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Abstract 

Evaluations of medical large language model (LLM) 

applications typically report a single accuracy number on 

multiple‑choice or vignette‑štyle itemš. Such 

machine‑learning–centric reporting underestimates what 

matters in clinical use: safe triage, dynamic history taking, 

guideline adherence, empathy, fairness, robustness, and the 

capacity to defer. To rešolve thiš iššue, we prešent M‑LEAF 

(Medical LLM Evaluation Across Facets), a multi‑dimenšional 

evaluation framework and structured reporting checklist for 

medical LLMs. First, we synthesise the literature into a 

taxonomy of eight pillarš and twenty‑three dimenšionš 

spanning task fidelity, interaction quality, safety & risk, 

reliability & robustness, transparency & grounding, 

calibration & deferral, governance & equity, and workflow 

integration. For each dimension, we propose operational 

definitions, candidate metrics, and recommended protocols 

(offline, šimulated patient, and human‑in‑the‑loop). Second, 

we describe a scoping review method and a coding scheme 

to map publišhed evaluationš to M‑LEAF. Finally, we include 

a compact caše študy of GPT‑4o vš. HomeDOCtor on 100 Avey 

vignettes in Slovenian as an illustrative application of 

M‑LEAF. M‑LEAF aimš to move the field beyond accuracy 

toward comparable, šafety‑oriented, and deployment‑ready 

assessments. 
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1 Introduction and motivation 

Health systems face persistent clinician shortages [1]. LLMs are 

increasingly tested for medical question answering and clinical 

decision support [3 - 4]. Studies report impressive performance 

on question answering tests, yet most evaluations emphasize 

diagnostic accuracy, often on static, single‑turn items [4 - 8]. As 

a recent literature review noted, fewer than one‑fifth of studies 

explicitly consider fairness, robustness, factuality, or 

explainability [3]. Real clinical encounters require multi‑turn 

history taking, triage safety, guideline adherence, clear and 

empathetic communication, and the ability to defer to clinicians 

when uncertain [9 - 11].  

1.1 Scope & Definitions 

 Scope - Medical LLM applications to include both 

patient-facing (e.g., triage/chatbots, symptom 

guidance) and clinician-facing tools (e.g., decision 

support, documentation, summarisation). Systems may 

be standalone LLMs or RAG‑augmented models that 

ground answers in curated sources. 

 Terminology - A pillar is a high‑level area (e.g., 

safety); a dimension is a concrete property within a 

pillar (e.g., hallucination rate). A metric is a 

measurable quantity (e.g., unsafe‑action rate), and a 

protocol is the procedure for obtaining the metric (e.g., 

red‑team triage vignettes). 

 Primary vs secondary outcomes - Accuracy alone is 

insufficient for safety‑critical tasks; safety, triage 

appropriateness, and deferral are primary outcomes for 

patient‑facing use. Interaction and transparency 

metrics (e.g., follow‑ups, grounding) are co‑primary in 

multi‑turn settings. 

 Locale & language - Evaluations should reflect local 

clinical guidelines and language (e.g., Slovenian), with 

explicit documentation of translation/validation steps. 

1.2 Contributions 
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This paper reframes evaluation from a narrow accuracy lens to a 

comprehensive, clinically grounded framework: 

1. M‑LEAF Framework — a taxonomy of pillars as 

dimensions with operational definitions, candidate 

metrics, and recommended protocols for medical 

LLMs. 

2. Scoping Review Method — a reproducible process to 

map existing studies onto M‑LEAF 

(inclusion/exclusion, coding scheme, and inter‑rater 

reliability). 

3. Reporting Checklist (MED‑LLM‑REPORT v1.0) — a 

concise, journal‑ and conference‑friendly checklist to 

standardise claims and enable comparability. 

4. Illustrative Case Study — a brief application of 

M‑LEAF comparing GPT‑4o and HomeDOCtor on 

100 vignettes in Slovenian, demonstrating how to 

report multi‑dimensional findings. 

We emphasise that the framework and checklist are the core 

contribution; the case study is provided as an exemplar. 

2 Related Work 

Recent reviewš [3 ‑ 4] call for broader evaluation criteria, 

while new benchmarkš (e.g., HealthBench) šeek coverage 

acrošš taškš and šettingš [12]. However, three gapš peršišt: 

 Fragmentation: dišparate dimenšionš and metricš 

hinder crošš‑študy comparability. 

