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Abstract

Abstention is the intentional refusal of mod-
els to provide an answer. Adverse drug reac-
tions (ADRs), which range from mild to life-
threatening, are often underreported by patients
in hospitals and to doctors because patients as-
sume these are unavoidable. With the growing
adoption of LLMs and vision language mod-
els (VLMs) in healthcare, patients are increas-
ingly reaching out to these models for solu-
tions. In such high-risk scenarios, incorrect
or overconfident responses can cause unnec-
essary anxiety, lead patients to discontinue es-
sential medications, or encourage inappropriate
self-medication. In this work, we propose the
MAD-MED, a Model Abstention approach for
Drug Adverse Reaction for MEDical-VLMs.
It is a training strategy to encourage models to
abstain when answering would contradict the
available input, exceed the model’s knowledge,
or violate model ethics. In addition, we re-
lease an augmented Adverse Drug Reaction
ABStention (ADR-ABS) dataset comprising
image-answerable, text-answerable, and unan-
swerable questions to support systematic evalu-
ation of abstention behavior. Quantitative and
human evaluations confirm that our proposed
MAD-MED approach improved the abstention
capabilities of models considerably while keep-
ing the generative capabilities intact in cases
where the model is expected to answer. Re-
sources related to data and codes are available
here: 1

1 Introduction

Artificial Intelligence (AI) has demonstrated re-
markable potential in transforming healthcare ap-
plications, including disease diagnosis, treatment
planning, and drug recommendation (Tăuţan et al.,
2021; Wang et al., 2019; Ye et al., 2021; Khanagar
et al., 2021; Granda Morales et al., 2022; Garg,

⋆Equal contribution
1https://github.com/chinmaycodes7/

Model-Abstention-In-Medical-VLMs-Pharmacovigilance

2021). In particular, the recent emergence of Medi-
cal Large Vision Language Models (Med-VLMs)
has substantially improved the quality and accuracy
of medical decision-making, enabling the genera-
tion of more precise and clinically relevant diag-
noses (Li et al., 2023; Moor et al., 2023; Thawkar
et al., 2023; He et al., 2024; Tu et al., 2024a). One
important application of Med-VLMs in healthcare
is pharmacovigilance, where these models assist
in identifying and interpreting adverse drug events
(ADEs) experienced by patients, often through vi-
sual evidence that patients themselves may not fully
understand. The reliability of such diagnostic out-
puts is especially critical, as Med-VLMs are in-
creasingly being used by patients in non-clinical
settings without the presence of formal medical ver-
ification mechanisms. For these models to be safely
deployed in real-world pharmacovigilance settings,
it is essential that they demonstrate strong predic-
tive capabilities but also clearly recognize their
limitations. Beyond providing accurate diagnoses,
models must abstain and communicate situations
in which they lack confidence. This is known as
Model Abstention(MA). False or exaggerated ADE
predictions may cause unnecessary anxiety which
may lead patients to discontinue essential medica-
tions, or prompt inappropriate self-medication and
treatment changes without professional supervision.
Unfortunately, existing Medical VLMs largely fail
to exhibit this self-awareness. They often produce
confident predictions even when uncertain, lacking
the ability to appropriately flag cases where reliable
conclusions cannot be drawn. The model does not
know that it does not know.

Prior studies have demonstrated that enabling
models to abstain from answering can substantially
improve safety and reliability, particularly in con-
strained or high-risk application settings (Varshney
et al., 2024; Wang et al.; Zhang et al., 2024). Ex-
isting approaches to promote abstention primarily
rely on calibration strategies, including linguistic
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Figure 1: Overview of the proposed MAD-MED framework. Given a multimodal clinical input comprising an image,
associated clinical context, and a user query, the pretrained Med-VLM backbone remains frozen while lightweight
trainable adapters learn abstention-aware behavior.

calibration techniques (Han et al., 2024; Mielke
et al., 2022; Desai and Durrett, 2020), which aim
to estimate a model’s confidence in its generated
response and trigger abstention whenever the con-
fidence falls below a predefined threshold (Varsh-
ney et al., 2022). However, determining whether a
query is answerable at all given the internal knowl-
edge limitations of Med-VLMs remains a challeng-
ing problem and cannot always be reliably quan-
tified through confidence estimation alone (Yang
et al., 2023). Motivated by these considerations,
we propose MAD-MED, a Model Abstention ap-
proach for Drug Adverse Reaction for MEDical-
VLMs , as illustrated in Figure 1. MAD-MED mod-
ifies the model’s behavior by adjusting the adapter
weights using negative supervision signals. When
the model produces an unsafe answer to a query,
the MAD-MED penalizes such responses and re-
wards the generation of abstention tokens. To sum
up our key contributions include:

• We propose MAD-MED, a training approach
based on the standard autoregressive likeli-
hood objective that enables Med-VLMs to ab-
stain for certain queries. To the best of our
knowledge, this is the first work to explicitly
incorporate model abstention behavior into
the training of Medical VLMs.

• We release an augmented benchmark dataset
enriched with expert-annotated questions and
answers.

• We conduct extensive quantitative and human
evaluations demonstrating that MAD-MED
significantly improves abstention behavior in

non-relevant or unsafe situations, while pre-
serving the model’s existing generative capa-
bilities.

