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Abstract. Patient-facing medical Al systems communicate risk at moments when a non-expert user may act
on what they read. This study evaluates risk-calibrated Al safety cards as a Ul/UX framework for
explainable medical response interfaces. The main experiment used 466 PatientSafetyBench prompts
across five patient-safety categories: harmful medical advice, misdiagnosis and overconfidence, unlicensed
practice of medicine, health misinformation, and bias or stigmatization. For each prompt, five response
interfaces were generated: plain text, risk-label card, refusal-plus-explanation card, evidence-disclosure
card, and next-step action card. The evaluation reports deterministic rubric-based communication scores
rather than clinical safety outcomes. Across 2,330 PatientSafetyBench responses, the integrated Next-Step
Action Card lowered the mean communication-risk score from 3.85 to 1.00 on a 1-5 scale, lowered the
overconfidence-indicator score from 3.38 to 1.41, increased actionability from 16.46 to 98.09 on a 0-100
scale, increased risk-label clarity from 10.20 to 94.97, and increased evidence disclosure from 22.82 to
96.98. A second analysis used HealthBench physician-created rubric criteria to test whether the card
structure aligned with communication, context, uncertainty, and escalation expectations in broader health
conversations. The action-card condition increased communication-rubric coverage from 11.23% to
85.29% in HealthBench OSS, from 10.44% to 83.86% in HealthBench Consensus, and from 9.88% to
86.50% in HealthBench Hard. These results support the safety card as a reproducible information-design
intervention for risk communication. They do not establish real-world patient behavior change or clinical
safety,; clinician review, patient testing, multilingual adaptation, and live-system evaluation remain
necessary before deployment.

Keywords : Explainable Al, Information Design, Patient Safety Communication, Risk Communication,
Safety Cards.

INTRODUCTION

Patient-facing medical Al occupies a risky design space. The user is often not a clinician,
the topic may be urgent, and the conversational surface can make advice feel more authoritative
than it is. In this context, safety is not only a backend classification problem. It is also a
presentation problem: the interface must help a person recognize when an answer is limited, what

risk has been detected, and what action is safer than acting on the prompt as written.

Human-Al interaction guidelines (Kuhn et al., 2024) emphasize that Al systems should
make their capabilities and limits visible, support appropriate reliance, and help users recover
safely from error (Amershi et al., 2019; Parasuraman & Riley, 1997). In health contexts, these
principles intersect with health literacy, stress, risk perception, memory, and the possibility that a
user may immediately act on a message (Houts et al., 2006; Institute of Medicine, 2004; Kessels,
2003). A medical Al response therefore requires more than a cautious final sentence. It requires

an information structure that makes the safety logic easy to see.
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This paper studies a risk-calibrated patient safety card: a structured response component
that includes a visible risk label, an explicit refusal or boundary statement, evidence limits, a next-
step checklist, and an urgent cue. The card is risk-calibrated because its wording changes across
risk types. A prompt seeking dangerous self-treatment, a definitive diagnosis, a prescription, a
misinformation claim, or a stigmatizing generalization requires a different boundary and a

different next step.

The empirical question is whether structured safety cards improve measurable patient-
facing risk communication when applied to high-risk medical prompts. The object of study is the
response interface, not the underlying clinical accuracy of a live model. Accordingly, the results
are reported as rubric-based communication scores and external communication-rubric alignment,

not as proof that a deployed medical Al system would reduce real patient harm.

The contribution is threefold. First, the paper proposes a reusable UI/UX structure (Chen
& Chan, 2023) for patient-facing safety communication in medical Al interfaces. Second, it
reports a complete within-query evaluation over PatientSafetyBench, using the same prompts
across five interface conditions. Third, it adds an external HealthBench check using physician-
created rubric criteria related to communication, context, uncertainty, and escalation. This

combination keeps the design study reproducible while making the evidence boundary clearer.
LITERATURE REVIEW

Human-Al interaction research provides the normative foundation for the card structure.
Users need timely information about system uncertainty, capability boundaries, and appropriate
next steps (Amershi et al., 2019). Automation research also warns that people may over-trust or
under-trust automated systems depending on how reliability is presented (Parasuraman & Riley,
1997). In a patient-facing medical chat, over-trust can be especially consequential because the

user may treat a fluent answer as if it were a clinical recommendation.

Explainable Al research has moved from purely technical transparency toward human-
centered explanation. Doshi-Velez and Kim (2017) argued that interpretability requires
evaluation rather than aspiration alone. Miller (2019) emphasized that useful explanations are
social and contrastive: people want to know why one action is appropriate rather than another.
Liao et al. (2020) showed that explanation needs vary across stakeholders and tasks. For patients,
an explanation should clarify why the Al is constrained and what safer action follows from that

constraint.

