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Abstract

Objective To determine whether using discrete semantic entropy (DSE) to reject questions likely to generate
hallucinations can improve the accuracy of black-box vision-language models (VLMs) in radiologic image-based visual
question answering (VQA).

Materials and methods This retrospective study evaluated DSE using two publicly available, de-identified datasets:
the VQA-Med 2019 benchmark (500 images with clinical questions and short-text answers) and a diagnostic radiology
dataset (206 cases: 60 computed tomography scans, 60 magnetic resonance images, 60 radiographs, 26 angiograms)
with corresponding ground-truth diagnoses. GPT-4o and GPT-4.1 (Generative Pretrained Transformer) answered each
question 15 times using a temperature of 1.0. Baseline accuracy was determined using low-temperature answers (0.1).
Meaning-equivalent responses were grouped using bidirectional entailment checks, and DSE was computed from the
relative frequencies of the resulting semantic clusters. Accuracy was recalculated after excluding questions with
DSE > 0.6 or > 0.3. p values and 95% confidence intervals were obtained using bootstrap resampling and a Bonferroni-
corrected threshold of p < 0.004 for statistical significance.

Results Across 706 image–question pairs, baseline accuracy was 51.7% for GPT-4o and 54.8% for GPT-4.1. After
filtering out high-entropy questions (DSE > 0.3), accuracy on the remaining questions was 76.3% (retained questions:
334/706) for GPT-4o and 63.8% (retained questions: 499/706) for GPT-4.1 (both p < 0.001). Accuracy gains were
observed across both datasets and largely remained statistically significant after Bonferroni correction.

Conclusion DSE enables reliable hallucination detection in black-box VLMs by quantifying semantic inconsistency.
This method significantly improves diagnostic answer accuracy and offers a filtering strategy for clinical VLM
applications.

Key Points
Question Can DSE identify hallucination-prone questions and improve the reliability of black-box vision–language models
in radiologic image-based VQA?
Findings DSE filtering at a 0.3 threshold increased GPT-4o accuracy from 51.7% to 76.3% and GPT-4.1 from 54.8% to 63.8%,
while answering fewer questions.
Clinical relevance Integrating DSE as a black-box uncertainty filter enables selective answering and explicit uncertainty
display for radiology vision–language tools, supporting safer diagnostic use, mitigating hallucinations, and improving
clinicians’ trust in AI-assisted image interpretation.
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Graphical Abstract

Introduction
Growing examination volumes [1] and complexity [2]
have drastically increased the workloads [3] of radi-
ologists, with no foreseeable resolution [4]. This chal-
lenge, compounded by a global radiologist shortage [5, 6],
raises concerns about burnout and potential diagnostic
errors [4]. The early application of large language models
[7, 8] in radiology focused on text-based tasks like sug-
gesting diagnoses [9], summarizing guidelines [10], and
extracting patient information [11]. However, given the
inherently visual nature of radiology, the focus is rapidly
shifting towards vision-language models [12] (VLMs)
such as GPT-4o (generative pretrained transformer
(GPT); OpenAI), Gemini 2.5 Pro, and Claude 4, which
integrate image analysis with linguistic capabilities.
A critical challenge for the safe adoption of VLMs in

radiology is their propensity to generate hallucinations
[13, 14]: plausible-sounding outputs that are not grounded
in visual evidence or clinical context. Unlike human
experts, who express uncertainty, VLMs may present
erroneous findings with high linguistic certainty, posing
significant risks to diagnostic safety and clinician trust.

