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Abstract 
 

Large language models can produce fluent medication information while remaining vulnerable to factual error, missing context, unsafe 

personalization, adversarial manipulation, and misleading confidence. Refusal is therefore not merely a conversational limitation; when 

appropriately designed, it may function as a medication-safety control. This article develops a proposed Pharmacy Refusal-Safety Framework 

for determining when a model should answer, qualify, redirect, or refuse a medication question. The framework combines a multi-axial 

taxonomy of unsafe and unanswerable questions, a layered risk-interpretation architecture, an action-selection boundary, a non-abandonment 

response contract, and lifecycle governance. Questions are characterized according to potential harm, urgency, personalization, context 

sufficiency, epistemic answerability, premise validity, misuse potential, vulnerability, and professional-authority requirements. The selected 

action is constrained by the consequences of error rather than linguistic confidence alone. A safe refusal should state the relevant boundary, 

avoid covert individualized advice, preserve appropriate general information, identify missing context, direct the user toward a feasible next 

action, and provide urgent safety-net guidance when danger is plausible. Evaluation requires realistic safety-critical cases, expert adjudication, 

subgroup analysis, adversarial testing, user-comprehension assessment, workflow simulation, and prospective monitoring. The framework is 

an original non-empirical synthesis rather than a validated clinical algorithm or deployment standard. Its categories and transitions may 

behave differently across models, medicines, languages, users, jurisdictions, and care settings. Empirical validation is therefore required 

before clinical or pharmacy implementation. 

Keywords: Digital pharmacy, Artificial intelligence, Pharmacy practice, Medication safety, Human–AI collaboration, Clinical decision 

support 

 
 

INTRODUCTION 

Large language models can generate medically fluent text, 

but fluency does not establish factual reliability, clinical 

reasoning quality, or medication-safety fitness. Their 

potential benefits coexist with fabrication, incomplete 

reasoning, misplaced confidence, and use beyond evaluated 

conditions [1]. Refusal should consequently be understood as 

a possible medication-safety function: a controlled decision 

not to provide an apparently complete answer when 

acknowledging uncertainty, obtaining context, or transferring 

responsibility would be safer. 

Medical question-answering performance also cannot be 

reduced to benchmark accuracy. Human assessment must 

consider potential harm, relevant omissions, bias, 

comprehension, and helpfulness [2]. These dimensions can 

conflict. A response may be generally correct but omit a 

contraindication, appear reassuring despite inadequate patient 

information, or be so cautious that it delays needed care. The 

relevant question is therefore not only whether a model can 

generate an answer, but whether it should provide that answer 

in the requested form and context. 

Medication-related evidence remains heterogeneous and 

task-specific, with limited standardization and insufficient 

evidence for autonomous safety or prospective workflow 

benefit [3]. Direct evaluation of medication-related questions 

has likewise shown that plausible responses may be 

incomplete or inappropriate [4]. These findings support 

treating refusal as a pharmacy-relevant boundary mechanism 

rather than generic content moderation. 
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This article proposes a framework linking question 

characterization, action selection, response construction, 

professional escalation, and lifecycle governance. It does not 

claim that the proposed taxonomy or decision rules are 

validated, universally applicable, or ready for deployment. Its 

purpose is to define a testable conceptual architecture for 

reducing unsafe answering without creating avoidable 

abandonment, inequity, or delay. 

Taxonomy of Unsafe and Unanswerable 
Questions 
A difficult question should first be distinguished from an 

epistemically unanswerable question. Difficulty concerns the 

effort required to formulate an answer; unanswerability 

concerns whether the available evidence, model knowledge, 

and supplied context can support a defensible response. 

Meaning-level inconsistency may persist beneath fluent 

wording, and semantic uncertainty methods show that surface 

confidence is not a reliable proxy for answerability [5]. The 

proposed taxonomy therefore includes unresolved evidence, 

conflicting sources, inaccessible current information, and 

unstable model reasoning. 

A second dimension concerns adversarial or corrupted 

information environments. Medical models can be affected 

by poisoned knowledge that shifts apparently authoritative 

outputs toward unsafe conclusions [6]. Adversarial prompts 

can also elicit persuasive but fabricated clinical support [7]. 

