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Abstract

Medical large language models achieve strong
scores on standard benchmarks; however, trans-
ferring those results to safe and reliable per-
formance in clinical workflows remains a chal-
lenge. This survey reframes evaluation through
a levels-of-autonomy lens (LO-L3), spanning
informational tools, information transformation
and aggregation, decision support, and super-
vised agents. We align existing benchmarks
and metrics with the actions permitted at each
level and their associated risks, making the eval-
uation targets explicit. This motivates a level-
conditioned blueprint for selecting metrics, as-
sembling evidence, and reporting claims, along-
side directions that link evaluation to oversight.
By centering autonomy, the survey moves the
field beyond score-based claims toward credi-
ble, risk-aware evidence for real clinical use.

1 Introduction

Large language models (LLMs) have advanced
rapidly on medical benchmarks (Singhal et al.,
2023; Hendrycks et al., 2020; Nazi and Peng,
2024). Both general-purpose (Qwen Team, 2025;
DeepSeek-Al, 2025; OpenAl, 2025) and domain-
specialized (Singhal et al., 2025; Bolton et al.,
2024) LLMs now achieve high scores on licensing-
style examinations and medical Q&A benchmarks
(Oliveira et al., 2025; Tang et al., 2023). These
headline results suggest that LL.Ms could provide
meaningful assistance to clinicians and patients
across a range of information-centric workflows.
However, benchmark correctness alone is not
sufficient for clinical use (Hager et al., 2024; Ma
et al., 2025). Clinical deployment requires consis-
tency, fairness, auditability, calibrated uncertainty,
and demonstrably safe clinical reasoning (Omiye
et al., 2023; Fehr et al., 2024). Most benchmarks
are Q&A-centric, which rarely probe these aspects,
allowing unsafe reasoning and missing context to
go undetected (Soroush et al., 2024; Asgari et al.,

2025). A recent systematic review of 519 evalua-
tions of healthcare applications of LLMs shows that
44.5% evaluated medical knowledge (like exam
questions) and 19.5% focused on diagnosis, but
only 5% used real patient data. (Bedi et al., 2025b).
A rigorous evaluation that spans factual grounding,
reasoning quality, uncertainty calibration, safety,
and human preferences is required (Tam et al.,
2024; Shool et al., 2025).

This survey reviews the state of LLM evaluation
in the medical field and identifies its limitations.
We first summarize how LLMs are being applied
in the medical field and what current benchmarks
measure. While these scores are informative, they
only provide quick capability snapshots and over-
look integration into real workflows, calibration,
and traceable provenance. Therefore, we move
from scores to applications, treating evaluation as
a means of showing that a system is sufficient for
a defined purpose and scope at a specific auton-
omy level. For each level, we define the scope,
typical applications, evaluation focus, boundaries,
and challenges: L0 Inform (no personalized ad-
vice); L1 Information Transformation & Aggrega-
tion (structure, summarize); L2 Decision Support
(recommendations and personalized advice); and
L3 Agents Under Human Supervision (plan + in-
voke tools/APIs to enqueue actions under explicit
review). This organization makes evaluation tar-
gets explicit: factual grounding at LO/L1; calibrated
reasoning and coverage at L.2; tool-use safety and
auditability at L3. Regarding the challenges in
each level, they are cumulative, not isolated: each
higher autonomy level inherits unresolved issues
from lower levels. As autonomy and permitted ac-
tions expand, new risks emerge that are specific to
that level’s capabilities. Finally, we outline future
work and recommendations for developing more
robust evaluation frameworks to ensure that LLM-
based systems can be trusted in clinical practice.



L1-Transformation

LO-Inform

& Aggregation

L3-Agents under

L2-Decision Support Supervision

Scope Explain / Inform; NO

Structured extraction

Recommendation; NO Plan, act under

advice and aggregation action supervision

Application HealthSearchQA, EHR Transformation, Diagnostic Reasoning, EHR co-pilot, Clinical
Pp Patient Summary Retrieve & Aggregate Patient Education Simulation

From this discharge Given the summary. is Assemble prior
Example What is MRI? note, extract the 1ary, results, draft an order,
SN MRI appropriate? .
medication list. queue for sign-off.
Challenge Hallucination, Bias ~ Attribution, Privacy Reasoning Tool-use, Human-Al

Consistency, Fairness Interaction

Table 1: Overview of autonomy levels (LO-L3) for medical LLMs, showing for each level the scope, typical
applications, an example question/task, and key challenges. The rightward arrow indicates an increase in autonomy
and risk. A detailed worked example/case study of an EHR copilot instantiated at different autonomy levels is
provided in Appendix A.5. Example autonomy escalation criteria that specify when evidence at one level is sufficient
to justify a move to the next are provided in Appendix A.3.