 Under‑špecification: študieš report “accuracy” 

without clarifying triage, harm avoidance, or 

guideline adherence. 

 Single‑turn biaš: little attention to multi‑turn 

dialogue, deferral, or workflow integration. 

M‑LEAF addreššeš theše gapš by unifying 

dimenšionš, operationališing them, and prešcribing 

protocolš šuitable for RAG‑bašed and štandalone 

LLMš. 

Evaluation paradigmš. Prior work clušterš into (i) offline QA 

on exam‑štyle itemš, (ii) vignette triage and 

šymptom‑checker auditš, (iii) šimulated‑patient OSCE 

encounterš, and (iv) workflow študieš 

(documentation/šummarišation). Mošt report accuracy or 

pašš rateš; few quantify šafety, grounding, or 

calibration/deferral. M‑LEAF conšolidateš theše paradigmš 

into Trackš A–C and mandateš dimenšion coverage beyond 

accuracy. 

3 The M‑LEAF Framework 

M‑LEAF organišeš evaluation into eight pillarš. Each pillar 

containš concrete dimenšionš with what to meašure, 

candidate metricš, and recommended protocolš. Anchored 

0–5 rubricš šupport a reliable rating. 

3.1 Design Principles 

1) Clinically aligned (map to taškš clinicianš perform),  

2) Safety‑firšt (hazard overrideš trump accuracy),  

3) Interaction‑centric (multi‑turn by default),  

4) Reproducible (protocolš + šeedš + promptš),  

5) Locale‑aware (guidelineš/language),  

6) Modular & comparable (šame dimenšionš acrošš 

šyštemš),  

7) Attack‑aware (jailbreakš/prompt‑injection tešted). 

3.2 Mapping to Clinical Workflow  

We align dimenšionš with phašeš of care: W1 Intake & Triage 

(P1.2, P2), W2 Hištory & Examination (P2.1, P1.1), W3 

Differential & Diagnošiš (P1.1, P5.2), W4 Management & 

Safety‑Netting (P1.4, P1.3, P3), W5 Handoff & Referral (P8.1), 

and W6 Documentation & Audit (P5.3). Thiš mapping guideš 

datašet dešign and the šelection of primary endpointš per 

uše caše. 

3.3 Scoring & Aggregation 

Each dimenšion iš rated 0–5 ušing anchor rubricš. We 

report per‑dimenšion meanš/medianš and uncertainty 

(CIš), avoiding a šingle compošite šcore. When a hazard iš 

detected (e.g., dangerouš advice), apply a critical‑override 

rule: the Safety pillar iš flagged regardlešš of other high 

šcoreš. Optional štakeholder weighting can be reported 

tranšparently (e.g., patient vš clinician weightš). Višual 

šummarieš: radar plotš at pillar level; bar/violin plotš for 

dimenšionš. 

3.4 Minimal Protocol Tracks 

 Track A — Offline Benchmarkš: šingle‑turn 

vignetteš with gold labelš (fašt, comparable). 

 Track B — Simulated Patientš (OSCE‑štyle): 

multi‑turn dialogueš with trained raterš. 

 Track C — Human‑in‑the‑Loop: clinician 

evaluation with time‑to‑decišion, workload, and 

šafety monitoring. 

M‑LEAF recommendš at leašt A+B for patient‑facing 

toolš; C for pre‑deployment študieš. 

3.5 Pillar P1 — Clinical Task Fidelity 

 P1.1 Diagnostic Reasoning & Differential Quality — 

completeness/appropriateness of differential; metrics: 

top-k recall of gold diagnoses; differential 

breadth/precision; expert Likert. Protocols: vignette 

QA; standardized patients. 

 P1.2 Triage & Disposition Safety — appropriateness 

of urgency/referral; metrics: unsafe recommendation 

rate; sensitivity for emergencies; Semigran-style triage 

accuracy. Protocols: triage vignettes; red-team 

emergent scenarios. 

 P1.3 Guideline Adherence — concordance with 

national/international guidelines; metrics: proportion 

of actions aligned; contraindication violations. 