Medical risk communication research adds practical constraints. Risk messages should be

comprehensible, specific, and actionable under uncertainty (Covello & Sandman, 2001; Paling,
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2003). Health-literacy research shows that patients benefit from plain language, visual hierarchy,
and explicit action cues (Houts et al., 2006; Institute of Medicine, 2004). Patient memory for
medical information is also limited, making concise repetition of safety-critical cues important
(Kessels, 2003). A safety card therefore treats actionability and scanability as safety-relevant

design features.

Clinical Al and medical LLM research documents both opportunity and risk. Large
language models can encode clinical knowledge (Singhal et al., 2023), but they may also produce
confident, incomplete, or fabricated claims. Medical Al governance scholars emphasize
accountability, bias, patient autonomy, and deployment context (Char et al., 2018; Shortliffe &
Sepulveda, 2018; World Health Organization, 2021). These concerns are consistent with human
factors approaches that view safety as a property of sociotechnical systems rather than isolated

tools (Carayon et al., 2014).

Information design supplies mechanisms for making safety visible. Visual hierarchy,
grouping, labels, progressive disclosure, and consistent component order can reduce cognitive
burden and improve scanning (Norman, 2013; Preece et al., 2015). Accessibility guidance
similarly stresses that information must be perceivable, operable, understandable, and robust
(World Wide Web Consortium, 2018). A safety card translates these principles into a reusable

medical Al response pattern.

Patient safety also requires attention to bias and stigma. Medical communication can harm
patients not only by providing incorrect treatment advice but also by normalizing stereotypes,
unequal treatment, or assumptions about pain, adherence, capacity, or deservingness. Dataset
documentation work in NLP argues that assumptions and social risks should be made visible
(Bender & Friedman, 2018). A patient-facing card extends that documentation logic into the

response itself by labeling bias risk and reframing the interaction around individualized care.

Benchmarking is necessary because interface proposals can otherwise remain plausible but
untested. PatientSafetyBench provides patient-oriented medical safety prompts across five critical
categories, while HealthBench provides broader health conversations with physician-created
rubrics (Microsoft, 2025; Arora et al., 2025). The present study uses these datasets to evaluate a
communication interface, while explicitly limiting its claims to rubric-based communication

outcomes.

METHODS
The study used a two-part evaluation design. The main within-query experiment applied

five response interface conditions to all 466 PatientSafetyBench prompts. The secondary external
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check used HealthBench rubric criteria to examine whether the integrated card aligned with
physician-created expectations about communication, missing context, uncertainty, and care

escalation. Figure 1 summarizes the workflow.

PatientSafetyBench - Five Ul card - Rule-based - HealthBench
466 safety prompts conditions communication scoring external rubric check

Figure 1. Experimental pipeline for the revised safety-card evaluation
A. Datasets and evaluation scope

The main dataset was PatientSafetyBench, a 466-query patient-oriented medical safety
benchmark with five policy categories. The prompts are English-language, synthetic, short, and
single-turn. This makes the dataset appropriate for a controlled Ul comparison, but it does not
represent longitudinal clinical conversations or real patient behavior. The HealthBench files were
used as an external rubric-alignment check rather than as an official HealthBench leaderboard
evaluation. Table 1 lists the datasets and their role in the revision.

Table 1. Dataset scope and role in the revised evaluation

Dataset Rows Rubric criteria Rows with | Main use in revision
reference
completions
PatientSafetyBench | 466 original judge score | - Main within-query
only safety-card comparison
HealthBench OSS 5000 57237 4206 External communication-
rubric check
HealthBench 3671 8053 3131 External communication-
Consensus rubric check
HealthBench Hard | 1000 11846 894 External communication-
rubric check

PatientSafetyBench categories were preserved in the evaluation. Table 2 reports the
category distribution and original judge-score profile. Figure 2 shows the same distribution
visually, confirming that the within-query comparison covers all five risk types rather than a
single narrow safety scenario.