2 Related Work

Contemporary medical-LLM surveys mostly list
datasets (e.g., USMLE/OKAP), task scenarios,
and evaluation modes, but they rarely organize
evaluation targets by autonomy level or permit-
ted clinical actions. Representative examples in-
clude a review contrasting closed and open-ended
tasks and discussing agentic settings (Chen et al.,
2025c), and a systematic review highlighting re-
liance on general-purpose models and accuracy
metrics with limited calibration and safety assess-
ment (Shool et al., 2025). Parallel strands propose
conversation-quality and safety evaluations (Ab-
basian et al., 2024), human-rater rubrics such as
QUEST (Tam et al., 2024), multi-dimensional cri-
teria in SCORE (Tan et al., 2024), and reporting
guidance in TRIPOD-LLM (Gallifant et al., 2025).
We address this gap by mapping evaluation objec-
tives and metrics to autonomy levels (LO-L3). This
mapping clarifies what evidence is sufficient for a
system’s intended role, which risks must be tested
and where human oversight is required. A detailed
comparison with existing survey papers is summa-
rized in Tables 5 and 6 in the Appendix.

Autonomy scales outside medical-LLM evalua-
tion exist, but they target system design or human
factors, rather than evaluation blueprints. In clini-
cal decision research, levels of autonomy delineate
who acts and who bears responsibility (Festor et al.,
2021). In the broader agent literature, five-level
design frameworks define autonomy via user roles

(operator — observer) (Feng et al., 2025a), and
industry taxonomies describe LO-L5 agentic be-
havior (Kirkovska et al., 2025). None of these
prescribe autonomy-conditioned metrics or align
evaluation with healthcare oversight. Our survey
fills that gap by integrating autonomy scales with
concrete measurement choices for medical LLMs.

3 Evaluation Methodologies

We start by listing current benchmarks and metrics
for medical LLMs. This sets clear measurement
boundaries before we move to the applications. For
LLMs in the medical field, benchmarks provide
low-cost, repeatable evidence about specific ca-
pabilities within a bounded scope; they surface
failure modes early, track progress over time, and
help align claims with a system’s intended role
(LO-L3). First, we group benchmarks by task and
summarize the usefulness of each, as well as the
LO0-L3 level(s) they inform (§3.1). We then sum-
marize both automated and human metrics, along
with their limitations (§3.2). Table 2 provides a
compact illustration of our taxonomy with a few
representative rows; the full expanded table appears
in Appendix A.1.

3.1 Benchmarks

Exam Q&A. Answer multiple-choice and short-
answer questions from professional medical exam-
inations across specialties. Typical benchmarks
include MedQA (Jin et al., 2021) and MedMCQA
(Pal et al., 2022). This task provides a low-cost



Task Usefulness Level

Low-cost unit tests of ba- L0
sic clinical knowledge.

Checks whether models L1
produce faithful sum-
maries.

Knowledge recall /
exam Q&A

Summarization /
transformation

Decision support Probes decision-making in L2

simulated cases.

Representative
marks

MedMCQA; MultiMedQA

MIMIC-IV-BHC;
Dialog; ACI-Bench

HealthBench; MedHELM;
DexBench

bench- Example

Is it safe to take ibuprofen in
early pregnancy?

MTS- Condense a multi-paragraph
ICU discharge note into a 2-3

sentence brief hospital course

Given 7 days of CGM traces
and meal logs, generate some
advice.

Table 2: Condensed illustration of benchmark classes; the full expanded version appears in Appendix A.1

way to test factual breadth and specialty coverage.
It is useful as a unit test for LO-L1 informational
tools and for identifying coarse knowledge gaps.

Summarization. Generate faithful summaries,
patient-friendly explanations, or structural rewrites
of clinical text. Typical benchmarks include MS?
(Wang et al., 2022) and PubMed long-document
summarization (Cohan et al., 2018). This task eval-
uates whether outputs are faithful to the source (no
important omissions) and structurally complete for
explanation-oriented use cases at LO-L1.

