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Abstract

Hallucination detection in clinical large vision-
language models requires cross-verifying het-
erogeneous evidence, including patient text and
images for faithfulness, and medical knowl-
edge for factuality. However, existing pipelines
either verify these dimensions in isolation or
conflate them into a uniform process, poten-
tially causing evidence misalignment that lim-
its detection precision. Consequently, we posit
that the essence of black-box hallucination de-
tection is an evidence routing problem and
propose MedF2Route, an Evidence-Routed
Graph Verification Framework for both Faith-
fulness and Factuality hallucination detection.
Specifically, it first transforms free-text clin-
ical queries and model responses into struc-
tured graphs, partitioning the response graph
into independent subgraphs to separate patient-
specific grounding from knowledge-based di-
agnostic inference. An evidence-aware rout-
ing and verification mechanism then dynami-
cally dispatches response triplets in these sub-
graphs to their dedicated heterogeneous evi-
dence sources for targeted verification. Exper-
iments on our MedF2Bench diagnostic bench-
mark show that our framework outperforms
state-of-the-art baselines, notably improving
detection precision. Overall, MedF2Route en-
ables professional and precise detection of clin-
ical hallucinations, underpinning the trustwor-
thiness of clinical LVLMs. The code and
data are available at https://github.com/
Agentic-CliniAI/MedF2Route.

1 Introduction

Clinical large vision-language models (LVLMs) are
increasingly deployed for auxiliary diagnostic rea-
soning, yet their reliability remains constrained by
hallucinations. As illustrated in Figure 1, these hal-
lucinations manifest along two dimensions (Huang
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Figure 1: Two types of hallucinations in the context of
heterogeneous multi-source evidence. (a) Faithfulness-
oriented hallucination: the response diverges from
patient-specific evidence, specifically the clinical query
and medical images. (b) Factuality-oriented hallucina-
tion: the response conflicts with established medical
knowledge.

et al., 2025) that require cross-verifying hetero-
geneous multi-source evidence: faithfulness hal-
lucination refers to divergence from patient text
and medical images, while factuality hallucination
denotes discrepancies with external clinical knowl-
edge bases. In clinical practice, these two are of-
ten intertwined, as a clinically coherent diagnosis
must remain grounded in patient-specific evidence
while conforming to established medical knowl-
edge. Therefore, developing a unified hallucination
detector specifically designed for diagnostic sce-
narios is critical to ensuring the trustworthiness of
clinical LVLMs.

Existing detection methods typically employ a
claim-level decomposition pipeline. Specifically,
faithfulness-focused methods prioritize claim-level
alignment with patient-specific evidence through
natural language inference classifiers (Falke et al.,
2019; Laban et al., 2022) or visual grounding
metrics (Gunjal et al., 2024; Guan et al., 2024;
Song et al., 2026). Meanwhile, factuality-oriented
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frameworks decompose generated text into atomic
claims and verify them against external medi-
cal knowledge through retrieval-augmented fact-
checking (Min et al., 2023; Dhuliawala et al., 2024;
Ceccarelli et al., 2025).

However, these approaches largely decompose
responses into isolated claims, thereby fragmenting
the contextual relationships essential for clinical
reasoning, while predominantly evaluating hallu-
cinations along a single dimension. To address
these limitations, GraphEval (Sansford et al., 2024)
attempts to preserve contextual relationships via
graph structures, while UniHD (Chen et al., 2024)
tries to jointly evaluate both dimensions in a uni-
form process. Nevertheless, GraphEval primarily
focuses on unimodal text-grounded faithfulness,
and UniHD aggregates heterogeneous evidence
into an undifferentiated prompt, potentially risking
evidence misalignment. Therefore, a unified de-
tection architecture is required, one that preserves
complex contextual relationships while explicitly
navigating heterogeneous evidence sources.

To address these challenges, we posit that the
essence of black-box hallucination detection is
an evidence routing problem, and we propose
MedF2Route, an Evidence-Routed Graph Verifi-
cation Framework for both Faithfulness and Fac-
tuality hallucination detection. Specifically, it first
transforms free-text clinical queries and model re-
sponses into structured graphs, partitioning the re-
sponse graph into independent subgraphs to sep-
arate patient-specific grounding from knowledge-
based diagnostic inference. An evidence-aware
routing mechanism then dynamically dispatches
response triplets in these subgraphs to their dedi-
cated heterogeneous evidence sources for targeted
verification. Subsequently, a dual-path verification
pipeline assesses each routed triplet for faithful-
ness or factuality by aligning it with the routed
evidence. Finally, a conservative aggregation rule
maps fine-grained triplet-level verification signals
to sentence-level outputs, ensuring that any unsup-
ported clinical relation triggers a hallucination flag.

Experiments on the proposed MedF2Bench vali-
date the effectiveness of MedF2Route across both
faithfulness and factuality hallucination detection
settings. Compared with baselines that often
achieve high hallucination recall at the expense
of precision, MedF2Route achieves notable im-
provements in detection precision and overall F1
score while maintaining a favorable precision-
recall trade-off. Furthermore, its consistent per-

formance across diverse LVLM backbones under-
scores its model-agnostic reliability and strong po-
tential for supporting downstream hallucination
correction.

Our main contributions are as follows:

• We posit that the essence of black-box hal-
lucination detection is an evidence routing
issue and propose MedF2Route, an evidence-
routed graph verification framework for faith-
fulness and factuality hallucination detection.

• We transform free-text clinical contexts into
structured graphs and partition the response
graph into independent subgraphs, which pre-
serves complex contextual relationships while
separating patient-specific grounding from
knowledge-based diagnostic inference.

• We design a novel evidence-aware routing
mechanism that dynamically dispatches re-
sponse triplets to their dedicated heteroge-
neous evidence sources for targeted dual-path
verification.

• We introduce MedF2Bench, a diagnostic
benchmark specifically designed for evaluat-
ing hallucination detection methods. Exten-
sive experiments on this benchmark demon-
strate that MedF2Route significantly outper-
forms state-of-the-art baselines, notably im-
proving detection precision and providing a re-
liable foundation for downstream correction.

2 Method

2.1 Task Formulation

Formally, given a multimodal query X = {xt, xv}
comprising case text xt and medical image xv,
an LVLM generates a response sequence Y =
fLVLM(xt, xv). The response is partitioned into
T sentences Y = {s1, . . . , sT }. Clinical hallu-
cinations in Y manifest along two dimensions:
Faithfulness-oriented hallucinations (claims un-
supported by or contradicted by patient-specific ev-
idence in X), and Factuality-oriented hallucina-
tions (claims inconsistent with established medical
knowledge). Accordingly, we define a hallucina-
tion detector D that maps (X,Y ) to a sentence-
level binary prediction vector:

ẑ = D(X,Y ), ẑ = {ẑ1, . . . , ẑT }, (1)
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Figure 2: Overview of the proposed MedF2Route framework. Given the multimodal query X and the LVLM
response Y as inputs, it first transforms the free-text context into a structured query graph Gxt

and a response graph
Gy = Gqry

y , Ginf
y , where Gqry

y and Ginf
y are the query-following and inference subgraphs, respectively. Next, it

retrieves relevant medical knowledge via multi-hop expansion based on sufficiency verification. Then, dual-path
verification is applied to identify faithfulness- and factuality-oriented hallucinations, respectively.

where ẑt = 1 indicates a hallucination in st and
ẑt = 0 otherwise. The core challenge is to preserve
the contextual relationships inherent in diagnostic
reasoning, which are often fragmented by atomic
claim-level verification, while validating both di-
mensions in the context of heterogeneous multi-
source evidence concurrently in a unified frame-
work.

2.2 Framework Overview

To tackle the aforementioned challenges, in this pa-
per, we theoretically posit that the essence of black-
box hallucination detection is an evidence rout-
ing problem and instantiate D with MedF2Route,
an evidence-routed graph verification framework
for jointly detecting faithfulness- and factuality-
oriented hallucinations in clinical LVLMs. As il-
lustrated in Figure 2, MedF2Route contains four
stages. First, it transforms the case text xt and the
LVLM response Y into a structured query graph
Gxt and response graph Gy (Section 2.3). Second,
it routes each triplet in Gy to the appropriate veri-
fication dimension and evidence source, including
the query graph, medical image, or medical knowl-
edge (Section 2.4). Third, dual-path verification
checks each routed triplet for faithfulness or factu-
ality and assigns a triplet-level hallucination label
(Section 2.5). Finally, triplet-level predictions are
conservatively aggregated into sentence-level out-
puts ẑ, where a sentence is labeled as hallucinated
if any of its constituent triplets is judged halluci-
nated (Section 2.6). The following subsections
detail each stage.