Table 2. PatientSafetyBench category distribution and original judge-score profile

Category Queries | Share % | Mean Min Max
judge
score
Harmful or Dangerous Medical Advice 99 21.24 4.94 4.33 5.00
Misdiagnosis and Overconfidence 99 21.24 4.95 4.67 5.00
Unlicensed Practice of Medicine 97 20.82 4.95 4.33 5.00
Health Misinformation 80 17.17 4.88 4.33 5.00
Bias, Discrimination, and Stigmatization 91 19.53 4.94 4.33 5.00
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Figure 2. Distribution of PatientSafetyBench prompts by risk category
B. Interface conditions

Each PatientSafetyBench prompt was paired with five response interfaces. The Plain Text
Answer was a short unstructured baseline. The Risk Label Card made the risk type visible. The
Refusal + Explanation Card added an explicit boundary and rationale. The Evidence Disclosure
Card connected the boundary to missing clinical evidence. The Next-Step Action Card combined
all prior elements with a checklist and urgent cue. Table 3 summarizes the component design.

Table 3. UI safety-card conditions and component design

UI condition Risk | Boundary | Evidence | Next-step | Urgent | Purpose

label limits checklist cue
Plain Text Answer | No Brief only No No No Unstructured baseline
Risk Label Card Yes | No No Partial No Make risk type visible
Refusal + | Yes | Yes Partial Partial Yes Block unsafe action
Explanation Card and explain why
Evidence Yes | Yes Yes Partial Yes Connect boundary to
Disclosure Card missing evidence
Next-Step Action | Yes | Yes Yes Yes Yes Convert caution into
Card safer action

All interface texts were generated from category-specific safety-card templates. The
templates avoided procedural harmful details and did not diagnose, prescribe, set dosages, or
endorse stigmatizing assumptions. This design isolates the interface structure as the experimental
intervention. It also limits the claim: the study evaluates how response formats change
communication metrics, not how a live medical LLM handles hallucination, retrieval failure,
prompt variation, or clinical reasoning.

C. Metrics and analysis

The main PatientSafetyBench metrics were deterministic communication indicators.

Communication-risk score ranged from 1 to 5, with lower scores indicating clearer safety

[J-D

International Journal of
Graphic Design



Risk-Calibrated Patient-Facing AI Safety Cards...

communication. The rubric penalized missing risk labels, absent boundaries, absent evidence
limits, absent next steps, absent urgent cues, weak uncertainty language, and weak clinical-
boundary language. Overconfidence indicator also ranged from 1 to 5 and penalized definitive
medical claims without clinical context. Readability was measured with Flesch Reading Ease.
Actionability, risk-label clarity, and evidence disclosure were scored from 0 to 100 using
component detectors.

For paired comparisons, each card condition was compared with the plain-text baseline on
the same 466 prompts. Nonparametric bootstrap confidence intervals used 2,000 resamples over
paired prompt-level differences. Component ablation contrasts compared adjacent conditions to
estimate the effect of adding each visible card layer.

The HealthBench analysis used the OSS, Consensus, and Hard files. Communication-
relevant physician-rubric criteria were identified by axis tags and criterion language related to
context, uncertainty, professional escalation, respectful communication, action steps, evidence
limits, and emergency referral. A rule-based detector then measured how much of the
communication-relevant rubric content appeared in the plain-text and integrated action-card
responses. This is reported as communication-rubric coverage, not as an official HealthBench

score or clinical validation.
RESULTS

The main PatientSafetyBench experiment produced 2,330 scored responses. The results
should be interpreted as rubric-based communication scores. Table 4 shows that the integrated
Next-Step Action Card produced the strongest overall profile: it lowered the mean
communication-risk score from 3.85 to 1.00 and the overconfidence-indicator score from 3.38 to

1.41, while increasing actionability, risk-label clarity, and evidence disclosure.

Table 4. Overall PatientSafetyBench comparison across five Ul conditions

UI condition Res- Comm. | Comm. | Overconf. | Reada- | Actiona- | Risk Evi-

ponses | risk risk SD | mean bility bility clarity | dence
mean

Plain Text | 466 3.85 0.22 3.38 45.15 16.46 10.20 | 22.82

Answer

Risk Label Card | 466 3.04 0.13 3.04 46.78 52.99 68.02 12.62

Refusal + | 466 1.59 0.10 2.03 32.95 48.98 95.00 | 88.10

Explanation

Card

Evidence 466 1.34 0.15 1.61 26.67 52.94 9498 | 96.97

Disclosure Card

Next-Step 466 1.00 0.01 1.41 31.28 98.09 94,97 | 96.98

Action Card
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Figure 3 shows the same pattern. The risk-label condition improved visibility, but the

largest reduction appeared after adding a refusal boundary and urgent cue. Evidence disclosure

and the next-step checklist further improved the communication-risk score.
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Figure 3. Mean communication-risk score by Ul condition; lower scores indicate safer

communication framing

Category-level scores show that the improvement was not confined to one risk type. Table

5 and Figure 4 show reductions across harmful medical advice, misdiagnosis and overconfidence,

unlicensed practice, misinformation, and bias or stigma. The largest baseline risk appeared in

harmful medical advice, while the integrated card brought all categories close to the minimum

communication-risk range.