Reliance on human review for validation is not scalable for
routine clinical use [15]. Although uncertainty can be
estimated using internal model mechanisms like token
probabilities or activations [16, 17], proprietary VLMs lack
the transparency necessary for these approaches. Alter-
natively, auxiliary components like reward models can be
used [13], but the need for additional training data or fine-
tuning capabilities limits their feasibility for clinical prac-
titioners. Consequently, hallucination-detection methods
suitable for black-box scenarios are gaining traction.
Among these methods, consistency-based techniques

sample multiple outputs to identify inconsistencies, such
as RadFlag for report generation [18], or rephrase input
questions to check for response stability [19]. A distinct,
recent black-box approach specifically designed to detect
hallucinations in text generation is discrete semantic
entropy (DSE) [14]. DSE quantifies uncertainty by mea-
suring the semantic dispersion among multiple responses
to the same prompt using high-temperature sampling,
where the temperature parameter controls output ran-
domness—higher values produce more variable respon-
ses, revealing potential model uncertainty. Responses are
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clustered by semantic meaning, and the entropy of this
cluster distribution serves as an uncertainty score. Cru-
cially, DSE does not require access to model internals or
task-specific training data, and its assessments of semantic
consistency are robust to simple linguistic paraphrasing
[14]. While DSE is validated for text, and related concepts
like vision-amplified semantic entropy are emerging [20],
the direct application and effectiveness of DSE for hallu-
cination detection in clinical vision-language tasks, spe-
cifically radiologic interpretation, remain unexplored.
The objective of this study was to evaluate whether DSE

could identify visual question answering (VQA) tasks at
high risk of hallucination and thereby improve the accu-
racy of accepted answers. We hypothesized that (i)
applying DSE-based filtering would significantly increase
the accuracy of accepted answers compared with baseline

performance, (ii) that this improvement would be
observed across multiple imaging modalities and question
categories, and (iii) that stricter entropy thresholds would
yield greater accuracy improvements at the expense of
reduced coverage.

Materials and methods
Study design
This retrospective study utilized data from two publicly
available, de-identified datasets; therefore, institutional
review board approval and the requirement for informed
consent were waived for this analysis. No studies were
excluded. An overview of the study data flow and study
design is depicted in Fig. 1. The first dataset was the
VQA-Med 2019 test set, which comprised 500 radi-
ological images, each paired with a clinically relevant

Fig. 1 Data flow and evaluation pipeline. All 206 clinical cases from the RadDataset and all 500 image–question pairs from VQA-Med 2019 were
included. For each case, the model generated 15 high-temperature (T= 1.0) responses to compute DSE, and questions were filtered at thresholds of
≤ 0.6 and ≤ 0.3. Baseline accuracy used a single low-temperature (T= 0.1) response per case, which was compared with the reference answer using a
GPT-based check and then verified manually. Performance was reported for the baseline and the two DSE-filtered settings. DSE, discrete semantic
entropy; VQA, visual question answering
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question [21]. These images originated from the National
Library of Medicine’s MedPix® teaching-file archive [22]
and were de-identified according to NLM Web Policies
[23]. The questions were evenly distributed across four
categories—modality, plane, organ, and abnormality—
with 125 image–question pairs per category. All reference
answers in the dataset were reviewed and validated by a
radiologist [21]. This study was conducted and reported in
accordance with the Checklist for Artificial Intelligence in
Medical Imaging (CLAIM).
The second dataset, referred to as RadDataset in the

following, was a publicly available in-house dataset con-
sisting of 206 selected de-identified clinical 2D images
retrospectively collected from routine examinations as
described by Huppertz et al [24]. These included 60
computed tomography (CT) scans, 60 magnetic reso-
nance (MR) images, 60 conventional radiographs, and 26
angiography studies. Each image was annotated with its
clinical context and a corresponding diagnosis, which was
confirmed by four radiologists in consensus [24].