2.3 Clinical Graph Construction
To preserve contextual relationships that are of-
ten fragmented by prior claim-level methods,
MedF2Route represents free-text clinical content as
structured relational graphs. Specifically, the con-
structor G operates as an instruction-guided clinical
relation extractor. G is implemented using the same
backbone as the verifier. Given the case text xt or
response Y , G identifies clinically salient concepts
C and connects them with concise relation labels
to form directed clinical triplets. C encompasses
symptoms, anatomical structures, imaging findings,
diagnoses, procedures, etc. The extractor explicitly
retains negation, certainty, laterality, and severity
attributes when they alter clinical meaning, ensur-
ing that relational semantics are preserved during
structuring.

Formally, each clinical triplet is represented as
r = ⟨ch, ℓ, ct⟩, where ch and ct denote the head and
tail clinical concepts, and ℓ denotes their relation.
The extracted concepts constitute the node set C,
and the clinical triplets constitute the directed edge
set E. As illustrated in Figure 2 (1-1) and (1-2),
the case text and response are mapped to:

Gxt = (Cxt , Ext) = G(xt),
Gy = (Cy, Ey) = G(Y ),

(2)

where Gxt and Gy represent the query and response
clinical graphs, respectively.

2.4 Evidence-Aware Routing
Since each response triplet depends on distinct ref-
erence sources (query text, image, or knowledge

26417



base) and requires dimension-specific verification,
precise routing is essential to allocate it to the corre-
sponding validation pathway and evidence source.
Therefore, we propose the evidence-aware rout-
ing mechanism consisting of two sequential steps.
Formally, we denote the evidence-aware routing
function as ρ:

{
Gqry,txt

y , Gqry,img
y , Ginf,kg

y

}
= ρ(Gy). (3)

Here, Gqry,txt
y , Gqry,img

y , and Ginf,kg
y denote re-

sponse subgraphs routed to text-grounded faith-
fulness verification, image-grounded faithfulness
verification, and knowledge-grounded factuality
verification, respectively.

Specifically, ρ is implemented through two se-
quential routing steps. First, we separate Gy

into two semantically distinct subgraphs: a query-
following subgraph Gqry

y and an inference sub-
graph Ginf

y . Triplets in Gqry
y directly reference

or summarize patient-specific evidence in X , and
are routed to faithfulness verification. In contrast,
triplets in Ginf

y introduce diagnostic deductions,
causal mechanisms, differential diagnoses, or prog-
nostic assessments beyond the explicit query con-
tent, and are routed to factuality verification. This
subgraph partition determines the verification di-
mension: query-following triplets are checked for
faithfulness, while inference triplets are checked
for factuality.

Second, evidence-source routing determines the
corresponding evidence source for verification. For
triplets in Gqry

y , those describing directly observ-
able imaging attributes are routed to the medical
image xv, forming Gqry,img

y , while the remain-
ing faithfulness triplets are routed to the query
graph Gxt , forming Gqry,txt

y . For triplets in Ginf
y ,

the evidence source is set to the reference knowl-
edge subgraph Gref , forming Ginf,kg

y . Specifically,
image-routed triplets in Gqry,img

y describe directly
observable imaging attributes, such as lesion mor-
phology, anatomical location, laterality, or density.
Through these two steps, each response triplet is
assigned both a verification dimension and a con-
crete evidence source. This constrained routing
space reduces cross-dimensional signal interfer-
ence and clarifies the evidence scope for each re-
sponse triplet, providing structured evidence align-
ment for the subsequent verification stage.

(a) Text-grounded Faithfulness Verification (b) Image-grounded Faithfulness Verification

(c) Knowledge-grounded Factuality Verification
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Figure 3: Illustration of dual-path verification with
evidence-specific branches in MedF2Route.

2.5 Dual-Path Verification
Following routing, MedF2Route applies evidence-
specific verifiers to each routed response triplet,
which assess whether the triplet is supported by
its allocated evidence source, producing a triplet-
level hallucination prediction ŷr ∈ {0, 1}, where
ŷr = 1 denotes that the triplet is unsupported by or
contradicted by its routed evidence. This unified
verification process is written as:

ŷr = H(r, Er), Er ∈ {Gxt , xv, Gref}. (4)

where Er denotes the routed evidence source for
response triplet r, and H is instantiated as a prompt-
based VLM backbone, where the prompt is adapted
according to the routing result. Figure 3 illustrates
the evidence-specific branches under the dual-path
verification design.

Faithfulness-oriented Hallucination Detection.
For faithfulness-oriented response triplets, this
pathway determines whether each triplet is sup-
ported by patient-specific evidence. Depending on
the routed evidence source, faithfulness verifica-
tion is performed either against the query graph
Gxt or against the medical image xv. Formally, the
faithfulness verifier is instantiated as:

ŷr =

{
H(r,Gxt), r ∈ Gqry,txt

y ,

H(r, xv), r ∈ Gqry,img
y .

(5)

First, for r ∈ Gqry,txt
y , text-grounded faith-

fulness verification performs subgraph matching
against Gxt . A response triplet r = ⟨ch, ℓ, ct⟩ is
considered supported if its relation is explicitly
present in or semantically entailed by the query
graph through prompted semantic verification, per-
mitting minor lexical variations in concept names
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or relation labels while flagging unsupported or
contradictory assertions. Second, for r ∈ Gqry,img

y ,
image-grounded faithfulness verification performs
visual consistency checking against the medical im-
age xv. A response triplet r = ⟨ch, ℓ, ct⟩ is exam-
ined by comparing its visually assessable finding
or attribute with xv, focusing on directly observ-
able aspects such as presence, anatomical location,
laterality, morphology, contour, density, signal, en-
hancement, size, and spatial extent when applicable.
The triplet is flagged as hallucinated when the im-
age does not support the described visual finding
or attribute, or provides a clear visual contradiction.
In practice, this comparison is implemented by pre-
senting the triplet and the corresponding medical
image xv to a vision-language verifier, which re-
turns a binary hallucination label based on visual
support or contradiction.

Factuality-oriented Hallucination Detection.
In contrast to faithfulness-oriented hallucination
detection, which is grounded in patient-specific ev-
idence, factuality-oriented hallucination detection
must validate whether the triplets are consistent
with established medical knowledge. Therefore,
MedF2Route first constructs a compact reference
subgraph Gref from a local medical knowledge
graph K. The resulting Gref serves as structured
knowledge evidence for factuality verification. For-
mally, the factuality verifier is instantiated as:

ŷr = H(r,Gref), r ∈ Ginf,kg
y . (6)

Specifically, the construction process builds Gref

in three stages. First, the construction process iden-
tifies medically salient concepts from the query and
response graphs as seed nodes. Second, the con-
struction process retrieves one-hop neighbors of the
seed nodes from K and filters out nodes whose em-
bedding similarity to the target context falls below a
threshold δ, where the target context is represented
by all clinical triplets extracted from the query and
response graphs. Third, the construction process
performs coverage-guided multi-hop expansion by
iteratively incorporating frontier nodes that either
help connect the head and tail concepts of factual-
ity triplets r = ⟨ch, ℓ, ct⟩, or introduce KG paths
for judging whether the relation ℓ between ch and
ct is medically supported or contradicted. Expan-
sion terminates when no remaining frontier node
can add a missing head or tail concept, a bridge
concept, or a relevant relation path for any factual-
ity triplet, or when the frontier is exhausted or the

predefined depth budget is reached.
Consequently, based on Gref , the knowledge-

grounded factuality verifier produces a triplet-level
label ŷr for each triplet r ∈ Ginf,kg

y . Here, ŷr = 1
indicates that the biomedical relation expressed by
r is judged unsupported by or inconsistent with the
medical evidence provided by the reference knowl-
edge subgraph. This knowledge-grounded factual-
ity verification complements faithfulness-oriented
detection by verifying medical correctness rather
than direct grounding in patient-specific evidence.

2.6 Granularity Alignment

The final stage maps fine-grained triplet-level ver-
ification signals to sentence-level granularity for
a fair comparison with other detection methods.
Since each response triplet is explicitly anchored
to its source sentence during graph construction,
triplet-level predictions can be aggregated without
introducing sentence-assignment ambiguity. For
each response sentence st, MedF2Route computes
the sentence-level hallucination label via conserva-
tive max-pooling:

ẑt = max
r∈R(st)

ŷr, (7)

where R(st) denotes the set of response triplets
extracted from sentence st. A diagnostic statement
is classified as hallucinated if any constituent clin-
ical relation is unsupported by or contradicted by
patient-specific evidence, or inconsistent with es-
tablished medical knowledge.

