallucination case (u=63) (u=43) (u=22) (u=37) Averages
No hallucinations 39.7% 44.2% 77.3% 60% 50.4%
Attribution error? 14.3% 4.7% 18.2% 5.4% 10.3%
Contradiction hallucinations 23.8% 27.9% 4.5% 27.0% 23.0%
Reference hallucinations 4.8% 20.9% 0.0% 8.0% 9.1%
Extrinsic hallucinations 0.0% 2.3% 0.0% 0.0% 0.6%
False reference hallucinations 3.2% 0.0% 0.0% 0.0% 1.2%
Pure fabrication 14.3% 0.0% 0.0% 0.0% 5.4%

error: uncited, rag-grounded, true claim; (3) Contradiction hallucination: cited, RAG-
grounded, false claim (e.g., misinterpretation of the source); (4) Reference hallucination:
cited, from unknown source, true claim (i.e., fabricated citation); (5) Extrinsic hallucina-
tion: uncited, from unknown source, true claim; (6) False reference hallucination: cited,
from unknown source, false claim (i.e., fabricated citation attached to a false claim); (7)
Pure fabrication: uncited, from unknown source, false claim. Collectively, these categories
define our falsifiable hallucination taxonomy for RAG systems (App. D).

We tested several open-source LLMs and performed manual assessments of coherence.
Instruction-tuned models best fit our needs, reliably following explicit instructions, whereas
medically fine-tuned models under 30B parameters often failed to respond or produced
clinically unhelpful outputs (App. E). Among general-purpose models, Mistral-Instruct
and Llama-Instruct variants were notably coherent, and Qwen showed strong reasoning but
was harder to control. We therefore selected the quantized Llama-3 70B Instruct model
for our framework. Using our hallucination taxonomy, we report hallucination rates for
representative patients of each disease type and stage, in the table above.

3. Discussion

We combine W-scores for brain morphology analysis, rule-based neuroanatomical abstrac-
tion, and RAG to generate pathological impression reports. Despite grounding the gener-
ation in medical guidelines, hallucinations? remain common (46% AD, 51% MCI claims).
The prevalence of contradictions and reference hallucinations underscores the need to ex-
plore more advanced reasoning models and curate more comprehensive RAG sources. Cog-
nitively normal cases showed far fewer hallucinations (4.5%). Existing RAG hallucination
mitigation frameworks (Es et al., 2024; Asai et al., 2024), do not systematically characterize
how citation behavior, information source, and claim correctness jointly shape hallucination
modes (App. F compares it with prior taxonomies). We address this with a RAG-tailored
hallucination taxonomy and, to our knowledge, the first end-to-end pipeline for automated
radiological impression generation from MRI scans, demonstrating automation potential
while underscoring the need for human oversight in using open-scource LLMs.

2. Attribution errors were not counted as hallucinations, since the underlying uncited claims still correctly
reflected the diagnostic guidelines provided as RAG sources.
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Appendix A. Data Cohort Description

In this study, we utilized the normative models developed in our previous work (Singh et al.,
2025b), which were trained using T1-weighted volumetric MRI scans from seven data co-
horts: the Alzheimer’s Disease Neuroimaging Initiative (ADNI; phases ADNI2 and ADNI3),
the Australian Imaging, Biomarker and Lifestyle Flagship Study of Ageing (AIBL), the
DZNE Longitudinal Study on Cognitive Impairment and Dementia (DELCODE), the Euro-
pean DTI Study on Dementia (EDSD), the DZNE Clinical Registry Study on Frontotempo-
ral Dementia (DESCRIBE-FTD), and the Frontotemporal Lobar Degeneration Neuroimag-
ing Initiative (FTLDNI), also referred to as the Neuroimaging Initiative in Frontotemporal
Dementia (NIFD). In total, the study comprised 3,433 MRI scans. Demographic character-
istics across diagnostic groups are summarized in Table 1.