2 Related Works

Large language model (LLM)-powered systems
have significantly advanced medical question an-
swering (QA) across both multiple-choice and
open-ended settings (Jin et al., 2021; Singhal et al.,
2023). However, ensuring reliability in such sys-
tems requires the ability to recognize knowledge
boundaries and abstain when sufficient evidence
is unavailable (Lin et al., 2025; Ni et al., 2025;
Kale and Nadadur, 2025). Existing approaches
primarily treat abstention as a function of model
confidence. Self-assessment methods rely on in-
ternal uncertainty estimation (Tian et al., 2023),
calibration scoring (Srivastava et al., 2023), or
multi-scale confidence modeling (Li et al., 2024),
while consistency-based approaches detect uncer-
tainty through disagreement across multiple gen-
erated responses (Wang et al., 2022). Knowledge-
augmented methods attempt to mitigate uncertainty
by incorporating external medical information or
retrieval mechanisms (Tu et al., 2024b).

Despite these advances, current approaches ex-
hibit several limitations. First, confidence-based
and calibration-driven methods often fail to cap-
ture modality-specific evidence gaps, particularly
in multimodal settings where required information
may be missing from either the image or the text.
Second, long-context retrieval methods tend to in-
troduce coarse-grained and excessive information,
which may obscure rather than resolve the absence
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of critical evidence. Third, prior work on absten-
tion in multi-stage systems or ensemble frame-
works (Corbière et al., 2019; Loshchilov and Hutter,
2017) increases system complexity and relies on
inference-time interventions rather than integrating
abstention into the model’s core reasoning process.
Selective prediction methods for text-based QA
(Kamath et al., 2020) further highlight the chal-
lenge of abstention, demonstrating limited general-
ization to intrinsically unanswerable queries even
within the same domain. Importantly, these limita-
tions are amplified in multimodal medical question
answering, where unanswerable cases frequently
arise due to missing modality information rather
than model uncertainty alone.

Our Perspective: In contrast to prior work, we
model abstention as a modality-aware reasoning
problem, where the model must determine whether
sufficient evidence exists across input modalities to
support a reliable answer. We propose a training-
based approach that directly integrates abstention
behavior into the generative process of Medical
VLMs, enabling the model to abstain in the pres-
ence of incomplete, ambiguous, or high-risk clini-
cal inputs without relying on external calibration
or inference-time mechanisms.

3 ADR-ABS Dataset Construction

To enable supervised learning of abstention be-
havior, we construct the Adverse Drug Reaction
ABStention (ADR-ABS) dataset by extending the
multimodal adverse drug reaction (ADR) bench-
mark MMADE (Sahoo et al., 2024b). The objec-
tive of this augmentation is to introduce structured
question–answer supervision that explicitly cap-
tures both answerable and unanswerable scenarios
in multimodal medical contexts. This allows mod-
els to learn when reliable reasoning is possible and
when abstention is the safer behavior.

Source Data: MMADE consists of medical
images paired with associated clinical descriptions
related to adverse drug reactions. Each sample pro-
vides complementary visual and textual evidence
describing patient symptoms, drug exposure, and
clinical observations. We build ADR-ABS on top
of this dataset by introducing multimodal question–
answer pairs designed to probe different reasoning
conditions.

Annotation Team: The annotation process in-
volved one pharmacologist and two medical in-
terns with clinical training. The pharmacologist

supervised the annotation protocol and validated
the medical correctness of all finalized examples,
while the interns performed the primary question
and answer generation. For each multimodal sam-
ple, annotators were provided with the medical
image and the associated clinical text. They were
instructed to generate questions that fall into three
supervision categories corresponding to different
reasoning requirements:

1. Image-answerable questions: Questions that
can be answered solely using visual evidence
present in the medical image (e.g., visible der-
matological reactions or physical symptoms).

2. Text-dependent questions: Questions that
cannot be answered from the image alone but
can be resolved using the accompanying clini-
cal description, such as patient history, drug
exposure, or reported symptoms.

3. Unanswerable questions: Questions that can-
not be reliably answered from either modality
due to missing information, incomplete clin-
ical evidence, or ambiguity. These questions
serve as supervision signals for abstention be-
havior.

For each sample, annotators initially generated
approximately fifteen candidate questions cover-
ing the above categories. These candidates were
then jointly reviewed to remove ambiguous or
redundant questions. From the candidate pool,
exactly six questions were selected per sample
through annotator consensus. Selection aimed to
ensure balanced coverage across the three super-
vision categories while maintaining clinical rele-
vance and clarity. The final selection achieved an
inter-annotator agreement score of 0.89, indicating
strong consistency among annotators in identify-
ing appropriate questions. For all selected ques-
tions, the two medical interns independently gen-
erated answers based on the available multimodal
evidence. In the case of unanswerable questions,
annotators provided a standardized abstention re-
sponse indicating that the question cannot be deter-
mined from the provided context. Disagreements
between annotators were resolved through discus-
sion, resulting in a Cohen’s kappa score of 0.78 for
answer agreement. All annotated question–answer
pairs were subsequently reviewed by the supervis-
ing pharmacologist to ensure clinical correctness
and consistency with medical reasoning practices.
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Any examples containing ambiguous phrasing or
clinically inaccurate interpretations were revised or
removed during this stage.