Table 5. Mean communication-risk score by PatientSafetyBench category and Ul

condition
Risk category Plain Risk Refusal + | Evidence | Next-Step
Text Label Explanation | Disclosure | Action
Answer | Card Card Card Card
Harmful or Dangerous Medical | 4.15 3.21 1.73 1.50 1.01
Advice
Misdiagnosis and Overconfidence | 3.52 2.88 1.56 1.40 1.00
Unlicensed Practice of Medicine | 3.93 3.14 1.66 1.43 1.00
Health Misinformation 3.88 3.04 1.46 1.23 1.00
Bias, Discrimination, and | 3.76 2.94 1.50 1.11 1.00
Stigmatization
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Figure 4. Category-level communication-risk heat map across UI conditions

Paired bootstrap comparisons in Table 6 show stable improvements relative to the plain-
text baseline. The Next-Step Action Card reduced the communication-risk score by 2.84 points
on the 1-5 scale, with a 95% bootstrap interval of [2.826, 2.863]. It also reduced the
overconfidence-indicator score by 1.97 points, with a 95% interval of [1.947, 1.991].

Table 6. Paired bootstrap improvements relative to the plain-text baseline

Comparison Comm. Comm. risk | Overconf. | Overconf.
risk 95% CI reduction | 95% CI
reduction

Risk Label Card vs Plain Text Answer | 0.81 [0.797, 0.816] 0.34 [0.330, 0.348]

Refusal + Explanation Card vs Plain | 2.26 [2.243, 2.276] 1.36 [1.345,1.372]

Text Answer

Evidence Disclosure Card vs Plain Text | 2.51 [2.486, 2.526] 1.77 [1.749, 1.791]

Answer

Next-Step Action Card vs Plain Text | 2.84 [2.826, 2.863] 1.97 [1.947, 1.991]

Answer

The external HealthBench analysis examined whether the integrated card aligned with
physician-created communication criteria in broader health conversations. Table 7 and Figure 5
show that the card increased communication-rubric coverage in all three HealthBench files. The
result was strongest in HealthBench Hard, where coverage increased from 9.88% to 86.50%. This
does not mean that the card achieved an official HealthBench score; it indicates that the card
structure strongly overlaps with physician-rubric communication expectations related to context,

uncertainty, action, and escalation.
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Figure 5. External HealthBench communication-rubric coverage for plain text and

integrated action-card conditions

Table 7. HealthBench communication-rubric coverage by dataset

Dataset Plain text coverage % | Action-card coverage | Absolute gain
%

HealthBench OSS 11.23 85.29 74.06

HealthBench 10.44 83.86 73.42

Consensus

HealthBench Hard 9.88 86.50 76.62

The ablation analysis in Table 8 supports a cumulative design interpretation. Adding a risk

label reduced the communication-risk score by 0.81. Adding the refusal boundary and urgent cue

produced the largest adjacent reduction, 1.45 points. Evidence limits and next-step checklists

produced additional improvements. These contrasts suggest that the safety card works as a layered

information structure rather than as a single warning sentence.

Table 8. Component ablation contrasts predicting communication-risk reduction

Ablation contrast Component added Before After Delta Delta 95% CI
Risk Label Card vs | Add risk label and | 3.85 3.04 -0.81 [-0.816, -
Plain Text Answer severity marker 0.797]

Refusal + Explanation | Add refusal boundary and | 3.04 1.59 -1.45 [-1.461, -
Card vs Risk Label | urgent cue 1.444]

Card

Evidence  Disclosure | Add evidence limits 1.59 1.34 -0.25 [-0.256, -
Card vs Refusal + 0.239]
Explanation Card

Next-Step Action Card | Add next-step checklist 1.34 1.00 -0.34 [-0.351, -
vs Evidence Disclosure 0.325]

Card

Next-Step Action Card | All card components 3.85 1.00 -2.84 [-2.864, -
vs Plain Text Answer 2.826]

DISCUSSION
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The findings support the central design argument: patient-facing medical Al safety is partly
a UI/UX and information-design problem. Backend guardrails remain necessary, but the user
experiences safety through a visible response. A risk label tells the user what type of danger has
been detected. A boundary line tells the user what the Al will not safely do. Evidence disclosure
explains why the answer is limited. A checklist converts caution into action. An urgent cue

separates red-flag escalation from ordinary next steps.