Retrieval-augmented generation (RAG). Answer
questions grounded in retrieved documents with
explicit attribution to evidence passages. Typical
benchmarks include BEIR (Thakur et al., 2021)
and TREC-COVID (Roberts et al., 2021). This
task demonstrates whether responses are supported
by cited sources and avoid contradicting them, en-
abling checks on evolving topics at LO-L1.

Information extraction. Extract and normalize
clinical entities, relations, and codes from notes
and reports. Typical benchmarks include CBLUE
(Zhang et al., 2021). This task establishes reli-
able structuring and normalization to support down-
stream aggregation in L1 systems.

Decision support. Make thresholded recommenda-
tions or triage decisions in vignettes or multi-turn
clinical scenarios scored by clinician rubrics. Typi-
cal benchmarks include HealthBench (Arora et al.,
2025) and MedHELM (Bedi et al., 2025a). This
task targets selective reliability for L2 systems by
quantifying calibrated behavior at thresholds and
surfacing harm-proximal errors in simulation. De-
spite strong exam-style performance, overall suc-
cess rates on HealthBench remain modest: GPT-
3.5-Turbo satisfies only about 16% of physician-
authored behavioral criteria, GPT-40 around 32%,
and OpenAlI’s 03 roughly 60%, with more challeng-
ing “HealthBench Hard” subset capped at about

32% even for the best model.

Clinical dialogue. Conduct conversations with
patients or clinicians to achieve goals while com-
municating safely and clearly. Typical benchmarks
include MedDialog (Zeng et al., 2020) and MedDG
(Liu et al., 2022). This task assesses communica-
tion effectiveness and safety across LO-L2.

3.2 Automated vs. Human Metrics

Automated Metrics. Automated metrics quan-
tify answer correctness, calibration, faithfulness,
and retrieval quality. For Q&A, Exact Match
and F1 summarize accuracy, while ECE, Brier,
and NLL capture probability calibration (Guo
et al., 2017; Brier, 1950; Manning et al., 2008).
In selective prediction, risk-coverage curves re-
late error to the answered fraction and justify
abstention on uncertain cases (Geifman and El-
Yaniv, 2017; Geifman and El-Yaniv, 2019; Traub
et al., 2024). For summarization, lexical over-
lap (ROUGE/chrF) and embedding-based similar-
ity (BERTScore/BLEURT) are commonly com-
plemented with source-grounded checks for omis-
sions and contradictions (Lin, 2004; Popovi¢, 2015;
Zhang et al., 2020; Sellam et al., 2020). In RAG set-
tings, retrieval ranking is assessed with Recall @k,
MRR, and nDCG (Manning et al., 2008).

Human Evaluation. Clinician raters typically ap-
ply behaviorally anchored rubrics (BARS-style) to
score clinical correctness, coverage, contextualiza-
tion, reasoning transparency, uncertainty handling,
readability, actionability/safety, and empathy; inter-
rater agreement is summarized with Cohen’s x or
ICC (Holland et al., 2022; McHugh, 2012). For
patient-facing text, readability is assessed using
the Flesch-Kincaid or SMOG indices (Singh et al.,
2024; Badarudeen and Sabharwal, 2010).

LLM-as-Judge (LAJ). To scale open-ended as-
sessments, many studies adopt LLM-as-judge:



strong models render pairwise preferences or
rubric-based scores, often with prompts that re-
quest quoted evidence. To control bias, studies
randomize order or blind positions and, when feasi-
ble, ensemble multiple judges. (Zheng et al., 2023;
Li et al., 2024c; Gu et al., 2024; Zhu et al., 2025;
Tan et al., 2025). LAJ can track human preferences
well in aggregate but is vulnerable to position and
verbosity biases and self-preference effects (Chen
et al., 2024; Ye et al., 2025a; Wataoka et al., 2024).

4 Applications and Autonomy Levels

From Scores to Applications. Static benchmarks
provide an overview of the model capabilities, but
they do not capture real workflow context, calibra-
tion, provenance, and audit trails, or role-specific
needs. We therefore treat evaluation as showing
that a system is sufficient for a defined purpose
and scope at a given autonomy level. Concretely,
each autonomy level is organized into five parts:
(1) Definition & scope; (2) Typical applications;
(3) Evaluation focus; (4) Scope boundaries; and
(5) Challenges. Benchmarks remain useful as in-
gredients in this assessment, not the destination.