Assessment of semantic uncertainty
We evaluated the semantic uncertainty of two OpenAI
VLMs accessed via the Microsoft Azure application pro-
gramming interface (API): GPT‑4o (version: 2024-05-13)
and GPT‑4.1 (version: 2025-04-14). For each model and
image–question pair, we generated 15 independent respon-
ses at a temperature of 1.0. This high-temperature sampling
procedure promoted output variability and was designed to
reveal potential model uncertainty through inconsistent
answers. Additionally, one response per pair was generated
using a temperature of 0.1 to establish the baseline accuracy
for each model. The accuracy of all VLM-generated answers
was first reviewed by a medical student (S.C.) after thorough
training by two senior board-certified radiologists (D.T. and
S.N.; 14 and 12 years of experience, respectively). All
uncertain cases were escalated to these radiologists for
adjudication. An answer was considered correct if its clinical
meaning was semantically equivalent to the reference answer,
even if its wording differed from the ground-truth text.
We then applied a semantic clustering procedure to group

equivalent answers. The mutual entailment of each pair of
generated responses was re-evaluated using the same VLM
(either GPT‑4o or GPT‑4.1). Responses were assigned to the
same semantic cluster only if mutual entailment was con-
firmed. This procedure ensured that semantically equivalent
outputs were grouped together, thereby mitigating inflation
of entropy caused by linguistic variation. All steps of the
workflow illustrated in Fig. 2 were automated.

Application of DSE
The semantic clusters were used to compute the DSE for
each question. Let Ci denote the i-th cluster and Cij j its

number of assigned responses. The relative frequency of
each cluster for a given question x was calculated as

P Cijxð Þ ¼ jCijP
Ck
jCk j :

The entropy was then computed as

DSE xð Þ ¼ �
X

Ci

P Cijxð Þlog10P Cijxð Þ:

If all 15 responses were grouped into a single cluster, DSE
was zero, indicating complete semantic consistency. The
maximum theoretical entropy with 15 responses is
log10 15ð Þ � 1:18, which is reached when all answers are
assigned to mutually different clusters, i.e., if each answer is its
own cluster. DSE captures the semantic dispersion in the
model’s responses and serves as a proxy for model uncertainty
[14]. Importantly, DSE is applicable even in fully black-box
settings, requiring only the model’s output without access to
its internal parameters or probability distributions.
To assess whether DSE can serve as an indicator of hal-

lucinations, we implemented a selective prediction strategy
in which questions exceeding a predefined DSE threshold
were discarded, and accuracy was recomputed on the
remaining subset of questions. We performed this analysis
using two threshold values—0.6 and 0.3—to evaluate how
the choice of cutoff impacts accuracy. These thresholds
were selected as they correspond to one-half and one-
quarter of the maximum attainable DSE. For each of the
two models, we applied both thresholds and evaluated
them on each dataset individually, as well as on the com-
bined dataset, yielding a total of twelve comparisons.

Statistical analysis
The statistical significance of accuracy improvements after
entropy-based rejection was assessed using a two-sided
bootstrap test with 100,000 iterations. Given that twelve
comparisons were pre-specified, we applied Bonferroni
correction to control the error rate, resulting in an adjusted
significance threshold of p< 0:05

12 ¼ 0:0042: Confidence
intervals (95% CI) were estimated using the percentile
bootstrap method. Our code is publicly available at https://
github.com/TruhnLab/VisionSemanticEntropy.

Results
Baseline model accuracy
Across the combined test set of 706 image–question

pairs, baseline accuracy answering all questions (using
sampling with temperature 0.1) (Table 1) was 51.7% for
GPT-4o and 54.8% for GPT-4.1. Performance differed
substantially between datasets. On the VQA-Med 2019
benchmark, GPT-4o and GPT-4.1 achieved 59.0% and
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63.2% accuracy, respectively. Baseline accuracy on the
RadDataset was low (34.0% for GPT-4o and 34.5% for
GPT-4.1), highlighting the limitations of current
general-purpose VLMs for medical image interpretation.
Subcategory analysis revealed further differences in
baseline performance (Table 2). On VQA-Med 2019,
both models showed strong baseline performance on
questions about modality, imaging plane, and organs
(accuracies ranging from 69.6% to 83.2%). However, the
models struggled with abnormality-related questions,
achieving baseline accuracies of only 13.6% (GPT-4o)

and 12.8% (GPT-4.1). Baseline performance on the
RadDataset also varied by modality, and both VLMs
exhibited the highest accuracy on angiography studies
and the lowest accuracy on MR images.

