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Abstract

LLMs (Large Language Models) are increasingly integrated
into medical workflows to provide decision-making support,
for example as Question Answering (QA) systems. However,
in medical context, privacy requirements and resource con-
straints require the use of local and small (1B-parameter)
LLMs. 1B-parameter LLMs are highly susceptible to hal-
lucinations, and existing hallucination detection frameworks
often suffer from poor calibration in these low-resource set-
tings. To address this problem, we introduce a lightweight
explainable hybrid detection method that integrates semantic
entropy to quantify the uncertainty at the meaning-level in di-
verse response samples with an internal signal probe trained
on the hidden states of the final layer of the model. The
framework operates without external retrieval and consis-
tently improves the detection of factual errors across biomed-
ical benchmarks, outperforming single-signal baselines most
clearly in calibration stability, the property that enables safe
abstention in clinical workflows. These findings contribute to
efforts dedicated to building transparent, safe, and privacy-
preserving AI systems in medical decision-making support.

Code — https://github.com/sannewielinga/hybrid-
hallucination-detection

1 Introduction
The integration of Large Language Models (LLMs) in the
healthcare domain is surrounded by the tension between
computational capability and deployable safety (Amadi and
Ojo 2025). On the one hand, recent LLMs showed valuable
results for clinically relevant tasks such as medical ques-
tion answering (QA), documentation support, and informa-
tion synthesis (Pal et al. 2025; Lv et al. 2025; Zeng et al.
2025). On the other hand, their real-world adoption is con-
strained by the governance demands applicable to this do-
main in which errors might have direct implications for pa-
tient safety (Aljohani et al. 2025). This tension is further am-
plified by regulation and institutional requirements related
to the sensitivity of health data. To this end, in the EU the
GDPR (European Parliament and Council of the European
Union 2016) treats health data as a special category of per-
sonal data subject to heightened safeguards and in the US
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the HIPAA Privacy Rule (U.S. Department of Health and
Human Services 1996) contains standards for protecting in-
dividually identifiable health information. In parallel, the EU
AI Act introduces a risk-based regulatory framework for AI
and imposes stringent obligations on high-risk systems, and
by this establishing requirements related to transparency,
risk management, and accountability (European Parliament
and Council 2024). Hence, the adoption of LLMs in health-
care needs to be evaluated both in terms of performance as
well as in relation to privacy preservation, regulatory com-
pliance, and the broader conditions required for safe, respon-
sible, and trustworthy clinical deployment.

Furthermore, these constraints also render cloud-based
API calls to proprietary models impractical for many clin-
ical workflows. Consequently, healthcare institutions in-
creasingly require on-premise solutions: smaller, resource-
efficient LLMs that operate entirely on local infrastructure
(Garg et al. 2025). Specifically, while 7B+ parameter mod-
els often require 24–48GB of VRAM, 1B-parameter archi-
tectures can run on standard clinical workstations, ensur-
ing broad accessibility. This shift toward local deployment
has an equity dimension: institutions that lack the budget
for cloud API costs or the governance infrastructure for
data-sharing agreements can nevertheless participate in AI-
assisted healthcare if smaller models are designed, devel-
oped, and deployed in a responsible, safe, and trustworthy
manner. Achieving this vision requires a human-centered AI
approach (Shneiderman 2022) that prioritizes clinician over-
sight, interpretable safety signals, and harm-aware design.

Nevertheless, smaller models are more prone to halluci-
nations: they can generate fluent medical text that is factu-
ally incorrect or unsupported by the context (Ji et al. 2023).
In critical medical contexts, a model that confidently fabri-
cates a contraindication or misinterprets a diagnostic crite-
rion poses an unacceptable safety risk.

Therefore, the viability of local medical LLMs hinges on
both their generation quality and on the ability to reliably
detect and abstain from answering when they are likely in-
correct. The ethical imperative is clear: deploying an AI sys-
tem that confidently provides incorrect medical information
without adequate safeguards risks direct patient harm, mak-
ing the detection and mitigation of such harms a critical re-
quirement for responsible deployment.

Current approaches to hallucination detection present
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a trade-off between accuracy and computational feasibil-
ity that is ill-suited for this resource-constrained setting.
Retrieval- or evidence-grounded verification can reduce hal-
lucinations, but introduces external dependencies, latency,
and governance overhead that complicates on-premise de-
ployment (Wada et al. 2025; Alu and Oluwadare 2026). At
the same time, intrinsic uncertainty methods are of inter-
est because they require only model-accessible signals, but
the strongest results are often reported for larger models
or in computationally unconstrained settings. Semantic self-
consistency methods can be effective but require repeated
inference passes (Farquhar et al. 2024) and internal state
probes can be cheap at inference time, but are less studied
for compact medical QA models and may produce uncali-
brated scores if trained under noisy supervision. As a result,
it remains unclear which uncertainty signals remain infor-
mative for smaller models such as ∼1B medical QA LLMs
and how to combine them into a detector that can support
abstaining from answering and requesting human review.

We address this gap by proposing a hybrid hallucination
detection framework targeting complementary uncertainty
signals in small, on-premise medical LLMs. The first signal,
Semantic Entropy (SE), estimates meaning-level uncertainty
by sampling a small set of diverse responses and measur-
ing how probability mass spreads over distinct semantic an-
swers. SE is sensitive to epistemic ambiguity and semantic
instability, but it can fail when a model is confidently wrong
and repeatedly samples the same incorrect answer. The sec-
ond signal, an Internal Signal (IS) probe, trains a lightweight
classifier on the model’s final-layer hidden state from a sin-
gle low-temperature generation to predict incorrectness. IS
can detect high-confidence failures that SE misses, however
it relies on a training signal. In this context, correctness su-
pervision is necessarily approximated at scale. Accordingly,
we use automated overlap- and similarity-based correctness
labels as proxy targets and interpret absolute metrics with
appropriate caution, and further support key qualitative find-
ings through expert annotation of hallucination subtypes. We
combine SE and IS into a single P (Incorrect) score using
simple averaging and a learned meta-combination by pri-
oritizing calibration and deployability under on-prem con-
straints. Moreover, the framework is evaluated making use
of a dual strategy: large-scale automated metrics using proxy
labels, and a granular, expert-verified analysis of specific
hallucination subtypes.

The contributions of this research can be summarized as
follows:

• We formalize the challenge of hallucination detection
specifically for local, ∼1B parameter medical LLMs.

• We propose a hybrid detector that integrates semantic en-
tropy with an internal signal probe to produce a single
P (Incorrect) score, improving discrimination (AUROC)
over either signal alone in multiple configurations.