4.1 LO - Inform

Definition and Scope. At autonomy level L0, the
system functions purely as an informational tool: it
explains medical concepts and provides a general
background in plain language. It neither tailors
advice to an individual patient nor initiates clinical
decisions. Outputs are educational in nature and
include an explicit non-advice disclaimer.

Typical Applications. Representative LO tasks in-
clude answering common health questions (e.g.,
“What is MRI?”), producing lay summaries of
technical passages, and simplifying lab reports.
Public datasets used as proxies include consumer
Q&A corpora and patient-facing summarization
sets: HealthSearchQA within the MultiMedQA
(Singhal et al., 2023) suite, the TREC 2017 LiveQA
Medical task (Abacha et al., 2017), PubMedQA
for abstract-level research comprehension, and
consumer-question summarization datasets such
as MeQSum and MEDIQA’21 (Ben Abacha and
Demner-Fushman, 2019; Ben Abacha et al., 2021).
Evaluation Focus. L0 evaluation should primarily
focus on accuracy, completeness, and readability
(Srinivasan et al., 2025). Some benchmarks also
include structured rubrics or provide reference con-
texts that enable additional checks: HealthBench

(Arora et al., 2025) grades free-text answers with
physician-written rubrics, MultiMedQA reports hu-
man ratings for long consumer answers, and Pub-
MedQA uses the abstract as the reference context.
We reference these only to motivate the axes here,
not to require source citation as a core LO practice.
Scope Boundaries. LO outputs are intentionally
non-patient-specific and involve minimal reason-
ing: they recall and lightly synthesize facts but
do not conduct case workups, triage, or make rec-
ommendations (those belong to L2 Decision Sup-
port). As a result, LO content may omit person-
specific contraindications or time-sensitive context
and should avoid language that could be interpreted
as advice. Readability should target plain-language
norms to reduce misunderstanding, and common
safety disclaimers may be shown without tailoring.
Some LO benchmarks include rubrics or reference
contexts for scoring, but we do not treat source
citation as a core requirement for LO.

Challenges. Hallucination: Even at L0, mod-
els often produce fluent but unfaithful text: Broad
surveys separate hallucinations into intrinsic and
extrinsic, link them to training/decoding choices
and weak grounding, and recommend source- and
task-aware evaluations instead of generic overlap
scores (Ji et al., 2023). In summarization specifi-
cally, human studies show that systems invent un-
supported details and that standard n-gram metrics
miss these errors, motivating faithfulness-oriented
checks instead (Maynez et al., 2020). For patient-
facing summaries, clinical audits advise using med-
ical rubrics that check whether each claim is sup-
ported by the underlying notes and whether im-
portant facts are missing-rather than relying on
readability alone. (Asgari et al., 2025). How-
ever, because these tools audit rather than elimi-
nate hallucinations, the problem persists. Recent
clinical summarization audits quantify how often
hallucinations occur in practice. In psychiatric
discharge summaries, human-written summaries
were rated higher than GPT-4 summaries (3.78
vs 3.12 on a 5-point scale), and hallucinations
appeared in 40% of Al summaries (Schmidgall
et al., 2024). In an emergency-department study
of 100 encounters, only 33% of GPT-4 summaries
were error-free, while 42% contained hallucina-
tions and 47% omitted clinically relevant informa-
tion (Williams et al., 2025). Bias: We use bias to
mean systematic tendencies that push outputs away
from truth or intended scope (e.g., sensitivity to
superficial cues), such that the same input intent



can yield different explanations. These tenden-
cies plausibly arise from the pretraining objective
and are further shaped by alignment procedures
that optimize against human preferences (Ouyang
et al., 2022; Sharma et al., 2023; Xu et al., 2025b;
Shen et al., 2025). In LO applications, such biases
surface as assistants mirroring user beliefs rather
than correcting them (Sharma et al., 2023) and
shifting outputs under small, meaning-preserving
prompt changes such as formatting tweaks, option
order in multiple-choice settings, or early anchor-
ing hints (Sclar et al., 2023; Pezeshkpour and Hr-
uschka, 2023; Lou et al., 2024; Zhou et al., 2024,
Li et al., 2024b; Ye et al., 2025b; Li et al., 2024a;
RRYV et al., 2025). They persist in practice because
preference-optimized objectives and prompt con-
ventions are integral to how LLMs are used (Ka-
davath et al., 2022; Steyvers et al., 2025). Conse-
quently, mitigations such as reporting performance
ranges across prompt formats, anchor-aware tem-
plates, and a conservative tone can reduce bias at
L0, but they do not reliably remove it. (Sclar et al.,
2023; Pezeshkpour and Hruschka, 2023; Lou et al.,
2024; Steyvers et al., 2025).