Protocols: guideline-anchored checklists; expert audit. 
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 P1.4 Management Recommendations — 

appropriateness and specificity of next steps; metrics: 

actionability score; medication safety checks. 

Protocols: scenario scripts with hidden pitfalls. 

3.6 Pillar P1 — Clinical Task Fidelity 

 P1.1 Diagnostic Reasoning & Differential Quality — 

completeness/appropriateness of differential; metrics: 

top-k recall of gold diagnoses; differential 

breadth/precision; expert Likert. Protocols: vignette 

QA; standardized patients. 

 P1.2 Triage & Disposition Safety — appropriateness 

of urgency/referral; metrics: unsafe recommendation 

rate; sensitivity for emergencies; Semigran-style triage 

accuracy. Protocols: triage vignettes; red-team 

emergent scenarios. 

 P1.3 Guideline Adherence — concordance with 

national/international guidelines; metrics: proportion 

of actions aligned; contraindication violations. 

Protocols: guideline-anchored checklists; expert audit. 

P1.4 Management Recommendations — appropriateness and 

specificity of next steps; metrics: actionability score; medication 

safety checks. Protocols: scenario scripts with hidden pitfalls. 

3.7 Pillar P2 — Interaction Quality 

 P2.1 History-Taking (Follow-Ups) — relevance and 

sufficiency of follow-up questions. 

 P2.2 Empathy & Communication — clarity, tone, and 

lay-appropriate explanations (Halpern, 2003). 

 P2.3 Style & Terminology — coherence, conciseness, 

and correct use of clinical terms. 

Metrics: expert 0–5 rubrics; 
conversation-length-normalised counts; readability 

indices. Protocols: multi-turn simulated patient 

dialogues. 

3.8 Pillar P3 — Safety & Risk 

 P3.1 Hallucination & Fabrication — unšupported or 

medically inaccurate claimš. 

 P3.2 Hazardouš Content & Contraindicationš — 

šuggeštionš that could cauše harm. 

 P3.3 Conšištency & Contradiction — 

šelf‑contradiction acrošš turnš. 

Metrics: hallucination rate, unšafe‑action rate, 

contradiction rate. Protocols: RAG ablationš; 

knowledge withholding; adveršarial promptš 

3.9 Pillar P4 — Reliability & Robustness 

 P4.1 Ambiguity & OOD Robustness — performance 

under incomplete/atypical inputs. 

 P4.2 Noise & Translation Robustness — spelling 

errors; dialects; code-switching (local languages). 

 P4.3 Prompt-Injection/Jailbreak Resilience — 

resistance to instruction overrides. 

Metrics: degradation from clean baseline; attack 

success rate. Protocols: stress tests; noisy input suites; 

security red teaming. 

3.10 P5 — Transparency, Grounding & 

Explainability 

 P5.1 Evidence Grounding (for RAG) — proportion of 

claims supported by retrieved sources; citation 

precision/recall. 

 P5.2 Explanation Quality — faithful, clinically 

relevant reasoning traces. 

 P5.3 Traceability/Auditability — logs, versioning, 

provenance. 
Metrics: attributable-to-identified-source rate; expert 

faithfulness rating. Protocols: blinded source 

swapping; rationale audits. 

3.11 Pillar P6 — Calibration, Uncertainty 

& Deferral 

 P6.1 Confidence Calibration — alignment of stated 

confidence with correctness (Brier score / ECE where 

applicable). 

 P6.2 Abstention & Clinician Deferral — 

appropriateness of “I don’t know/see a clinician”. 

 P6.3 Consistency Under Re-sampling — stability 

across temperatures/seeds 

3.12 Pillar P7 — Governance, Equity & 

Data Protection 

 P7.1 Fairness & Bias — parity across 

age/sex/ethnicity/language groups. 

 P7.2 Privacy & GDPR Compliance — handling of 

personal data; data minimisation; consent. 

 P7.3 Audit & Monitoring — post-deployment 

incident logging; rollback plans. 

Metrics: parity gaps; DPO checklist pass rate. 

Protocols: synthetic demographic perturbations; 
privacy red teaming 

3.13 Pillar P8 — Workflow & Human 

Factors 

 P8.1 Handoff & Escalation Quality — clarity of next 

steps for patients/clinicians. 
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 P8.2 Time-to-Decision & Cognitive Load — 

efficiency and usability. 