The taxonomy distinguishes these conditions from ordinary 

ambiguity while recognizing that malicious intent cannot 

always be inferred reliably. 

A third dimension concerns invalid premises and 

misinformation-seeking interaction. Models may 

accommodate a user’s asserted belief rather than correct it, 

particularly when conversational agreement is rewarded [8]. 

Premise correction may therefore be required before bounded 

information is provided. The correction should address the 

unsafe proposition without stigmatizing the user. 

The remaining proposed dimensions are urgency and 

potential severity; degree of personalization; sufficiency of 

medicine, dose, indication, allergy, pregnancy, organ-

function, interaction, and monitoring information; 

professional-authority requirements; vulnerability and 

accessibility; and risks of delay, misuse, or self-harm. 

Because one question may occupy several dimensions, the 

proposed dominant-risk principle assigns the most protective 

applicable action when risks conflict. This is an organizing 

proposition, not a validated triage rule. 

Table 1 organizes the evidence, constructs, relationships, 

uncertainties, and boundary conditions required for 

definitions, components, relationships, and intended uses for 

the article Designing Large Language Models That Refuse 

Unsafe Medication Questions Well. 

Table 1. Definitions, components, relationships, and intended uses for the article Designing Large Language Models 
That Refuse Unsafe Medication Questions Well. 

Component 
or scientific 
dimension 

Problem 
addressed 

Inputs or 
determinants 

Proposed 
mechanism or 

relationship 

Expected 
contribution 

Evidence 
required 

Failure or 
uncertainty 

risk 

Boundary 
statement 

Epistemic 

answerability 

Fluent but 

unsupported 

output 

Evidence 

consistency, recency, 

source availability, 

reasoning stability 

Proposed: 

unresolved 

uncertainty moves 

the action toward 

qualification or 

refusal 

Reduces 

unsupported 

certainty 

Expert-labelled 

unanswerable cases 

and uncertainty 

testing; meaning-

level inconsistency 

is relevant [5] 

False confidence 

or unnecessary 

refusal 

An uncertainty 

signal is not a 

validated 

pharmacy 

threshold 

Context 

sufficiency 

Unsafe 

personalization 

from incomplete 

information 

Medicine, dose, 

indication, age, 

allergies, pregnancy, 

organ function, 

interactions 

Proposed: obtain 

only the minimum 

context needed to 

choose a safer 

action 

Distinguishes 

clarifiable 

questions from 

those requiring 

assessment 

Medication-

question and 

workflow 

validation; present 

evidence remains 

task-specific [3] 

Missing or 

inaccurate user 

information 

Context collection 

does not give the 

model prescribing 

authority 

Acute harm and 

urgency 

Delay caused by 

routine 

conversational 

handling 

Overdose, severe 

reaction, abrupt 

treatment change, 

rapidly worsening 

symptoms 

Proposed: plausible 

acute danger 

overrides ordinary 

answer generation 

Prioritizes timely 

redirection 

Prospective triage 

testing and false-

negative analysis 

Missed 

emergencies or 

excessive alarm 

The category 

cannot replace 

emergency 

assessment 

Invalid premise 

or 

misinformation 

Agreement with 

unsafe 

assumptions 

Contradicted claims, 

false equivalence, 

requests to validate 

misinformation 

Proposed: correct 

the premise before 

bounded 

information or 

refusal 

Limits 

reinforcement of 

unsafe beliefs 

Misinformation and 

comprehension 

testing; agreeable 

responses may 

amplify false claims 

[8] 

Confrontational 

wording or 

inadvertent 

reinforcement 

Content should be 

challenged without 

judging user 

motive 

Adversarial, 

poisoned, or 

Manipulated 

evidence or 

Corrupted retrieval, 

evasion patterns, 

harmful objectives 

Proposed: 

observable high-

harm features 

Protects against 

predictable misuse 

pathways 

Security, 

provenance, and 

Benign users may 

be over-classified; 