Table 1: Demographic and clinical characteristics by diagnostic group. Values are mean
+ SD. CN, cognitively normal; MCI, mild cognitive impairment; AD, Alzheimer’s
disease dementia; FTD, Frontotemporal dementia; MMSE, Mini-Mental State Ex-

amination.
CN MCI AD FTD
Variable (N =1625) (N=1132) (N=549) (N =127)
Age (years) 70.4+£7.6 72574  741£77 62.8+8.2
MMSE score 29.1+1.1 27620 222£42 23.7+5.7
Education (years)  15.7£3.0 15.3£32 13.8+39 14.7+3.3
Sex (F/M) 922 / 703 504 / 628 280 / 269 45 / 82
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Appendix B. Prompt Structure

This appendix shows the prompt used (see Fig.2) to generate structured radiology sum-
maries from rule-based template pathology summaries (see Fig.3) as input text. In this
setup, the model is constrained to act as a trainee radiology assistant with access only to
the diagnostic guideline documents and a clinical significance file (a json file highlighting
each regions clinical and functional use). The LLM is instructed to (1) produce a struc-
tured FINDINGS section summarizing regional abnormalities and W-scores, (2) generate
a guideline-based, multi-paragraph IMPRESSION relating patterns and severity to estab-
lished biomarker and staging frameworks, and (3) attach explicit filename-based citations
to every claim, marking unsupported statements with “Not supported in available sources”
and forbidding any use of outside knowledge.

mmendations from the National Institute on Aging-Alzheimer s.pdf

ia due to Alzheimer s dise

ndations from the.pdf

- Albert - The diagnosis of mild cognitive impairment due to Alzheimer s

ase.pdf
- Jack - NIA-AA Research Framework Toward a biological definition of Alzheimer s disease.pdf
5. DGN Guidelines Diagnosis.pdf

6. Clinical_Significance.json

If a clain is not explicitly supported in one of these documents, say:
“[Not supported in available sources]”.
Do NOT use outside knowledge or make assumptions.

PATIENT FINDINGS:
{Patients_findings}

TAsK:

1. Write **FINDINGS**: summarize abnormalities with W-scores. For each region,specify the pattern, severity, and w-scores, and briefly discuss the potential clinical and pathophysiological relevance, citing one of the six sources by filename.

n. If no document supports it, clearly state: “Not supported in available sources.”

Do NOT cite anything outside the five listed documents. Do NOT invent facts.
OQUTPUT FORMAT

FINDINGS :

IMPRESSION

[TMPORTANT ]Show step by step bef
[REMEMBER]Only use the documents to

o not claim anything outside the documents

Figure 2: Prompt template used in the study, constraining the model to predefined diagnos-
tic guidelines while generating structured findings and impression sections with
instructions to cite references.

Vioderate pathology in atrophied Left Temporal Lobe (volume w-score: -2.86, CNN relevance w-score: -4.69, cortical_thk w-score: -2.95)
Mild pathology in atrophied Right Inferior Temporal (volume w-score: -2.21, CNN relevance w-score: -2.65 , cortical_thk w-score: -2.20)
\iild pathology in enlarged Left Inf-Lat-Vent (volume w-score: 3.02, CNN relevance w-score: -2.39)

Figure 3: Example of the rule-based template text provided to the LLM. The template
comes from a rule-based system that summarizes abnormalities by keeping re-
gions with W-scores > 2SD and merging subregions into higher-level structures,
producing concise, severity-graded pathology descriptions.
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Appendix C. LLM impression responses for each disease type

Figures 4-7 present LLM-generated impression summaries for representative Alzheimer’s
Disease (AD), Mild Cognitive Impairment (MCI), Cognitively Normal (CN), and Fron-
totemporal Dementia (FTD) cases, with claims marked as non-hallucinated (green) or hal-

lucinated (red).

Case 1: Cognitively Normal (CN)

FINDINGS
- No abnormalities or pathology present.
IMPRESSION:
The patient's do not show any evidence of atrophy or Res
Framework, i used to assess the d severity of Alxhelmers P (Alzhe-mrs Dementia-
2018 - Jack - NIA-AA Research Framework Toward a biological definition of Alzheimer s disease.pdf). However, i this case, there are
no indicate any ges.
i biomarkers preclinical, early and late ic (Alzhei

s Dementia - 2018 - Jack - NIA-AA Research Framework Toward 2 biologicaldefintion of Alzheimer s disease.pdf). Since there are no

present, the patient's results do not fit into any of
The absence of atrophy or the patient' imagi that there is

disease at this time. However, it is essential to note e A s necessarily rule out the possibility of
disease.