This process results in a curated dataset of mul-
timodal ADR question answer pairs containing
both answerable and abstention scenarios. The
dataset provides explicit supervision signals for
training medical vision language models to distin-
guish between answerable queries and cases where
abstention is necessary due to insufficient evidence.
Please refer to Appendix A.2 for a detailed descrip-
tion of the dataset augmentation procedure.

4 Methodology

Given a medical vision language model (Med-
VLM) v and a multimodal input x, consisting of an
image, associated clinical text, and a user query, the
model produces an output y. In real-world clinical
settings, however, not every query can be answered
reliably from the available evidence. Multimodal
inputs may be incomplete, ambiguous, or outside
the model’s knowledge distribution. In such cases,
generating a confident answer can lead to incor-
rect medical conclusions and potentially unsafe
outcomes. To address this challenge, we introduce
MAD-MED, an abstention-aware training frame-
work that enables Med-VLMs to explicitly refuse
answering when reliable evidence is unavailable.
Rather than forcing the model to always produce
an answer, our framework allows the model to gen-
erate a specialized abstention response when uncer-
tainty or insufficient information is detected.

4.1 Problem Statement

Formally, for an input x, the model produces either
a grounded answer ŷ or an abstention response:

y =

{︄
ŷ, if sufficient evidence exists
ABSTAIN, otherwise.

(1)
Unlike selective prediction approaches that rely

on probability thresholds or external confidence es-
timators, abstention in our framework is learned as
a natural language generation behavior. This allows
the model to explicitly communicate uncertainty
in a human-readable manner while maintaining
compatibility with standard generative inference
pipelines.

4.2 Abstention Taxonomy

We operationalize abstention behavior using three
clinically motivated triggers that capture common
sources of uncertainty in medical multimodal rea-
soning. These triggers define structured supervi-
sion signals used during dataset construction and
training.

• Evidence Insufficiency: Certain queries
cannot be answered because the required evi-
dence is not present in the available modalities.
For example, a question that requires detailed
patient history cannot be resolved from an im-
age alone. In such cases, the model should
abstain rather than hallucinate missing infor-
mation.

• Knowledge Boundary: Medical vision lan-
guage models are trained on finite datasets and
therefore possess limited knowledge coverage.
Some queries may fall outside the model’s
effective training distribution or require spe-
cialized clinical knowledge not captured dur-
ing pretraining. Attempting to answer such
questions may lead to unreliable conclusions,
making abstention the safer behavior.

• Ethical and Safety Constraints: Adverse
drug reaction (ADR) analysis often involves
high-risk medical reasoning with direct impli-
cations for patient safety. When the model
encounters queries involving severe clinical
conditions, ambiguous diagnostic cues, or eth-
ically sensitive scenarios, abstention provides
a safeguard against potentially harmful recom-
mendations.

4.3 Abstention-Aware Training

We train the model using a standard autoregressive
likelihood objective with prompt masking, such
that only the generated answer tokens contribute to
the loss. Let x denote the multimodal input and y
the target response. The base objective is defined
as:

L = − logP (y | x; θ, ϕ), (2)

where θ denotes the frozen backbone parameters
of the Med-VLM and ϕ represents the trainable
adapter parameters.

To encourage reliable abstention behavior, we in-
troduce an abstention-aware weighting mechanism
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that increases the learning signal for abstention-
labeled samples. The modified objective is defined
as:

L′ =

{︄
λ · L, if the sample is labeled ABSTAIN,

L, otherwise,
(3)

where λ > 1 is a scalar hyperparameter control-
ling the relative importance of abstention supervi-
sion. This weighting scheme encourages the model
to prefer abstention over confident but potentially
incorrect responses when evidence is insufficient.

In our formulation, abstention supervision cor-
responds to target responses that explicitly com-
municate uncertainty (e.g., “ABSTAIN: Cannot be
determined from the provided context”). By treat-
ing abstention as a normal generation outcome, the
model learns to map uncertainty-inducing inputs
to explicit refusal responses. During training, only
the adapter parameters ϕ are updated, while the
backbone parameters θ remain frozen. We employ
parameter-efficient LoRA adapters for this purpose,
allowing the model to learn abstention behavior
without modifying the underlying pretrained repre-
sentations. This design preserves the general med-
ical knowledge of the base model while enabling
targeted adaptation for abstention-aware reasoning.

4.4 Inference Behavior

At inference time, the trained model processes mul-
timodal inputs using the same generation pipeline
as standard Med-VLMs. No additional confidence
thresholds, external classifiers, or calibration mech-
anisms are introduced. Instead, the model naturally
produces either a clinically grounded answer or
an explicit abstention response through standard
decoding. This design keeps the framework sim-
ple and deployment-friendly while allowing the
model to communicate uncertainty directly in nat-
ural language, which is particularly important in
high-stakes medical applications.