Intent inference 

cannot be the sole 

decision basis 
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misuse-oriented 

input 

harmful 

compliance 

trigger refusal and 

safer alternatives 

adversarial testing 

[6, 7] 

harmful intent 

may be missed 

Medication-

specific risk and 

professional 

authority 

Generic answers 

that ignore 

medicine 

consequences or 

accountable 

judgment 

Therapeutic risk, 

dose, route, 

interactions, 

contraindications, 

need for diagnosis or 

monitoring 

Proposed: greater 

consequence or 

individualized 

judgment shifts 

action toward 

qualification or 

redirection 

Aligns response 

boundaries with 

medication harm 

Pharmacist-

adjudicated cases; 

direct evaluation 

has identified 

inappropriate 

medication 

responses [4] 

Uneven 

performance 

across medicines 

and populations 

Risk classification 

is not a treatment 

recommendation 

Vulnerability 

and equity 

Unequal access, 

comprehension, or 

consequences 

Language, literacy, 

disability, age, access 

to care, social context 

Proposed: assess 

both over-refusal 

and under-refusal 

across subgroups 

Prevents caution 

from becoming 

exclusionary 

Stratified usability 

and consequence 

evaluation 

Aggregate 

performance may 

conceal subgroup 

harm 

Equity cannot be 

inferred from 

average 

performance 

Proposed Pharmacy Refusal-Safety Framework 
The proposed framework separates generated text from 

medication decision use because clinical integration requires 

context-specific validation beyond apparent response quality 

[9]. It contains five interacting layers: question and context 

intake; multi-axial risk interpretation; an action-selection 

boundary; a non-abandonment response contract; and a 

governance and learning loop. The need to distinguish model 

performance from validated clinical use is evidence-

supported; the arrangement of these layers is an original 

proposed synthesis. 

Figure 1 presents the original conceptual synthesis for 

pharmacy refusal-safety framework for large language 

models, showing how the article’s principal components, 

evidence relationships, uncertainties, and decision 

boundaries are connected. 

 

 
Figure 1. Pharmacy Refusal-Safety Framework for Large Language Models 

The intake layer captures the question and only the context 

proportionate to the safety decision. The interpretation layer 

evaluates urgency, potential harm, personalization, context 

sufficiency, answerability, premise validity, misuse features, 

vulnerability, and whether accountable professional 

judgment is required. These dimensions organize response 

boundaries; they do not generate a diagnosis or therapeutic 

recommendation. 
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The action-selection boundary is the central control. 

Responsible clinical decision support requires defined 

verification, monitoring, reporting, and accountability 

processes [10]. Selection should therefore depend on the 

consequences of error, whether missing information can be 

obtained safely, whether bounded information remains 

useful, and whether professional assessment is required. 

Human escalation is part of the architecture rather than a 

disclaimer added after generation. 

The non-abandonment response contract requires a qualify, 

redirect, or refuse response to remain useful without covertly 

providing unsafe individualized advice. It should identify the 

boundary, provide a brief reason, retain appropriate general 

information, identify missing context, name a feasible next 

action, and include urgent safety-net instructions when 

relevant. The governance loop maintains intended-use limits, 

knowledge provenance, testing, incident review, subgroup 

monitoring, model-version control, and retirement criteria. 

These functions reflect broader requirements for clinically 

relevant development, transparency, meaningful evaluation, 

and surveillance [11]. 

Early-stage clinical evaluation should document intended 

use, participating users, human–AI interaction, workflow 

adaptations, errors, and safety events [12]. Progression from 

laboratory testing to simulation or prospective workflow 

evaluation should therefore depend on explicit qualitative 

gates, not unsupported universal scores. Clinical integration 

requires lifecycle validation, explicit human oversight, and 

workflow-specific early evaluation [9, 11, 12]. Success at one 

layer cannot compensate for failure elsewhere: an uncertainty 

detector cannot repair an inaccessible referral pathway, and a 

polite refusal cannot compensate for missed urgency. 