• We analyze probabilistic reliability by showing that inter-
nal signal and meta-combined scores can be substantially
better calibrated than common self-evaluation baselines,
enabling risk-aware filtering and review.

• We provide subtype-level analysis using expert annota-

tions and show a consistent, clinically salient asymmetry:
factual hallucinations regarding indications/contraindi-
cations are easier to detect than conceptual errors in diag-
nostic definition/criteria, exposing a remaining blind spot
for smaller-model medical QA reliability.

2 Related Work
Hallucinations represent outputs that are plausible yet fac-
tually incorrect, unfaithful to the input, or ungrounded in
reliable sources, which makes them a significant barrier to
reliable LLM deployment, particularly in domains such as
healthcare (Ji et al. 2023; Huang et al. 2025). While both
mitigation and detection strategies have been explored, this
study focuses primarily on detection. Mitigation approaches,
including Chain-of-Thought prompting (CoT) (Wei et al.
2022), Retrieval Augmented Generation (RAG) (Lewis et al.
2020), and iterative self-correction methods such as Self-
Refine (Madaan et al. 2023) and CRITIC (Gou et al. 2023),
aim to reduce hallucination occurrence during generation.
Detection methods, by contrast, seek to identify halluci-
nated outputs post-generation, enabling abstention from an-
swering or requesting human review. We focus on post-
generation detection, as it provides a safety layer indepen-
dent of the generation strategy and is compatible with on-
premise deployment constraints.

2.1 LLMs in Healthcare and the Hallucination
Challenge

The application of LLMs in biomedicine has expanded
rapidly given their potential for clinical question answering,
diagnostic support, and medical documentation (Lu et al.
2024). Specialized models such as Med-PaLM 2 demon-
strated impressive performance on medical licensing exams
and QA benchmarks (Singhal et al. 2025), while evaluations
of general-purpose models such as GPT-4 showed strong re-
sults on medical challenge problems (Nori et al. 2023). De-
spite this potential, various considerations need to be taken
into account considering the reliability and safety require-
ments imposed in the healthcare domain. Benchmarks such
as Med-HALT (Pal, Umapathi, and Sankarasubbu 2023) and
MedHallu (Pandit et al. 2025) were specifically designed
to quantify hallucination rates in medical contexts, reveal-
ing non-trivial error rates even across highly capable mod-
els. Hallucinated medical outputs are particularly challeng-
ing because they are often articulated with a high degree of
apparent confidence and may intertwine correct and incor-
rect information, making reliable detection difficult in the
absence of domain expertise.

At the same time, given challenges such as the com-
plex terminology, the need for nuanced clinical reasoning,
and strict data privacy regulations, on-premise deployment
is necessary using smaller and efficient LLMs (Rodrı́guez
2025). However, evidence suggests that smaller models may
be inherently more susceptible to knowledge gaps and hal-
lucinations, particularly on specialized topics (Lauscher,
Glavaš et al. 2025; Moor et al. 2023). This motivates the
development of robust detection mechanisms specifically
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for the 1B-parameter class of models feasible for resource-
constrained clinical environments.

2.2 Hallucination Detection Approaches
Detection methods can be broadly categorized by the degree
of model access they require. Black-box detectors treat the
generator as an input-output system, deriving reliability sig-
nals from token probabilities or self-evaluation. Token-level
likelihood heuristics such as average log probability, per-
plexity, and naive token entropy, are known to be weak prox-
ies for factual correctness, as models can assign high proba-
bility to fluent but incorrect text (Farquhar et al. 2024). Self-
assessment methods like P(True), prompt the model to judge
whether its own answer is correct (Kadavath et al. 2022).
Nevertheless, these methods can be prompt-sensitive and
poorly calibrated. Recent studies have moved beyond sur-
face self-report. For instance, IRIS prompts models to verify
statement truthfulness and uses verification uncertainty as a
soft signal for hallucination detection (Srey, Wu, and Tuan
2025).

Consistency-based detectors use multiple sampled gen-
erations, treating disagreement as evidence of uncertainty.
SelfCheckGPT considers this principle for zero-resource
faithfulness evaluation by comparing sampled outputs with-
out external references (Manakul, Liusie, and Gales 2023).
SE addresses the limitation that lexical variation obscures
semantic agreement by clustering sampled answers using
bidirectional entailment and computing Shannon entropy
over semantic clusters (Farquhar et al. 2024; Kuhn, Gal,
and Farquhar 2023). Moreover, SE can distinguish the same
meaning expressed in different ways from genuine semantic
disagreement, but it incurs additional inference passes and
can fail when a model is consistently wrong. (Vipulanandan,
Premaratne, and Sarkar 2026) shows that robust semantic-
level uncertainty can remain informative even under deploy-
ment constraints such as quantization and short generation
lengths.

White-box methods use internal signals such as hidden
states, attention patterns, or neuron activations. Unsuper-
vised methods like MIND establish baseline activation pat-
terns and identify deviations as potential hallucinations (Su
et al. 2024). At the same time, supervised probes train
lightweight classifiers on hidden representations to predict
correctness labels (Orgad et al. 2025; Azaria and Mitchell
2023). Because hidden states can encode latent uncertainty
not reflected in the final token distribution, probes can com-
plement sampling-based methods. More computationally ef-
ficient alternatives have also been proposed. For example,
RAUQ identifies uncertainty-sensitive attention heads to en-
able single-pass uncertainty estimation (Vazhentsev et al.
2026), whereas HALT introduces lightweight probes over
intermediate hidden representations and supports selective
routing to more powerful verification mechanisms when
warranted (Bhatnagar et al. 2026).

Nevertheless, (Song et al. 2025) stresses that differ-
ent types of hallucination can defeat various detection
paradigms. This motivates the choice of considering a hy-
brid approach that combines complementary signals. This is
especially relevant in the healthcare domain, where (Pandit

et al. 2025) shows that even strong LLMs struggle to re-
liably detect clinically relevant hallucinations, particularly
when hallucinated answers are semantically close to correct
ones.

The evaluation of response correctness remains a method-
ological challenge as well. To this end, computationally in-
expensive token-overlap measures such as SQuAD F1 (Ra-
jpurkar et al. 2016) provide a practical basis for large-
scale assessment but are inherently limited in their ability
to capture semantic equivalence beyond exact lexical cor-
respondence. By contrast, semantic similarity metrics like
BERTScore (Zhang et al. 2019) provide a richer represen-
tation of meaning while being indirect proxies for factual
correctness. As a result, automated labeling procedures in-
evitably introduce a degree of noise into both detector eval-
uation and the training of supervised components which
calls for complementary expert-verified evaluation to sup-
port more robust and clinically meaningful assessment.