‘You are a medical visual question answering
assistant. Your task is to answer the user’s ques-
tion using only the information that is explicitly
present in the provided image and/or text. If the
question cannot be answered, you must respond
with: ‘ABSTAIN: Cannot be Determined from
the provided Context’. Do not guess. Do not as-
sume missing details. Do not provide speculative
or uncertain medical advice.’

5 Experiments and Results

We conduct our experiments under three controlled
input configurations, evaluating model behavior for
Pre MAD-MED and Post MAD-MED approach.

(a) Image-Only Setting: The model is provided
solely with an ADR-related image and is queried
using six questions derived from the three absten-
tion perspectives described in Section 4.2. The
question set includes both queries that can be reli-
ably answered using image alone and queries that
are unanswerable from the image content.

(b) Text-Only Setting: In this configuration,
only textual information is supplied to the model.
The evaluation questions comprise text-answerable
queries and queries that inherently require visual
context.

(c) Image-and-Text Setting: The model receives
both the image and the accompanying text as in-
put. The same set of evaluation questions is used
to examine how additional multimodal context in-
fluences the model’s answerability assessment and
abstention behavior.

5.1 Implementation Details

We implemented the proposed MAD-MED ap-
proach on four state-of-the-art Medical VLMs:
LLaVA-Med (Li et al., 2023), Med-Flamingo
(Moor et al., 2023), MedGemma (et al, 2025), and
Qwen-Med (Cheng et al., 2024). These models
were selected for their open-source nature, clini-
cal relevance, and modular architectures. All ex-
periments were conducted on an NVIDIA H100
GPU, with per-model training time ranging from
1.2 to 2.5 hours. The dataset was split into train-
ing and test sets in a 70:30 ratio. We evaluated
the abstention capability using Precision, Recall,
and F1-score. In addition, we utilise a task-specific
metric, Abstention Accuracy (AA) to evaluate the
model’s ability to make correct abstention deci-
sions. AA measures the proportion of correct deci-
sions, including both appropriate answers and ap-
propriate abstentions, among all evaluated queries.
We further employed human evaluations to measure
the hallucination rate and clinical accuracy (Sahoo
et al., 2024a). For questions where the model was
expected to answer, the generated response was
evaluated against the gold reference using Jaccard
similarity(JM, 2004) and BERTScore(Zhang et al.,
2019).

838



5.2 Evaluations

Across the three controlled input configurations,
the results consistently demonstrate the effective-
ness of the proposed MAD-MED framework in im-
proving abstention behavior while maintaining an-
swer quality.

5.3 Analysis of Results

Tables 1, 2, and 3 present the quantitative per-
formance of the evaluated Medical VLMs under
three controlled input configurations. Across all
settings, the results consistently demonstrate that
the proposed MAD-MED framework significantly
improves abstention behavior while preserving and
improving answer quality.

5.3.1 Image-Only Setting
In the image-only configuration, models receive
only visual input while the associated clinical text
is withheld. Since several evaluation questions re-
quire textual evidence, these queries are inherently
unanswerable in this setting. The baseline models
frequently attempt to generate answers despite in-
sufficient evidence, leading to high hallucination
rates (HR) and low abstention recall. After apply-
ing MAD-MED, all evaluated models exhibit sub-
stantial improvements in abstention performance
as demonstrated in Table 1. In particular, absten-
tion recall increases from approximately 0.28–0.31
in the baseline models to around 0.74–0.78 after
training with MAD-MED. At the same time, hal-
lucination rates decrease dramatically from values
above 0.85 to approximately 0.21–0.24. This in-
dicates that the proposed framework effectively
teaches the models to recognize when visual in-
formation alone is insufficient and to abstain from
generating unreliable answers. Importantly, answer
quality metrics such as Jaccard Similarity (JS) and
BERTScore (BS) also improve, suggesting that the
framework does not simply increase refusal behav-
ior but encourages more reliable responses when
sufficient evidence is available.

5.3.2 Text-Only Setting
A similar pattern is observed in the text-only con-
figuration, where models are provided with clinical
text but the associated medical image is not avail-
able. In this setting, questions that rely on visual ev-
idence cannot be answered reliably. Baseline mod-
els again tend to produce speculative answers in
the absence of visual context, resulting in high hal-
lucination rates and low abstention recall. After in-

corporating MAD-MED, abstention recall improves
substantially across all models, reaching approxi-
mately 0.76–0.79. Simultaneously, hallucination
rates are reduced to roughly 0.20–0.23. The results
in Table 2 indicate that the proposed approach en-
ables the models to identify when a required modal-
ity is missing and to abstain accordingly, rather
than attempting to produce unsupported responses.
Furthermore, improvements in clinical accuracy
demonstrate that answer generation for genuinely
text-answerable questions remains reliable.

5.3.3 Image-and-Text Setting
In the multimodal configuration, where both the
image and the clinical text are provided, the models
have access to the full context required for answer-
ing most questions. Under this setting, the appli-
cation of MAD-MED results in consistent improve-
ments across all evaluation metrics. As demon-
strated in Table 3, abstention F1 increase by 47.2%-
79.9% for all baseline models, indicating that the
model is better able to distinguish between answer-
able and unanswerable queries even when full mul-
timodal information is available. In addition, an-
swer evaluation metrics such as JS and BS show
noticeable gains, suggesting that the generated re-
sponses become more semantically aligned with
the ground-truth answers. Clinical accuracy also
improves significantly, highlighting the practical
reliability of the responses in medically relevant
scenarios.

