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Abstract
Medical vision-language systems are commonly evaluated onwhether they answer image-based questions

correctly, yet many real imaging consult queries are not purely image-answerable. Users may ask for diag-

nosis, prognosis, treatment, administrative interpretation, patient identity, legal responsibility, or causal

explanation that exceeds what the image alone can support. A model that answers all such requests with

the same style may appear useful while silently crossing clinical, informational, or institutional bound-

aries. This paper presents an empirical study of clinical intent boundary modeling for medical vision-

language question answering. We created a dataset of 14,850 image-associated consult questions drawn

from radiography, computed tomography, ultrasound, dermatology, and wound-care settings, with each

question labeled by whether it was directly image-answerable, context-dependent, clinician-only, admin-

istrative, identity-related, prognostic, treatment-seeking, or unanswerable from the provided input. We

trained a multimodal intent boundary model that jointly encodes the image, question, acquisition meta-

data, and expected evidence source before routing the query to one of four response policies. Compared

with direct answering by six vision-language systems, boundary routing reduced unsupported clinical

assertions from 22.6% to 9.4%, reduced treatment-seeking answer leakage from 18.1% to 5.7%, and pre-

served answer accuracy for image-answerable questions within 1.3 percentage points. The boundary

model achieved macro F1 of 0.812 for eight-class intent recognition and detected non-image-answerable

questions with sensitivity of 0.884. These findings suggest that medical vision-language evaluation should

include intent-boundary competence rather than assuming every image-associated question deserves a

direct visual answer.

1. Introduction

A medical image can prompt many different kinds of questions. Some questions are properly visual.

They ask whether a tube tip is below the diaphragm, whether a fracture is visible, whether there

is pleural effusion, whether a lesion has irregular margins, or whether a gallstone is seen. Other

questions are adjacent to the image but not answerable from it alone. They ask whether the patient

needs surgery, whether discharge is safe, whether a finding caused a symptom, whether a physician

made an error, whether a medication should be changed, whether the patient has a specific identity,

or whether a future outcome is likely. These questions may arrive in the same interface and may

refer to the same image. Amedical vision-language model that lacks an intent boundary may answer

them as though they were all ordinary image questions.

The problem examined in this paper is not visual recognition failure. It is boundary confusion. A

model may be capable of recognizing a finding and still fail to recognize that the user is asking for

something outside the permitted evidence. A chest radiograph may support the statement that a

small left pleural effusion is present, but it does not by itself support a discharge recommendation.
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Figure 1. Boundary-routing pipeline for medical vision-language consultation, where question intent and

required evidence are estimated before any response policy is selected.
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Figure 2. Intent categories are separated from evidence requirements so that visually answerable questions,

clinical judgment requests, identity requests, and administrative requests produce different routing behavior.

A dermatology photograph may support a description of border irregularity, but it does not by itself

establish malignancy prognosis. A wound image may support visible tissue description, but not a

definitive antibiotic choice [1]. A computed tomography slice may show hemorrhage, but a question

about legal responsibility for delayed treatment requires institutional facts and professional review.

Boundary confusion therefore concerns the relation between question intent and available evidence.

The growth of medical vision-language systems makes this issue practical. In a controlled bench-

mark, every question is usually designed to be answerable from the image. In a consult workflow,

that assumption is false. Clinicians, students, patients, administrators, and researchers ask differ-

ent questions. Some are seeking visual description, some are seeking medical advice, and some are

seeking reassurance. A system that answers all questions directly may provide a fluent response

that exceeds its evidential basis. A system that refuses too broadly may be unusable. The task is to

distinguish question intents and select an appropriate response policy.

This paper studies clinical intent boundary modeling as a supervised and measurable component of

medical vision-language question answering. The proposed model receives the image, the question,

and limited metadata. It predicts the intent category and the evidence source needed to answer. It

then routes the query to one of four response policies: direct image answer, qualified image-limited

answer, context-requesting answer, or refusal with clinical redirection. The policy is not chosen
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Figure 3. Supervised training architecture with separate heads for intent class, evidence source, response

policy, and scalar boundary confidence.
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Figure 4. Consult-workflow placement of the boundary gate between the user interface and answer generation,

allowing ordinary visual responses while redirecting decisions that require external clinical authority.

from generic safety rules alone. It is chosen from the question’s clinical intent and the evidence

available in the input.

The term boundary is used deliberately. The aim is not to block all difficult questions. A question

may be difficult but still image-answerable. For example, asking whether a subtle scaphoid fracture

is present is a visual question, even if the model may be wrong. Conversely, a simple-sounding

question may exceed the image. Should this patient go home now is not made answerable by being

short. Boundary modeling separates difficulty from scope. Difficulty concerns whether the model

can answer. Scope concerns whether the input contains the kind of evidence the question requires.

The study introduces an empirical benchmark of image-associated consult questions. Unlike a typ-

ical visual question answering dataset, it includes many questions that should not receive a direct

answer from the image. The dataset covers radiography, computed tomography, ultrasound, der-

matology, and wound-care images. Each question is labeled into one of eight intent classes. Each

class is associated with evidence requirements and response-policy expectations. The benchmark

therefore evaluates whether a system can understand the clinical role of the question, not only the

visible content of the image.

The proposed model is called a clinical intent boundary model. It has two stages. The first stage

encodes the question and image to identify the intended clinical action. The second stage estimates

whether the requested action is supported by the available evidence. These stages are related but not

identical. A question can ask for diagnosis, but the image may support only a descriptive finding.
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Figure 5. Error-analysis loop for improving boundary decisions through reviewer adjudication, repaired labels,

hard-case selection, and targeted query augmentation.

A question can ask for treatment, but the image may provide only one piece of clinical evidence.

A question can ask for identity, and the image should not be used to infer it. The model therefore

predicts both intent and evidence compatibility.

One design choice in this study is to avoid treating all non-image-answerable questions as the same.

A treatment-seeking question, an identity-related question, and an administrative question fail the

image-only boundary for different reasons. Their safe responses differ. A treatment-seeking ques-

tion may require advising the user to consult the treating clinician while offering a limited image

description. An identity-related question should not speculate. An administrative question may

need institutional records rather than image analysis. A single refusal category would hide these

distinctions.

A prior medical VLM study offers a useful contrast in dataset construction [2]. Sadanandan and

Behzadan (2025) described a text-attack corpus in which template sets with two to four variants per

category were programmatically combined with 200 authentic radiology prompts to create approx-

imately 3,000 text-attack cases [3]. The present paper uses that detail only to motivate a different

sampling concern: when prompts are systematically generated, the prompt family itself can domi-

nate model behavior unless natural consult intents are separately represented. Here, the dataset is

therefore built around naturally occurring intent diversity rather than attack-template diversity.

The study makes three empirical claims. First, many image-associated consult questions are not

directly image-answerable, and this proportion varies by modality and user role. Second, a learned

boundary model can classify question intent and evidence compatibility well enough to improve

response routing. Third, routing reduces unsupported assertions and advice leakage without sub-

stantially harming performance on ordinary image-answerable questions. These claims are tested

using six medical or general vision-language systems, human-labeled intent data, automatic and

manual outcome scoring, and statistical comparison across modalities and intent types.

The contribution is not a new foundation model. It is a measurement and routing layer for medical

image consultation. The work assumes that vision-language models will continue to be used for a

range of image-associated questions. It asks how an interface can determinewhich questions deserve

direct visual answers and which require limitation, clarification, or redirection. This framing treats

question intent as a clinical safety variable.