Table 2 organizes the evidence, constructs, relationships, 

uncertainties, and boundary conditions required for 

evaluation criteria, evidence requirements, and failure modes 

for the article Designing Large Language Models That 

Refuse Unsafe Medication Questions Well. 

 

Table 2. Evaluation criteria, evidence requirements, and failure modes for the article Designing Large Language 
Models That Refuse Unsafe Medication Questions Well. 

Architecture 
layer or 

process stage 

Core 
function 

Information 
flow 

Interaction 
with other 

components 

Evaluation 
criterion 

Potential 
failure mode 

Human or 
organizational 
responsibility 

Readiness 
boundary 

Question and 

context intake 

Capture the 

question and 

minimum 

relevant context 

User input to 

structured context 

fields 

Supplies risk 

interpretation 

Completeness, 

proportionality, 

accessibility, and 

resistance to 

misleading 

framing 

Missing critical 

context, excessive 

data collection, 

inaccessible 

questioning 

Product owner, 

privacy lead, 

pharmacist content 

lead 

Intake usability 

does not establish 

safety 

Multi-axial risk 

interpretation 

Characterize 

harm, urgency, 

personalization, 

answerability, 

premise validity, 

misuse, 

vulnerability, and 

authority 

Context and 

knowledge signals 

to risk dimensions 

Constrains action 

selection 

Expert agreement, 

subgroup 

consistency, 

robustness, and 

traceability 

Misclassification, 

poisoned evidence, 

hidden subgroup 

error 

Technical team with 

pharmacist, clinician, 

security, and safety 

review 

Proposed risk 

categories require 

task-specific 

validation 

Action-selection 

boundary 

Select answer, 

qualify, redirect, 

or refuse 

Risk 

interpretation and 

consequence 

assessment to one 

primary action 

Activates 

response and 

escalation 

pathways 

Appropriate action, 

unsafe under-

refusal, excessive 

over-refusal 

Answering when 

refusal is required 

or refusing when 

bounded help is safe 

Named clinical 

safety owner and 

multidisciplinary 

governance body 

No universal 

numerical threshold 

is justified 

Non-abandonment 

and human 

escalation 

Preserve safe 

usefulness and 

transfer questions 

requiring 

accountable 

judgment 

Selected action to 

explanation, next 

step, safety net, 

and professional 

handoff 

Links 

communication, 

workflow, and 

audit records 

Factuality, 

comprehension, 

actionability, 

handoff 

completion, 

absence of covert 

advice 

Vague refusal, false 

reassurance, referral 

dead end, 

responsibility 

diffusion 

Pharmacists, 

clinicians, human-

factors specialists, 

service leadership 

Communication 

quality cannot 

substitute for 

assessment; 

required escalation 

must be available 

Governance and 

learning loop 

Control intended 

use, updates, 

monitoring, 

incidents, equity, 

and retirement 

Logs and 

outcomes back to 

policy, testing, 

and model 

controls 

Modifies every 

upstream layer 

Auditability, drift 

detection, 

subgroup 

monitoring, 

corrective-action 

completion 

Silent drift, 

unreviewed updates, 

weak incident 

reporting, 

inequitable error 

Developer, vendor, 

deployer, clinical 

governance, safety 

and equity leads 

Use remains 

conditional on 

monitoring and 

revalidation 
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Detecting When to Answer, Qualify, Redirect, or 
Refuse 
The proposed architecture uses four primary actions. Answer 

means providing bounded information when the question is 

sufficiently supported, comparatively low in consequence, 

and does not require missing individualized judgment. 

Qualify means providing limited information while stating 

uncertainty, assumptions, or the minimum context needed. 

Redirect means transferring the user toward a pharmacist, 

prescriber, poison service, emergency service, or another 

accountable source. Refuse means declining the requested 

content because it is unsupported, dangerously personalized, 

adversarial, prohibited, or likely to facilitate harm. 

Uncertainty should alter the action available to the user rather 

than appear only as an isolated confidence statement [13]. 

Action selection should be consequence-sensitive. 