Clinical signif the regi be discussed as there are it in the patient’

No Hallucination

B otcination

Figure 4: Cognitively Normal

Case 3: Alzheimer’s disease (AD)

FINDINGS:
- Left Temporal Lobe: Moderate pathology with volume w-score: 1 85, relevance w-score: -4.68, cortical thickness w-score: -2.95. e
pattern of atrophy is moderate, with a d thickness, which may.
neurodegenerative changes. (Alzheimer s Dementia - 2011 - Alben “The diagnosis of mild cognitive impairment due to Alzheimer s
disease.pdf)
- Right Temporal Lobe Mild pathology with volume w-score: -2.79, cortial thckness w-score: -2.7. The pattern of atrophy is mild, with a
volume , which may also ges. (Alzheimer s Dementia
-2011 - Albert - The m.gmu of mil i to Alzheimer s di df)
IMPRESSION:

(Alzheimer s

Amrdlngmtha NIA-AA Re:
Dementia - 2018

before the on:

of symptoms. (Alzheimer s Dementia -

NIA-AA Research Framework Toward a biological definition of Alzheimer s disease.pf)
~The pattern and severity of atrophy observed inthis case may be indiative of an underlying neumde‘enemlve process, which could
p for and other However, it gs do not
(Alzheimer i 1- Albert - The di mnld impair due to

Alzheimers disease.pdf)

No Hallucination

I ocination

Figure 6: Alzheimer’s Disease

Case 2: Mild Cognitive Impairment (MCI)

FINDINGS:
- Moderate pathology in atrophied Left Temporal Lobe: (volume w-score: -2.18, relevance w-score: -5.13, cortical thickness w-score: -
227)

IMPRESSION:

p in the Left Temporal
- 2018 - Jack - NIA-AA Research Framework Toward a biological definition of Alzheimer s disease.pdf).

(Alzheimer s Dementi

atrophy in the Left be indicative of h as Alzheimer's
isease (Azheimer s Dementia - 2011.- Mckhann - The diagnoss of & due to Alzheimer
the.pdf).
~The Left involved i for v
(Clincal, in this region may be

No Hallucination

I Hallucination

Figure 5: Mild Cognitive Impairment

Case 4: Frontotemporal dementia (FTD)

OUTPUT:

FINDINGS:

- Left Middle Temporal: mild atrophy, volume w-score: -2.51, cortical thickness w-score: -2.29, potentially related to
mild cognitive impairment (Albert, 2011).

IMPRESSION:

e
clinical significance of the atrophy in the Left Middle Temporal region i related to cognitive decline, as this region is
involved in memory and cognitive functions (Clinical_Significance.json).

No Hallucination

I Hallucination

Figure 7: Frontotemporal Dementia
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Appendix D. Hallucination Scenarios

This appendix provides illustrative examples of various hallucination type defined in our
falsifiable RAG taxonomy. The following samples demonstrate how citation absence, in-
formation source, and claim correctness interact to produce distinct error categories. We
highlight non-hallucinated (green) or hallucinated (red) claims. See Figures 8-13.

Type 2 Att
FINDINGS:

n Error (uncited, rag-grounded, true statement)

~Right
(Mckhann, 2011),
IMPRESSION:
~The observed inthe Right Temporal neuroimaging biomark fically a measure of
neurodegeneration (Jack, 201)

- The severity of the atrophy, as indicated by the w- that the ch:

(1ack, 2018),

- The pat

Figure 8: Attribution Error

Type 5: Reference hallucination (cited, from unknown source, true statement, i.e., fabricated citation attached to a true claim)
FINDINGS:

- Left Amygdala: Moderate pathology with volume w-score: -3.39, relevance w-score: -2.96, cortical thickness w-score: not available. The atrophy in
the et amygdala may e relted o emotonal prcessing and memary asthe amysdla s nvolved  he precesing of emotional information
(iheimer s Dementia - 2011

5
not available. The atrophy

3 55,
I the eft hppocampus may be related to memry formation and the hippocampus is
memories (Alzheimer s Dementia - 2011 - Mckhann - The diagnosis of dementia due to Alzheimer s disease Recommendations from the.pdf).

IMPRESSION:

neurodegenerative disease, as described in the NIA-AA Research Framework (Alzheimer s Dementia - 2018 - Jack - NIA-AA Research Framework
Toward a biological definition of Alzheimer s disease.pdf).

~The d lalrophv inthe et amygisaand e , such as Alzhel
disease. The be related o (Alzhelmer s Dementia - 2011 - Mckhann - The
diagnosis of Raheimer s dsease from the.pef).

Figure 10: Reference hallucination

Type 7. False reference Hallucination (cited, from unknown source, false statements, i.e., fabricated ci

ion attached to a false claim)

FINDINGS:
et Tompcal e M puthclogy wth vl wcore 2.7, et wacoe: .66, cortia hcknas woeee: 201 Toagattamof rcphy
mild, witha be Albert - The diagnosis of
mild cognitive impairment due to it ).
-Right 57, labl 70. The pattern of
atrophy is strong, with a severe level of atrophy, and may be (Alzheimer s Dementia - 2011 - McKhann -
Alzheimer the.pd).
IMPRESSION:
inthe left and Alzheimer's disease, as

describe inthe NIA-AA Research Framework (Alzheimer s Dementia - 2018 -ack - NIA-AA Research Framework Toward a biologcal defntion of
Alzheimer s disease.pdf).