The paper proceeds by describing the dataset, intent taxonomy, boundary model, mathematical for-

mulation, experimental procedure, results, error analysis, implications for workflow design, limi-

tations, and conclusion. The tone of the analysis is intentionally operational. The question is not
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whether a model can be made generally safe by one classifier. The question is whether explicit

boundary modeling measurably improves behavior in a realistic mixture of image-associated con-

sult queries.

2. Dataset and Intent Taxonomy

The dataset contained 14,850 image-associated consult questions. Each example included an image

or image series, a question, limited acquisition metadata, a modality label, a user-role label when

available, an intent label, an evidence-source label, and a response-policy label. The images came

from five domains: radiography, computed tomography, ultrasound, dermatology, and wound-care

photography. Radiography contributed 4,300 examples, computed tomography 3,050, ultrasound

2,250, dermatology 2,800, and wound-care photography 2,450. The mixture was selected to include

both highly structured imaging tasks and visually descriptive tasks where users often ask for man-

agement implications.

The questions were collected from three sources. The first source was report-derived visual ques-

tions written by trained annotators. These were mostly directly image-answerable. The second

sourcewas simulated consult questionswritten by clinicians, medical trainees, and patient-education

reviewers after viewing images and short case fragments. These included many context-dependent

and treatment-seeking questions. The third source was de-identified educational question logs from

internal teaching settings, filtered and rewritten to remove personal information. These logs con-

tributed natural wording, including ambiguous, incomplete, and role-specific phrasing. All questions

were reviewed to remove identifying details and unsafe requests.

The dataset was intentionally not balanced to make the classification task easy. Directly image-

answerable questions accounted for 38.4% of examples. Context-dependent questions accounted for

16.7%. Clinician-only judgment questions accounted for 10.9%. Administrative or documentation

questions accounted for 6.8%. Identity-related or personal-information questions accounted for 4.5%.

Prognostic questions accounted for 8.1%. Treatment-seeking questions accounted for 11.6%. Unan-

swerable or malformed image-associated questions accounted for 3.0%. This distribution reflects an

evaluation mixture rather than a population estimate.

The eight intent classes were defined by the action requested from the model. A directly image-

answerable question asks for a visible finding, location, laterality, device position, or descriptive

image property. A context-dependent question asks for an answer that might be possible with ad-

ditional clinical data but not from the image alone. A clinician-only judgment question asks for a

decision requiring professional responsibility, such as disposition, diagnosis integration, or urgency

triage beyond the visible finding. An administrative question asks about billing, documentation, re-

port ownership, institutional policy, or legal procedure. An identity-related question asks who the

patient is, whether the image belongs to someone, or asks for personal information. A prognostic

question asks what will happen later. A treatment-seeking question asks what medication, proce-

dure, surgery, or immediate management should be performed. An unanswerable or malformed

question lacks a coherent target or refers to absent input.

The evidence-source labelswere image-only, image-plus-clinical-context, clinician-examination, longitudinal-

record, institutional-record, patient-identity-record, population-statistical-evidence, and insufficient-

or-undefined. These labels are different from intent labels. A prognostic question may require

population-statistical evidence and longitudinal record data. A treatment question may require clin-

ician examination, laboratory data, allergy history, medication list, and institutional protocols. A

directly image-answerable question should require image-only evidence. The boundary model pre-

dicts both intent and evidence source because a question’s safety depends on what evidence it de-

mands.



6 Rizwan Hamid et al.

The response-policy labels were direct answer, image-limited answer, context-requesting answer,

and boundary refusal. A direct answer is appropriate when the question is image-answerable and the

visible evidence is sufficient. An image-limited answer is appropriate when the model can describe

the image but should not answer the broader requested action. A context-requesting answer is

appropriate when additional clinical informationwould be necessary and the user might provide it in

a legitimate setting. A boundary refusal is appropriate for identity speculation, administrative/legal

determination, malformed requests, or clinical decisions that should not be made from the image.

The policy label is the main routing output.

The dataset included user-role labels for 9,420 examples. Roles were clinician, trainee, patient or

caregiver, administrator, researcher, and unknown. Role labels were used only for analysis and in one

secondary model. The main model did not require role identity because many real systems will not

reliably know the user role. However, role affected intent distribution. Patient or caregiver questions

weremore likely to be prognostic or treatment-seeking. Administrator questions weremore likely to

be documentation-related. Trainee questions includedmany directly image-answerable and context-

dependent questions.

Annotationwas performed in two rounds. In the first round, two annotators assigned intent, evidence-

source, and response-policy labels. In the second round, a senior reviewer adjudicated disagreements

and marked boundary difficulty [4]. Boundary difficulty was coded as low, medium, or high. Low-

difficulty questions clearly belonged to one class. Medium-difficulty questions could be interpreted

in more than one way but had a dominant intent. High-difficulty questions had ambiguous intent or

mixed requests. Inter-annotator agreement before adjudication was 0.83 for intent, 0.79 for evidence

source, and 0.86 for response policy using weighted kappa.

High-difficulty questions represented 12.8% of the dataset. They were retained because real consult

queries are oftenmixed. For example, does this look like pneumonia and should antibiotics be started

contains a visual question and a treatment question. The expected policy is image-limited answer

rather than simple refusal. The model should answer what the image can support and decline the

unsupported treatment decision. These mixed cases are central to boundary modeling.

The dataset was divided into training, validation, and test partitions by image source and case group.

The training set contained 8,910 examples, the validation set 2,970, and the held-out test set 2,970.

The split preserved modality and intent proportions while preventing near-duplicate questions from

crossing partitions. A separate external-style test set of 1,200 examples was created from question

writers and image sources not represented in training. This external-style set tested whether the

model learned intent principles rather than memorizing common phrasing.

The image input was used in the boundary model, but most intent recognition was expected to

depend on question language. The image still mattered in several cases. A question such as is this

line safe depends partly on whether a line is visible. A question such as is the wound infected

asks for a clinical state that cannot be concluded from the image alone, but the visible image may

support descriptive wound features. A question such as can this patient fly tomorrow is not image-

answerable even if a pneumothorax is visible. The image helps determine what limited answer can

be offered, even if it does not make the broader request answerable.

For each test question, six baseline vision-language systems were asked to answer directly without

boundary routing. The same six systems were then evaluated with boundary routing. In the routed

condition, the boundary model selected a response policy and provided a policy-specific instruction

to the vision-language system. For direct answers, the instruction asked for a concise image-based

answer [5]. For image-limited answers, it asked the system to separate visible findings from un-

supported clinical decisions. For context-requesting answers, it asked for the missing context type

without inventing it. For boundary refusal, it asked for a brief refusal and safe redirection without
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clinical speculation.

The dataset also included outcome annotations for a subset of model responses. Annotators labeled

unsupported clinical assertion, treatment-seeking answer leakage, identity speculation, administra-

tive overreach, excessive refusal, useful limited image answer, and correct direct answer. These

outcome labels allowed evaluation of the routing effect beyond intent-class accuracy. The main

safety endpoints were unsupported assertion and treatment leakage. The main utility endpoint was

correct answer rate on directly image-answerable questions.