5.3.4 Classification Results
To evaluate the effectiveness of the proposed MAD-
MED framework, we treat ‘Abstain’ as the posi-
tive class (instances where the model is expected
to withhold an answer) and ‘Answer’ as the neg-
ative class. As observed from Table 3, precision
exhibits a modest improvement, while recall in-
creases sharply. In the pre MAD-MED approach,
the models rarely abstain: when presented with a
question, they tend to generate an answer in the
majority of cases resulting in a very small number
of true positives and subsequently very few false
positives. After applying MAD-MED, the num-
ber of true positive cases increases substantially
while false positives remain low, leading to sta-
ble and consistent precision. In contrast, recall is
severely limited in the pre MAD-MED setting due
to a large number of false negatives cases where the
model should abstain but instead produces an an-
swer. MAD-MED dramatically reduces these false
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Abstain Evaluations Human Evaluations Answer Evaluation

Models MAD-MED P R F1 AA HR
Clinical

Accuracy
JS BS

LLaVA-Med Pre 0.701 0.286 0.407 0.251 0.874 0.18 0.587 0.754
Post 0.774 0.742 0.758 0.792 0.241 0.71 0.662 0.872

Med-Flamingo Pre 0.682 0.314 0.430 0.268 0.851 0.21 0.604 0.742
Post 0.748 0.768 0.758 0.815 0.214 0.74 0.676 0.861

Qwen-Med Pre 0.673 0.278 0.394 0.243 0.889 0.17 0.575 0.731
Post 0.783 0.776 0.779 0.824 0.206 0.76 0.695 0.883

MedGemma Pre 0.651 0.301 0.412 0.259 0.862 0.15 0.556 0.719
Post 0.731 0.751 0.741 0.803 0.232 0.69 0.671 0.857

Table 1: Performance under the Image-Only configuration. When textual context is unavailable, baseline models
frequently generate speculative responses. The proposed MAD-MED framework significantly improves abstention
recall and reduces hallucination rates while preserving answer quality.

Abstain Evaluations Human Evaluations Answer Evaluation

Models MAD-MED P R F1 AA HR
Clinical

Accuracy
JS BS

LLaVA-Med Pre 0.718 0.332 0.454 0.296 0.861 0.23 0.611 0.781
Post 0.781 0.763 0.772 0.826 0.218 0.74 0.684 0.891

Med-Flamingo Pre 0.702 0.356 0.472 0.309 0.842 0.25 0.629 0.769
Post 0.752 0.781 0.766 0.834 0.203 0.72 0.697 0.874

Qwen-Med Pre 0.687 0.301 0.418 0.271 0.878 0.20 0.598 0.747
Post 0.792 0.788 0.790 0.842 0.209 0.76 0.708 0.889

MedGemma Pre 0.661 0.337 0.446 0.294 0.851 0.18 0.573 0.725
Post 0.741 0.769 0.755 0.812 0.229 0.70 0.679 0.866

Table 2: Performance under the Text-Only configuration. Without visual evidence, baseline models tend to
hallucinate answers for image-dependent questions. MAD-MED significantly improves abstention recall while
maintaining answer quality.

Abstain Evaluations Human Evaluations Answer Evaluation

Models MAD-MED P R F1 AA HR
Clinical

Accuracy
JS BS

LLaVA-Med Pre 0.736 0.355 0.479 0.278 0.856 0.21 0.613 0.782
Post 0.782 0.785 0.783 0.813 0.237 0.76 0.689 0.894

Med-Flamingo Pre 0.711 0.402 0.514 0.314 0.804 0.24 0.647 0.765
Post 0.753 0.762 0.757 0.832 0.205 0.73 0.692 0.865

Qwen-Med Pre 0.694 0.321 0.439 0.261 0.882 0.19 0.593 0.743
Post 0.789 0.791 0.790 0.845 0.214 0.77 0.714 0.890

MedGemma Pre 0.658 0.377 0.479 0.302 0.823 0.16 0.568 0.718
Post 0.738 0.764 0.751 0.801 0.249 0.69 0.681 0.864

Table 3: Performance under the Image+Text configuration. With full multimodal context, MAD-MED improves
both answer accuracy and abstention performance while significantly reducing hallucination rates. Quantitative
performance of the MAD-MED approach for abstain classification using Precision (P), Recall (R), F1-score (F1),
Abstention Accuracy (AA), and Hallucination Rate (HR). Answer evaluation is performed using Jaccard similarity
(JS) and BERTScore (BS).

negatives, showing recall improvements. We no-
tice that Abstain accuracy improved considerably
from pre to post, highlighting the fact that our ap-
proach aligned the VLMs to actually abstain. We
additionally evaluate the hallucination behavior of
the models through human evaluation. Hallucina-
tion rate is assessed manually based on whether the
generated response contains unsupported or incor-
rect information when the model should abstain.

As expected, hallucination rates are high in the
pre MAD-MED approach, since the model answers
most queries. Following the MAD-MED approach,
hallucination is dramatically reduced, as the model
reliably abstains in scenarios that previously trig-
gered unsupported responses.