Calibration research shows that benchmark accuracy or 

discrimination alone is insufficient for threshold-based 

decision use [14]. A model may perform well overall but be 

unreliable in the limited cases where a wrong medication 

answer carries severe consequences. The framework 

therefore does not propose a universal refusal score. Its 

qualitative gates ask whether error could cause meaningful 

harm, whether missing context can be clarified safely, 

whether bounded information remains useful, whether delay 

is acceptable, and whether professional authority is required. 

Each gate requires task- and setting-specific validation. 

Medication-risk detection should be modular rather than 

presumed to emerge reliably from a general-purpose model. 

Evidence that language models can identify medication-

direction errors in a bounded online-pharmacy task supports 

the feasibility of specialized safety signals [15]. It does not 

establish a universal medication-risk detector. Proposed 

modules may examine dose and unit ambiguity, route, 

frequency, contraindications, interactions, duplicate therapy, 

formulation, monitoring requirements, and conflicting 

instructions. Evaluation should use pharmacist-adjudicated 

cases and measure both missed hazards and inappropriate 

escalation. 

Urgency takes priority over conversational completion. Large 

language models combined with retrieval methods have been 

evaluated for detecting emergencies in patient portal 

messages, supporting the feasibility of explicit time-critical 

detection [16]. Under the proposed pathway, plausible 

overdose, severe allergic reaction, rapidly worsening 

symptoms, suicidal intent, dangerous withdrawal, or another 

acute pattern triggers urgent redirection and safety-net 

language. The model should not delay action through an 

extended interview or individualized dosing instructions. 

Because both false reassurance and unnecessary alarm can 

cause harm, urgency detection requires conservative 

prospective validation and cannot replace professional triage 

or emergency assessment. 

Constructing Useful and Non-Abandoning 
Refusals 
A refusal is safe only when it avoids both harmful compliance 

and preventable abandonment. Generated patient 

communication should be evaluated through its 

communication quality, clinical oversight, and downstream 

use rather than generation efficiency alone [17]. The 

proposed non-abandonment contract therefore contains six 

elements: a clear boundary, a brief reason, safe general 

information, identification of missing context, a feasible next 

action, and an urgent safety net when delay could be harmful. 

The boundary should state what cannot safely be provided 

without sounding punitive. The reason should be 

proportionate and should not expose internal security rules or 

produce a misleading explanation of model reasoning. Safe 

general information may include established administration 

principles, warning signs, or questions to ask a pharmacist, 

but it must not reconstruct the refused individualized 

instruction indirectly. Evaluations of generated patient-

message responses show that quality is multidimensional and 

that clinician review remains important [18]. A professionally 

worded response is therefore not automatically a clinically 

adequate response. 

Respectful language can preserve trust, but simulated 

empathy must not be treated as evidence that the model 

understands the user’s condition. The literature indicates that 

large language models can generate language perceived as 

empathic while substantial uncertainty remains about 

evaluation methods and clinical meaning [19]. Refusal 

wording should acknowledge concern without claiming 

feelings, certainty, or therapeutic authority. 

User experience and professional quality should be assessed 

separately. Patients and clinicians may value different 

features of generated responses, and satisfaction may not 

correspond to medication safety or information completeness 

[20]. Evaluation should consequently include 

comprehension, perceived respect, feasibility of the proposed 

next action, recognition of urgency, clinician-rated accuracy, 

absence of covert advice, and whether the response directs the 

user to an accessible source of help. Non-abandonment is not 

achieved merely by adding “consult a professional”; it 

requires a realistic and proportionate route to further 

assistance. 

Evaluation through Safety-Critical Test Cases 
Evaluation should begin with a structured family of 

medication questions rather than a single aggregate 

benchmark. Required cases include missing-context 

questions, dose and administration ambiguity, 

contraindications, interactions, pregnancy and organ-function 

concerns, abrupt discontinuation, suspected overdose, severe 

adverse reactions, misinformation, adversarial prompts, 

misuse requests, and questions for which reliable evidence is 

unavailable. Clinically meaningful evaluation should 

distinguish hallucination, omission, contradiction, irrelevant 
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content, unsafe advice, inappropriate reassurance, and 

inappropriate refusal [21]. 