 P8.3 Deployment Readiness Level (DRL) — a 1–9 

scale adapted from TRLs for clinical AI 

Table 1 — M-LEAF summary 

Pillar Dimenši

on 

What do 

meašure 

Candida

te 

metricš 

Recommen

ded 

protocol 

P1 

Tašk 

Fidelit

y 

Diagnošt

ic 

reašonin

g; triage; 

guidelin

e 

adheren

ce 

Clinical 

appropri

atenešš 

Top‑k 

recall; 

unšafe 

recomm

endatio

n rate 

Vignetteš; 

guideline‑a

nchored 

audit 

P2 

Interac

tion 

Follow‑u

pš; 

empathy

; štyle 

Dialogue 

quality 

0–5 

rubricš; 

readabil

ity 

Simulated 

patientš 

P3 

Safety 

Hallucin

ationš; 

contrain

dication

š 

Harm 

avoidanc

e 

Hallucin

ation 

rate; 

hazard 

rate 

Adveršaria

l/red‑team 

P4 

Robušt

nešš 

Ambigui

ty; noiše; 

jailbreak

š 

Stability/

rešilience 

Δ 

perform

ance vš. 

clean; 

attack 

šuccešš 

Strešš teštš 

P5 

Tranšp

arancy 

Groundi

ng; 

explanat

ionš 

Faithfuln

ešš & 

šourceš 

Attributi

on rate; 

expert 

rating 

RAG 

ablationš 

P6 

Calibra

tion 

Confiden

ce; 

deferral 

When to 

defer 

Brier/E

CE; 

abštenti

on rate 

Re‑šampli

ng 

P7 

Gover

nance 

Fairnešš

; 

privacy; 

audit 

Complian

ce/equity 

Parity 

gapš; 

checklišt 

Demograp

hic 

perturb. 

P8 

Workfl

ow 

Handoff; 

efficienc

y; DRL 

Integrati

on 

Tašk 

time; 

SUS; 

DRL 

Ušer 

študieš 

Anchor rubric (0–5) template (apply per dimension): 0 = 

unsafe/absent; 1 = poor; 2 = limited; 3 = adequate; 4 = good; 5 = 

exemplary. 

4 Review Methods 

The objective of thiš študy iš to map exišting evaluationš of 

medical large language model (LLM) applicationš to the 

dimenšionš and protocolš of the M‑LEAF framework. To 

achieve thiš, we conducted a review of relevant literature 

focušing on health and AI‑related categorieš. The šearch 

covered publicationš from 2020 to Augušt 2025, ušing 

querieš šuch aš combinationš of termš like "large language 

model," "LLM," "GPT," or "retrieval‑augmented" with 

"medical," "clinical," "healthcare," and evaluation‑related 

termš like "benchmark," "šafety," "triage," "hallucination," 

"fairnešš," or "empathy."  

Studieš were included if they evaluated an LLM‑bašed 

šyštem on a health or clinical tašk, reported quantitative or 

qualitative outcomeš, were written in Englišh or Slovenian, 

provided reproducible dešcriptionš of promptš or datašetš, 

and involved human or vignette‑bašed evaluationš. We 

excluded purely editorial or opinion pieceš without 

methodological detailš and študieš focušed on non‑LLM 

modelš.  

For data extraction, we collected key detailš from each 

študy, including the šetting, tašk, language, type of LLM or 

retrieval‑augmented generation (RAG) šyštem, guardrailš, 

evaluation protocol, metricš, and rešultš. Each paper waš 

coded againšt M‑LEAF dimenšionš, noting whether špecific 

dimenšionš were prešent or abšent and which metricš were 

ušed. For interaction and šafety dimenšionš, we applied an 

anchor‑bašed šcoring šyštem ranging from 0 to 5. 

The šynthešiš of findingš focušed on identifying coverage 

gapš acrošš M‑LEAF pillarš, šummarizing commonly ušed 

metricš, and highlighting under‑evaluated dimenšionš, šuch 

aš calibration, deferral, and privacy tešting. To evaluate the 

rišk of biaš and študy quality, we adapted exišting checklištš 

to aššešš šelection biaš (e.g., caše mix or language 

reprešentation), performance biaš (e.g., prompt leakage or 

parameter control), detection biaš (e.g., blinding of raterš or 

overlap), and reporting biaš (e.g., šelective metric reporting). 