DSE application improves accuracy
As Table 1 shows, applying DSE-based filtering to reject
questions with uncertain answers led to significant
improvements in accuracy for the remaining questions. At
a threshold of DSE ≤ 0.6, GPT-4o accuracy on the com-
bined dataset increased from 51.7% to 62.9% (retained 499

Fig. 2 Schematic for DSE implementation within clinical radiology workflows. A question asked by a clinician is posed 15 times to the VLM. The same
model then clusters the answers based on semantic similarity. Based on the results of clustering, the DSE is calculated, and the question is answered or
rejected by the VLM depending on the DSE threshold. DSE, discrete semantic entropy; VLM, vision language models

Table 1 Accuracy and coverage before and after DSE filtering

All DSE ≤ 0.6 DSE ≤ 0.3

Dataset Model # Acc. in % # Acc. in % Δ in % 95% CI p # Acc. in % Δ in % 95% CI in % p

VQA-Med 2019 GPT-4o 500 59.0 392 72.2 +13.2 +10.6 +16.0 < 0.001 305 79.0 +20.0 +16.3 +23.9 < 0.001

GPT-4.1 500 63.2 447 69.4 +6.2 +4.4 +8.1 < 0.001 373 76.1 +12.9 +10.1 +16.0 < 0.001

Rad-dataset GPT-4o 206 34.0 107 43.0 +9.0 +2.9 +15.4 0.003 29 48.3 +14.3 −2.7 31.5 0.100

GPT-4.1 206 34.5 179 38.0 +3.5 +1.4 +5.8 0.001 126 45.2 +10.8 +5.9 +16.0 < 0.001

Combined GPT-4o 706 51.7 499 62.9 +14.2 +11.7 +16.8 < 0.001 334 76.3 +24.6 +20.8 +28.5 < 0.001

GPT-4.1 706 54.8 626 60.4 +5.6 +4.2 +7.1 < 0.001 499 63.8 +13.5 +11.0 +16.2 < 0.001

Baseline accuracy (Acc.) of the models, number of answered questions (#), and accuracy improvement (Δ) after filtering based on DSE thresholds (≤ 0.6 and ≤ 0.3), with
95% CIs. Bold p values indicate statistical significance (p < 0.004)
DSE discrete semantic entropy, VQA visual question answering
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of 706 questions, p < 0.001), and GPT-4.1 accuracy
improved from 54.8% to 60.4% (retained 626 of 706
questions, p < 0.001). Tightening the threshold to DSE ≤
0.3 further increased accuracy to 76.3% for GPT-4o
(retained questions: 334, p < 0.001) and 63.8% for GPT-4.1
(retained questions: 499, p < 0.001). All improvements
shown in Table 1 were statistically significant after Bon-
ferroni correction, except for GPT-4o on the RadDataset
at DSE ≤ 0.3, where the small number of remaining
questions (n= 29) limited statistical power.
Representative examples of correct answers, high-

entropy rejections, and a case where the VLM con-
fidently stated a hallucination are shown in Fig. 3.
Across subcategories of VQA-Med 2019, the effects of

DSE-based filtering varied (Table 2 and Fig. 4). At
DSE ≤ 0.6, accuracy slightly improved for organ ques-
tions, from 69.6% to 71.6% for GPT-4o and minimally
from 80.8% to 81.1% for GPT-4.1. For plane questions,
the impact of DSE-based filtering was negligible, with
accuracy changing from 71.2% to 71.8% for GPT-4o and
remaining unchanged at 76.0% for GPT-4.1. Perfor-
mance on the challenging abnormality questions
remained modest at this threshold (GPT-4o: 33.3%,
GPT-4.1: 16.0%), reflecting the persistent difficulty of
this category. On the RadDataset, DSE filtering at 0.3
increased GPT-4.1 accuracy on CT questions from