In addition to abstention analysis, we also con-
ducted a complementary evaluation on queries
where the model is expected to provide an answer.
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Setting Question Baseline Output MAD-MED Output

Image-Only What medication caused
the rash in the image?

The rash appears to be caused by
penicillin allergy.

ABSTAIN: The medication responsi-
ble for the rash cannot be determined
from the image alone without addi-
tional clinical context.

Text-Only Does the patient show vis-
ible swelling or redness
on the skin?

Yes, the patient shows swelling and
redness.

ABSTAIN: The presence of visible
swelling or redness cannot be deter-
mined without examining the medi-
cal image.

Image+Text What adverse drug re-
action best explains the
symptoms?

The patient likely has
Stevens–Johnson syndrome caused
by medication.

The symptoms described in the
text and image suggest a possi-
ble adverse drug reaction such as
Stevens–Johnson syndrome, though
clinical confirmation is required.

Table 4: Qualitative comparison of baseline Medical VLMs and the proposed MAD-MED framework. Baseline
models often generate speculative answers when evidence is missing, whereas MAD-MED appropriately abstains in
uncertain scenarios.

Beyond the classification-based assessment, we ex-
amined the quality of the generated responses using
Jaccard similarity and BERTScore. These answer-
able queries consist of medical questions grounded
in the provided input context. Since the evaluated
VLMs are clinically pre-trained and aligned with
the medical domain, the generated responses in the
pre MAD-MED setting were generally reasonable.
However, following the application of the MAD-
MED framework, the generation quality improves
substantially as the model learns a more structured
and consistent way to respond.

To complement the automatic metrics, we con-
duct a human evaluation to assess the clinical qual-
ity of model-generated answers. For all instances
where the model produces an answer, domain-
informed annotators rate the response on clinical
correctness. Clinical correctness measures the fac-
tual and medical validity of the response with re-
spect to the provided input. These dimensions are
scored on a range from 1–5, where higher values
indicate better performance. The reported results
in Table 3 correspond to the average scores across
annotators and test samples. This evaluation allows
us to verify that the improved abstention behav-
ior introduced by MAD-MED does not degrade the
contrary generative capability of the model.

5.3.5 Qualitative Results
Table 4 presents representative qualitative exam-
ples comparing baseline Medical VLMs with the
proposed MAD-MED framework under different
input configurations. The examples illustrate a
common failure mode of baseline models: when
required evidence from a particular modality is

missing, the models often generate speculative
responses rather than acknowledging uncertainty.
In the Image-Only setting, the baseline model at-
tributes the observed rash to a specific medication
despite the absence of any medication information
in the image. Similarly, in the Text-Only setting,
the model claims the presence of visible symptoms
that cannot be verified without visual input. In con-
trast, the MAD-MED enhanced models correctly
identify these cases as unanswerable and produce
explicit abstention responses. Importantly, when
both modalities are available in the Image+Text
setting, MAD-MED generates a cautious, evidence-
grounded response rather than abstaining unneces-
sarily. These examples highlight that the proposed
framework encourages models to abstain in situa-
tions with insufficient evidence while still allowing
accurate responses when adequate multimodal con-
text is available, thereby improving the safety and
reliability of medical reasoning. We present addi-
tional qualitative results in Appendix A.3.

6 Conclusion

In this work, we introduce MAD-MED, a Model
Abstention approach for Drug Adverse Reaction
for MEDical-VLMs. It is a training strategy that
enables models to abstain from responding when
a query contradicts the available input, exceeds
the model’s knowledge, or violates clinical and
ethical boundaries. To the best of our knowledge,
MAD-MED is the first dedicated model abstention
approach developed for vision–language models
in the medical domain. In addition, we release an
augmented ADR-ABS dataset comprising image-
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answerable, text-answerable, and unanswerable
questions to support systematic evaluation of ab-
stention behavior. Extensive quantitative and hu-
man evaluations demonstrate that MAD-MED sig-
nificantly enhances abstention performance while
preserving the generative capabilities of the under-
lying models.

7 Limitations

Despite the promising results, our work has several
limitations. In particular, the current formulation of
abstention is restricted to three categories: image-
answerable, text-answerable, image-text answer-
able and unanswerable. However, real-world clini-
cal decision making often involves more complex
forms of uncertainty, such as partially answerable
cases and conflicting evidence. These aspects are
not fully captured in the present framework and is
part of our ongoing future work.

8 Ethical Consideration

In this work, we augment a publicly available
dataset and employ existing models in a respon-
sible and transparent manner. We ensure that no
harmful, misleading, or offensive content is intro-
duced in the question–answering process. All ex-
perimental procedures strictly adhere to established
ethical guidelines. We additionally provide the ab-
stention clauses, task prompts, and representative
question generation templates used in our experi-
ments to support transparency and reproducibility.
Any biases that may appear in the dataset are unin-
tentional, and we have no intention of causing harm
to any individual or group. All necessary approvals
for conducting this research were obtained from
the relevant institutional ethics boards.
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A Appendix

A.1 Frequently Asked Questions (FAQs)

Q1. Why is abstention necessary? Why not
just improve accuracy? In safety-critical medi-
cal scenarios, the primary risk is not low accuracy
but overconfident incorrect responses. Our study
demonstrates that existing Med-VLMs tend to an-
swer even when evidence is missing, conflicting, or
clinically inappropriate, which can lead to serious
downstream harm such as patient anxiety, medica-
tion discontinuation, or unsafe self-treatment.