~The severity of the atrophy in the right temporal lobe, score of .

in the NIA-AA Research Framework (Alzheimer s Dementi

AA Research

ack - N

Framework Toward a biological definition of Alzheimer s disease.pdf
~Th P and with lobe.
howin 's disease, as described in the NIA-AA Research Framework

(Alzheimer s Dementia - 2018 - Jack - NIA-A Research FramewnrkYewardabmln(lu\deﬂm(\nnalmxhe\mersd\seampd!)

Figure 12: False reference Hallucination

Type 3: Contradiction Hallucination (cited, rag-grounded, false statement, i.e., misinterpreted cited source)

FINDINGS:
- Left Amygdala: Moderate patholog) -score: -3.39, 2.6, wescore: not available. The atrophy in
the left o emotional pr /a5 the amygdala motional information
(Alzheimer s Dementia - 2011 - Jack \nlmducnnn to me mcemmendanons from the National Institute on Aging-/ A\zhe\mev s.pdf).

ferate pathology -scor .35, sodal thekness v scne: ot sl Thearapy
Inthe lefth be related to is v

new
memories (Alxhelmersnemenua 2011 - Mekhann meu\agnes\swemennaduuomm\mersa.sease Recommendtions fom the.pa

MPRESSioN:
~The ob: in the left amygdala category. Alzheimer's disease,
as described in the NIA-AA Research Framework (Alzheimer s Dementia - 2018 - Nt e Framework Toward a biological definition of
Alzheimer s disease.pdf). The framework classifies such changes as indicative of neurodegenerative disease.

~The pattern and severity of atrop! dala and disease, such as Alzhei
disease. The atrophy in these regions Dementia - 2011 - Mckhann - The
diagnosis of dementia due to Alzheimer s disease Recommendations from the. ndl)

Figure 9: Contradiction Hallucination

Type 6: Extrinsic hallucination (uncited, from unknown source, true statements)

FINDINGS:
- Right Temporal Lobe: Mild score: 2.72, -score: -2.11. The observed atrophy in the right temporal lobe.
may be indicative 2 s Dementia - 2011 - Jack - Introduction
tothe

s.pdf).
- Left Temporal Lobe: Mild Dathulungl(h Volume w-score: -2.47, relevance w-score: -2.30, cortical thickness w-score: -1.99. The atrophy in the left
temporal lobe, p: . P
Aiheimer'sdisease (Alheimer s Dementi - 2011 - McKhann - Th diagnosisof dementia due 1o Alzheimer s disease Recommendations from
the pdf)

IMPRESSION

temporal lobes can be classified i fcall
Alzheimer's disease (Alzheimer s Dementia - 2011 - Jack - Introduction to
5.pdf). According to the framework, these changes can be indicative of early or preclinical stages of the disease (Alzheimer s Dementia - 2018 - Jack -
NIA-AR Research Framework Toward a biological definition of Alzheimer s disease. pdf).

The mild atrophy in poral lobes individual may preclinical stage of
i (Alzheimer s Dementia - 2018 - Jack - NIA-AA.

disease,
Research Framework Toward a biological definition of Alzheimer s disease.pdf).

‘The pattern of atrophy i be indicative of Alzheimer's disease, as this region is
Commanly affected  the isease (Nsheimer + Dementia- 2011 M:Kharm ‘The diagnosis of dementia due to Alzheimer s disease
Recommendations from the.pdf).

Figure 11: Extrinsic hallucination

Type 8: Pure fabrication (uncited, from unknown source, false statements)
o

68, wescore: -2.95. The pattern of
zmwhv is moderate, with a significant reduction in volume and cortical thickness, which may be indicative of neurodegenerative changes. (Alzheimer
s Dementia - 2011 - Albert - The diagnosis of mild cognitive impairment due to Alzheimer s disease.pdf)

- Right Mild pathology 279, core:-2.77. The pattern of atrophy s mild, with a moderate.
reduction ) (Alzheimer s Dementia - 2011 - Albert - The
diagnosis of mild cognitive impairment due to Alzheimer s disease.pdf)

IMPRESSION:
rding to
the NI&A Research Framewor, i thology. (Alzheimer s Dementia - 2018 - Jack -
h Framework Toward a Alzheimer s disease.pdf)
- y of the atrop! in this case may. an early or , as th
anges can occur symptoms. (Alzheimer s Dementia - 2018 - Jack - NIA-AA Research Framework