31.7% at baseline to 45.2%, with similar trends observed
for other modalities.
The number of rejected questions showed large differ-

ences in the subcategories (Table 2). In the modality
prediction subcategory of the VQA-Med 2019 dataset,
both GPT-4o and GPT-4.1 demonstrated high baseline
accuracy (81.6% and 83.2%, respectively). Applying DSE
filtering at a threshold of 0.6 resulted in no rejected
questions and no accuracy change for either model. Even
at the stricter DSE threshold of ≤ 0.3, rejection rates
remained low, with only 8.8% of questions removed
(GPT-4o: 11/125, GPT-4.1: 8.0%, 10/125), leading to
marginal accuracy improvements of +2.6% and +2.0%,
respectively.
In contrast, the imaging plane and organ subcategories

showed moderate rejection rates when applying a DSE ≤
0.3 threshold (GPT-4o: 16.0% plane, 40.0% organ), with
corresponding accuracy gains of +7.8% and +7.7%. The
abnormality subcategory exhibited notably higher rejec-
tion rates, reaching 78.4% at DSE ≤ 0.6 for GPT-4o and
exceeding 91.2% at DSE ≤ 0.3. GPT-4.1 showed lower
rejection at the same thresholds (40.0% at 0.6) but less
consistent accuracy improvements. GPT-4o achieved the
highest observed accuracy increase in this subcategory
(+19.7%), while GPT-4.1 displayed a smaller and variable
effect (+3.2% at 0.6, -3.1% at 0.3).

Table 2 Subcategory accuracy before and after DSE filtering

All DSE ≤ 0.6 DSE ≤ 0.3

Dataset Sub-category Model # Acc. in % # Acc. in % # Acc. in %

VQA-Med 2019 Modality GPT-4o 125 81.6 125 81.6 114 84.2

GPT-4.1 125 83.2 125 83.2 115 85.2

Plane GPT-4o 125 71.2 124 71.8 105 79.0

GPT-4.1 125 76.0 125 76.0 117 77.8

Organ GPT-4o 125 69.6 116 71.6 75 77.3

GPT-4.1 125 80.8 122 81.1 110 83.6

Abnormality GPT-4o 125 13.6 27 33.3 11 36.4

GPT-4.1 125 12.8 75 16.0 31 9.7

RadDataset Angiography GPT-4o 26 50.0 16 62.5 8 75.0

GPT-4.1 26 50.0 25 52.0 21 61.9

CT GPT-4o 60 35.0 29 37.9 5 20.0

GPT-4.1 60 31.7 52 34.6 31 45.2

MRI GPT-4o 60 28.3 34 38.2 10 30.0

GPT-4.1 60 23.3 54 25.9 42 28.6

Radiography GPT-4o 60 31.7 28 42.9 6 66.7

GPT-4.1 60 41.7 48 47.9 32 56.2

Accuracy (Acc.) of the GPT-4o and GPT-4.1 models according to the dataset subcategory. Baseline accuracy and accuracy after applying the indicated DSE threshold
are shown along with the number (#) of answered questions
DSE discrete semantic entropy, VQA visual question answering
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On the RadDataset, modality-specific differences were
evident. Angiography questions saw high rejection rates at
DSE ≤ 0.3 (GPT-4o: 69.2%, GPT-4.1: 19.2%) and corre-
sponding accuracy increases to 75.0% and 61.9%, respec-
tively. In contrast, CT and MRI filtering was extensive,
particularly for GPT-4o, which retained only 8.3% of CT
questions and experienced a decline in accuracy for this
modality (−15.0%). Figure 5 presents a comparison of model
performance and rejection rates across subcategories.
As visualized in Fig. 6, reducing the DSE threshold

increased the accuracy of the responses to the remaining
questions but reduced the number of questions answered.
For example, at DSE ≤ 0.3, only 334 of 706 (47.3%)
questions were answered by GPT-4o, but with an accu-
racy gain of +24.6%. Figure 6 illustrates this trade-off: as
the DSE threshold decreases, accuracy rises, but the
number of rejected questions also increases.