2.3 Explainability for LLM Reliability
The opacity of LLMs creates a direct need for transparency
about reliability, particularly in clinical settings where trust
is derived not from perfect accuracy but from understand-
ing a model’s reasoning process and its limitations (Tonek-
aboni et al. 2019). Despite the expansion of XAI methods,
their integration into real-time patient care remains limited,
largely due to the lack of agreed-upon evaluation frame-
works (Jung et al. 2023). Iterative co-design approaches that
involve clinicians as active participants in the development
of explanation interfaces have shown promise for improv-
ing both trust and usability (Panigutti et al. 2023), yet such
human-centered evaluation remains rare in the context of
LLM-based safety systems.

In the context of hallucination detection, the most relevant
paradigm shifts the focus of explanation from the LLM’s
internal generative process to the auxiliary safety systems
built around it. Wu et al. (2024) advocate for this approach
under the concept of Usable XAI, arguing that explaining
the decisions of a safety classifier is often more practical
than attempting to explain the full generative process. In this
way, model-agnostic methods such as SHAP (Lundberg and
Lee 2017) can attribute importance to each input signal for
a given detection decision assuring both global transparency
(i.e., which signals matter most across instances) and local
interpretability (i.e., why this specific output was flagged).
This user-centric philosophy implies that an explanation’s
value is an empirical quality to be measured rather than a
technical property to be asserted (Meske et al. 2022; Ali
et al. 2023). Recent practitioner studies reinforce this point,
finding that generic application of explainability methods
without domain-specific evaluation and stakeholder involve-
ment fails to meet user needs (Dhaini et al. 2025), which mo-
tivates our approach of grounding SHAP-based explanations
in a clinician-evaluated, domain-specific safety context.

In general, while numerous studies tackle LLM halluci-
nations, a gap emerges at the junction of model size, ap-
plication domain, and detection methodology: techniques
such as SE (Farquhar et al. 2024) and IS probing (Orgad
et al. 2025) have predominantly been evaluated on large-

2714



scale models in general-domain settings, whereas privacy-
sensitive healthcare deployment relies on smaller, institu-
tionally hosted models that may be comparatively more
prone to hallucination (Lauscher, Glavaš et al. 2025). Exist-
ing hybrid strategies typically couple retrieval-based verifi-
cation with uncertainty signals (Lewis et al. 2020), introduc-
ing external dependencies that complicate on-premise de-
ployment, while the two intrinsic paradigms exhibit a the-
oretically motivated complementarity: SE can produce low
entropy when a model repeatedly generates the same incor-
rect response, whereas IS remains sensitive to such high-
confidence failures through the model’s internal representa-
tions (Orgad et al. 2025; Su et al. 2024).

We are explicit about what is novel here versus reused:
SE (Farquhar et al. 2024) and internal state probing (Or-
gad et al. 2025) are established techniques; the contribu-
tion of this work lies in their calibrated fusion, the domain-
specific hallucination taxonomy, and the systematic evalua-
tion of both in the underexplored ∼1B on-premise regime.
Hence, this research addresses this gap by proposing a hy-
brid hallucination detection system applied in the health-
care domain by examining the behavior of these signals in
∼1B-parameter models in two medical question-answering
benchmarks, combining them within a calibrated hybrid de-
tection framework, and evaluating the framework with re-
spect to both detection performance and transparency for
clinical end users.

3 Methodology
To address the hallucination detection problem for small, on-
premise LLMs, this research proposes a hybrid hallucination
detection framework by combining complementary uncer-
tainty signals that capture different failure modes of hallu-
cination using SE with an IS probe based on a lightweight
classifier trained on the model’s final-layer hidden state from
a single low-temperature generation to predict incorrectness.

For this, we formalize the problem of medical hallucina-
tion detection as follows. Let M be a language model that
produces a response y given a medical query x. The objec-
tive is to learn a risk scoring function

S(x, y) ∈ [0, 1] interpreted as P (Incorrect | x, y),
which can be used to abstain from answering when risk ex-
ceeds a safety threshold.

Since collecting expert human annotations at the scale re-
quired for training is challenging in practice, a proxy target
variable z ∈ {0, 1} derived from automated metrics (e.g.,
SQuAD F1 or BERTScore against a reference) is used. Here,
z = 1 denotes an “incorrect” answer. We acknowledge that
z is a noisy label. However, we hypothesize that training on
these proxies allows the model to learn generalizable pat-
terns of error, which we subsequently validate against expert
human annotations.

3.1 Semantic Entropy (SE)
Semantic entropy estimates meaning-level uncertainty from
the distribution of sampled answers. Unlike “naive” entropy,
which penalizes lexical variation, SE clusters responses by
semantic equivalence.

Aligned with (Farquhar et al. 2024), we generate a set
of N stochastic samples Y = {y(1), ..., y(N)} using high-
temperature sampling. We define a semantic equivalence re-
lation y(i) ∼ y(j) using a bidirectional entailment check
with a domain-specific Natural Language Inference (NLI)
model. In this context, two responses are equivalent if and
only if they mutually entail each other. This relation parti-
tions Y into K semantic clusters {C1, ..., CK}.

The probability mass of a cluster CK is estimated by
marginalizing over its constituent sequences:

p(Ck) =

∑
y∈Ck

pθ(y | x)∑
y′∈Y pθ(y′ | x)

.

The Semantic Entropy score is then computed as the Shan-
non entropy over this cluster distribution:

SE(x) = −
K∑
k=1

p(Ck) log p(Ck),

(where log is base-2 or natural; the choice only rescales).
When K = 1, all samples agree semantically and SE(x) =
0.

For comparability across varying K, we also use nor-
malized semantic entropy NSE(x) = SE(x)/ logK when
K > 1, and 0 otherwise. Here, a higher SE/NSE indicates
greater dispersion over distinct semantic answers and thus
higher likelihood of hallucination.

3.2 Internal Signal Probe (IS)
Semantic uncertainty can remain low even when the model
produces a confident but incorrect response and repeatedly
samples the same wrong answer. The IS probe explicitly tar-
gets this confidently wrong failure mode, which SE cannot
capture by design. To capture complementary signals asso-
ciated with such failures, we train a probe on the internal
representations of the primary generation.

We define the Internal Signal as a function of the model’s
hidden states during the generation of the primary answer ŷ.
Let hT ∈ Rd denote the activation vector of the final trans-
former layer at the last generated token T . Following (Orgad
et al. 2025), we hypothesize that hT contains linearly sepa-
rable information regarding the correctness of the sequence.