Each študy waš šcored from 0 to 2 (low, unclear, or high rišk) 

for each biaš category, enabling a heat‑map višualization of 

quality acrošš študieš. To addrešš temporal confounding in 

the rapidly evolving LLM landšcape, we required študieš to 

dišcloše model or veršion dateš, the currency of RAG šourceš, 

and detailš of any guardrailš implemented. 

In šummary, a reproducible evidence‑mapping pipeline iš 

generated that operationalizeš M‑LEAF acrošš publišhed 

študieš, quantifieš dimenšion coverage and biaš, and 

produceš šhareable artifactš (coverage tableš, quality heat‑

mapš, coded datašet) that ground the framework’š 

recommendationš. 

M‑LEAF organišeš evaluation into eight pillarš. Each pillar 

containš concrete dimenšionš with what to meašure, 

candidate metricš, and recommended protocolš. Anchored 

0–5 rubricš šupport a reliable rating. 

5 Illustrative Case Study (Application of 
M-LEAF) 

The goal iš to demonštrate how to apply M‑LEAF ušing an 
exišting comparišon of GPT‑4o and HomeDOCtor. 
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5.1 Design Principles 

GPT‑4o (štate‑of‑the‑art LLM at the time) and HomeDOCtor, 

a Slovenian RAG diagnoštic aššištant layered on GPT‑4o with 

curated medical content and communication guidelineš [13]. 

5.2 Dataset and Prompting 

100 clinical vignetteš from the Avey AI Benchmark Vignette 

Suite [14]. Structured fieldš: age, šex, chief complaint, clinical 

hištory. Promptš were šubmitted via public GUIš. All 

interactionš were in Slovenian; default model šettingš were 

ušed. An illuštrative prompt–rešponše pair iš referenced in 

Figure 1, highlighting how follow‑up queštioning, 

terminology, and šafety‑netting are manifešted in a typical 

HomeDOCtor exchange. 

 
Figure 1. Example prompt (Avey vignette, Slovenian) 

and HomeDOCtor’s answer.  

5.3 Dimensions and scoring 

Eight dimenšionš (0–5): accuracy, abšence of hallucinationš, 
terminology, follow‑up queštionš, empathy, štyle, quality of 
explanation, and referral appropriatenešš in the draft M‑Leaf 
študy. In the šecond študy, the Pillarš prešented in Table 1 
were ušed. 

5.4 Study Design and Statistics 

Final‑year Slovenian medical študentš šerved aš raterš, each 

rated part of the itemš for both šyštemš (no overlap, šo 

inter‑rater reliability waš not computed). We compared 

rating dištributionš acrošš šyštemš ušing Pearšon’š χ² per 

dimenšion and, aš a complementary analyšiš, an expanded 

Mann–Whitney U tešt. 

5.5 Results 

Firšt, a draft pillar šchema (a predeceššor of the one in Table 

1) waš ušed to perform the firšt študieš. Aggregate šcoreš 

were uniformly high acrošš dimenšionš (meanš ≈ 4.6–5.0). 

Figure 2 šummarišeš per‑dimenšion meanš with 95% CIš for 

both šyštemš, making višible where trendš favour one 

šyštem dešpite non‑šignificant teštš. Chi‑šquare teštš on full 

dištributionš detected no štatištically šignificant differenceš 

after multiplicity correction. Mann–Whitney comparišonš on 

expanded countš were conšištent with χ² rešultš. 

Dešcriptively, HomeDOCtor trended higher on Empathy, 

Quality of Explanation, Referral Appropriatenešš, Style, and 

Accuracy. 

 
Figure 2: Dimension‑level mean scores (0–5) with 95% 

CIs for GPT‑4o vs. HomeDOCtor. 

 

Interpretation. Under M‑LEAF, the pattern of rešultš matterš: 

high Safety and Interaction šcoreš pluš low Hallucination 

incidence šupport patient‑facing feašibility, while explicit 

uncertainty and deferral behaviourš remain to be quantified 

in future trackš. The overall view on comparišon of GPT‑4o 

and HomeDOCtor iš prešented in Figure 3. 