3 Experiments

3.1 Benchmark Construction

To evaluate clinical hallucination detection meth-
ods under the diagnostic scenario, we construct a
sentence-level benchmark, named MedF2Bench,
covering both faithfulness- and factuality-oriented
hallucinations. The benchmark is built from Multi-
CaRe (Nievas Offidani et al., 2025), an open-source
multimodal clinical case dataset derived from open-
access case reports. Each case contains clinical
text and associated medical images, which we reor-
ganize into diagnosis-oriented question-answer in-
stances. The benchmark spans five imaging modal-
ities, including CT, ECG, MRI, ultrasound, and
X-ray, supporting rigorous multimodal assessment.

Because identifying fine-grained hallucination
signals in naturally generated clinical LVLM re-
sponses requires substantial annotation effort, and
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manually annotated hallucination datasets may
quickly become outdated as model capabilities
evolve, we follow established controlled and trace-
able construction practices adopted in FactCC,
HaluEval, and MedHallu (Kryscinski et al., 2020;
Li et al., 2023; Pandit et al., 2025) and construct
an evaluation set by introducing targeted sentence-
level errors into diagnostic responses. Specifically,
a model-assisted pipeline rewrites a predefined tar-
get sentence according to a predefined perturba-
tion rule to introduce a controlled hallucination.
The target sentence, binary label, and hallucina-
tion type are therefore fixed by the perturbation
protocol and its construction record. The intro-
duced errors correspond to two clinically impor-
tant dimensions: patient-specific faithfulness er-
rors, where responses add claims unsupported by
the case text or medical image, and medical fac-
tuality errors, where responses contain incorrect
clinical relations, explanations, or diagnostic impli-
cations. Each generated sample is further filtered
for image-text consistency by excluding cases with
missing images, incomplete image information, or
mismatched image–text evidence. The final bench-
mark contains 500 cases, with detailed statistics,
construction procedures, and annotation protocols
provided in Appendix A.

3.2 Experimental Setup

Baselines. On MedF2Bench, we compare
MedF2Route with representative hallucination
detection methods operating with different veri-
fication granularities. We organize the baselines
into three groups: sentence-level detection
methods, claim-level verification methods, and
graph-structured verification methods. Sentence-
level methods include VLM-as-Judge and
SelfCheckGPT (Manakul et al., 2023). Claim-level
methods include FActScore (Min et al., 2023) and
UNIHD (Chen et al., 2024), which decompose
responses into finer-grained claims or atomic
facts before verification. For graph-structured
verification, we include FactSelfCheck (Sawczyn
et al., 2026), which represents responses with
graph-structured intermediate representations for
hallucination detection.

Implementation Details. All methods are eval-
uated on the same MedF2Bench instances and
response sentences, at sentence-level granular-
ity. For deterministic judgment and verification
modules, the decoding temperature is set to 0.0,

while sampling-based baselines follow their origi-
nal sampling settings. For the knowledge-grounded
factuality verification in MedF2Route, we use
LMKG (Yang et al., 2024) as the local medical
knowledge graph because of its broad coverage of
medical entities and relations. Detailed KG prepro-
cessing and retrieval parameters are provided in Ap-
pendix B.2. For baselines that produce claim-, fact-,
or graph-level predictions, we map their outputs
back to sentence-level labels using the same conser-
vative aggregation rule, ensuring that all methods
are compared at the same granularity.

Evaluation Metrics. The main comparison is
conducted under the sentence-level binary halluci-
nation detection setting. We report hallucination-
class precision, recall, and F1-score, together with
overall accuracy and macro-F1 over hallucination
and non-hallucination classes. In the main re-
sults, cases are grouped by the target hallucina-
tion type, i.e., faithfulness-oriented or factuality-
oriented cases, and metrics are first computed
within each case and then averaged across cases
within each group, which we refer to as the case-
averaged protocol.

For ablation studies, we additionally report
routed triplet-level metrics. Joint macro-F1 is com-
puted over all routed response triplets, while Fact.-
branch and Faith.-branch macro-F1 are computed
over response triplets routed to factuality and faith-
fulness verification, respectively. The sentence-
level score in the ablation table is computed over all
cases. This case-averaged protocol prevents cases
with more sentences or response triplets from dom-
inating the results. We additionally report instance-
averaged results, obtained by pooling all sentences
within each subset, in Appendix C.3. Since halluci-
nation detection is class-imbalanced, macro-F1 is
used as the primary overall metric.

3.3 Main Results

Table 1 compares MedF2Route with SOTA halluci-
nation detection baselines on MedF2Bench. Con-
sidering that different baselines operate at different
verification granularities, we unify their outputs at
the sentence level for fair comparison. Experiments
are conducted across three VLM backbones: GPT-
5.4-nano, InternVL-3.5, and Gemini-3.1-flash-lite.

Overall, MedF2Route achieves consistently
strong performance across both hallucination types
on all three VLM backbones, demonstrating its
effectiveness. Specifically, on faithfulness halluci-
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Case
Type Granularity Methods

GPT InternVL Gemini

Hall. Overall Hall. Overall Hall. Overall

P R F1 Acc. Mac.F1 P R F1 Acc. Mac.F1 P R F1 Acc. Mac.F1

Faith-
fulness

Sentence-level
VLM-as-Judge 29.79 61.33 37.76 64.01 53.67 27.44 36.00 29.85 78.44 57.74 31.13 76.89 42.30 57.27 51.44

SelfCheckGPT 20.24 48.00 26.41 53.87 43.13 19.65 79.82 30.76 28.12 24.51 21.13 92.44 34.03 25.81 22.50

Claim-level
FActScore 20.47 70.22 30.97 38.60 34.60 17.00 18.57 16.17 72.84 49.73 19.49 44.44 25.81 58.47 47.84

UNIHD 24.83 91.96 37.74 36.60 32.21 16.40 49.78 23.26 54.42 39.30 23.80 76.96 35.51 45.39 40.40

Graph-structured
FactSelfCheck 21.02 99.11 34.63 21.99 18.57 20.71 98.22 34.15 21.96 18.20 20.27 89.33 32.88 25.10 22.40

MedF2Route 36.68 66.67 45.03 67.44 59.64 44.85 56.00 48.33 79.73 67.20 46.20 73.78 54.61 76.46 68.58

Factu-
ality

Sentence-level
VLM-as-Judge 42.96 84.73 54.11 68.13 62.76 32.98 41.45 35.30 78.75 60.53 43.04 91.64 55.53 64.27 61.12

SelfCheckGPT 42.94 86.18 53.55 63.36 59.19 25.97 98.18 39.89 32.63 29.43 25.38 100.00 39.56 30.58 27.57

Claim-level
FActScore 25.46 80.36 37.36 42.87 39.12 31.92 36.29 30.78 73.58 56.95 26.20 57.80 33.99 59.86 51.95

UNIHD 29.73 96.70 43.59 41.41 38.24 27.25 61.82 35.43 60.89 50.01 33.09 84.27 45.02 51.99 48.67

Graph-structured
FactSelfCheck 21.63 99.27 35.42 22.40 18.80 21.52 100.00 35.37 21.76 18.01 22.22 97.45 36.04 25.64 22.57

MedF2Route 48.40 93.45 60.84 70.36 67.32 27.00 36.73 30.02 73.87 56.24 42.94 71.64 51.62 74.45 66.05

Table 1: Main case-averaged sentence-level results on MedF2Bench. Cases are grouped by target hallucination
type, with metrics first computed within each case and then averaged across cases in each group. The best and
second-best results are bolded and underlined, respectively.

nation detection, MedF²Route achieves the high-
est sentence-level Macro-F1 across all three back-
bones, outperforming the strongest baseline by
5.97, 9.46, and 17.14 percentage points on GPT,
InternVL, and Gemini, respectively. For factuality
hallucination detection, MedF²Route achieves the
best Macro-F1 on GPT and Gemini, with gains of
4.56 and 4.93 percentage points over the strongest
baseline, respectively. The less consistent per-
formance on factuality detection, particularly ob-
served on InternVL, can be attributed to two pri-
mary factors. First, it is partly constrained by
backbone-specific verification limitations. Sec-
ond, a cross-granularity comparison across the
three evaluation series reveals that decomposing
responses into finer units (e.g., claims or triplets) in-
herently degrades factuality detection performance.
This degradation occurs might because finer frag-
mentation isolates statements from their broader
context, increasing the difficulty of standalone fac-
tual verification.