Realistic patient-posed questions are especially important 

because knowledge benchmarks may not expose unsafe 

advice behavior. Physician-led red teaming has shown that 

models can provide unsafe answers to patient-framed medical 

questions [22]. Test cases should therefore include 

conversational pressure, repeated requests, misleading 

premises, partial disclosure, vulnerable users, and attempts to 

obtain a prohibited answer through reframing. 

Advanced benchmark performance cannot eliminate the need 

for pharmacy-specific testing. Strong medical question-

answering results may coexist with specialist, adversarial, 

temporal, or workflow weaknesses [23]. Evaluation should be 

repeated across model versions, prompting strategies, 

languages, medicines, and care settings. 

Reporting must identify the model and version, prompt 

structure, knowledge sources, test-case construction, raters, 

adjudication procedures, outcome definitions, and observed 

failures. Existing health-advice chatbot studies have used 

heterogeneous methods and reporting practices [24]. 

Evaluation should combine clinically meaningful expert 

adjudication, realistic red-teaming, and multidimensional 

human assessment [21-23]. Progression should stop when 

clinically important under-refusal, inaccessible redirection, 

subgroup harm, or unreliable urgency detection remains 

unresolved. 

Governance and User-Experience Implications 
Refusal policy requires organizational ownership. 

Disclaimers cannot substitute for defined oversight, 

accountability, transparency, update control, and incident 

response [25]. The deploying organization should specify 

intended users, permitted and prohibited functions, 

accountable clinical leadership, knowledge-source 

governance, escalation pathways, and conditions for 

suspension or retirement. 

Lifecycle governance should address fairness, universality, 

traceability, usability, robustness, and explainability [26]. 

These principles require operational controls: version 

records, audit logs, pharmacist-reviewed content boundaries, 

adversarial testing, accessibility assessment, change-

triggered revalidation, and mechanisms for reporting unsafe 

answers or inappropriate refusals. 

Professional roles also affect implementation. Clinicians have 

identified responsibility, role change, trust, and workflow 

consequences as central concerns in healthcare artificial 

intelligence [27]. A refusal pathway should therefore show 

who receives an escalation, who is responsible for 

responding, and what occurs when the intended service is 

unavailable. 

Figure 2 presents the original conceptual synthesis for 

answer–qualify–redirect–refuse decision pathway, showing 

how the article’s principal components, evidence 

relationships, uncertainties, and decision boundaries are 

connected. 

 

 
Figure 2. Answer–Qualify–Redirect–Refuse Decision Pathway 
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Governance must also examine distributional consequences. 

Apparently neutral targets can produce inequitable clinical 

decisions when proxies do not represent need [28]. Refusal 

monitoring should therefore compare under-refusal and over-

refusal across language, literacy, disability, age, access 

conditions, and other relevant groups. Governance must 

combine lifecycle oversight, professional role clarity, and 

monitoring for inequitable consequences [25, 27, 28]. 

Table 3 organizes the evidence, constructs, relationships, 

uncertainties, and boundary conditions required for 

governance responsibilities, implementation conditions, and 

monitoring requirements for the article Designing Large 

Language Models That Refuse Unsafe Medication Questions 

Well. 

Table 3. Governance responsibilities, implementation conditions, and monitoring requirements for the article 
Designing Large Language Models That Refuse Unsafe Medication Questions Well. 

Governance 
domain 

Responsible 
actor 

Required 
authority 

Documentation 
requirement 

Monitoring 
indicator 

Escalation 
trigger 

Corrective 
action 

Accountability 
boundary 

Intended use 

and refusal 

policy 

Deployer, clinical 

safety leader, 

pharmacist 

governance group 

Approve uses, 

prohibited 

functions, 

escalation 

destinations, and 

stop conditions 

Intended-use statement, 

refusal taxonomy, 

responsibility map, 

change history 

Use outside scope; 

repeated 

inappropriate 

action selection 

Material 

mismatch 

between stated 

and actual use 

Restrict 

functions, revise 

policy, or 

suspend use 

Oversight is required; a 

disclaimer does not 

transfer responsibility 

to the user [25] 