Implementation feasibility, latency, and cost
The DSE workflow was designed for practical imple-
mentation, relying exclusively on standard API calls
without needing access to model internals like token
probabilities, ensuring identical application across differ-
ent VLMs. In terms of latency, pipeline architecture
permits substantial parallelization. The two primary

computational steps—the generation of k sampled
answers and the subsequent k(k− 1) pairwise entailment
checks—can each be performed concurrently. Conse-
quently, the total pipeline latency is approximately twice
that of a single API call. For the GPT-4o model, we
measured a mean single-call latency of approximately 3 s
(standard deviation: ~2 s), resulting in a total execution
time of ~6 s for the fully parallelized DSE pipeline.
From a cost perspective, our analysis was based on an

average price of $10 per one million tokens for the GPT-
4o model. The total cost to process one image-question
pair broke down into the answer sampling (~$0.11), and
the subsequent entailment checks (~$0.61). This culmi-
nated in a total cost of approximately $0.72 per question,
an amount that suggests the method is financially feasible
for integration into daily clinical workflows.

Discussion
The integration of advanced AI, particularly VLMs, into
radiology holds promise for alleviating workload pressures
and supporting diagnostic tasks [2, 7]. However, the
tendency of these models to generate plausible but fac-
tually incorrect outputs, or “hallucinations,” presents a
significant barrier to safe clinical adoption [13, 14]. This
study investigated DSE—a measure of semantic

Fig. 3 Examples where GPT-4o provides correct answers (left) and incorrect answers (right) on the VQA-Med 2019 dataset. If a DSE threshold of 0.3 had
been applied, the middle-left question (DSE= 0.5) and the top and bottom questions on the right would have been filtered out. The middle question on
the right illustrates a case where DSE fails to identify a hallucinated response, as the model confidently provided an incorrect answer (“Noncontrast MRI”)
despite. DSE= 0.0. DSE, discrete semantic entropy; VQA, visual question answering
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consistency across multiple model responses—as a prac-
tical method for identifying and filtering unreliable VLM
outputs in radiologic image interpretation tasks, extend-
ing DSE from its original text-only application [14] to the
multimodal domain of radiology. Our central finding is
that applying DSE filtering significantly improves the
accuracy of accepted VLM responses by selectively
rejecting questions associated with high semantic incon-
sistency, thereby enhancing model trustworthiness.
A key advantage of DSE is its applicability to black-box

models. Unlike methods that require access to internal
model states such as probability distributions [16, 17] or
need additional training data or fine-tuning for auxiliary
components like uncertainty classifiers [13], DSE operates
solely on the model’s outputs generated via standard API

calls. This makes it readily deployable alongside proprietary
VLMs without requiring specific cooperation from model
developers. It provides a practical alternative or comple-
ment to other black-box consistency checks, such as those
based on input paraphrasing [19] or multi-report sampling
[18], by focusing directly on the semantic stability of the
model’s own generated answers to a single, consistent
query. Compared with RadFlag [18], question rephrasing
[19], or vision-amplified semantic entropy [20], DSE avoids
input modifications or long multi-report generation,
offering lower latency and broader applicability. In practice,
DSE incurs substantially lower token and computational
cost than multi-report approaches such as RadFlag or
paraphrase-consistency methods, because it reuses a single
prompt and short answers instead of repeatedly rephrasing