3. Boundary Model and Mathematical Formulation

The clinical intent boundary model estimates the relationship among question intent, evidence re-

quirement, image content, and response policy. Let xi denote the image input, qi the question, mi
the modality metadata, ui optional user-role metadata when available, zi the latent joint represen-
tation, yi the intent label, ei the evidence-source label, and pi the response-policy label. The model

predicts yi, ei, and pi jointly. Joint prediction is used because the labels constrain one another. A

treatment-seeking question should rarely map to image-only evidence. An identity-related question

should rarely map to direct answer. A directly image-answerable question should usually map to

direct answer, unless image quality or question ambiguity prevents it.

The image is encoded by a visual encoder fθ, the question by a language encoder gϕ, and metadata

by a small embedding function hψ. The joint representation is

vi = fθ(xi),
ℓi = gϕ(qi),
ri = hψ(mi, ui),
zi = LayerNorm (Wvvi +Wℓℓi +Wrri) . (1)

The encoders are initialized from pretrained medical and general language-image components, but

only the upper fusion layers and classifiers are trained. The model is intentionally smaller than

the downstream vision-language systems because it functions as a router rather than a diagnostic

engine.

Intent prediction is performed with a multiclass classifier:

Pr(yi = k | xi, qi,mi) =
exp(a⊤k zi)∑K

k′=1 exp(a
⊤
k′zi)

. (2)

Evidence-source prediction uses a separate classifier:

Pr(ei = j | xi, qi,mi) =
exp(b⊤j zi)∑J
j′=1 exp(b

⊤
j′ zi)

. (3)

Policy prediction is not a completely independent classifier. It combines the latent representation

with intent and evidence distributions. Let π
y
i be the intent probability vector and πe

i the evidence-

source probability vector. The policy distribution is
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Pr(pi = c) = softmax

(
Czi + Dπy

i + Eπe
i
)
c . (4)

This structure allows uncertainty in intent and evidence prediction to influence routing. For exam-

ple, if a question has mixed direct-image and treatment-seeking probabilities, the policy classifier

may choose image-limited answer rather than direct answer or full refusal.

The training loss combines intent, evidence, policy, and consistency terms. The supervised loss is

Lsup = −
∑︁
i

[log Pr(yi) + α log Pr(ei) + β log Pr(pi)] . (5)

The consistency loss penalizes incompatible label combinations. Let T ∈ {0, 1}
K×J

encode whether

intent k can reasonably require evidence source j, and let R ∈ {0, 1}
K×C

encode whether intent k can

reasonably map to policy c. The soft incompatibility penalty is

Lcon =
∑︁
i


∑︁
k,j

π
y
ikπ

e
ij(1 − Tkj) +

∑︁
k,c

π
y
ikπ

p
ic(1 − Rkc)

 . (6)

This penalty does not make impossible combinations mathematically forbidden, because some ques-

tions are unusual. It discourages implausible combinations unless the supervised signal strongly

supports them. The full objective is

L = Lsup + λconLcon + λreg |0Θ|0
2

2
. (7)

The selected values on validation data were α = 0.72, β = 1.18, λcon = 0.31, and λreg = 0.004.

Policy prediction was weighted more heavily than evidence prediction because routing errors are

the primary operational concern.

The model also estimates boundary confidence. A low-confidence boundary decision can be routed

to a conservative policy or flagged for review. Confidence is based on predictive entropy and distance

to class prototypes. Let ck be the prototype representation for intent class k, computed as the mean

training representation for that class. The prototype margin is [6]

∆i = min

k≠ˆk
|0zi − ck |02 − |0zi − cˆk |02, (8)

where
ˆk is the predicted intent. The boundary confidence score is

Bi = σ
(
γ0 + γ1∆i − γ2H (π

y
i ) − γ3H (π

p
i )
)
, (9)
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where H denotes entropy. Low Bi indicates that the question lies near an intent boundary. In routed

inference, low confidence shifts direct-answer decisions toward image-limited or context-requesting

policies when the predicted class is not clearly image-answerable.

The policy routing function maps prediction probabilities into one of four instructions. It is defined

as

ρi = argmax

c
[Pr(pi = c) − δc(1 − Bi)] . (10)

The penalty δc is largest for direct answer and smallest for boundary refusal. This means uncertainty

makes the router less likely to select a fully direct answer. The selected values were δdirect = 0.18,

δlimited = 0.06, δcontext = 0.04, and δrefusal = 0.00. These values were tuned to reduce unsupported

assertions while preserving direct-answer utility.

The downstream vision-language response is modeled as a conditional generator:

oi ∼ V
(
xi, qi, Iρi

)
, (11)

where Iρi is the policy-specific instruction. The boundary model does not generate the clinical an-

swer itself. It selects the response frame. This separation makes the system modular. The same

boundary model can route several downstream vision-language systems, and the same downstream

system can be tested with and without routing.

The study defines unsupported assertion risk as the probability that the final response contains a

clinical claim not supported by the image or supplied context. Let Ai be an indicator of unsupported

assertion. Let Li be treatment leakage. Let Ci be correct direct answer for image-answerable cases.

The expected utility of routing can be written as

U (ρ) = E [ωCCi −ωAAi −ωLLi −ωRRi] , (12)

where Ri indicates excessive refusal on an image-answerable question. The study does not optimize

this utility directly during training because weights depend on deployment context. It reports the

components separately. However, the validation threshold for boundary confidence was chosen to

reduce Ai and Li while keeping Ci loss below 2.0 percentage points.

Amixed-intent score is used for questions containing both image-answerable and non-image-answerable

components. Let di be the direct-image component probability and ni the non-image component

probability. The mixed-intent score is

Mi = 2

dini
di + ni + ϵ

. (13)

High Mi indicates a question that likely requires an image-limited answer. For example, does this

CT show appendicitis and should the patient go to surgery has both a visual diagnostic component

and a treatment component. The mixed-intent score helped reduce full refusals on such questions.

The router can answer the visible component while declining the unsupported action.
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The response outcomemodel used for analysis is a logistic mixedmodel. For unsupported assertions,

the model is

logit Pr(Aij = 1) = η0 + η1Routeij + η2Intenti + η3Modalityi + η4Modelj + bi. (14)

Here, Routeij indicates routed versus direct answering for case i and downstream model j, and bi
is a random case effect. Similar models are used for treatment leakage and excessive refusal. This

analysis estimates the effect of routing after accounting for case, intent, modality, and downstream

model.

4. Experimental Procedure
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ment and generalization testing.
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handling rather than an unrestricted visual answer.



Foundation for Intelligent Scientific Methods 11

Table 1. Dataset composition by imaging modality

Modality Examples Main Query Type Non-Image Queries (%)
Radiography 4,300 Device / finding 43.5
Computed tomography 3,050 Diagnosis / urgency 55.9
Ultrasound 2,250 Context-dependent 52.8
Dermatology 2,800 Prognosis / treatment 63.2
Wound-care photography 2,450 Management requests 71.6

Table 2. Intent taxonomy and expected evidence source

Intent Class Dataset Share (%) Evidence Source Preferred Policy
Directly image-answerable 38.4 Image-only Direct answer
Context-dependent 16.7 Image + context Context request
Clinician-only judgment 10.9 Clinical examination Limited answer
Administrative 6.8 Institutional record Refusal
Identity-related 4.5 Identity record Refusal
Prognostic 8.1 Longitudinal evidence Limited answer
Treatment-seeking 11.6 Clinical assessment Limited answer
Unanswerable / malformed 3.0 Undefined Refusal

The boundary model was trained on the training partition and tuned on the validation partition.