For this, we train a supervised probe fϕ : Rd → [0, 1] to
predict the proxy correctness label z:

IS(x) = fϕ
(
hT

)
= σ(w⊤hT + b),

where σ is the sigmoid function.
The probe is a logistic regression classifier trained per

model–dataset configuration on the proxy labels z, using
only final-layer activations and no access to reference an-
swers at inference time; the complete training configura-
tion and pipeline are available in the released code repos-
itory. Because z is itself a noisy proxy, the probe may
partly fit label artefacts rather than incorrectness as such;
the BERTScore-based sensitivity analysis (Section 4.2) mit-
igates, but does not eliminate, this concern.

To prevent data leakage during evaluation and when the
outputs are used as features in a downstream model, we
compute IS scores using stratified K-fold cross-validation
and retain out-of-fold probabilities for each instance.
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Medical query x
On-premise LLM M

(∼1B params)

High-T sampling
N responses

Semantic clustering
(biomed NLI)

Semantic Entropy
SE(x)

Low-T primary
answer ŷ

Final-layer state
hT

Internal probe
IS(x)∈ [0, 1]

Hybrid fusion
Avg / Meta

→ P (Incorrect)

Use cases:
abstain / escalate
explain (SHAP)

Figure 1: Hybrid hallucination detection framework architecture.

3.3 Hybrid Framework

The two modules capture complementary dimensions of hal-
lucination risk: SE reflects semantic instability across gener-
ated responses, whereas IS estimates latent patterns associ-
ated with incorrectness. Their integration is not straightfor-
ward since SE is an unbounded information-theoretic mea-
sure, while IS is expressed as a probability in [0, 1]. To ad-
dress this difference in scale and interpretation, we introduce
a fusion strategy that normalizes both signals into a unified
risk metric.

Feature Normalization. Within each cross-validation
fold, we apply Min-Max scaling norm(u;x) = (u(x) −
umin)/(umax − umin) to map raw features (SE, NSE, IS)
to [0, 1], with (umin, umax) computed on the fold’s training
split only.

Hybrid (Avg). The simplest combination assumes
equal contribution after normalization: Havg(x) =
1
2 norm(SE;x) + 1

2 norm(IS;x). This yields an inter-
pretable baseline that requires no additional learned
parameters beyond the IS probe. We emphasize that Havg is
treated as a discriminative risk score rather than a calibrated
probability: Min-Max scaling serves only to place the
unbounded SE score and the [0, 1] IS score on a common
scale for fusion. All calibration claims and abstention
thresholds pertain to the probabilistic outputs of the IS
probe and Hybrid (Meta), for which we report ECE.

Hybrid (Meta). To learn an adaptive combination, we
train a meta-classifier mψ on a compact feature vector
v(x) = [norm(SE;x), norm(IS;x), norm(RL;x)], where
RL is the response length (token count) as an auxiliary
heuristic, based on the observation that hallucinations in
smaller models often correlate with verbosity. The hybrid
score Hmeta(x) = mψ(v(x)) ∈ [0, 1] is trained on the same
proxy labels and evaluated with out-of-fold predictions. In
this context, we explore both linear (Logistic Regression)
and non-linear (Random Forest) meta-learners. Compared to
averaging, mψ can attenuate the influence of potentially mis-
leading signals in cases of disagreement, such as low SE and
high IS, by learning dataset-specific interactions between the
underlying uncertainty signals. Note that response length en-
ters only this secondary meta-learned variant. The primary
Hybrid (Avg) detector and all single-signal results use no
length feature, so detection performance does not depend on
response verbosity.

We retain both variants because they serve distinct pur-
poses. Hybrid (Avg) is the primary discriminative method: it
achieves the best AUROC in the majority of configurations
(Section 4.2) and requires no additional learned parameters
beyond the IS probe. It is also the variant reported as “Hy-
brid” in Table 5. Hybrid (Meta) is reported alongside in Ta-
ble 3 to quantify the trade-off between adaptive combination
and calibration, and its learned coefficients enable the global
feature importance analysis in Section 4.5.

3.4 Hallucination Taxonomy for Medical QA
To analyze clinical risk beyond a single correctness label, we
employ a domain-specific taxonomy developed in consulta-
tion with a medical expert with 15+ years of clinical expe-
rience. It focuses on factuality hallucinations, in which the
model contradicts established medical knowledge, as these
are the primary safety concern in the clinical QA setting
studied here.

We distinguish five factuality subtypes (Table 1). The A-
codes group hallucinations that contradict specific, verifiable
medical information: medication dosage or administration
errors (A1) involve incorrect details about dose, frequency,
or route of administration; indication or contraindication er-
rors (A2) occur when the model incorrectly states that a
treatment is safe when it is contraindicated, or vice versa;
and diagnostic criteria or definition errors (A3) capture mis-
representations of established diagnostic criteria, disease
definitions, or symptom timelines. The B-codes group quan-
titative or fabrication-based error: statistical or epidemiolog-
ical errors (B1) involve incorrect prevalence, incidence, or
risk estimates; and fabricated entities, guidelines, or stud-
ies (B2) occur when the model invents non-existent sources,
authorities, or clinical protocols. A1 is evaluated separately
on the rule-based synthetic dosage task (Section 4.4), where
ground truth is unambiguous; A2, A3, B1, and B2 are eval-
uated on the expert-annotated subset.

An example of a Type A2 error with direct patient safety
implications is as follows. When asked whether Ibupro-
fen can be taken with Lisinopril, a model responded affir-
matively, failing to recognize that NSAIDs (Nonsteroidal
Anti-Inflammatory Drugs) can blunt the effect of ACE
(Angiotensin-Converting Enzyme) inhibitors and harm kid-
ney function. An example of a Type A3 error is the fol-
lowing: when asked to list DSM (Diagnostic and Statistical
Manual of Mental Disorders) criteria for major depressive
disorder, a model stated a minimum mood duration of two
months rather than the correct two weeks answer. A Type
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Code Definition
A1 Medication dosage/administration error
A2 Indication/contraindication error
A3 Diagnostic criteria/definition error
B1 Statistical/epidemiological error
B2 Fabricated entity, guideline, or study

Table 1: Domain-specific taxonomy of medical factuality
hallucinations used for expert annotation. A-codes group
contradictions of specific factual medical information; B-
codes group quantitative or fabrication-based errors.

A3 error is subtler and harder to detect through uncertainty
signals since the response is structurally coherent and se-
mantically close to the correct answer.

This taxonomy is used exclusively for the expert-labeled
evaluation subset and does not affect the training process. In-
tuitively, A2 errors are anchored to concrete, verifiable facts
and tend to produce distinct uncertainty signals, whereas A3
errors can be semantically close to correct statements, mak-
ing them harder to detect. This distinction drives the clini-
cally significant detectability gap we report in our results.