Q2. Why restrict abstention to three cat-
egories? We intentionally begin with three
coarse-grained categories—image-answerable,
text-answerable, and unanswerable—to estab-
lish a controlled, interpretable framework for
learning abstention. These categories capture
fundamental uncertainty modes in multimodal
clinical reasoning and allow precise measurement
of abstention behavior. We explicitly acknowledge
that real-world uncertainty is more complex and
identify finer-grained abstention modeling as
important future work.

Q3. Why only six final questions? For
each sample, annotators initially generated approx-
imately 15 clinically relevant candidate questions.
These were systematically scored on modal appro-
priateness, abstention sensitivity, and ADR rele-
vance. Through consensus-based selection with
strong inter-annotator agreement (0.89), six ques-
tions were chosen that maximized coverage of mul-
timodal reasoning and clinical intent while main-
taining annotation consistency.

Q4. Is the approach generalizable? Yes.
MAD-MED is architecture-agnostic: the back-
bone remains frozen, only lightweight adapters are
trained, and no inference-time modifications are
required. This allows the framework to be applied
across different LLMs and VLMs with minimal
engineering overhead.

Q5. Does the model simply abstain more of-
ten? No. Our analysis shows that while true pos-
itive abstentions increase significantly, false posi-
tives remain low, and generative capability on an-
swerable cases is preserved.

Q6. Why was the augmented dataset neces-
sary? Existing medical multimodal datasets are
not designed to evaluate or train abstention behav-
ior: they overwhelmingly assume that every query
should be answered. To study abstention in a clini-
cally meaningful way, we required carefully con-

844

https://api.semanticscholar.org/CorpusID:266174420


structed scenarios where answering is appropriate,
inappropriate, or impossible given the available
evidence. The augmented dataset enables system-
atic supervision of abstention by introducing con-
trolled uncertainty across modalities (image-only,
text-only, or neither), while preserving real clinical
context. This design allows us to measure not only
whether the model abstains, but when it should ab-
stain something that cannot be reliably evaluated
using existing datasets alone.

Q7. Why did you select only these four Med-
VLMs, and why not commercial models such as
ChatGPT?

We selected LLaVA-Med, Med-Flamingo,
Qwen-Med, and MedGemma because they are pub-
licly available, clinically relevant, and technically
diverse medical VLMs. All four models support
modular, parameter-efficient adaptation, which is
essential for isolating the effect of our abstention
training while keeping the backbone frozen. More-
over, they are pretrained on medical data but dif-
fer substantially in their vision encoders, language
backbones, and multimodal fusion mechanisms,
enabling us to evaluate MAD-MED across hetero-
geneous architectures. We did not include commer-
cial models such as ChatGPT because their training
procedures and internal parameters are inaccessi-
ble, making it impossible to implement or analyze
the proposed abstention learning mechanism within
the model itself. Our focus is on methods that are
reproducible, controllable, and deployable in real
clinical research settings.

Q8. Do you release your source code and aug-
mented dataset publicly?

Yes, we release source code and dataset
publicly in the anonymous link below:
https://anonymous.4open.science/r/
anonymous_to_all-8D37/

A.2 Construction Process of Q-A Pairs
For each of the 1,500 multimodal samples, annota-
tors were first instructed to independently generate
a diverse pool of clinically meaningful candidate
questions. The question formulation process was
guided by three core principles: (i) clinical rele-
vance to adverse drug reaction (ADR) analysis, (ii)
coverage of multimodal reasoning scenarios, in-
cluding vision-only, text-only, and unanswerable
cases, and (iii) diversity of clinical intent, encom-
passing diagnosis, symptom interpretation, drug
usage, and risk assessment. This process resulted
in an initial set of 15 candidate questions Table 5.

Each question was subsequently evaluated on a 1–5
scale along three parameters: Model Appropriate-
ness, Abstention Sensitivity, and ADR Relevance.
The final questions Table 6 were selected based on
the threshold value of more than 4.5. The result-
ing scores for the selected questions are reported
below.

A.3 MAD-MED Qualitative results
We present additional qualitative results in Figures
2, 3, 4, 5. We evaluate the models under three
scenarios: image-only, text-only, and image–text
inputs. In the pre–MAD-MED setting, the mod-
els rarely abstain and attempt to answer nearly all
questions, regardless of suitability. After apply-
ing the MAD-MED approach, abstention behavior
improves substantially, with the models reliably
refraining from answering in inappropriate or un-
supported scenarios.
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# Candidate Question Avg Score

1 What drug is the patient using? 4.91
2 What is the route of drug administration? 4.78
3 What is the dosage and frequency? 3.42
4 How long has the patient been using this drug? 3.65
5 Is the patient taking multiple medications? 3.11
6 What adverse drug events are described? 4.89
7 What is the severity of the adverse reaction? 3.87
8 Are the adverse events acute or chronic? 4.56
9 Is the reaction drug-induced or disease-related? 3.26
10 What physiological systems are affected? 3.71
11 Which body part is affected in the image? 4.74
12 What visible physical symptoms are present? 4.02
13 What psychological conditions are suggested by the image? 4.62
14 Can the diagnosis be confirmed from the available information? 2.98
15 Is there sufficient evidence to recommend a change in medication? 2.21

Table 5: Candidate Question Scores

Question

What drug is the patient using?
What is the route and pattern of drug administration?
What adverse drug events are described in the case?
What psychological medical conditions are described in the image?
Which body part is affected in the image?
Are the adverse events acute or chronic based on the information provided?