Trustworthy 

lifecycle 

controls 

Developer, vendor, 

deployer, quality 

and safety teams 

Require 

verification, 

traceability, 

accessibility, 

robustness, and 

revalidation 

Model version, 

knowledge provenance, 

test protocol, audit log, 

update record 

Drift, inaccessible 

responses, 

untraceable output, 

robustness failure 

Material model 

or knowledge-

source change 

Re-test, roll 

back, restrict, or 

retire 

Broad trustworthy-AI 

principles require 

setting-specific 

operationalization [26] 

Professional 

escalation and 

workflow 

Pharmacy and 

clinical service 

leadership 

Assign recipients, 

response 

expectations, 

override rights, 

and unavailable-

service 

alternatives 

Escalation pathway, 

staffing responsibility, 

service coverage, 

incident record 

Failed handoff, 

delayed response, 

workarounds, 

unresolved 

responsibility 

Escalation 

cannot reach an 

accountable 

professional 

Redesign 

workflow, add 

coverage, or 

disable affected 

functions 

Automation cannot 

replace professional 

authority or 

organizational duty 

[27] 

Equity and 

accessibility 

Equity lead, patient 

representatives, 

accessibility 

specialists, safety 

team 

Require subgroup 

evaluation and 

accessible 

alternatives 

Subgroup analysis, 

language and 

accessibility testing, 

corrective-action record 

Unequal under-

refusal, over-

refusal, 

comprehension, or 

access 

Clinically 

meaningful 

disparity or 

inaccessible 

redirection 

Reconfigure, 

retrain, redesign, 

restrict, or 

suspend 

Aggregate performance 

cannot establish 

equitable consequences 

[28] 

Monitoring, 

incidents, and 

retirement 

Named executive 

and clinical owners 

with vendor 

participation 

Investigate 

incidents and 

order rollback, 

revalidation, 

notification, or 

retirement 

Incident taxonomy, 

investigation report, 

corrective-action status, 

retirement decision 

Serious unsafe 

answer, repeated 

refusal failure, 

unresolved drift 

Harmful event 

or persistent 

uncontrolled 

failure 

Contain, 

investigate, 

notify, 

revalidate, or 

retire 

Continued use remains 

conditional on effective 

monitoring and 

corrective authority 

[25] 

Limitations 
The framework may create unintended consequences, 

including automation bias, added workload, workarounds, 

delayed assistance, and diffusion of responsibility [29]. Its 

categories may also conceal subgroup-specific harm when 

evaluated only through aggregate performance [30]. 

Apparent success can be inflated by leakage, weak external 

validation, selective test cases, or mismatch between 

development and use settings [31]. Finally, a plausible refusal 

explanation may not faithfully represent the model’s internal 

basis for acting [32]. The framework is conceptual, and its 

transferability across models, medicines, languages, 

jurisdictions, and care environments remains unestablished. 

CONCLUSION 

Refusal should be treated as a medication-safety function 

rather than a generic inability to answer. The proposed 

Pharmacy Refusal-Safety Framework connects a multi-axial 

taxonomy of unsafe and unanswerable questions with four 

bounded actions: answer, qualify, redirect, and refuse. It 

further requires non-abandoning communication, 

professional escalation, realistic safety-critical evaluation, 

lifecycle governance, and monitoring for inequitable 

consequences. 

The framework’s principal contribution is the integration of 

these elements into one testable conceptual architecture. It 

separates model output from medication decisions, 

conversational quality from clinical usefulness, and technical 

implementation from validated benefit. It also recognizes that 

both under-refusal and over-refusal can cause harm. 

The proposed taxonomy, relationships, decision pathway, and 

governance responsibilities require empirical validation. 

Evaluation should determine whether they improve action 

appropriateness, preserve useful assistance, support timely 

escalation, remain understandable to users, and perform 
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equitably across settings and populations. Until such 

evidence exists, the framework should be interpreted as a 

structured research and governance proposal rather than a 

clinical recommendation, autonomous medication-advice 

system, regulatory standard, or deployment-ready tool. 
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