Fig. 4 Sankey diagrams depicting the distribution of accepted and rejected answers across vision–language models (GPT-4o, GPT-4.1) and DSE
thresholds (≤ 0.6 and ≤ 0.3). Each flow originates from question subcategories within the VQA-Med 2019 and RadDataset cohorts and terminates in one
of four outcome groups: accepted true, accepted false, rejected true, or rejected false. The proportion of true vs false answers varies substantially across
subcategories. Tightening the DSE threshold from 0.6 to 0.3 increases the number of rejected questions and correspondingly improves the accuracy of
retained answers by filtering semantically inconsistent responses. DSE, discrete semantic entropy; VQA, visual question answering
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inputs or generating full-length reports. While RadFlag
excels for full-report tasks but is computationally heavy,
and rephrasing or vision-amplified methods risk altering
clinical nuance or image fidelity, DSE focuses on semantic
consistency alone—efficient yet still limited when halluci-
nations are repeated with high confidence.
Integrating DSE into PACS or reporting systems can

streamline workflows by screening queries at the question
level to either withhold unstable outputs or attach an

interpretable uncertainty score derived from semantic
dispersion across sampled responses. In practice, this
identifies questions that are more likely to elicit halluci-
nations and, when answers are returned, provides a
quantitative signal that radiologists can reference when
judging the safety of acting on a given question–answer
pair. Making uncertainty explicit is essential in clinical
settings, where decisions depend on calibrated confidence
rather than linguistic fluency. Because DSE operates solely

Fig. 5 Relative accuracy improvement vs reduction in the number of answered questions for GPT-4o (left) and GPT-4.1 (right) after applying DSE
thresholds of 0.6 and 0.3. Each point represents a subcategory within the evaluated datasets (e.g., organ, abnormality, modality, imaging plane). Stricter
thresholds (DSE ≤ 0.3) generally yield higher accuracy improvements at the cost of answering fewer questions, illustrating the trade-off between
reliability and coverage across subcategories. DSE, discrete semantic entropy; VQA, visual question answering

Fig. 6 Accuracy–coverage trade-off under DSE filtering. Curves show the absolute accuracy gain (y-axis) vs the fraction of rejected questions (x-axis) as
the DSE threshold (numeric labels next to points) is varied. For each setting, questions with DSE above the threshold are discarded. Lower thresholds
(stricter filtering) reject more questions but yield larger accuracy improvements. A threshold of 1.2 corresponds to no filtering. DSE, discrete semantic
entropy; VQA, visual question answering
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on model outputs and requires neither access to token
probabilities nor model retraining, it can be deployed as a
lightweight wrapper around existing VLM integrations. By
combining selective answering with transparent uncer-
tainty, DSE can thus strengthen clinician trust and real-
world acceptance of vision–language models in radiology.
In clinical practice, selecting a DSE threshold requires
balancing coverage against acceptable risk. For applica-
tions such as diagnostic decision support, we recommend
a stricter threshold (e.g., 0.3 in our experiments) to
prioritize specificity, minimizing the risk of incorrect
advice by aggressively rejecting uncertain predictions.
Conversely, in lower-risk scenarios like human-in-the-
loop screening, a more lenient threshold (e.g., 0.6) may be
preferable to prioritize sensitivity, ensuring that poten-
tially relevant information is not discarded. These specific
values are model-dependent, and the exact operating
point should be determined via calibration on a held-out
dataset for each clinical application.
Despite its promise, DSE has important limitations.

First, it measures semantic consistency, not factual cor-
rectness [14]. A VLM could consistently generate the
same incorrect answer (a “confident hallucination”),
resulting in a low DSE score that would bypass the filter.
This represents a significant residual risk. An example of
this is illustrated by the middle right panel of Fig. 3.
Integrating DSE with complementary uncertainty signals
(e.g., linguistic uncertainty cues, model calibration tech-
niques if available) could lead to more robust hallucina-
tion detection systems. Accordingly, DSE should be
interpreted as a selective-answering uncertainty signal
rather than a guarantee of correctness; in safety-critical
use cases, outputs should not be acted upon without
radiologist verification. While additional validated clinical
context or cross-model consistency checks may help, they
are unlikely to eliminate this failure mode; approaching
near-zero risk would require restricting the system to a
closed set of vetted questions/answers (e.g., guideline- or
database-backed retrieval), shifting from open-ended
generation to curated decision support. Second, the
reliability of the semantic clustering step relies on the
VLM’s own entailment capabilities. Errors or biases in the
VLM’s understanding of semantic equivalence, particu-
larly for nuanced or complex clinical statements, could
lead to inaccurate DSE calculations. This limitation could
be mitigated by using an external, clinically validated
entailment model for clustering, reducing dependence on
the VLM under evaluation. Third, while evaluated on two
datasets including clinical diagnostic questions, further
validation is essential across a broader range of imaging
modalities, pathologies, patient populations, and clinical
query types to establish generalizability. Fourth, our eva-
luation was restricted to 2D images. VQA-Med 2019