3.5 Explainability Methods
To enhance the transparency and operational usefulness of
the proposed hybrid framework (Figure 1), a lightweight
XAI component is added to understand how the underly-
ing signals contribute to each risk prediction (Das and Rad
2020). This layer provides post-hoc explanations that at-
tribute detection results to the combined effects of SE, IS,
and response length. At the global level, feature-importance
analysis is used to investigate how the meta-learner adjusts
its reliance on these signals according to dataset characteris-
tics reflecting task-specific patterns of hallucination. At the
local level, SHAP-based explanations are used to audit in-
dividual predictions made by showing how particular fea-
tures increase or decrease the final risk estimate. Hence,
this module allows for better understanding both success-
ful detections and failure cases, including instances in which
the model is confidently but incorrectly factual, which con-
tributes to strengthening the safety and accountability of the
framework.

4 Experiments and Results
4.1 Experimental Setup
In this research, ∼1B-parameter models for on-
premise deployment are considered. We evaluate
four architectures: Llama-3.2-1B-Instruct,
TinyLlama-1.1B-Chat-v1.0, its domain-adapted
variant tiny-llama-1.1b-chat-medical, and
Granite-3.1-1B.

These architectures were selected so that findings gener-
alize across the 1B-parameter class rather than reflecting a
single model type: they span large-scale pre-training with
Grouped-Query Attention (TinyLlama), domain specializa-
tion (its medical variant), a newer architectural generation
with an improved tokenizer (Llama-3.2-1B), and a Mixture-

BioASQ MedQuAD
Dataset Properties
Validation questions 819 11,750
Question types 4 37
Mean ref. length (chars) 16.6 95.1
Model Error Rates (%, SQuAD F1 < 0.5)
Llama-3.2-1B 58.2 82.4
TinyLlama v1.1 71.3 86.9
TinyLlama-med 73.5 91.2
Granite-3.1-1B 62.4 89.7
Expert Annotation
Annotated subset (N ) 480 480

Table 2: Dataset characteristics and model baseline error
rates. The high error rates of ∼1B models on both bench-
marks underscore the need for reliable detection: the ma-
jority of generated answers are incorrect under automated
labeling.

of-Experts design that increases effective capacity without
proportional compute cost (Granite-3.1-1B).

Furthermore, the evaluation is performed on two medical
QA benchmarks: (i) BioASQ which contains expert-level
biomedical QA using a validation set of n = 819, and (ii)
MedQuAD which contains patient-facing questions using a
validation set of n = 11,750. Since the reference answers
of MedQuAD can be long, we use concise summaries of the
reference answers to support automated evaluation at scale.
These benchmarks capture two distinct clinical communica-
tion modalities: expert-to-expert and patient-to-system. In-
sights into key dataset characteristics and model error rates
are summarized in Table 2.

The primary responses are generated using low-
temperature greedy decoding (T = 0.1) to obtain a sta-
ble baseline output for downstream analysis. For SE es-
timation, we sample (N = 10) candidate responses at a
higher temperature (T = 0.8) to capture semantic variabil-
ity across plausible generations. Semantic clustering is then
performed using BiomedNLP-PubMedBERT, fine-tuned
for NLI (Natural Language Inference) which serves as the
entailment model for assessing semantic equivalence among
the sampled responses.

In the evaluation process, a multi-tiered evaluation strat-
egy is considered. First, we rely on automated correctness
labels for scale, using thresholds on SQuAD F1 (SQuAD
F1 < 0.5) and BERTScore F1 (BERTScore F1 < 0.85).
Primary results use SQuAD F1-derived labels, while sensi-
tivity uses BERTScore F1-derived labels.

Automated proxy labels enable scale but cannot fully
characterize clinically meaningful hallucination modes. We
therefore conduct an initial exploratory expert-driven evalu-
ation designed as the first step of a human-centric validation
program. Specifically, we sample a subset of model outputs
from the pooled runs and annotate them with the taxonomy
of Section 3.4. The annotations were performed in consul-
tation with a medical expert with 15+ years of clinical ex-
perience. The results are treated as qualitative evidence and
used to test whether clinically high risk factual hallucina-
tions (e.g., contraindications) are systematically more de-
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tectable than subtle conceptual errors (e.g., diagnostic cri-
teria). Scaling to multi-expert panels and formal user study
protocols is part of future research.

In this process, we employ a rule-based synthetic dosage
dataset to test detection performance on purely numeri-
cal hallucinations where ground truth is unambiguous. The
dataset consists of weight-based pediatric dosage calcula-
tions with explicit formulae provided in the prompt, each
presenting a drug, a target dose in mg/kg/day, and a patient
weight, requiring the model to compute the correct daily
dose. This task is designed to evaluate the detector under un-
ambiguous ground truth, not the generator. The weak arith-
metic performance of ∼1B models is expected and orthogo-
nal to the question of whether their errors can be detected.

We report discrimination via the Area Under the Receiver
Operating Characteristic Curve (AUROC) and the Area Un-
der the Precision-Recall Curve (AUPRC), calibration via
Expected Calibration Error (ECE) for detectors that output
probabilities, and a practical abstention proxy via the Area
Under the Rejection Accuracy Curve (AURAC). All exper-
iments were conducted on a single NVIDIA GeForce RTX
2080 Ti GPU (11 GB VRAM), demonstrating that the com-
plete pipeline, including generation and detection, is feasi-
ble on standard clinical workstation hardware. In this con-
text, the effectiveness of the framework is evaluated through
three lenses: discriminative performance, safety alignment,
and interpretability.

4.2 Overall Detection Performance
Table 3 summarizes model performance under SQuAD-F1
proxy labeling. Across 6 of the 8 model–dataset configura-
tions, the Hybrid (Avg) method achieves the highest dis-
criminative performance, as measured by AUROC. This re-
sult provides empirical support for the proposed framework
reinforcing that semantic output inconsistency and internal-
state-based signals capture complementary aspects of hal-
lucination risk and, when combined, improve detection ef-
fectiveness. The AUROC gains over the best single signal
are modest in absolute terms; the central contribution of
the fusion lies in its consistency across configurations, com-
bined with the calibration stability of the probabilistic com-
ponents, which is what enables safe abstention thresholds in
clinical workflows.

For example, using TinyLlama v1.1 on the MedQuAD
dataset, the hybrid method reaches 0.930 AUROC, outper-
forming both SE (0.911) and IS (0.917) individually. While
the IS probe alone is a strong discriminator, often matching
SE, its primary advantage lies in calibration. The IS probe
consistently achieves low ECE (< 0.06), significantly out-
performing the uncalibrated P(True) baseline. This indicates
that the probability scores produced by our internal probe are
reliable proxies for actual correctness which is a prerequisite
for setting safe abstention thresholds in clinical workflows.
At the same time, this shows that the fusion of these compo-
nents captures genuinely complementary information.