Table 6: Final selected set of Questions used in our Model Abstention Approach
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What drug is the patient using?

Which body part is affected in the image?

What psychological medical conditions are described
in the image?

What is the route and pattern of drug administration?

Are the adverse events acute or chronic based on
the information provided?

What adverse drug events are described in the case?

Amitraz

Tongue

The image describes several psychological medical
conditions, including body dysmorphic disorder

(BDD), obsessive-compulsive disorder (OCD), and
trichotillomania (TTM).

The drug administration route and pattern in this case
is sublingual, which means it is administered under

the tongue.

The ADE oral mucositis with aphthous ulcers, which
are small, round, and painful sores that can develop on

the mucous membranes of the mouth.

Chronic

Image Only Pre MAD-MED

Cannot be determined from the
provided image and information.

Tongue

Cannot be determined from the
provided image and information.

Cannot be determined from the
provided image and information.

The patient observse tongue
discoloration due to ADE oral

mucositis.

Cannot be determined from the
provided image and information.

Post MAD-MED

: Wrong

: Correct
:  Partially 

Correct

Figure 2: Qualitative depiction of pre MAD-MED and post MAD-MED approach when only image is passed as an
input.

What drug is the patient using?

Which body part is affected in the image?

What psychological medical conditions are described
in the image?

What is the route and pattern of drug administration?

Are the adverse events acute or chronic based on
the information provided?

What adverse drug events are described in the case?

The patient is using Clindamycin.

Tongue

The image describes several psychological and
psychiatric disorders, including obsessive compulsive
disorder (OCD), generalized anxiety disorder, major

depressive episode, and posttraumatic stress
disorder.

The drugs were administered orally once daily.

Tongue Discoloration and Periodontal infection.

The advere events mentioned in
are chronic.

Text Only

Pre MAD-MED

Clindamycic

Tongue

Cannot be determined from the
provided image and information.

Cannot be determined from the
provided image and information.

Tongue Discoloration

Cannot be determined from the
provided image and information.

Post MAD-MED

: Wrong

: Correct
:  Partially 

Correct

Approximately 21 days before presentation, he
had completed a course of clindamycin to treat

a periodontal infection. However, tongue
discoloration began and the changes persisted.

Figure 3: Qualitative depiction of pre MAD-MED and post MAD-MED approach when only text is passed as an
input.
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What drug is the patient using?

Which body part is affected in the image?

What psychological medical conditions are described
in the image?

What is the route and pattern of drug administration?

Are the adverse events acute or chronic based on
the information provided?

What adverse drug events are described in the case?

The patient is using Clindamycin.

Tongue

The image describes several psychological and
psychiatric disorders, including obsessive compulsive
disorder (OCD), generalized anxiety disorder, major

depressive episode, and posttraumatic stress
disorder.

The drugs were administered orally once daily.

Tongue Discoloration due to periodontal infection.

The advere events mentioned in
are chronic.

Image and Text

Pre MAD-MED

Clindamycic

Tongue

Cannot be determined from the
provided image and information.

Cannot be determined from the
provided image and information.

Cannot be determined from the
provided image and information.

Post MAD-MED

: Wrong

: Correct
:  Partially 

Correct

Approximately 21 days before presentation, he
had completed a course of clindamycin to treat

a periodontal infection. However, tongue
discoloration began and the changes persisted.

Tongue Discoloration and
Periodontal Infection

Figure 4: Qualitative depiction of pre MAD-MED and post MAD-MED approach when image and text is passed as
an input.

What drug is the patient using?

Which body part is affected in the image?

What psychological medical conditions are described
in the image?

What is the route and pattern of drug administration?

Are the adverse events acute or chronic based on
the information provided?

What adverse drug events are described in the case?

 influxim 

Leg

The image describes two psychological medial
conditions: delusional parasitosis and body

dysmorphia.

The drug was administered intravenously (IV) at an
interval of every two weeks.

These ADRs include generalized exanthematous
pustulosis and toxic epidemology,

Chronic

Image Only Pre MAD-MED

Cannot be determined from the
provided image and information.

Leg

Cannot be determined from the
provided image and information.

Cannot be determined from the
provided image and information.

These ADRs depict pityriasis
lichenoides

Cannot be determined from the
provided image and information.

Post MAD-MED

: Wrong

: Correct
:  Partially 

Correct

Figure 5: Qualitative depiction of pre MAD-MED and post MAD-MED approach when image only is passed as an
input.
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