consists of single 2D images, and in the RadDataset, we
used manually selected key slices extracted from volu-
metric CT, MR, radiography, and angiography examina-
tions. This design assumes that the most informative slice
has already been identified and therefore does not fully
capture the challenges of applying DSE to full 3D studies
in routine practice. As a result, our findings should be
interpreted as a best-case estimate for question-level
hallucination filtering under simplified viewing condi-
tions. Extending DSE-based uncertainty filtering to volu-
metric workflows, for example, by integrating it with
automatic key-slice selection or with VLMs that natively
operate on 3D image stacks, is an important direction for
future work. Prospective clinical validation studies are
also needed to evaluate the real-world impact of DSE-
filtered VLM outputs on radiologist workflow, diagnostic
confidence, efficiency, and, ultimately, patient outcomes.
Such studies would also provide insights into how radi-
ologists interact with and trust AI systems employing this
type of uncertainty filtering. Whether high rejection rates
increase clinician trust or render the system impractical,
and whether selective answering might inadvertently
promote over-reliance on the remaining outputs despite
limited accuracy, are open questions that require pro-
spective user studies to resolve. Finally, a stricter DSE
threshold yielded higher accuracy gains at the cost of
answering fewer questions, highlighting the inherent
trade-off between accuracy and answer rate (coverage).
The optimal DSE threshold will likely depend on the
specific clinical application and the tolerance for poten-
tially incorrect AI suggestions vs the need for compre-
hensive assistance. We also observed that the two
evaluated OpenAI models differed in how rapidly accu-
racy improved under stricter numeric DSE thresholds
(Fig. 6), reflecting that models can exhibit different
degrees of answer variability (and thus different DSE
distributions) even when queried with the same tem-
perature. Because the model internals and decoding
details are not fully transparent, we cannot further analyze
or technically attribute this effect; however, it is an
important practical consideration when transferring DSE-
based filtering to additional models, as thresholds should
be calibrated per model. Prior work on semantic entropy
has demonstrated consistent effects across models from
different providers [14], suggesting that DSE-based fil-
tering is likely transferable to other VLMs. The observed
performance differences between datasets and VQA
subcategories underscore the sensitivity of both VLMs
and DSE filtering to the specific task context.
In conclusion, DSE offers a practical method to quantify

uncertainty and filter unreliable outputs from black-box
VLMs applied to radiologic image interpretation. The
VLMs generally exhibited low baseline accuracy on
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complex interpretive tasks, especially for abnormality
detection, reinforcing that current general-purpose VLMs
are not yet suitable for autonomous diagnostic inter-
pretation. This work should therefore be viewed as a
proof-of-concept demonstration of applying DSE to
radiologic data, not as establishing clinically practical
operating points, especially for abnormality detection
where rejection rates are high. By enabling selective pre-
diction based on semantic consistency, DSE significantly
improves the percentage of accurate responses, a step
towards enhancing the safety and trustworthiness of AI
tools in radiology. While DSE is not a panacea for the
current limitations of VLMs, particularly in complex
diagnostic tasks, it provides a crucial mechanism for
managing uncertainty as these powerful models are
increasingly explored for clinical support roles in radi-
ology practice.
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