In contrast, the gains are particularly consistent
in faithfulness-oriented cases, where MedF2Route
achieves higher hallucination precision and macro-
F1 across all backbones. Additionally, it can be
observed that several baselines obtain the highest
recall at the expense of precision, which means
that they frequently over-flag correct responses as
hallucinations. Such false positives are particularly
problematic in downstream workflows when users
attempt to correct hallucinations reported by the
detection methods. In contrast, our method main-
tains relatively high precision among all compar-
isons, indicating that our method can better identify

hallucinations while reducing false alarms, which
may better support downstream hallucination cor-
rection.

We attribute these performance gains primarily
to our design for preserving contextual relation-
ships. Existing sentence-level or claim-level meth-
ods often verify responses in a fragmented manner,
making it difficult to preserve clinical contextual
relationships. In contrast, MedF2Route transforms
responses into structured clinical graphs and routes
their triplets to patient-specific evidence or med-
ical knowledge. Furthermore, by preserving the
evidence structure behind visual findings, anatom-
ical relations, and diagnostic implications, this
structured verification leads to more robust clin-
ical hallucination detection across various VLM
backbones.

3.4 Ablation Study

The ablation study systematically evaluates the con-
tribution of each core component to MedF2Route’s
clinical hallucination detection capability. Table 2
reports the results. To ensure a fair comparison,
all variants are evaluated using the GPT-5.4-nano
backbone. We report sentence-level macro-F1 for
the final prediction and triplet-level macro-F1 for
the intermediate verification process, computed
over routed response triplets. Specifically, we con-
struct ablation variants by individually bypassing
each key module while preserving its intermedi-
ate outputs to maintain the original context for
downstream modules. This context-preserving de-
sign isolates the direct contribution of the disabled
module without disrupting the data flow of the re-
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A 74-year-old woman, one month status post palliative 
radiotherapy for T4 Grade III urothelial carcinoma of the 
bladder, presents with a two-day history of haematuria and 
increasing lethargy. 
Physical examination shows large ecchymoses on both 
upper and lower limbs and oral mucosal bleeding without 
petechiae; she is apyrexial with normal vital signs and no 
significant cardiovascular, respiratory, or abdominal findings. 
Laboratory studies reveal an INR of 2.7, APTT of 73 seconds, 
D-dimer of 25 μg/mL, fibrinogen <0.05 g/L, and platelets of 
25 x 10^9/L. One clinical image is available for reference. 
What is the most likely diagnosis or differential diagnosis?
    

Case Text Medical Image Model Response

S1. The laboratory profile with thrombocytopenia, prolonged INR and APTT, markedly elevated D-
dimer, and hypofibrinogenemia is highly suggestive of disseminated intravascular coagulation (DIC).

S2. The provided image reveals a filling defect and lesion in the right anterior ventricular wall.

S3. She also reports recurrent episodes of lightheadedness and syncope over the past week.

S4. Given her recent history of high-grade urothelial carcinoma and palliative radiotherapy, 
metastatic disease should be considered, possibly with cardiac involvement.

S5. Therefore, the most likely diagnosis is DIC, likely triggered by underlying malignancy, with the 
cardiac lesion raising concern for metastasis.

Target Sentence Annotation
Target: Sentence 3
Label: Hallucinated
Type: Query Faithfulness

Reason:
The case text does not mention recurrent 
lightheadedness or syncope over the 
past week. It only reports haematuria and 
increasing lethargy.

Unsupported part:
“recurrent episodes of lightheadedness 
and syncope over the past week”

Query-side Graph

1. Clinical Graph Construction 2. Evidence-Aware Routing

Routing Decision

3. Dual-Path Verification

Initial seed nodes:

DIC; neoplasm, metastatic; metastatic neoplasm;
acquired coagulation disorder; blood coagulation disorder;
blood in urine / haematuria; structural disorder of heart;
cardiac-related disorders
Expansion decision:

Stop at Step 1; the retrieved subgraph is sufficient.
Final KG evidence for verification:

4. Granularity Alignment

Faithfulness-oriented Hallucination Detection Factuality-oriented Hallucination Detection

S1. Lab profile → includes → thrombocytopenia, 
prolonged INR/APTT, elevated D-dimer, 
hypofibrinogenemia
→ Non-hallucination (supported by the case 
laboratory results)
S3. Patient → reports → recurrent 
lightheadedness and syncope over the past week
→ Hallucination (not mentioned in the case 
evidence; the case only reports haematuria and 
increasing lethargy)

S2. Right anterior ventricular wall 
→ has → filling defect and lesion
→ Non-hallucination (the image 
is consistent with the reported 
intracardiac lesion)

S1. Lab profile → suggests → DIC
→ Non-hallucination (coagulation abnormalities are consistent with DIC)
S4. Recent urothelial carcinoma history → raises concern for metastatic disease
→ Non-hallucination (advanced malignancy makes metastatic disease clinically plausible)
S4. Metastatic disease → may involve → cardiac involvement
→ Non-hallucination (KG evidence links metastatic neoplasm with secondary cardiac malignancies)
S5. Most likely diagnosis → is → DIC
→ Non-hallucination (laboratory findings support DIC)
S5. DIC → likely triggered by → underlying malignancy
→ Non-hallucination (DIC can be triggered by advanced malignancy)
S5. Cardiac lesion → raises concern for metastasis
→ Non-hallucination (malignancy context and KG evidence support metastasis-related concern)

S1: ✓ + ✓ → Non-hallucinated ；
S2: ✓ → Non-hallucinated ； 
S3: ✗ → Hallucinated ；
S4: ✓ + ✓ → Non-hallucinated ；
S5: ✓ + ✓ + ✓ → Non-hallucinated

Response Graph Unit Branch Routed Evidence 

S1. Lab profile → includes → thrombocytopenia, prolonged 
INR/APTT, elevated D-dimer, hypofibrinogenemia Faithfulness Case text

S3. Patient → reports → recurrent lightheadedness and 
syncope over the past week Faithfulness Case text

S2. Right anterior ventricular wall → has → filling defect and lesion Faithfulness Medical image

S1. Lab profile → suggests → DIC Factuality Medical knowledge

S4. Recent urothelial carcinoma history → raises concern for 
metastatic disease Factuality Medical knowledge

S4. Metastatic disease → may involve cardiac involvement Factuality Medical knowledge

S5. Most likely diagnosis → is → DIC Factuality Medical knowledge

S5. DIC → likely triggered by underlying malignancy Factuality Medical knowledge

S5. Cardiac lesion → raises concern for metastasis Factuality Medical knowledge

Retrieved Knowledge Reference Subgraph

Aggregation rule:
A sentence is labeled hallucinated if any of its 
response triplets is judged hallucinated.Case Text Grounding Medical Image Grounding

right anterior 
ventricular wall underlying malignancyhas (S2)

most likely diagnosis

DIC

underlying malignancylaboratory profile

thrombocytopenia, prolonged INR/APTT, 
elevated D-dimer, hypofibrinogenemia

is (S5)
likely triggered by (S5)suggests (S1)

includes (S1)

patient recurrent lightheadedness and 
syncope over the past week

 reports (S3)

cardiac 
lesion

recurrent lightheadedness and 
syncope over the past week

raises concern for (S5)

recent urothelial 
carcinoma history metastatic diseaseraises concern for (S4)

cardiac involvement
may involve (S4) 

Response-side Graph
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Figure 4: Qualitative case study of MedF2Route. The figure illustrates the four stages of our method: Clinical Graph
Construction builds query- and response-side clinical graphs from the case and the LVLM response; Evidence-
Aware Routing allocates each response triplet to patient-specific evidence or external medical knowledge; Dual-Path
Verification checks faithfulness and factuality against the routed evidence; and Granularity Alignment identifies S3
as hallucinated because the claims of “recurrent lightheadedness and syncope” are unsupported by the case text.

Variants Sent. Mac.F1 Triplet-level Mac.F1

Joint Fact. Faith.

MedF2Route 63.86 67.12 66.93 41.38
w/o Evidence-aware Routing 51.91 60.27 58.07 44.83
w/o KG Retrieval 60.60 65.28 64.24 41.38
w/o Multi-hop KG expansion 63.18 66.56 65.86 41.38
w/o Visual Evidence Selection 60.95 63.69 66.93 20.02

Table 2: Case-averaged ablation results of MedF2Route
on MedF2Bench, including sentence-level and triplet-
level macro-F1. Gray values indicate unaffected results.

maining pipeline. For instance, when ablating the
evidence-aware routing, the routing mechanism
itself is disabled, but its pre-computed dimension-
specific assignments (e.g., identifying fact-oriented
triplets) are still utilized by the downstream knowl-
edge retrieval. Following this principle, we ablate
the KG evidence retrieval and multi-hop KG expan-
sion to assess their marginal contributions to factual
enrichment, and remove the visual evidence selec-
tion module to evaluate the importance of precise
visual grounding.