4.2 L1 - Information Transformation &
Aggregation

Definition and Scope. This stage turns raw, het-
erogeneous clinical data into standardized, com-
putable representations and then combines them
with external evidence to produce grounded out-
puts. In practice, health systems map local EHR
fields to an interoperability standard or a research
schema, attach machine-readable provenance for
auditability, and operate over de-identified corpora
such as MIMIC-IV that illustrate the target tables
(encounters, labs, medications) and privacy con-
straints (Abacha et al., 2021; Alsentzer et al., 2023;
Zhang et al., 2024a; Liu et al., 2021).

Typical Applications. EHR data transforma-
tion: Typical pipelines mix schema harmoniza-
tion (FHIR/OMOP ETL), clinical NLP to extract
entities/attributes from notes, concept normaliza-
tion to standard vocabularies, and de-identification.
12b2/n2c2 shared tasks supply widely used de-
identified note sets for de-identification, concept ex-
traction, relation labeling, and medication-change
context, enabling objective measurement of span-
level and mapping accuracy (Li et al., 2016;
Abacha et al., 2021; Nowak et al., 2023; Maha-
jan et al., 2023; Henry et al., 2020). Retrieve &
Aggregate: On top of the transformed corpus, sys-

tems index structured facts (problem lists, meds,
labs) and unstructured notes, then pair them with
external sources (guidelines, reviews) via retrieval-
augmented generation (RAG). Retrieval metrics
(Recall@k, nDCG, MRR) assess whether the right
evidence is fetched; generation metrics (faithful-
ness/attribution, grounded-answer rate) check that
outputs rely on retrieved passages rather than
model priors (Cohan et al., 2020; Zhang et al.,
2024a; Tang et al., 2023). Representative resources
include BEIR for generalizable retrieval evaluation,
TREC-COVID for high-stakes, rapidly evolving
topics, and domain-specific retrievers such as Med-
CPT for biomedical search (Thakur et al., 2021;
Roberts et al., 2021; Jin et al., 2023).

Evaluation Focus. Transformation: report extrac-
tion/normalization scores (e.g., span-level F1, con-
cept mapping accuracy), coverage/completeness of
key fields, and lineage completeness. Retrieval
& Aggregation: report Recall@k/nDCG/MRR;
grounded-answer and attribution rates to re-
trieved passages; contradiction-to-source; and se-
lective prediction/abstention rates under uncer-
tainty (Alsentzer et al., 2023; Abacha et al., 2021;
Zhang et al., 2024a).

Scope Boundaries. L1 improves structure, trace-
ability, and access to evidence, but it does not per-
form the patient-specific reasoning required for
diagnosis, test selection, or treatment trade-offs.
Real clinical workups must integrate temporality,
comorbidities, contraindications, and uncertainty-
capabilities not captured by schema or Recall @k
alone. Studies also show that (i) retrieval can sur-
face conflicting or outdated sources and (ii) LLMs
may misattribute or over-trust citations; recent med-
ical RAG evaluations highlight these gaps even
when retrieval quality is strong (Roberts et al.,
2021; Peng et al., 2023; Hueber and Kleyer, 2023;
Golan et al., 2023; Dhanvijay et al., 2023; Sez-
gin et al., 2023; Team et al., 2024). Thus, LO+L1
should be paired with higher-level (L2+) decision-
focused assessments before deployment.
Challenges. Attribution: Attribution concerns
whether aggregated outputs actually rely on and
are traceable to the retrieved sources. Automated
audits in the medical domain report that models
often cite papers that are only loosely relevant or
that do not fully support the generated claims (Wu
et al., 2025). Even with explicit attribution met-
rics and fine-grained factuality scoring, models can
pass retrieval tests while still incorporating priors
or blending multiple sources in ways that obscure