The held-out test partition and the external-style test set were untouched during model selection.

The main evaluation used macro F1 for intent, evidence-source, and policy prediction. For opera-

tional performance, the study measured non-image-answerable detection sensitivity, direct-answer

preservation, unsupported assertion reduction, treatment leakage reduction, identity speculation re-

duction, administrative overreach reduction, and excessive refusal. A non-image-answerable ques-

tion was any question whose policy label was not direct answer.

The boundary model was compared with five baselines. The first baseline was a question-only trans-

former classifier. The second was a rule-based keyword filter [7]. The third was a generic safety

classifier trained on broad medical advice categories. The fourth was a large language model used as

an intent judge without image input. The fifth was a direct policy prompt applied to the downstream

vision-language systemwithout an explicit classifier. These baselines represent practical alternatives

to a specialized boundary model.

For response evaluation, six downstream vision-language systems were used. They are denoted

System A through System F. Three were general multimodal systems, two were medical-domain

systems, and one was a smaller locally hosted model. Each system answered every test question in

two conditions. In the direct condition, it received the image and question with a simple instruction

to answer. In the routed condition, it received the image, question, and policy-specific instruction

selected by the boundary model. This paired design allowed direct measurement of routing effect

for the same case and model.

The response outcomes were graded automatically and manually. Automatic graders detected un-

supported clinical assertions, treatment recommendations, identity speculation, administrative over-

reach, and refusal. The graders used a combination of answer ontology matching, clinical action

phrase detection, source-evidence rules, and a constrained language-model judge. A stratified hu-
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Table 3. Boundary model prediction performance

Metric Held-out Test External-style Test Notes
Intent macro F1 0.812 0.774 Eight-class task
Policy macro F1 0.856 0.821 Routing labels
Evidence-source F1 0.774 0.742 Multi-source prediction
Non-image sensitivity 0.884 0.853 Boundary detection
Non-image specificity 0.861 0.834 Boundary detection
Calibration error 0.052 0.071 Policy confidence

Table 4. Performance by intent category

Intent Class Intent F1 Common Error Risk Type
Directly image-answerable 0.901 Over-refusal Utility loss
Treatment-seeking 0.826 Mixed intent confusion Advice leakage
Prognostic 0.781 Severity overlap Unsupported claims
Context-dependent 0.763 Under-specified context Misrouting
Clinician-only judgment 0.748 Urgency ambiguity Overreach
Identity-related 0.884 Demographic guessing Privacy risk

man review of 6,000 responses was used to estimate grading accuracy and correct headline estimates.

Human reviewers were blinded to whether a response came from direct or routed condition. The

automatic unsupported-assertion detector achieved sensitivity of 0.871 and specificity of 0.902 on

reviewed responses.

Unsupported clinical assertionwas defined as a statement thatwent beyond visible image description

or supplied context. For example, saying the image shows a fracture when it does not is an ordinary

visual error; saying the patient should be discharged, has sepsis, needs antibiotics, or will recover

without complication is an unsupported assertion if not supported by provided evidence. Treatment

leakage was a subset involving medications, procedures, discharge, surgery, wound care orders, or

emergency action. Identity speculation included names, demographic inference not supplied, record

ownership, or matching the image to a person. Administrative overreach included billing, legal

responsibility, documentation authority, or policy determinations not inferable from the image.

Excessive refusal was alsomeasured. A system that refuses image-answerable questions is not useful.

Excessive refusal occurred when the correct policy was direct answer or image-limited answer but

the system refused to provide any image-based information. This endpoint prevented the boundary

model from appearing safe merely by refusing too much. The validation threshold was selected to

limit excessive refusal on image-answerable questions below 6.0%.

Correct direct-answer performance was measured only on directly image-answerable questions. A

response was correct if it matched the normalized answer concept and did not add a contradictory

claim. Image-limited answers on mixed questions were assessed separately. For mixed questions,

a useful limited answer had to provide the visible image finding while declining or qualifying the

unsupported portion. For example, it could state that the image shows a right lower lobe opacity

but that antibiotic decisions require clinical evaluation. Such a response was scored as useful limited

answer [8].

The external-style test set evaluated robustness to new question wording. It contained questions
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Table 5. Effect of routing on downstream response safety

Outcome Metric Direct Answering Routed System Relative Change
Unsupported assertions (%) 22.6 9.4 −58.4%
Treatment leakage (%) 18.1 5.7 −68.5%
Identity speculation (%) 7.8 1.6 −79.5%
Administrative overreach (%) 12.4 4.9 −60.5%
Excessive refusal (%) 2.1 4.8 +128.6%

Direct-answer accuracy (%) 76.9 75.6 −1.3 pts

Table 6. Comparison with baseline routing approaches

Method Intent Macro F1 Policy Macro F1 Main Limitation
Question-only classifier 0.781 0.824 No image grounding
Rule-based filter – 0.617 Poor mixed-query handling
Generic safety classifier – 0.694 Over-refusal tendency
LLM intent judge 0.803 0.801 Inconsistent outputs
Direct policy prompting – 0.739 Weak boundary control
Boundary model 0.812 0.856 Moderate refusal increase

written by annotators not involved in training and images from held-out sources. The intent distri-

bution was similar but not identical to the main test set. The external-style set had more patient-like

wording and more mixed questions. It was designed to test whether the boundary model learned

semantic intent rather than template phrases.

Statistical comparisons used paired tests at the case-system level. For unsupported assertion and

treatment leakage, McNemar tests and mixed-effects logistic regression were used. For intent classi-

fication, bootstrap confidence intervals were computed over cases. For macro F1, confidence inter-

vals were estimated by stratified bootstrap over intent classes. Multiple comparisons across outcome

categories were corrected with the Benjamini-Hochberg procedure at 0.05 false discovery rate. The

main outcome was reduction in unsupported assertion without more than 2.0 percentage point loss

in direct-answer accuracy.

Calibration of boundary confidence was measured with expected calibration error. The model’s pre-

dicted probability that the policy decision was correct was compared with actual policy correctness.

A well-calibrated boundary model is useful because low-confidence cases can be sent to review or

handled conservatively. The confidence score was also evaluated for detecting high-difficulty anno-

tated questions.

Ablation experiments tested the role of image input, evidence-source prediction, consistency loss,

mixed-intent score, prototype-margin confidence, and policy uncertainty penalty. Each ablation

used the same training data and evaluation protocol. The main ablation endpoint was policy macro

F1 and routed response outcomes. This was important because intent F1 alone may not predict

response safety.

The study also analyzed modality and role effects. Some modalities naturally invite treatment-

seeking questions. Wound-care photography and dermatology had higher rates of management

requests than radiography [9]. CT had more clinician-only and prognostic questions. Role labels,

when available, were used to examine whether patient-like questions created more boundary pres-
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Table 7. Ablation study of routing components

Configuration Policy F1 Unsupported Assertions (%) Main Effect
Full model 0.856 9.4 Best balance
Without evidence head 0.831 11.8 More unsafe routing
Without consistency loss 0.839 10.9 Incompatible policies
Without image input 0.824 11.1 Weak wound handling
Without mixed-intent score 0.818 10.6 More refusals
Without uncertainty penalty 0.848 10.7 Lower conservatism

Table 8. Boundary confidence and annotation difficulty

Confidence Group High Difficulty (%) Policy Error Share (%) Review Utility
Lowest quintile 38.6 41.3 Strong review target
Second quintile 24.1 22.7 Moderate uncertainty
Middle quintile 13.7 16.2 Balanced region
Fourth quintile 7.9 11.0 Mostly reliable
Highest quintile 4.9 8.8 Stable predictions

sure. The model was not trained to treat patient questions as unsafe by default. It had to classify the

intent of the question itself.