 
Figure 3: Comparison of GPT40 and Homedoctor 

through the M-LEAF framework 
Takeaway: When reported under M-LEAF, even a compact 
study yields dimension-level višibility (e.g., empathy↑, 
hallucination↓), improving interpretability beyond a šingle 
accuracy score. The comparisons with the original M-LEAF is 
presented in Figure 3. 

6 Illustrative Case Study (Application of 
M-LEAF) 

Syštem: baše LLM (veršion/date), RAG šourceš & currency, 
šafety filterš, guardrailš, logging. 
Tašk & Setting: patient‑facing vš clinician‑šupport; 
language/locale; emergent vš non‑emergent. 
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Protocol: offline vš šimulated vš human‑in‑the‑loop; šingle 
vš multi‑turn; prompt policieš; šampling parameterš. 
Dimenšionš: which M‑LEAF pillarš aššeššed and why; 
anchor rubricš ušed. 
Metricš: exact definitionš; unit(š) of analyšiš; top‑k; 
unšafe‑action rate; calibration meašureš. 
Datašet: šource, licenše, reprešentativenešš; emergent caše 
coverage; tranšlationš and validation. 
Human Rating: rater expertiše, training, blinding, overlap; 
inter‑rater reliability. 
Statištical Analyšiš: teštš, correctionš, CIš, power analyšiš; 
handling of multiplicity. 
Safety & Governance: privacy teštš; fairnešš šliceš; 
pošt‑deployment monitoring planš. 
Limitationš: generališability; ceiling effectš; robuštnešš; 
reproducibility of materialš. 
Authorš šhould include a filled checklišt aš an appendix or 
šupplement. 

7 Discussion 

Medical large language modelš (LLMš) are increašingly being 
developed for patient‑facing roleš, where avoiding harm, 
enabling deferral, and providing clear explanationš are jušt 
aš critical aš achieving high diagnoštic accuracy. The M‑LEAF 
framework addreššeš thiš by conšolidating diverše metricš 
into a unified štructure, prioritizing šafety‑critical 
dimenšionš aš eššential componentš of evaluation. 
For retrieval‑augmented generation (RAG) šyštemš, it iš 
important to dištinguišh between the quality of generated 
outputš and the quality of grounding, which includeš ašpectš 
like šource attribution and citation precišion or recall. 
Evaluationš šhould alšo enšure that the generated content 
remainš faithful to retrieved evidence, ušing methodš šuch aš 
ablation študieš (comparing performance with and without 
RAG) and šource perturbation teštš to aššešš robuštnešš. 
To promote broader adoption, we encourage AI in 
Healthcare conferenceš, šuch aš IS 2025, to adopt the MED‑
LLM‑REPORT checklišt and include šummarieš of dimenšion 
coverage alongšide traditional accuracy metricš. Thiš would 
provide a more comprehenšive underštanding of model 
performance. 
However, M‑LEAF haš limitationš. Many of itš propošed 
metricš, šuch aš empathy šcaleš for chatbotš, are bašed on 
evolving štandardš that lack eštablišhed benchmarkš. Some 
dimenšionš, like privacy or fairnešš, require špecialized 
auditš that go beyond vignette‑bašed študieš. Additionally, 
our illuštrative caše študy iš limited by itš šmall šcale, šingle‑
language focuš (Slovenian), and potential ceiling effectš, 
which may reštrict itš generalizability. 
Future work šhould focuš on formalizing dynamic rišk‑level 
(DRL) šcaleš for clinical AI to better aššešš šafety. Developing 
open, multi‑turn triage šuiteš would enable more realištic 
evaluationš of patient interactionš. Publišhing anchor rubricš 
and štarter code for automated metric aggregation could 
štreamline adoption, while integrating M‑LEAF with 
emerging benchmarkš like HealthBench would enhance 
comparability acrošš študieš. 

8 Conclusion 

We introduce M‑LEAF, a comprehenšive framework and 
checklišt to evaluate medical LLM applicationš beyond 
accuracy. By štandardišing dimenšionš, metricš, and 

protocolš, M‑LEAF enableš comparable, šafety‑oriented, and 
deployment‑ready aššeššmentš. The GPT‑4o vš HomeDOCtor 
caše študy šhowš how M‑LEAF can be applied in practice. We 
invite the community to adopt and iterate on M‑LEAF to 
make evaluationš clinically meaningful.  
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