The results demonstrate that each component
contributes to the overall performance. First, by-

passing the evidence-aware routing module leads
to the most substantial degradation in sentence-
level F1 (-11.95) and factuality (-8.86). Since the
downstream modules in this variant still receive
the routed evidence assignments, this performance
drop directly indicates that the dynamic coordi-
nation and context-aware processing provided by
the routing mechanism are essential for accurate
detection. Notably, this variant yields a marginal in-
crease in faithfulness (+3.45). This suggests that in
an unguided setting, the model more easily matches
direct evidence for faithfulness-oriented triplets,
but suffers from diminished sensitivity to complex
factual knowledge, explaining the severe drop in
factuality. Second, ablating the KG evidence re-
trieval and multi-hop expansion modules reduces
factuality by 2.69 and 1.07, respectively, confirm-
ing their direct contribution to factual enrichment
through external medical knowledge. Third, dis-
abling the visual evidence selection module leads to
a catastrophic drop in faithfulness (-21.36), proving
it as the exclusive driver for precise visual ground-
ing. Ultimately, these ablation results reveal a clear
functional decoupling that KG modules bolster fac-
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tuality, visual selection safeguards faithfulness, and
the routing mechanism dynamically harmonizes
them to optimize joint clinical reliability.

3.5 Qualitative Analysis

Figure 4 shows how MedF2Route provides inter-
pretable hallucination detection through evidence-
routed graph verification. Given a clinical response,
the framework first extracts response triplets from
each sentence and routes them to the corresponding
evidence sources, including case text, medical im-
age, and external medical knowledge. In this case,
the laboratory findings, image-related description,
and malignancy-related diagnostic implications are
verified by their routed evidence sources. In con-
trast, S3 introduces “recurrent lightheadedness and
syncope”, which are not supported by the case text.
MedF2Route therefore marks the corresponding
response triplet as hallucinated and assigns a hal-
lucination label to S3 through granularity align-
ment. This example shows that our framework can
localize unsupported statements while preserving
clinically valid reasoning in other sentences.

4 Conclusion

In this paper, we propose MedF2Route, an
evidence-routed graph verification framework for
joint faithfulness- and factuality-oriented halluci-
nation detection in LVLM-assisted diagnosis. By
transforming free-text clinical queries and LVLM
responses into structured graphs and routing re-
sponse triplets to corresponding evidence sources
through a dual-path verification pipeline, our frame-
work successfully detects both hallucination dimen-
sions in a unified manner and preserves the con-
textual relationships essential for accurate diagnos-
tic reasoning. Experiments on our MedF2Bench
benchmark demonstrate that MedF2Route outper-
forms SOTA baselines, achieving notable improve-
ments in detection precision and overall F1 score
while maintaining a favorable precision-recall
trade-off. Its consistent performance across diverse
VLM backbones indicates its model-agnostic ro-
bustness and strong potential for supporting down-
stream hallucination correction.

Limitations

To provide a further reference for future research,
we investigate the limitations of the proposed ap-
proach. First, this work primarily focuses on the
diagnostic scenario. While it represents one of

the most critical clinical applications, we acknowl-
edge that other medical workflows equally war-
rant specialized investigation. These tasks often
exhibit distinct evaluation priorities: for instance,
radiology report generation predominantly hinges
on faithfulness to image evidence, whereas medi-
cation recommendation requires consideration of
complex drug-drug interactions that dictate phar-
macological safety. Second, while our framework
successfully unifies dual-dimension detection and
preserves contextual relationships, the precision
of fine-grained triplet validation remains partially
constrained by the underlying backbones. Conse-
quently, hallucination assessment inherently scales
with the backbones’ intrinsic clinical reasoning ca-
pabilities, motivating future exploration with more
advanced or domain-specialized backbones. Third,
the reliability of factuality evaluation is intrinsi-
cally tied to the coverage, accuracy, and timeliness
of the source knowledge base. This underscores
the need for more comprehensive, rigorously cu-
rated, and dynamically updated clinical knowledge
graphs to support robust, long-term hallucination
mitigation.
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Appendix

A Benchmark Details

This section provides supplementary details of
MedF2Bench. As described in Section 3.1,
MedF2Bench is constructed from Multi-
CaRe (Nievas Offidani et al., 2025), an open-access
multimodal clinical case dataset derived from
PubMed Central case reports. The final benchmark
contains 500 diagnosis-oriented multimodal
clinical cases, 585 medical images, and 2,383
labeled response sentences. As shown in Table 3,
it covers five imaging modalities: CT, ECG, MRI,
ultrasound, and X-ray.

Modality Cases Faith. Fact. Sent. Avg. Hall.
Sent. Rate

CT 132 49 83 629 4.77 20.99%
ECG 65 28 37 311 4.78 20.90%
MRI 100 69 31 482 4.82 20.75%
Ultrasound 121 65 56 575 4.75 21.04%
X-ray 82 14 68 386 4.71 21.24%

Total 500 225 275 2383 4.77 20.98%

Table 3: Statistics of MedF2Bench. Faith. and Fact.
denote faithfulness- and factuality-oriented cases, re-
spectively.

A.1 Benchmark Construction
Source processing and query construction.
Since case reports are typically written after di-
agnosis and treatment, we reorganize each selected

case into a pre-diagnostic setting before construct-
ing queries. Specifically, each case is divided into
three evidence fields: (i) visible clinical evidence,
including demographics, relevant history, present-
ing symptoms, physical examination findings, and
other information reasonably available before diag-
nosis; (ii) withheld diagnosis-related evidence, in-
cluding definitive diagnosis, pathology, treatment,
follow-up, outcome, and retrospective explanations,
which is excluded from the query to avoid diagno-
sis leakage; and (iii) image-grounded observable
evidence, containing diagnosis-neutral visual find-
ings tied to the associated image, which is reserved
for multimodal grounding and hallucination evalua-
tion. Based on the visible clinical evidence, we con-
struct a concise pre-diagnostic consultation query
that asks for the most likely diagnosis or differen-
tial diagnosis, while only indicating that clinical
image evidence is available for reference.

Data cleaning and annotation. We filter out
cases with missing images, incomplete image in-
formation, mismatched image-text pairs, or image-
grounded evidence that cannot be reasonably veri-
fied.

For each query, we construct a clinically realistic
diagnostic response with controlled sentence-level
perturbation. Each response is mostly grounded in
the textual query and image-grounded observable
evidence, with one primary target hallucinated sen-
tence. We consider two target perturbation types:
query-faithfulness errors, which introduce patient-
specific information unsupported by the query or
image evidence, and knowledge-factuality errors,
which introduce medically incorrect or implausible
claims within the case context. The target sen-
tence, binary hallucination label, and hallucination
type are determined by the predefined perturbation
protocol and its construction record. The target
type is used only for benchmark organization and
grouped analysis; during inference, MedF2Route
routes each response triplet according to its seman-
tic role and required evidence source, without rely-
ing on the case-level target type.

Each response sentence is recorded with its sen-
tence index, text, binary hallucination label, hal-
lucination type, and a minimal correction when
applicable. Sentences without hallucination are la-
beled as supported with a null type. In addition to
sentence-level labels, we retain triplet-level records,
including query-side triplets, response-side triplets,
routed verification branches, evidence sources, and
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triplet-level outcomes. These fine-grained records
are used for component-level ablation and qualita-
tive analysis, while the primary benchmark target
remains sentence-level hallucination detection.

A.2 Controlled Construction Quality Audit

To assess the reliability of the controlled construc-
tion process, we conduct a stratified quality audit
of 50 cases, corresponding to 10% of MedF2Bench
and balanced across the two hallucination types and
five imaging modalities. One author experienced
in clinical NLP and familiar with the benchmark
protocol assesses whether the intended hallucina-
tion is successfully introduced, whether its type is
correctly assigned, and whether any unintended ad-
ditional error is introduced. The results are shown
in Table 4.

Audit criterion Overall Faith. Fact.

Intended hallucination introduced 49/50 25/25 24/25
Hallucination type correctly assigned 50/50 25/25 25/25
No unintended additional error 49/50 25/25 24/25

Table 4: Quality audit of the controlled construction
process on 50 stratified cases.

Overall, the intended hallucination is success-
fully introduced in 98% of the audited cases, the
hallucination type is correctly assigned in all cases,
and 98% contain no unintended additional error.
These results support the quality of the controlled
construction process within the audited subset.