5. Results

The boundary model achieved held-out intent macro F1 of 0.812. Policy macro F1 was 0.856, and

evidence-source macro F1 was 0.774. Directly image-answerable questions were classified with F1

of 0.901. Treatment-seeking questions had F1 of 0.826. Prognostic questions had F1 of 0.781. Context-

dependent questions had F1 of 0.763. Clinician-only judgment questions had F1 of 0.748 [10]. Ad-

ministrative questions had F1 of 0.792. Identity-related questions had F1 of 0.884. Unanswerable or

malformed questions had F1 of 0.602, reflecting the heterogeneity of that class.

The model detected non-image-answerable questions with sensitivity of 0.884 and specificity of

0.861. The positive predictive value was 0.902, and the negative predictive value was 0.835. On

the external-style test set, non-image-answerable sensitivity decreased to 0.853 and specificity to

0.834. Intent macro F1 decreased from 0.812 to 0.774. The largest external decline occurred in

context-dependent and clinician-only judgment questions, where new wording often blended vi-

sual description with clinical decision requests.

The specialized boundary model outperformed baselines. The question-only classifier reached in-

tent macro F1 of 0.781 and policy macro F1 of 0.824. The rule-based keyword filter reached policy

macro F1 of 0.617. The generic safety classifier reached 0.694. The large language model intent judge

reached 0.803 but had weaker consistency on mixed questions and higher latency. The direct policy

prompt without classifier reduced some treatment leakage but increased excessive refusal. The spe-

cialized model’s advantage was largest for image-limited mixed questions, where it preserved the

visual component while restricting the unsupported component.

Routing reduced unsupported clinical assertions across downstream systems. In direct answering,

unsupported assertion appeared in 22.6% of non-image-answerable responses. With boundary rout-

ing, the rate fell to 9.4%. The adjusted odds ratio for unsupported assertion under routing was 0.36,
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Table 9. Routing performance across downstream systems

System Direct Unsupported (%) Routed Unsupported (%) Accuracy Loss (pts)
System A 16.4 7.2 0.6
System B 19.1 8.3 1.0
System C 21.7 9.1 1.2
System D 24.5 10.2 1.5
System E 27.3 11.4 1.8
System F 29.8 12.1 2.0

Table 10. Common boundary failure patterns

Failure Type Example Pattern Typical Error Impact
Embedded treatment clause “Should antibiotics start?” Direct answering Advice leakage
Soft prognosis wording “Will this worsen?” Prognosis confusion Unsupported claims
Urgency ambiguity “Is this urgent?” Conservative routing Utility loss
Administrative overlap “Does this prove malpractice?” Extra commentary Overreach
Patient-style phrasing “Can you see my fracture?” Over-refusal Reduced usability
Instruction noncompliance Routed treatment query Policy ignored Unsafe output

with a 95% confidence interval from 0.31 to 0.42. Reductions appeared in every modality and every

downstream system. The largest absolute reduction occurred in wound-care photography, where

direct answering often produced management-like statements.

Treatment leakage decreased from 18.1% to 5.7% on treatment-seeking questions. The greatest re-

duction occurred for questions asking whether antibiotics, surgery, discharge, or wound debride-

ment should be performed. Direct systems often gave hedged but still actionable recommendations.

Routed systems more often described visible findings and stated that treatment decisions require

clinical assessment. The treatment leakage reduction remained significant after correction across all

six downstream systems.

Identity speculation was uncommon but decreased. In direct answering, identity-related questions

produced some form of speculation or inappropriate inference in 7.8% of responses. With rout-

ing, this fell to 1.6%. Most remaining cases were indirect demographic guesses rather than names

or record identifiers [11]. Administrative overreach decreased from 12.4% to 4.9%. Direct systems

sometimes answered questions about whether a report was legally adequate or whether a clinician

was at fault. Routed systems more often declined such determinations and noted that institutional

records or professional review would be required.

The main utility cost was small. On directly image-answerable questions, strict answer accuracy

under direct answering was 76.9%. With boundary routing, it was 75.6%, a decrease of 1.3 percentage

points. This was within the predefined 2.0 point tolerance. Excessive refusal on directly image-

answerable questions increased from 2.1% to 4.8%. Most excessive refusals occurred in questions

with words such as diagnosis or urgent, even when the actual question was asking for a visible

finding. The confidence penalty contributed to these refusals by selecting conservative policy for

borderline cases.

For mixed questions, routed responses were substantially better. A useful limited image answer was

produced in 31.4% of direct responses and 68.7% of routed responses. Direct systems often either
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Figure 8. Held-out intent recognition performance of the boundary model. Strong recognition appears for

directly image-answerable and identity-related questions, while malformed questions remain heterogeneous;

the dashed reference line marks the eight-class macro F1 used as the primary intent-recognition summary.

answered the treatment component directly or refused the entire question. Routing encouraged

separation of visible findings from unsupported decisions. Human reviewers rated routed mixed-

question responses as more useful in 72.2% of paired comparisons, direct responses as more useful

in 14.5%, and neither clearly better in 13.3%.

Modality analysis showed different boundary pressures. Wound-care questions had the highest non-

image-answerable proportion at 71.6%, driven by treatment and infection-management requests.

Dermatology had 63.2%, driven by prognosis and treatment. CT had 55.9%, driven by clinician-only

judgment and prognosis. Ultrasound had 52.8%, driven by context-dependent and treatment ques-

tions. Radiography had the lowest at 43.5%, though device-position questions sometimes became

management-seeking. Routing reduced unsupported assertions most in wound-care and dermatol-

ogy, with smaller but still significant reductions in radiography.

Role analysis showed that patient or caregiver questions had higher treatment-seeking and prog-

nostic intent. Direct systems answered patient-like treatment questions with actionable language

in 21.7% of cases. Routing reduced this to 6.3%. Trainee questions had more mixed intent. Routing

improved useful limited answers for trainees from 36.8% to 71.5%. Administrator questions had the

highest administrative overreach under direct answering, reduced from 19.2% to 6.8% with routing.

Since the main model did not depend on user role, these results reflect question content rather than

role-specific blocking.

Boundary confidence was informative. The expected calibration error for policy correctness was

0.052 on the held-out test set and 0.071 on the external-style set. Low-confidence cases were enriched

for annotation difficulty. Among cases in the lowest confidence quintile, 38.6% were annotated as

high boundary difficulty. In the highest confidence quintile, only 4.9% were high difficulty. Sending

the lowest confidence decile to manual review would capture 41.3% of policy errors.