Tovard  biloica ennionof anpeimer - dessapd

in this case may
s o g decine s oter gl v, Howerer b eertol e ke s e o ety 333
specific disease. (Alzheimer s Dementia - 2011 - Albert - The diagnosis of mild cognitive impairment due to Alzheimer s disease.pdf)

Figure 13: Pure fabrication
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Appendix E. Hallucinations with medically fine tuned LLM

In this section, we present the hallucination rates for Qwen-3 32B Medical Reasoning (4-bit
quantized), a medically fine-tuned large language model (See Table 2). These results allow
us to evaluate how domain-specific tuning affects reliability across multiple failure modes.
For context, we compare these outcomes to those of the Llama-3 70B Instruct model,
which we selected as our default baseline. Relative to this baseline, Qwen-3 32B Medical
Reasoning shows a substantial increase in hallucination rates. For the same set of repre-
sentative patients, hallucinations® rose to 52.4% (a 6% increase) for AD patients, 68.9% (a
17.8% increase) for MCI patients, and 72.3%, representing the largest increase of 37.7%,
for FTD patients. These findings indicate that, contrary to our expectations, the medical
fine-tuning did not yield performance improvements for our use case. Instead, the results
suggest that model size remains a critical determinant of reliability, and in our experience,

larger-parameter models consistently perform better.

Table 2: Measured hallucination rates for Qwen-3 32B Medical Reasoning LLM. N denotes

sample size; u denotes evaluated claims.

AD (N=10) MCI (N=8) CN(N=4) FTD(N=8) Macro

Hallucination case (u=63) (u=43) (u=22) (u=37) Averages
No hallucination 46.0% 29.5% 70.0% 27.7% 40.8%
Attribution error® 1.6% 1.6% 30.0% 0.0% 5.0%
Contradiction hallucination 42.9% 24.6% 0.0% 30.8% 29.7%
Reference hallucination 1.6% 36.1% 0.0% 32.3% 17.3%
Extrinsic hallucination 4.8% 3.3% 0.0% 1.5% 3.0%
False reference hallucination 0.0% 0.0% 0.0% 1.5% 0.3%
Pure fabrication 3.2% 4.9% 0.0% 6.2% 3.9%

3. Attribution errors were not counted as hallucinations, since the underlying uncited claims still correctly
reflected the diagnostic guidelines provided as RAG sources
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Appendix F. Validating Hallucination Taxonomy

To contextualize and validate our hallucination taxonomy, we compare it with the framework
proposed by Huang et al (Huang et al., 2025). Their survey offers a broad categorization
of hallucinations in LLMs, largely assuming a stand-alone generation setting. In contrast,
our taxonomy defines hallucinations as falsifiable scenarios arising under RAG, yielding a
more operational framework for high-risk, evidence-grounded applications.

Several of Huang et al.’s categories map directly onto our taxonomy. Their contra-
diction errors correspond to our contradiction and contertual hallucinations, while factual
fabrication decomposes into false reference hallucinations and pure fabrication, depend-
ing on citation behavior. This correspondence indicates conceptual convergence, with our
framework resolving these errors into RAG-specific, operationally distinct cases.

A key conceptual difference lies in the treatment of extrinsic hallucinations. While
Huang et al. acknowledge that LLMs may generate true statements sourced outside the
provided context, this case is not included in their final taxonomy. Our framework ex-
plicitly models uncited, externally sourced true claims as grounding violations and further
distinguishes reference hallucinations, where correct statements are paired with fabricated
citations—an error type not addressed by Huang et al. These distinctions show that factual
correctness alone is insufficient for evaluating corpus-grounded generation.

Our taxonomy also has some limitations. Our taxonomy focuses exclusively on factual
grounding under RAG and does not explicitly measure faithfulness hallucinations, such as
instruction inconsistency or logical incoherence as response relevance metrics, which are
addressed in prior work (Huang et al., 2025; Es et al., 2024). Instead, these aspects were
handled indirectly through prompting strategies and rule-based constraints in our pipeline.
Additional limitations include reliance on time-consuming, manual claim-level evaluation
and residual ambiguity in uncited statements, where distinguishing RAG-grounded content
from pretrained knowledge remains challenging.

In summary, our taxonomy complements prior hallucination frameworks by offering a
RAG-specific, falsifiable view of grounded generation errors, while highlighting open chal-
lenges in modeling instruction-level and reasoning-based failures.
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