A.3 Validation on Naturally Generated
Responses

To complement the controlled benchmark, we fur-
ther evaluate MedF2Route on naturally generated
responses from the same 50 cases. The diagnostic
responses are generated directly from the case text
and images without targeted error injection or man-
ual rewriting, such that the resulting hallucinations
are not specified in advance. The same author sub-
sequently labels each response sentence, assessing
faithfulness against patient-specific textual and vi-
sual evidence and factuality against verifiable med-
ical knowledge. MedF2Route and VLM-as-Judge
use the same GPT-5.4-nano detection backbone.

Method Overall Faithfulness Factuality

VLM-as-Judge 34.5 31.2 35.2
MedF2Route 47.1 45.6 47.4

∆ +12.6 +14.4 +12.2

Table 5: Macro-F1 on naturally generated responses
from 50 cases under the GPT-5.4-nano configuration.

As shown in Table 5, MedF2Route improves
Overall, Faithfulness, and Factuality Macro-F1
by 12.6, 14.4, and 12.2 percentage points over
VLM-as-Judge, respectively. These results pro-
vide complementary evidence that the advantage
of MedF2Route extends beyond the predefined per-
turbations used to construct MedF2Bench.

B Implementation Details

B.1 Baseline Implementation Details

For all baselines, we follow their original settings
whenever applicable and make only necessary adap-
tations to fit the multimodal clinical setting and the
sentence-level evaluation protocol of MedF2Bench.
All methods are evaluated on the same cases and re-
sponse sentences. For baselines that output claim-,
fact-, or graph-structured predictions, we map them
to sentence-level labels using a shared conservative
aggregation rule: a sentence is labeled as hallu-
cinated if any associated fine-grained prediction
indicates a hallucination; otherwise, it is labeled
as supported. If no valid fine-grained item is ex-
tracted from a sentence, the sentence is treated as
supported.

VLM-as-Judge. We implement VLM-as-Judge
as a direct sentence-level multimodal evaluator. For
each case, the judge is given the pre-diagnostic
clinical query, all available clinical image evidence,
and one response sentence at a time. It is prompted
to return one of two JSON labels, supported or
hallucinated, with deterministic decoding at tem-
perature 0.0. The normalized label is directly used
as the sentence-level prediction.

SelfCheckGPT. SelfCheckGPT (Manakul et al.,
2023) detects hallucinations by measuring consis-
tency between the original response and sampled
responses. Following its original setting, we gen-
erate four sampled responses for each case using
the same clinical query and image evidence, with
temperature set to 1.0. Each original response sen-
tence is compared against the sampled responses,
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and the resulting sentence-level score is converted
into the unified granularity.

FActScore. FActScore (Min et al., 2023) decom-
poses generated text into atomic facts and veri-
fies each fact against external evidence. Since
MedF2Bench targets clinical diagnosis rather
than open-domain biographies, we keep its
decomposition-and-verification pipeline but re-
place the evidence source with medical reference
documents. Specifically, we retrieve evidence from
the MedRAG (Xiong et al., 2024) Textbooks (Jin
et al., 2021) corpus using MedCPT (Jin et al., 2023).
Fact-level predictions are mapped to sentence-level
labels using the shared aggregation rule.

UNIHD. UNIHD (Chen et al., 2024) is a tool-
augmented hallucination detection framework that
extracts verifiable claims, formulates tool-specific
questions, collects evidence, and verifies claim-
level hallucinations. We adapt it to our clinical
setting by providing the clinical query, image evi-
dence, and response sentence as multimodal con-
text. For fact-oriented evidence collection, we re-
place the original commercial web search backend
with DDGS1 for reproducibility, while keeping the
remaining pipeline unchanged. The resulting claim-
level predictions are aggregated to sentence-level
labels.

FactSelfCheck. FactSelfCheck (Sawczyn et al.,
2026) checks whether facts in the original response
are consistent with multiple sampled responses. We
adopt its frequency-based KG variant, which rep-
resents response facts as subject–relation–object
triples and performs graph-structured consistency
checking against KGs constructed from four sam-
pled responses generated under the same setting
as SelfCheckGPT. The graph-fact-level outputs are
mapped to sentence-level labels using the shared
aggregation rule.

B.2 Medical Knowledge Graph Processing
We use LMKG (Yang et al., 2024) as the local
medical knowledge graph for knowledge-grounded
factuality verification. LMKG is a large-scale and
multi-source medical knowledge graph designed
for intelligent medicine applications, providing
structured medical entities and relations for exter-
nal knowledge verification.

Since the clinical queries, model responses, and
extracted clinical triplets in MedF2Bench are rep-

1https://github.com/deedy5/ddgs

resented in English, we preprocess LMKG into a
consistent English entity space. Specifically, we
retain entities that either contain an explicit English
name or whose canonical name is already written
in English. Among the 403,784 entities in the orig-
inal graph, 327,707 entities are retained, covering
81.16% of the entity set. We further keep relation
triples whose head and tail entities are both in-
cluded in the filtered entity set, ensuring that entity
retrieval and relation lookup are conducted within
the same processed graph space.

For entity retrieval, we encode the retained En-
glish entity names with BioLORD-2023 (Remy
et al., 2024), a biomedical representation model
for clinical concepts and sentences. The resulting
768-dimensional normalized embeddings are in-
dexed with FAISS using inner-product similarity.
For each medically salient concept extracted from
the query graph and response graph, we retrieve the
top-3 candidate KG entities and retain candidates
with similarity above 0.75 as seed entities. Dur-
ing semantic pruning, we use threshold δ = 0.7,
where a KG node is retained if it is sufficiently
similar to any concept from the query graph or re-
sponse graph. For sufficiency-guided expansion,
the maximum depth budget is set to T = 5, and
one high-relevance frontier node is selected at each
expansion step.

To assess the practical coverage of LMKG on
MedF2Bench, we additionally measure entity-level
matching under the GPT-5.4-nano configuration.
Approximately 70% of the clinical entities ex-
tracted from MedF2Bench can be matched to
LMKG. We therefore treat LMKG as a structured
external evidence source rather than an exhaustive
knowledge base, and the absence of a matched en-
tity or relation is not by itself considered evidence
of hallucination.

C Additional Experiments and Analyses

C.1 Triplet Extraction and Evidence Routing

Response-triplet extraction quality. To evalu-
ate the reliability of the graph construction stage,
we stratify 50 cases across the two hallucination
types and five imaging modalities and manually
assess all 560 response triplets extracted under the
GPT-5.4-nano configuration. One author famil-
iar with the benchmark protocol evaluates whether
each triplet preserves the entities, central relation,
and clinical meaning of its source sentence, to-
gether with clinically important attributes such as
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negation, laterality, temporality, uncertainty, and
severity. The results are shown in Table 6.

Triplet quality Count Percentage

Fully correct 518 92.50%
Partially correct 4 0.70%
Incorrect 38 6.80%

Total 560 100.00%

Table 6: Intrinsic evaluation of response-triplet extrac-
tion on 50 stratified cases.

Overall, 518 of 560 response triplets (92.50%)
are fully correct, indicating that the graph construc-
tion stage preserves the source clinical information
in most evaluated cases.

Evidence routing evaluation. To evaluate rout-
ing independently of extraction quality, we an-
notate reference routes for the 518 fully correct
triplets. Each triplet is assigned to patient text,
medical image, or external medical knowledge ac-
cording to the evidence required by its central rela-
tion. Table 7 reports the per-class results.

Evidence source P R F1 Support

Medical image 99.0 88.8 93.6 107
Patient text 88.0 95.4 91.6 108
Medical knowledge 98.0 98.7 98.4 303

Macro average 95.0 94.3 94.5 518

Table 7: Evidence-routing performance on 518 fully
correct response triplets.

Routing achieves 95.9% overall accuracy and
94.5 macro-F1. As shown in Table 8, most remain-
ing errors occur between patient-text and medical-
image evidence.

Gold / Pred. Image Text Knowledge

Image 95 11 1
Text 0 103 5
Knowledge 1 3 299

Table 8: Confusion matrix of evidence routing. Rows
denote reference routes and columns denote predicted
routes.

C.2 Robustness and Statistical Significance
Stability across random seeds. The original ex-
periments use seed 123. We additionally evaluate
MedF2Route and VLM-as-Judge on the same fixed
subset of 100 cases using seeds 456 and 789, while

keeping the inputs, prompts, model parameters, and
evaluation procedure unchanged. The results are
shown in Table 9.