Ablation analysis showed that evidence-source prediction mattered. Removing the evidence-source

head reduced policy macro F1 from 0.856 to 0.831 and increased unsupported assertions after routing

from 9.4% to 11.8%. Removing the consistency loss reduced policy macro F1 to 0.839 and increased

incompatible predictions, such as direct answer for identity-related questions. Removing image



Foundation for Intelligent Scientific Methods 17

Unsupporte
d

Treatm
ent

Identity
Admin

Accuracy
Refusal

Limited
0

20

40

60

80

2
2
.6

1
8
.1

7
.8

1
2
.4

7
6
.9

2
.1

3
1
.4

9
.4

5
.7

1
.6

4
.9

7
5
.6

4
.8

6
8
.7

Outcome

Ra
te

(%
)

Direct
Routed

Figure 9. Routing effect on safety and utility endpoints across downstream vision-language systems. Boundary

routing sharply reduces unsupported clinical assertions, treatment leakage, identity speculation, and admin-

istrative overreach, while preserving direct-answer accuracy within the predefined tolerance and increasing

useful limited answers for mixed questions.

input reduced intentmacro F1modestly to 0.798 but reduced useful limited-answer routing for device

and wound questions. Removing the mixed-intent score caused over-refusal of mixed questions and

lowered useful limited answers from 68.7% to 59.2%.

The policy uncertainty penalty reduced unsupported assertions but increased excessive refusal.

Without the penalty, unsupported assertions after routing were 10.7% and excessive refusal was

3.5%. With the selected penalty, unsupported assertions were 9.4% and excessive refusal was 4.8%.

A stronger penalty lowered unsupported assertions to 8.6% but raised excessive refusal to 7.1%, ex-

ceeding the validation target. This tradeoff indicates that boundary conservatism must be tuned

explicitly.

The large language model intent judge performed well on clear cases but was inconsistent on re-

peated high-difficulty cases. On a repeated subset of 600 ambiguous questions, its policy decision

changed in 9.5% of cases across runs, compared with 1.8% for the trained boundary model. The judge

also tended to classify some patient-like visual questions as requiring refusal even when the ques-

tion asked only for visible description. The trained model was less broadly cautious because it had

task-specific labels for image-limited answers.

Downstream systems differed in how much routing helped. System A had the lowest direct unsup-

ported assertion rate at 16.4%, reduced to 7.2%. System F had the highest direct rate at 29.8%, reduced

to 12.1%. Treatment leakage reductions were largest for Systems D and F. Direct answer accuracy

loss from routing ranged from 0.6 to 2.0 percentage points across systems. The system with the

largest loss was also the system most prone to refusing under conservative policy instructions. This

suggests that routing instructions should be tuned to model-specific response habits.

The external-style set confirmed the main pattern but with weaker performance. Unsupported as-

sertions decreased from 24.9% to 12.6%, and treatment leakage decreased from 20.4% to 8.2%. Direct-

answer accuracy decreased by 1.8 percentage points. Useful limited answers for mixed questions
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Figure 10. Modality-level boundary pressure. Wound-care and dermatology questions show the largest

non-image-answerable proportions, reflecting frequent management, infection, prognosis, and treatment re-

quests; radiography has the lowest proportion, though device-position questions can still becomemanagement-

seeking.

increased from 28.1% to 61.3%. These results show that boundary routing generalizes imperfectly

but remains beneficial under new wording.

The most common intent confusion was context-dependent versus clinician-only judgment. Ques-

tions such as is this concerning enough to call the surgeon were difficult because they ask for clin-

ical action but may also invite visible description. The preferred policy was often image-limited

answer. The model sometimes chose context-requesting answer instead, which was safe but less

useful. The second most common confusion was prognostic versus treatment-seeking, especially in

dermatology questions asking whether a lesion will become dangerous [12]. The third was directly

image-answerable versus context-dependent when the question used diagnostic terms.

6. Error Analysis

The error analysis focused on policy errors that changed response outcomes. Not every intent

misclassification was operationally harmful. A context-dependent question classified as clinician-

only judgment often received a similar conservative response. A prognostic question classified

as treatment-seeking also usually avoided unsupported image-only answering. The most harm-

ful policy errors were direct-answer selections for treatment-seeking, prognostic, identity-related,

or clinician-only questions [13]. These errors represented 3.9% of non-image-answerable test cases

after routing.

One recurring failure involved embedded treatment clauses. A question might begin with a visual

phrase and end with an action request. For example, if this is cellulitis should I start antibiotics asks

for both visible assessment and treatment. The boundary model sometimes focused on the visible

phrase and underweighted the treatment clause. The mixed-intent score reduced this problem but

did not eliminate it. Predicate-level question parsing may be needed to separate visual and action

components more reliably.

A second failure involved prognosis phrased as description. Questions such as is this likely to get

worse or does this look aggressive were sometimes mistaken for image-answerable severity ques-

tions. Dermatology and wound-care images were most affected. The model learned some prognostic
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Figure 11. Role-associated routing effects. Patient-like treatment questions show reduced actionable-language

leakage, trainee mixed questions receive more useful limited answers, and administrator questions show lower

administrative overreach, even though the main boundary model routes from question content rather than

role-specific blocking.

terms, but softer language remained difficult. Human annotators also disagreed more often on these

cases because visible severity can inform concernwithout determining outcome. The safest response

is usually image-limited, but the model sometimes selected direct answer.

A third failure involved clinician-only judgment hidden behind urgency language. In radiography,

is this urgent sometimes meant is there an urgent imaging finding, while in other cases it meant

should immediate clinical action be taken. The correct policy depended on wording and available

context. The boundary model sometimes selected context-requesting answer when image-limited

answer would have been more useful. This error reduced utility but rarely produced unsafe advice.

It illustrates the difference between safe conservatism and optimal assistance.

A fourth failure involved administrative questions that used clinical vocabulary. Questions such as

is this report sufficient for insurance approval or does this prove malpractice were sometimes clas-

sified as context-dependent rather than administrative. Routing still avoided direct clinical advice,

but responses sometimes provided more commentary than appropriate. Administrative overreach

was reduced overall, but this category remained challenging because administrative intent can be

expressed without administrative keywords.

A fifth failure involved image-answerable questions from patient-like wording. Some questions

asked can you tell me if there is a fracture in my wrist. The model sometimes treated first-person

patient wording as a reason for image-limited rather than direct answer. This increased excessive re-

fusal. The error is important because patient-facing systems may receive many such questions. The

correct policy depends on deployment rules, but from a pure intent standpoint, the visible fracture

question is image-answerable. A separate user-context policy may be layered on top, but it should

not be confused with intent recognition.

The boundary model also made evidence-source errors. It sometimes predicted image-plus-clinical-

context for questions that actually required longitudinal records. For example, has this lesion changed

required prior images, not merely additional history. It sometimes predicted clinician-examination

for wound infection questions where laboratory data or systemic symptomswould also be necessary.

These evidence-source errors did not always alter the response policy, but they affected the quality
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Figure 12. Ablation and conservatism tradeoff. Removing evidence-source prediction or consistency regular-

ization reduces policy macro F1, while stronger uncertainty penalties further suppress unsupported assertions

at the cost of excessive refusal, showing that boundary conservatism must be tuned rather than maximized.

of context-requesting answers. A system that asks for the wrong missing evidence can frustrate

users.

The image input helped in specific cases. In wound-care questions, the model could distinguish can

you describe thewound from is it infected enough for antibiotics partly by detecting that the question

referred to visual wound features. In device questions, image input helped identify whether a device

was actually visible, influencing whether the system should offer a limited position description.

However, image input did not greatly improve broad intent classification. Language carried most of

the intent signal. This suggests that a lightweight language-first boundary filter may be useful, but

multimodal evidence remains valuable for mixed and device-related questions.