Despite the comparatively stronger discrimination per-
formance observed, the practical utility of all methods,
as reflected by AURAC, remains limited, particularly on
the MedQuAD dataset (generally 0.28–0.34), compared

to BioASQ dataset (0.54–0.63). This shows an important
boundary condition of the proposed method: even an effec-
tive detector can deliver only modest gains through absten-
tion when the underlying model exhibits low baseline ac-
curacy because the number of correct responses that can be
preserved after filtering is intrinsically limited. Since AU-
RAC is highly sensitive to this base-rate effect, the elevated
error rates observed in 1B models (58–91%; Table 2) con-
strain the practical benefit attainable through rejection-based
filtering alone. Accordingly, these results support framing
the proposed framework as a risk indicator to assist hu-
man review, rather than as a standalone autonomous filtering
mechanism.

Sensitivity analysis using BERTScore-derived labels
(BERTScore F1 > 0.85) confirmed the overall trends on
BioASQ, with AUROC scores remaining comparable. On
MedQuAD, a consistent performance reduction was ob-
served across all detectors, reflecting the dataset’s charac-
teristics of containing diverse but valid paraphrased answers
that BERTScore correctly identifies as correct, thereby mak-
ing the discrimination task more difficult. Key qualitative
findings, including strong IS calibration (ECE < 0.06) and
low AURAC, persisted across both labeling schemes, sug-
gesting the framework’s probabilistic estimates are robust to
the choice of correctness proxy.

4.3 Subtype Analysis
From an ethical and safety perspective, the potential risk
and harm associated with hallucinations varies across er-
ror types and application contexts (Granstedt et al. 2025;
Artsi et al. 2025). For instance, a fabricated contraindica-
tion is life-threatening, and a verbose definition is merely
inefficient. To understand this risk profile, we analyzed the
aggregated Z-normalized uncertainty scores for the expert-
annotated subset (N = 960 total, N = 480 per dataset).

Table 4 reports the mean Z-score normalized uncertainty
per factuality subtype. Across both datasets and across SE,
IS, and the hybrid detector, A2 (indication/contraindication)
errors receive substantially more extreme uncertainty scores
than any other factuality subtype, while A3 (diagnostic cri-
teria/definition) errors sit close to the overall mean. B1 and
B2 errors fall between these extremes.

This detectability gap is also statistically significant.
Mann–Whitney U tests on the A2 vs. A3 comparison yield
p < 10−4 across all detectors, with medium-to-large ef-
fect sizes (rank-biserial r = −0.47 for SE on BioASQ to
r = −0.70 for IS on MedQuAD), confirming that the sep-
aration is not merely significant but practically meaningful.
Given the small size of some subtype cells, we report rank-
biserial effect sizes alongside exact p-values. The nonpara-
metric tests remain valid at these sample sizes, but subtype-
level results should be read as qualitative evidence consistent
with the exploratory scope of the expert evaluation.

The MedQuAD numbers are particularly striking: the IS
probe assigns A2 errors a mean Z-score of −3.22, more
than three standard deviations below the population mean,
whereas A3 errors sit within +0.14 of it. This suggests that
when smaller models hallucinate a specific, verifiable med-
ical fact, the internal and semantic signals are strong and
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Dataset Model SE IS Hybrid(Avg) Hybrid(Meta) ECE(IS) ECE(HybridMeta)
BioASQ Llama-3.2-1B 0.860 0.826 0.867 0.873 0.033 0.072
BioASQ TinyLlama v1.1 0.887 0.876 0.907 0.885 0.042 0.063
BioASQ TinyLlama-med 0.893 0.915 0.922 0.900 0.035 0.069
BioASQ Granite-3.1-1B 0.869 0.811 0.877 0.840 0.057 0.075
MedQuAD Llama-3.2-1B 0.893 0.862 0.899 0.862 0.022 0.056
MedQuAD TinyLlama v1.1 0.911 0.917 0.930 0.901 0.023 0.036
MedQuAD TinyLlama-med 0.893 0.929 0.903 0.879 0.022 0.035
MedQuAD Granite-3.1-1B 0.911 0.915 0.924 0.898 0.024 0.065

Table 3: AUROC (higher is better) and calibration (ECE; lower is better) using automated SQuAD-F1 proxy labels.

Dataset Subtype N SE IS Hybrid (Avg) Hybrid (Meta)

BioASQ

A2 Indication/Contraindication 54 −1.07 −1.32 −1.25 −1.25
A3 Diagnostic Definition 294 +0.10 +0.09 +0.10 +0.10
B1 Statistical/Epidemiological 26 +0.34 +0.46 +0.41 +0.38
B2 Fabricated Entity/Guideline 19 +0.31 +0.49 +0.41 +0.36

MedQuAD

A2 Indication/Contraindication 16 −2.21 −3.22 −2.94 −1.92
A3 Diagnostic Definition 321 +0.12 +0.14 +0.15 +0.10
B1 Statistical/Epidemiological 19 +0.03 +0.09 +0.06 +0.06
B2 Fabricated Entity/Guideline 8 +0.55 +0.20 +0.45 +0.78

Table 4: Mean Z-score normalized uncertainty by factuality subtype on the expert-annotated subset. Lower (more negative)
scores indicate that the detector assigns higher uncertainty to that subtype and therefore detects it more reliably. Across both
hybrid variants, A2 errors receive markedly more extreme scores than A3, B1, and B2 on both datasets. The two hybrid variants
agree closely except on small subsets (notably MedQuAD A2 with N = 16 and MedQuAD B2 with N = 8), where the meta-
learner’s adaptive weights deviate from simple averaging.

distinct; when they hallucinate conceptual definitions (A3),
the error signal is noisier. This asymmetry is clinically for-
tunate: the framework acts as a guardrail for the most acute
safety risks, even if it struggles with nuance.

4.4 Synthetic Dosage Task

To evaluate detection on numerical hallucinations with un-
ambiguous ground truth, we employed a rule-based syn-
thetic dosage calculation task. Baseline model performance
differed markedly across the models: TinyLlama achieved
20.4%, while Llama-3.2-1B solved only 0.6% correctly,
consistent with known limitations of small LLMs in precise
numerical reasoning (Mirzadeh et al. 2024).

The IS probe was the dominant signal for this task,
achieving AUROC scores above 0.96 across all models, sub-
stantially outperforming SE (AUROC 0.52–0.77). This in-
dicates that for errors involving misapplication of explicit
numerical rules, final-layer activations encode confidence
cues that semantic consistency across samples cannot cap-
ture. SE’s weakness here is expected: a model that con-
sistently applies an incorrect calculation will produce se-
mantically consistent but factually wrong outputs, yielding
low entropy. Calibration remained excellent for the IS probe
(ECE <0.04), while AURAC remained low due to the mod-
els’ poor baseline accuracy on the task itself. These results
are summarized in Table 5 and reflect again the comple-
mentary nature of the two signals: SE excels at detecting
semantic divergence in open-ended generation and IS cap-
tures confidence anomalies in rule-based reasoning.