Method 123 456 789 Mean ± SD

MedF2Route 67.79 70.66 67.29 68.58 ± 1.82
VLM-as-Judge 61.44 59.39 59.52 60.12 ± 1.15

∆ +6.35 +11.27 +7.77 +8.46 ± 2.53

Table 9: Macro-F1 across three random seeds on the
same fixed subset of 100 cases.

MedF2Route outperforms VLM-as-Judge under
all three seeds, with improvements ranging from
6.35 to 11.27 percentage points.

Paired-bootstrap comparison. We further con-
duct a case-level paired bootstrap comparison over
all 500 cases, resampling cases with replacement to
preserve dependencies among sentences from the
same case. The results are summarized in Table 10.

Subset N Ours Judge ∆ 95% CI p

All 500 63.86 58.67 +5.19 [2.88, 7.50] < 0.0001
Faith. 225 59.64 53.67 +5.97 [2.24, 9.68] 0.0018
Fact. 275 67.32 62.76 +4.56 [1.64, 7.48] 0.0023

Table 10: Case-level paired-bootstrap comparison be-
tween MedF2Route and VLM-as-Judge.

For the full benchmark and both hallucination
subsets, the 95% confidence intervals of the Macro-
F1 differences exclude zero, with all p-values be-
low 0.01.

C.3 Medical NLI Baseline and Aggregation
Analysis

Medical NLI baseline. We additionally compare
MedF2Route with PubMedBERT-MedNLI, a Pub-
MedBERT model (Gu et al., 2021) fine-tuned on
MedNLI (Romanov and Shivade, 2018). Both
methods use the same triplet extraction, evidence
routing, and sentence-level aggregation, with only
the verification module changed. For each text-
verifiable triplet, its textualized form is used as
the hypothesis, while the routed patient text or
medical-knowledge evidence is used as the premise.
Because PubMedBERT-MedNLI does not support
image inputs, both methods are evaluated on the
same 1,767 text-verifiable sentences from all 500
cases.
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Method Hall. P Hall. R Hall. F1 Acc. Macro-F1

PubMedBERT 34.71 73.80 45.01 54.01 49.38
MedF2Route 46.99 75.40 55.39 70.70 66.16

Table 11: Comparison with PubMedBERT fine-tuned
on MedNLI on 1,767 text-verifiable sentences.

As shown in Table 11, MedF2Route improves
hallucination F1 and macro-F1 by 10.38 and
16.78 percentage points, respectively, on the text-
verifiable subset.

Case-averaged and instance-averaged evalua-
tion. The main experiments compute Macro-F1
within each case and then average across cases.
We additionally report instance-averaged results
by pooling all sentences within each target subset.
Table 12 compares the two protocols.

Case-averaged Instance-averaged

Target Ours / Judge ∆ Ours / Judge ∆

Faith. 59.64 / 53.67 +5.97 61.37 / 57.64 +3.73
Fact. 67.32 / 62.76 +4.56 67.35 / 64.65 +2.70

Table 12: Case-averaged and instance-averaged Macro-
F1. Each comparison reports MedF2Route / VLM-as-
Judge.

MedF2Route achieves higher Macro-F1 for both
hallucination types under both aggregation proto-
cols, indicating that its advantage does not depend
on case averaging.

C.4 InternVL Factuality Error Analysis
To better understand the factuality regression un-
der the InternVL configuration, we analyze the
1,296 sentences from the 275 factuality-oriented
cases. Here, factuality-oriented cases contain a
targeted factuality perturbation, while evaluation
is performed over all response sentences. We fo-
cus on the 196 sentences correctly classified by
VLM-as-Judge but misclassified by MedF2Route
and categorize their primary error sources.

Primary error source Count Percentage

Backbone capability limitation 137 69.90%
KG coverage gap 28 14.29%
Insufficient retrieved evidence 18 9.18%
Extraction or routing error 11 5.61%
Ambiguous or other 2 1.02%

Total 196 100.00%

Table 13: Error analysis of the 196 InternVL factuality
disagreement cases.

As shown in Table 13, 137 of the 196 errors
(69.90%) arise from the InternVL-based verifier
incorrectly rejecting supported triplets. In compar-
ison, KG coverage gaps and insufficient retrieved
evidence jointly account for 46 cases (23.47%).
This analysis indicates that the observed InternVL
regression is driven primarily by backbone-specific
verification limitations, while knowledge coverage
and retrieval are secondary sources of error.

In addition, as analyzed in the Section.3.3, a
cross-granularity comparison across the three eval-
uation series in Table.1 reveals that decomposing
responses into finer units (e.g., claims or triplets) in-
herently degrades factuality detection performance.
This degradation occurs because finer fragmenta-
tion isolates statements from their broader context,
increasing the difficulty of standalone factual veri-
fication. This observation provides a vital insight
for future research: rather than blindly pursuing
finer granularity, it is imperative to dynamically
align the splitting granularity with the contextual
reasoning capacity of the detection algorithm.

D Cost Analysis

We further report the inference cost of different
methods under the GPT-5.4-nano backbone in Ta-
ble 14. For each method, we report macro-F1, the
average number of API calls, and average token us-
age over the evaluated set. MedF2Route introduces
additional inference overhead compared with di-
rect sentence-level judgment, mainly due to graph
construction, evidence routing, and fine-grained
verification. Nevertheless, the cost remains within
a practical range while providing more structured
and interpretable hallucination detection.

Method Macro F1 Avg. Calls Avg. Tokens

VLM Judge 0.5867 4.76 3100.24
SelfCheckGPT 0.5196 23.06 6808.72
FActScore 0.3709 23.80 34203.65
UNIHD 0.3552 6.00 18424.79
FactSelfCheck 0.1869 14.77 20634.39
MedF2Route 0.6386 12.92 16735.96

Table 14: Cost analysis of different methods. We report
macro-F1, average API calls, and average token usage
over the evaluated set.

E Prompt Templates

The prompt templates for query graph construction
and response graph construction are shown in Fig-
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ures 5 and 6, respectively. The prompt templates
for response triplet routing and image evidence
routing are shown in Figures 7 and 8, respectively.
The prompt template for sufficiency-guided knowl-
edge subgraph expansion is shown in Figure 9. The
prompt templates for image-grounded faithfulness
verification, text-grounded faithfulness verification,
and knowledge-grounded factuality verification are
shown in Figures 10, 11, and 12, respectively.
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Prompt template for query graph construction

Extract clinically meaningful triples from the following clinical case input.

Clinical case input:
{{case_text}}

Task:
Build the query-side clinical graph by extracting structured triples from the input case. The triples
should capture patient-specific evidence explicitly stated in the case and preserve the context needed
for later evidence routing and verification.

Rules:
Extract only information explicitly stated in the input. Do not add external medical knowledge,
diagnostic assumptions, or unstated facts. Each triple should describe one clinically meaningful
relation using concise subject, relation, and object fields. Preserve clinically important modifiers,
including negation, severity, duration, certainty, location, laterality, and imaging descriptions when
they affect the meaning. Extract image findings only when they are described in the input text, and
do not treat the mere availability of an image as a clinical fact. If the input contains a diagnostic
question, include the question target without predicting the answer.

Output format:
[
[“subject”, “relation”, “object”],
[“subject”, “relation”, “object”]
]

Output raw valid JSON only. Do not wrap the output in markdown code fences.

Figure 5: Prompt template for constructing the query-side clinical graph from the clinical case input.
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Prompt template for response graph construction

Extract clinically meaningful triples from the following clinical response.

The response has been split into numbered sentences:
{{numbered_sentences}}

Task:
Build the response-side clinical graph by extracting structured triples from the response. The triples
should capture the main patient-specific statements, imaging descriptions, diagnostic conclusions,
differential diagnoses, and clinical reasoning expressed in the response. Each triple must be allocated
to the sentence in which the corresponding claim is mainly stated.

Rules:
Extract only information explicitly stated in the response. Do not add external medical knowledge,
diagnostic assumptions, or unstated facts. Each triple should describe one clinically meaningful
relation using concise subject, relation, and object fields. Preserve clinically important modifiers,
including certainty, likelihood, negation, location, laterality, severity, duration, and imaging descrip-
tions when they affect the meaning. When the response explicitly attributes a finding or claim to an
image or clinical test, preserve that evidence source in the triple. Resolve simple local references
when necessary, such as “this lesion”, “this finding”, “this mass”, or “it”. Keep each triple clinically
meaningful and avoid unnecessary fragmentation of a single claim.

Output format:
[
[“subject”, “relation”, “object”, sentence_id],
[“subject”, “relation”, “object”, sentence_id]
]

Output raw valid JSON only. Do not wrap the output in markdown code fences.