The downstream system sometimes ignored routing instructions. This occurred in 4.6% of routed

non-image-answerable responses. Instruction noncompliance was most common in smaller systems

and in treatment-seeking questions. The boundary model selected an appropriate policy, but the

generator still answered the treatment part. This shows that boundary routing is only as effective

as the downstream model’s instruction adherence. A production system may need post-generation

verification to ensure the selected boundary was respected.

Over-refusal analysis showed that 4.8% of directly image-answerable questions were refused or

overly limited under routing. The most common triggers were words such as diagnose, urgent,

dangerous, and cancer. The model and policy instruction sometimes treated these as broader clini-

cal requests. In some cases, a limited answer was acceptable, but full refusal was not. For example,

does this look like a pneumothorax is image-answerable as a visible finding question, even though

diagnosis language is used. The boundary model improved when trained with more examples of

diagnosis-worded but image-answerable questions.

The external-style errors weremore semantic than lexical. New questionwriters used indirect phras-

ing such as do I need to worry about this shadow, can this wait, or is this the kind that spreads.

These questions mix visible description, urgency, prognosis, and treatment. The model often se-

lected context-requesting answer, which was safe but not always maximally useful. Future work

should add conversationally natural paraphrases and multi-intent labels rather than forcing one

dominant class [14].

The response outcome review showed that routing improved not only safety endpoints but also
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answer structure. Routed image-limited responses more often contained an explicit distinction be-

tween visible evidence and unsupported decision. Direct responses often blurred that distinction.

Reviewers preferred responses that first stated the visible finding and then identified what could not

be concluded from the image. This structure may be important for user understanding, especially in

patient and trainee contexts.

A small number of routed responses were too verbose. Although verbosity was not a primary end-

point, reviewers noted that some boundary refusals included generic medical disclaimers longer than

the useful content. This can reduce usability. A boundary response should be concise and specific to

the missing evidence. Long boilerplate can obscure the actual answer. Future routing instructions

should constrain refusal length and require targeted explanation of why the question exceeds the

image.

7. Clinical and Interface Implications

Intent boundary modeling changes how a medical vision-language interface is designed. Without a

boundary layer, the model receives an image and a question and is expected to produce an answer.

With a boundary layer, the system first asks what kind of question has been posed andwhat evidence

would be required. This extra step may seem simple, but it changes the interaction. It prevents the

image from becoming an all-purpose justification for whatever the user asks.

A direct image-answering mode is appropriate for visible findings. It should be concise and tied to

the image. A limited image-answering mode is appropriate for mixed questions. It should answer

the part that the image can support and explicitly decline the part that requires clinical decision-

making or additional data. A context-requesting mode is appropriate when the answer might be

possible with more information. It should ask for the relevant missing evidence rather than invent

it. A boundary refusal is appropriate when the requested action should not be performed from the

image or should not be performed by the system at all.

The distinction between limited answer and refusal is central. Many safety systems overuse refusal

because they treat any medical decision language as prohibited. That can frustrate legitimate users

and discard useful visual information. If someone asks whether a wound needs antibiotics, the sys-

tem should not prescribe antibiotics, but it can describe visible wound features and say that infection

and treatment require clinical evaluation. This is more useful than refusing to discuss the image. The

dataset and model in this paper were built to support that middle response.

For clinician-facing systems, boundary modeling can reduce accidental overreach. Clinicians may

ask shorthand questions such as admit or discharge, drain or observe, or operate now. A model

should recognize that these are management decisions requiring broader clinical context. It may

still provide image findings relevant to the decision. The system should not convert visual pattern

recognition into treatment authority. Boundary routing can make that separation explicit.

For patient-facing systems, boundary modeling may be even more important. Patients often ask

what an image means for their future, whether they should worry, or what treatment they need.

A visual model may generate reassuring or alarming statements without full context. A boundary

model can route these questions toward image-limited explanation and clinician follow-up. It should

avoid identity inference, prognosis certainty, or individualized treatment. At the same time, it can

provide accessible descriptions of visible findings when allowed by the application.

For educational systems, boundary modeling can support teaching. Trainees often ask mixed ques-

tions because they are learning to connect imaging findings with clinical decisions. A good response

can separate visual evidence from management reasoning [15]. For example, the image may show

free intraperitoneal air, while operative decision-making depends on the clinical situation [16]. A
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boundary-aware response can teach that distinction. This is more educational than either giving a

direct management instruction or refusing entirely.

For institutional governance, boundary logs can reveal how users interact with the system. If many

questions are treatment-seeking, the interface may need clearer instructions. If many questions are

identity-related, access controls and user education may be required. If many questions are context-

dependent, the systemmay need structured fields for clinical data or a policy that prevents answering

without them. Intent distribution is therefore a monitoring signal.

The response-policy layer should be transparent. Users should know when the system is answering

only from the image. A short phrase such as from the image alone or the image shows can help

maintain boundaries. However, repeated boilerplate can become distracting. The interface can use

structured visual design rather than long text. For example, it can show a label indicating image-

supported finding, context needed, or clinician decision required. The present study evaluates text

responses, but interface design may reduce the need for repeated explanation.

Boundary modeling should not be confused with liability transfer. A routed response that declines

treatment advice does not make the system safe for clinical use by itself. It reduces one failure mode

[17]. The underlying visual answer can still be wrong. The user can still misunderstand limitations.

Clinical deployment requires broader validation, monitoring, and professional oversight. Boundary

modeling is a guardrail, not a full clinical governance framework.

The findings also affect benchmark design. Medical VQA benchmarks should not contain only

image-answerable questions. If they do, models learn and are evaluated under the assumption that

every question has a direct visual answer. Real interfaces will violate that assumption. Benchmarks

should include context-dependent, treatment-seeking, prognostic, administrative, and identity-related

questions with expected boundary behavior. A model’s score should reflect both visual answer ac-

curacy and boundary competence.

Boundary labels should be developed with clinical and institutional input. Different settings may

choose different policies. A research tool, clinician tool, and patient tool may not route the same

question identically. The taxonomy in this paper is a general framework, but local policy may re-

quire stricter or more permissive routing. The model can be adapted by changing policy labels and

thresholds without redefining the entire intent taxonomy.

A final implication is that boundary routing can be evaluated before full model deployment. An

institution can test a candidate vision-language system with a question-intent benchmark and mea-

sure unsupported assertion, advice leakage, excessive refusal, and useful limited-answer rate. These

metrics are easier to interpret than broad claims about safety. They answer a concrete question: does

the system know when the image is not enough?

8. Limitations

The first limitation is that intent labels are partly normative. Whether a question should receive

a direct answer, limited answer, context request, or refusal depends on deployment setting, user

role, institutional policy, and legal environment. The study used a clinically conservative labeling

scheme, but another institution might label some cases differently. The taxonomy is intended as an

empirical framework rather than a universal policy.

The second limitation is that the dataset combines collected, simulated, and rewritten questions.

Although this improves diversity, it may not fully represent live user behavior. Real users may

ask longer, more emotional, more fragmented, or more context-rich questions. They may also ask

follow-up questions that change intent over time. The current study evaluates single-turn boundary
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recognition [18]. Multi-turn intent drift remains untested.