Model (Acc.) SE IS Hybrid ECEIS
TinyLlama (20.4%) 0.625 0.981 0.973 0.018
TinyLlama-med (13.3%) 0.773 0.995 0.975 0.017
Llama-3.2-1B (0.6%) 0.686 0.997 0.996 0.008
Granite-3.1-1B (13.3%) 0.515 0.965 0.943 0.038

Table 5: AUROC on the synthetic dosage task. The IS probe
dominates, confirming that internal representations capture
confidence signals invisible to sampling-based SE. Percent-
ages indicate model baseline accuracy; ECE is reported for
IS only.

4.5 Explainability
For on-premise deployment, a single risk probability is of-
ten insufficient. Clinicians need to understand which signals
drove the warning to decide whether to override, abstain,
or escalate to human review. We therefore accompany the
hybrid detector with lightweight post-hoc explanations that
attribute each decision to the underlying intrinsic signals.

Detection Signals Interpretation. The analysis con-
ducted on global feature importance shows that the meta-
learner adapts to the dataset. On BioASQ (expert-level
queries), the logistic regression meta-learner assigns its
highest coefficient to SE (2.16), followed by IS (1.48), and
response length (0.78), relying heavily on semantic consis-
tency. On MedQuAD (consumer queries), the random for-
est meta-learner distributes Gini importance more evenly:
IS (0.38), SE (0.35), and response length (0.27), reflecting a
more balanced integration of both signals.

At the local level, SHAP waterfall plots enable detailed
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Figure 2: SHAP waterfall plot for a false negative detection
(missed A2 hallucination). The model’s high confidence, re-
flected in low SE and IS scores, pushed P(Incorrect) to 0.162
despite the output being factually incorrect. This illustrates
the “confidently wrong” failure mode where parametric er-
rors evade both uncertainty signals.

auditing of individual failure cases. For example, in a
True Positive detection of a fabricated syndrome definition,
SHAP revealed that both high SE and high IS pushed the
risk score to 1.0. Conversely, we identified False Negatives
where the model was “confidently wrong” by generating a
concise, logically consistent, but factually incorrect “Yes” to
a contraindication query. In these cases, the low SE and IS
scores explain why the detector failed: the LLM’s error was
parametric, not stochastic (Figure 2). A systematic, clinician
evaluated assessment of the reliability of these explanations
across case types is a next step of the human-centered vali-
dation program outlined in Section 6.

Initial Expert-Based Evaluation. To validate the utility
of these explanations, we conducted a qualitative study with
a medical expert. In this process, each scenario was evalu-
ated on three metrics: clarity (understanding of the detector’s
reasoning), utility (actionability for clinical decisions), and
trustworthiness (appropriate calibration of confidence in the
system). The expert reviewed the model outputs alongside
SHAP explanations for correct, hallucinated, and false posi-
tive scenarios. We stress the qualitative scope of this evalua-
tion: with a single expert it can surface usability insights and
candidate hypotheses, but it supports no quantitative relia-
bility or generalizability claims. Multi-specialty panels with
pre-registered protocols are part of future work.

The expert rated the clarity of the explanations highly
(4/5), but the primary finding was the shift in trust calibra-
tion.

”[The explanation] helps me understand the system
has weaknesses. Seeing a missed error reduces my
trust somewhat, but it is a good reminder to remain
skeptical.” – Medical Expert

The expert noted that while a binary flag is sufficient for
obvious errors, the breakdown is vital for False Positives.
When the detector flagged a correct answer, the expert could
use the explanation to see that the flag was driven by “se-
mantic noise” rather than internal uncertainty, allowing them
to override the system with confidence. This confirms that
explainable detection supports a “human-in-the-loop” work-
flow where AI has a supportive role and not a replacing one.

5 Discussion
In the healthcare domain, LLM deployment is often framed
as a trade-off between proprietary API-based models, which
may offer stronger performance but raise security, privacy,
and sovereignty concerns, and locally deployed open mod-
els, which provide greater control and compliance but histor-
ically weaker clinical performance. Our findings show this
trade-off can be mitigated through methods such as the pro-
posed hybrid detection framework, with several implications
for responsible AI deployment in resource-constrained en-
vironments, aligned with the principles of human-centered
AI(Shneiderman 2022).

5.1 Implications for Responsible On-Premise
Deployment

Data protection frameworks such as GDPR and HIPAA con-
strain the adoption of state-of-the-art cloud-based LLMs in
many healthcare settings. As a result, the broader democ-
ratization of medical AI increasingly depends on the re-
sponsible, safe, and effective deployment of smaller and
locally hosted models. Our findings indicate that although
1B-parameter models are prone to error, their failures are
not random. By combining meaning-level uncertainty with
internal representations, we achieved discrimination scores
that support safer deployment of these smaller models. This
suggests that post-hoc reliability layers can serve as a vi-
able alternative to scaling model size, enabling hospitals to
maintain data sovereignty without exposing patient data. A
concrete deployment scenario is a clinical workstation pro-
viding decision-support QA under mandatory human review,
in settings that lack local retrieval infrastructure or the gov-
ernance arrangements required for external data flows.

This finding has implications beyond individual institu-
tions. As regulatory frameworks such as the EU AI Act (Eu-
ropean Parliament and Council 2024) increasingly classify
medical AI systems as high-risk, the ability to demonstrate
transparent safety mechanisms has become a compliance re-
quirement. The hybrid framework’s capacity to produce cal-
ibrated risk scores accompanied by interpretable explana-
tions directly addresses the transparency and accountabil-
ity requirements that such regulations impose. In resource-
limited settings, on-premise deployment of smaller models
with robust detection may represent the only viable pathway
to AI-assisted healthcare that respects both patient privacy
and institutional data governance.

Furthermore, the subtype-level analysis has direct impli-
cations for deployment design. The consistent finding that
factual indication/contraindication errors (A2) are substan-
tially easier to detect than diagnostic definition/criteria er-
rors (A3) suggests that a responsible deployment strategy
should not rely on a single binary flag. Instead, a tiered alert-
ing approach could leverage the distinct uncertainty signals.
This implies that a high SE score could trigger a conceptual
uncertainty warning, prompting the clinician to review the
response for semantic inconsistencies, while a high IS score
could trigger a more critical factual hallucination alert, rec-
ommending verification against established sources. In these
lines, the explainability component is essential to making
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such a tiered system usable, as it allows a clinician to un-
derstand the evidence behind any given alert and to decide
whether to override, accept, or escalate the system’s judg-
ment. Recent work on accountability in healthcare AI advo-
cates that such decision-level transparency should function
as a mechanism for joint accountability between developers
and clinical users, rather than placing the burden on any sin-
gle actor (Bagave et al. 2025).