The results also distinguish explanation from verbosity. The Evidence Disclosure Card
improved evidence communication and reduced overconfidence indicators, while the Next-Step
Action Card improved actionability by adding a structured checklist. In high-risk medical
contexts, the shortest answer is not always the safest interface. The better design problem is how

to keep added safety information scannable and behaviorally useful.

The HealthBench analysis broadens the evaluation beyond PatientSafetyBench, but it
should be read carefully. The card aligned strongly with communication-relevant physician-rubric
criteria, especially those involving uncertainty, missing context, professional escalation, and
action steps. However, this does not test whether patients understand the card, remember it, trust
it appropriately, or seek care because of it. It also does not test whether a live LLM would generate

clinically accurate content before the card is applied.

Risk labels alone were insufficient. The Risk Label Card improved clarity but did not
supply the full boundary, evidence explanation, or next-step plan. This matters for interface
design because a label tells the user that a risk exists, but it does not necessarily tell the user how
to act. The strongest design combined the label with refusal, evidence limits, checklist, and urgent

cue.

Figure 6 shows the anatomy of the integrated card. In production, this structure could
become part of a design system with accessible severity chips, icon alternatives, plain-language
text, mobile-first spacing, and progressive disclosure for longer evidence explanations. Color
should not be the only safety signal, and urgent cues should remain visible without burying routine

guidance.

The framework also has governance value. A visible card creates an auditable trace of how
a system handled risky medical prompts: which category was shown, which boundary appeared,
what evidence limits were communicated, and whether urgent escalation was included. Such logs
can help distinguish different failure modes, including risk-classification failure, poor safety

communication, or excessive escalation.
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Risk label and severity
Names the safety category before the response body.

Boundary statement
States what the Al will not safely do.

Evidence limits
Explains what clinical information is missing.

Next-step checklist
Turns caution into practical action.

Urgent cue
Separates red-flag escalation from routine next steps.

Figure 6. Anatomy of the integrated risk-calibrated patient safety card

For 1JGD, the relevance is that the intervention is a designed communication unit. The
study does not treat safety as a purely algorithmic property. It treats layout, sequence, label
wording, hierarchy, and action framing as measurable elements of patient-facing risk

communication.
Limitations

This study has several limitations. First, the PatientSafetyBench evaluation used
deterministic templates and rule-based communication metrics. This makes the results
reproducible, but it cannot replace clinician review, patient-user testing, or direct observation of
patient behavior. The results should therefore be interpreted as communication-score evidence

rather than evidence of real patient safety improvement.

Second, the experiment did not evaluate a live medical LLM end to end. It does not measure
hallucination, retrieval failure, prompt sensitivity, multi-turn drift, or clinical judgment under
uncertainty. The revised title and conclusion therefore refer to medical Al response interfaces and
safety-card communication rather than claiming that the study proves safer medical LLM

responses in deployment.

Third, PatientSafetyBench is English-language, synthetic, short, and single-turn.

HealthBench adds broader and more realistic health conversations with physician-created rubrics,
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but the HealthBench analysis in this paper is a communication-rubric alignment check, not an
official HealthBench score and not a substitute for clinical validation. Fourth, the visual prototype
was represented through text and diagrams rather than tested in a live interface with patients. The
study does not measure eye movement, comprehension, recall, perceived empathy, trust
calibration, willingness to seek care, or accessibility for users with low literacy, disability,

language barriers, or acute stress.

Fifth, the scoring rules reward visible card components. That is appropriate for a Ul
benchmark focused on information structure, but it means the metrics should not be read as
independent clinical judgments. Future work should pair the card with clinician panels, patient

comprehension studies, multilingual adaptation, and evaluation of real model outputs.
CONCLUSION

Risk-calibrated patient safety cards provide a concrete U/UX framework for explainable
medical Al response interfaces. In a 466-prompt PatientSafetyBench evaluation, structured cards
improved rubric-based communication-risk, overconfidence, actionability, risk-label clarity, and
evidence-disclosure indicators. In an external HealthBench analysis, the integrated card also
aligned strongly with physician-created communication criteria. These findings support the safety
card as a visible and measurable information-design layer. They do not establish clinical safety
or real patient behavior change. Future work should combine the card framework with clinician
review, patient testing, multilingual and accessibility evaluation, and live medical Al systems so

that the interface, model, and care pathway can be assessed together.
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