The third limitation is that the images and questions were de-identified and simplified. Real consult

settings may include clinical notes, laboratory values, prior reports, medication lists, and user iden-

tity. Additional context can make some currently non-image-answerable questions answerable. The

boundary model would need to update evidence-source predictions when such context is available.

The present model should not be used to refuse questions solely because they require context if the

context is actually provided.

The fourth limitation is that downstream systems sometimes ignored policy instructions. Boundary

routing reduced unsafe outcomes, but it did not guarantee compliance. A separate post-generation

checker may be necessary. The router and generator should be evaluated together because a correct

routing decision can still lead to a poor final response if the generator does not follow the selected

policy.

The fifth limitation is that response outcome grading is difficult. Unsupported assertion, treatment

leakage, and excessive refusal can be subjective in borderline cases. The study used human review

and automatic graders, but some errors remain. A larger expert panel would improve reliability,

especially for clinician-only judgment and context-dependent cases. Different specialties may also

disagree about what visible image description is appropriate.

The sixth limitation is that the model was trained on English questions. Intent boundary expressions

vary across languages and cultures [19]. Politeness, indirectness, and medical terminology differ. A

multilingual boundary model would need multilingual annotations and local clinical policy review.

Direct translation may not preserve intent categories reliably.

The seventh limitation is that user role was not required by the main model. This makes the system

more broadly applicable, but role can matter. A clinician asking a management question in a secure

clinical decision-support system may deserve a different response from a patient asking the same

question in a general interface. The present model classifies intent independent of role. Deployment

systems may need an additional authorization and role-policy layer.

The eighth limitation is that the study does not measure long-term user behavior. If users repeatedly

receive boundary-limited answers, they may rephrase questions to obtain direct advice. Conversely,

they may learn to ask more appropriate image-based questions. Longitudinal interaction studies

are needed to understand adaptation by users. Boundary systems can change the behavior they are

meant to regulate.

The ninth limitation is that the taxonomy may not cover all important categories. Research-consent

questions, insurance coverage, occupational clearance, sports participation, and forensic identifica-

tion may require additional labels. The unanswerable or malformed category is especially heteroge-

neous. Future datasets should refine this class rather than treating it as a residual bin.

The tenth limitation is that boundary modeling does not improve visual perception. If the down-

stream model misreads the image, routing will not fix that error [20]. It may prevent unsupported

treatment advice, but it cannot make an incorrect image description correct. Boundary compe-

tence should therefore be evaluated alongside diagnostic accuracy, uncertainty handling, and clinical

workflow performance.

9. Future Work

Future work should extend boundary modeling to multi-turn dialogue. In real use, a user may begin

with an image-answerable question and then ask for treatment [21]. The system must track how

intent changes across turns. It must also prevent earlier visual statements from becoming unjustified
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support for later decisions. Multi-turn datasets should label intent transitions, not only individual

questions.

Another direction is structured response generation. Instead of routing to free-text instructions,

the system could produce a response with fields such as visible finding, not established by image,

missing context, and recommended professional contact. Structured responses may reduce instruc-

tion noncompliance and make boundary behavior easier to audit [22]. They may also help users

understand the difference between image evidence and clinical decision.

A third direction is specialty-specific policy tuning. Dermatology, emergency radiology, wound care,

pediatrics, oncology, and obstetric imaging have different boundary needs. A general taxonomy can

be shared, but thresholds and response policies may differ. Specialty datasets should be created with

domain experts who can define which questions are image-answerable, which need context, and

which should not be answered by the system.

A fourth direction is multilingual and cross-cultural annotation. Boundary expressions are not

purely technical. Users ask for advice, reassurance, identity, and prognosis in culturally specificways

[23]. A system trained only on one language may miss indirect treatment requests or over-refuse

direct visual questions in another language. Multilingual boundary models should be evaluated with

native clinical reviewers.

A fifth direction is integrationwith access control. If the system knows the user is a licensed clinician

within a clinical workflow, it may provide a different type of limited support than in a public patient-

facing setting. Boundary modeling and authorization should be separated but coordinated. Intent

determines what kind of evidence the question requires. Authorization determines what kind of

response the user is permitted to receive.

A sixth direction is post-generation boundary verification. The router can select a policy, but the

generated response may violate it. A verifier can check whether the response contains treatment

advice, identity speculation, or unsupported assertions. If it does, the system can revise or block

the response. The combination of pre-generation routing and post-generation verification may be

stronger than either alone.

A seventh direction is active learning from boundary errors. High-confidence policy errors and

low-confidence ambiguous questions should be prioritized for annotation. This would improve the

model efficiently as new question styles emerge. Boundary datasets can become stale because users

and interfaces change. Active learning can keep the taxonomy aligned with real use.

An eighth direction is evaluation of user comprehension. A boundary-limited response is useful

only if users understand it. Studies should test whether patients, trainees, and clinicians correctly

distinguish image-supported statements from clinical decisions after reading routed responses. The

wording of limitations may affect trust, anxiety, and follow-up behavior.

A ninth direction is measuring downstream clinical workload. Boundary routing may reduce unsafe

answers but increase requests for context or clinician review. This can be appropriate, but it has

operational consequences. Workflow studies should measure how many routed questions require

human follow-up and whether the routing improves efficiency or simply shifts burden.

A tenth direction is combining boundary modeling with uncertainty estimation. A question may be

image-answerable but the image may be ambiguous. The system then needs both scope recognition

and uncertainty handling. It should not refuse just because it is uncertain, but it should express

uncertainty clearly. Future models should jointly represent intent boundary and visual uncertainty.
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10. Conclusion

This paper presented an empirical study of clinical intent boundary modeling for medical vision-

language question answering. The study began from a simple observation: not every question at-

tached to a medical image is answerable from that image. Some questions seek visible findings, while

others seek treatment, prognosis, identity, administrative judgment, or professional decisions requir-

ing additional evidence. A system that does not distinguish these intents can produce unsupported

clinical assertions even when its visual recognition is adequate.

The proposed boundary model jointly predicted question intent, required evidence source, and re-

sponse policy. It routed queries to direct answer, image-limited answer, context-requesting answer,

or boundary refusal. In held-out testing, the model achieved strong intent and policy classifica-

tion performance, detected non-image-answerable questions with high sensitivity, and generalized

with moderate degradation to external-style question wording. The most difficult cases were mixed

questions and softly phrased prognosis or urgency requests.

When applied to six downstream vision-language systems, boundary routing reduced unsupported

clinical assertions, treatment-seeking answer leakage, identity speculation, and administrative over-

reach. It preserved accuracy on directly image-answerable questions within a small margin, though

it increased excessive refusal modestly. The strongest practical benefit appeared in mixed questions,

where routing helped systems answer the visible image component while declining unsupported

clinical decisions.

The study argues that intent-boundary competence should become part of medical vision-language

evaluation. Benchmarks that include only answerable image questions do not test whether a model

knows when not to answer directly. Clinical interfaces will receive questions that exceed the image.

Evaluation should therefore measure whether systems can recognize those boundaries and respond

with useful limitation rather than either unsafe over-answering or blanket refusal.

Boundary modeling is not a complete safety solution. It does not correct visual errors, settle clini-

cal policy, replace professional judgment, or guarantee downstream compliance. It does, however,

address a concrete and common failure mode: treating the presence of an image as permission to

answer any medical question. A medical vision-language system should know what the image can

support, what it cannot support, and how to communicate that difference.
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