5.2 Calibrated Trust and Human-AI
Collaboration

The qualitative feedback from the medical expert empha-
sizes that the value of a system lies in its transparency. By vi-
sualizing why a response was flagged, the framework shifts
the clinician’s role from a passive recipient of information to
an active auditor. This reduces the risk of automation bias,
where users over-rely on system outputs by explicitly sur-
facing the model’s own uncertainty.

As shown in the expert evaluation, the signal-level break-
down proved most valuable in ambiguous cases such as
false positives, supporting a human-in-the-loop workflow in
which AI supports rather than replaces clinical judgment.
From an ethical standpoint, this transparency serves a dual
purpose: it protects patients by ensuring that flagged outputs
receive human review, and it protects clinicians by providing
an auditable rationale for their decision to accept or override
an AI recommendation (Bagave et al. 2025).

5.3 Limitations
Despite these promising results, several limitations exist and
are further acknowledged.

First, the IS probe and meta-learner are trained on
automated proxy labels derived from SQuAD F1 and
BERTScore thresholds. These labels conflate factual incor-
rectness, incompleteness, and acceptable paraphrase, and
may under-penalize semantically close but clinically impor-
tant errors. Importantly, the supervised components are both
trained and evaluated on these proxy labels, so systematic
label biases can shape the learned decision boundary itself.
The synthetic dosage task partially addresses this by provid-
ing rule-based ground truth independent of the proxies. Sen-
sitivity analysis with BERTScore-derived labels confirmed
the overall trends, but a larger-scale, human-verified dataset
is necessary to fully characterize clinical utility across di-
verse patient populations.

Second, the expert subtype analysis and explainability re-
view are explicitly initial and involve one clinician which
does not permit inter-rater reliability estimation. While this
provides valuable qualitative evidence, the findings can-
not be generalized without multi-specialty panels and pre-
registered study protocols.

Third, the SE component relies on biomedical NLI for
equivalence clustering. Systematic NLI errors such as do-
main shift and negation sensitivity, propagate directly into
SE scores and could bias detection toward or against cer-
tain error types. Quantifying NLI reliability on the target do-
main and testing robustness to alternative entailment models
is planned future work.

Fourth, all four evaluated models fall within the ∼1B-
parameter class. This scope is deliberate since the proposed
framework targets the hardware constraints of on-premise
clinical workstations, but it leaves open whether the hybrid’s
advantages persist at larger scales (e.g., 3B–7B parameters),
where individual detectors may already be stronger and the
complementarity between SE and IS may diminish. A re-
lated open question is whether larger but quantized models,
which fit similar hardware, shift this trade-off. Evaluating
the hybrid on quantized models is a natural next step.

Fifth, the evaluation is limited to English-language, short-
form medical QA. Other impactful clinical tasks, includ-
ing summarization, discharge instructions, and guideline
drafting, involve longer contexts and different hallucina-
tion modalities. The framework has not been evaluated in
conjunction with extrinsic approaches such as RAG (Re-
trieval Augmented Generation) which may complement in-
trinsic detection when local retrieval infrastructure is avail-
able. Extending the evaluation to established benchmarks for
clinical summarization and medical text simplification is a
concrete next step. Establishing generalizability across lan-
guages, tasks, and model scales is necessary before any clin-
ical integration.

6 Conclusion
This research proposed a hybrid framework for hallucina-
tion detection specifically designed for privacy-constrained,
on-premise medical LLMs. By combining semantic entropy
with internal signal probing, we obtained modest but consis-
tent improvements in detection performance and, critically,
in calibration on 1B-parameter models across two medical
QA benchmarks and four architectures. The framework is
most effective at detecting high-risk factual errors such as
fabricated contraindications and provides explainable sig-
nals that support calibrated human trust. The subtype-level
analysis revealed a clinically important asymmetry: indica-
tion and contraindication errors are identified with relatively
high reliability, while more subtle conceptual hallucinations
remain harder to flag. These results demonstrate that post-
hoc reliability monitoring of smaller, local models can sub-
stantially improve their safety profile, supporting the broader
goal of equitable and responsible medical AI.

Future work follows directly from the limitations out-
lined in Section 5.3: scaling expert annotation to multi-
specialty panels with NLI-based correctness assessment,
and extending evaluation to larger models, additional lan-
guages, and longer-form clinical tasks such as summariza-
tion and discharge-instruction generation. Beyond these,
three complementary directions warrant dedicated investi-
gation: (i) multi-layer probing strategies and alternative se-
mantic clustering approaches to capture hallucination pat-
terns our current signals miss; (ii) human-centered co-design
studies with practitioners to empirically assess how alerting
strategies, explanation formats, and feedback mechanisms
affect clinician trust, decision quality, and workflow inte-
gration; (iii) fairness monitoring across patient demographic
groups to ensure the framework performs equitably across
populations.
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Ethics Statement
This research aims to enhance patient safety by improving
hallucination detection in medical AI systems. To this end,
several ethical considerations are further discussed.

First, the supervised components of the framework are
trained on automated correctness labels, which may system-
atically misclassify certain answer types. If these biases cor-
relate with patient demographics or clinical subdomains, the
detector could be less effective for underrepresented popula-
tions, potentially exacerbating health disparities. Continuous
monitoring, regular retraining with diverse data, and mech-
anisms for clinicians to report and override detector flags
are therefore core components of a responsible deployment
strategy.

Second, the hallucination taxonomy and subtype annota-
tions were developed and verified by a single medical expert.
While this provided clinically grounded labels, it does not
capture the full diversity of clinical perspectives. To address
this, multi-specialty validation is needed before deployment.

Third, a well-calibrated detection system could paradox-
ically increase clinician trust to a degree that reduces vigi-
lance for error types the system handles poorly. Hence, de-
ployment needs to include clear communication of the sys-
tem’s known blind spots.

And fourth, while designed for safety purposes, the hallu-
cination taxonomy and detection signals could theoretically
be repurposed in order to identify which errors evade de-
tection, enabling adversarial manipulation of medical LLM
outputs. We believe the safety benefits substantially out-
weigh this risk, particularly given the focus on open eval-
uation methods.

This research did not involve human subjects beyond the
expert annotator, who participated voluntarily. No patient
data was used. All datasets are established, de-identified
benchmarks.
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