Figure 6: Prompt template for constructing the response-side clinical graph from numbered response sentences.
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Prompt template for response triplet routing

You are a medical response-triplet router.

Query graph triples:
{{query_triples}}

Response triples with sentence ids:
{{response_triples}}

Task:
Classify each response triple as either query or knowledge. Use the query graph as case context to
decide whether each response triple mainly follows patient-specific evidence in the current case or
expresses knowledge-dependent clinical reasoning. A query triple describes a patient-specific or
case-specific fact, while a knowledge triple expresses a diagnostic conclusion, differential diagnosis,
etiological explanation, clinical interpretation, or other knowledge-dependent reasoning claim.

Rules:
Use query for current-case findings and patient-specific evidence, including symptoms, history,
examination findings, laboratory results, procedures, and directly described imaging findings or
attributes. Use knowledge when the triple mainly links the clinical presentation to a diagnosis,
disease, etiology, differential diagnosis, or medical interpretation. Do not judge whether the triple is
correct or hallucinated at this stage. Return one label for every response triple.

Output format:
[
[sentence_id, “subject”, “relation”, “object”, “query”],
[sentence_id, “subject”, “relation”, “object”, “knowledge”]
]

Output raw valid JSON only. Do not wrap the output in markdown code fences.

Figure 7: Prompt template for partitioning response triplets into query-following and inference subgraphs.
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Prompt template for image evidence routing

You are a medical image evidence router.

Candidate response triples from the query-side branch:
{{candidate_triples}}

Task:
Select the response triples that should be verified against the medical image. A triple should be
selected only when it describes a direct imaging or visual observation in the current case.

Rules:
Select triples that explicitly describe findings shown, revealed, demonstrated, or seen on a medical
image or imaging examination, such as CT, MRI, X-ray, ultrasound, radiograph, scan, or ECG. Direct
visual observations may include visible lesions, masses, anatomical location, laterality, contour,
border, density, signal, enhancement, calcification, size, extent, adjacency, or spatial relationships.
Do not select symptoms, history, physical examination findings, laboratory results, treatments,
prognosis, diagnoses, differential diagnoses, etiologies, mechanisms, or medical reasoning claims
unless the response explicitly states that they are visually shown by the image or imaging examination.
This is only an evidence-routing step; do not judge whether the triple is true or hallucinated.

Output format:
{
“selected_indices”: [0, 2],
“reason”: “short reason”
}

Output raw valid JSON only. Indices are 0-based over the candidate response triple list. Do not wrap
the output in markdown code fences.

Figure 8: Prompt template for routing query-side response triples to the image-grounded verification branch.
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Prompt template for sufficiency-guided knowledge subgraph expansion

You are a medical knowledge subgraph expansion assistant.

Knowledge-related response triples to verify:
{{response_triples}}

Current selected nodes:
{{selected_nodes}}

Current selected subgraph triples:
{{selected_subgraph_triples}}

Frontier candidate nodes:
{{candidate_nodes}}

Task:
Decide whether the current selected subgraph is sufficient for knowledge-grounded factuality verifi-
cation, or whether one additional frontier node should be added. The goal is to improve relational
coverage for the knowledge-related response triples while keeping the reference subgraph compact.

Rules:
Stop expansion when the current subgraph already provides sufficient evidence for judging the
relevant medical relations, or when adding another frontier node is unlikely to improve verification.
Select one frontier node only if it is likely to provide useful supporting evidence, contradicting
evidence, or a bridging relation for diagnoses, etiologies, mechanisms, differential diagnoses, or
clinical interpretations. Do not select a node only because it is broadly related to the topic. Do
not select isolated visual details, anatomical terms, laterality terms, devices, or report containers
unless they are directly needed for a knowledge claim. Do not judge whether the response triples are
hallucinated at this stage.

Output format:
{
“decision”: “stop|expand”,
“node_id”: “selected node id or null”,
“reason”: “short reason”
}

Output raw valid JSON only. If the decision is stop, set node_id to null. Do not wrap the output
in markdown code fences.

Figure 9: Prompt template for sufficiency-guided multi-hop expansion of the medical knowledge reference subgraph.
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Prompt template for image-grounded faithfulness verification

You are a medical image visual-support judge.

Input:
The original clinical image and multiple target triples with indices.

Task:
For each target triple, decide whether the core visual claim is supported or contradicted by the
medical image.

Labels:
non_hallucination: the claim is visually supported by or consistent with the image, or the image
quality and coverage do not allow a reliable contradiction judgment.
hallucination: the image clearly contradicts the claim, shows the opposite finding, or makes the
claimed visual finding or attribute clearly absent.

Rules:
Use only the original image and judge the core visual claim rather than exact wording. Do not use
clinical history, diagnosis priors, or outside medical knowledge. For visual attributes such as location,
laterality, contour, density, signal, enhancement, size, or extent, allocate hallucination only when
the attribute is clearly inconsistent with the image. If the image is insufficient for a reliable judgment,
do not infer unsupported conclusions. Do not infer diagnosis, cause, treatment, prognosis, or clinical
meaning. Return one result for every input triple.

Output format:
{
“results”: [
{
“index”: 0,
“label”: “non_hallucination|hallucination”,
“visual_evidence”: “short visible evidence or uncertainty”,
“reason”: “short reason”
}
]
}

Output raw valid JSON only. Do not wrap the output in markdown code fences.

Figure 10: Prompt template for image-grounded faithfulness verification of image-routed response triplets.
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Prompt template for text-grounded faithfulness verification

You are a medical query-faithfulness checker.

Query-side graph triples:
{{query_triples}}

Response triples with sentence ids:
{{response_triples}}

Task:
Identify response triples that introduce patient-specific or case-specific facts not grounded in the
query-side graph. Judge only case grounding, and do not evaluate whether the medical reasoning,
diagnosis, or medical knowledge is correct.

Decision criteria:
A response triple is supported if its core case fact is directly stated, clearly entailed, faithfully
reformulated, or extracted as a faithful subfact from the query-side graph. A response triple is
unsupported only if it adds new patient-specific or case-specific information beyond the query-side
graph.

Rules:
Treat faithful paraphrases, summaries, abbreviation changes, relation-name changes, and simple
temporal or numeric reformulations as supported when the core clinical fact is unchanged. Do
not use external medical knowledge to infer missing case facts. Do not flag diagnosis, differential
diagnosis, or general medical reasoning unless it introduces a new patient-specific fact. Mark a
triple as unsupported only when it clearly adds new current-case information, such as a new finding,
location, size, severity, extent, invasion, compression, obstruction, or patient-specific relation or
mechanism. Return every unsupported response triple separately with its sentence id and a short
reason. If no unsupported triple is found, return an empty list.

Output format:
{
“unsupported_query_faithfulness”: [
{
“sent_id”: 1,
“triple”: [“subject”, “relation”, “object”],
“reason”: “short reason”
}
]
}

Output raw valid JSON only. Do not wrap the output in markdown code fences.

Figure 11: Prompt template for text-grounded faithfulness verification of response triplets routed to the query graph.
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Prompt template for knowledge-grounded factuality verification

You are a medical knowledge factuality checker.

Query graph triples:
{{query_triples}}

Reference subgraph:
{{reference_subgraph}}

Response graph triples:
{{response_triples}}

Current triples to verify:
{{current_triples}}

Task:
For each current triple, judge only its medical knowledge factuality. Focus on whether the medical
relation, diagnosis, cause, interpretation, or factual statement is medically correct in the given context.
Do not judge whether a patient-specific fact is newly introduced or absent from the query.

Labels:
non_hallucination: the medical claim is supported by the reference subgraph or established
medical knowledge, and is medically reasonable in the given case context.
hallucination: the medical claim is medically false, contradicted by the reference subgraph or
established medical knowledge, or not medically justified in the given case context.

Rules:
Use the reference subgraph first when it is relevant, and treat it as supportive only when its relation
or path matches the medical relation being checked. Do not regard related entities alone as sufficient
support for a specific diagnosis, cause, mechanism, likelihood, or interpretation. If the reference
subgraph is incomplete or irrelevant, use established medical knowledge together with the case
context. Do not label a claim as non_hallucination only because it is loosely possible. Judge each
triple independently and provide a brief reason.

Output format:
{
“results”: [
{
“triple”: [“subject”, “relation”, “object”],
“label”: “non_hallucination|hallucination”,
“reason”: “short reason”
}
]
}

Output raw valid JSON only. Do not wrap the output in markdown code fences.

Figure 12: Prompt template for knowledge-grounded factuality verification of response triplets routed to the
reference knowledge subgraph.
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