provenance (Yang et al., 2025). Techniques like
Self-RAG improve on-demand retrieval and self-
critique, yet do not eliminate misattribution when
sources disagree, are low quality, or when prompts
nudge the model toward fluent synthesis over faith-
ful quotation (Asai et al., 2023; Jung et al., 2024).
Thus, attribution still remains a challenge. Com-
pleteness: Completeness addresses whether trans-
formed corpora and their aggregations cover all
clinical facts (problems, meds, labs, temporality,
context) without omissions. Comparative studies
find that concept-recognition tools are inconsis-
tent and often miss negations, misread abbrevia-
tions, and struggle with ambiguity or misspellings,
which leads to missing or distorted facts down-
stream (Lossio-Ventura et al., 2023). Beyond ex-
traction, mapping text spans to standard concepts is
fragile because benchmark datasets contain many
ambiguous terms and do not align well with UMLS
coverage, so the ‘correct’ code is often unclear
from the beginning (Newman-Griffis et al., 2021).
In practice, long EHR narratives, events spread
across notes, and uneven local coding leave gaps
that retrieval can’t fill when the structured sub-
strate is incomplete. These issues persist because
gold standards underrepresent edge cases, anno-
tation guidelines vary, and many L1 evaluations
emphasize span-level F1 or Recall@k over end-to-
end coverage of clinically critical fields (Lossio-
Ventura et al., 2023). Privacy & lineage: It evalu-
ates whether L1 transformations are governable
and safe to share. De-identification of clinical
notes reduces direct identifiers but does not pre-
clude membership inference against downstream
models (Sarkar et al., 2024). At the model layer,
training data extraction and related attacks demon-
strate that LLMs can memorize and regurgitate
snippets of their training corpora (Carlini et al.,
2021). These realities make rigorous lineage es-
sential: machine-readable provenance (i.e., what
data, which ETL/normalizers) should be recorded
using established schemas, allowing organizations
to audit and reproduce outputs (Lebo et al., 2013;
Mitchell et al., 2019; Gebru et al., 2021). Yet
provenance remains challenging in practice be-
cause pipelines are multi-hop and frequently up-
dated; components are swapped or fine-tuned; and
evidence bases evolve.

4.3 L2 - Decision Support

Definition and Scope. At autonomy level L2, the
system provides patient-specific recommendations

that can assist clinical decision-making. By design,
L2 depends on upstream EHR transformation and
retrieval/aggregation (L.1) but adds reasoning over
the individual’s data and clinical context.

Typical Applications. Diagnostic reasoning: it
reads a patient’s history, exam, labs, and imaging to
propose differentials with brief rationales and possi-
ble next steps; evaluations commonly use vignette-
based case sets and prompting schemes that elicit
stepwise clinical reasoning (Goh and colleagues,
2024; Savage et al., 2024a). Medication decision
support: it integrates a patient’s active medica-
tions, allergies, problems, and recent labs to surface
potential adverse drug events, drug—drug interac-
tions, and dosing/contraindication checks; widely
used resources include the 2018 n2¢2 ADE shared
task and the SemEval-2013 DDIExtraction task for
literature-based DDI detection (Henry et al., 2020;
Segura-Bedmar et al., 2013). Patient education:
Patient education tools support patient—clinician
communication by turning medical information
into clear, usable messages and scaffolding two-
way conversations. Typical functions include gen-
erating plain-language explanations of conditions,
tests, and procedures; prompting patients to ask
key questions; and using teach-back so patients
restate key points to confirm understanding (Shoe-
maker et al., 2013; Centers for Disease Control
and Prevention, 2020; Agency for Healthcare Re-
search and Quality, 2023; Institute for Healthcare
Improvement, n.d.; IPDAS Collaboration, 2024;
Stacey et al., 2021). Taken together, these tasks are
L2 because they require reasoning over an individ-
ual patient’s context to generate recommendations
or tailored explanations.

Evaluation Focus. For L2 decision support, eval-
uation should foreground three axes beyond LO’s
accuracy/completeness/readability: reasoning con-
sistency, calibration and abstention, and safety.
For reasoning, score the process, not just final an-
swers: stepwise diagnostic logic and evidence use
should be judged against clinician-authored rubrics
or case rationales. For calibration, report reliability
at the case level, plus selective prediction curves
(risk—coverage) with a tunable “don’t know / esca-
late” option. For safety, it is essential to track rates
of contraindications and guideline violations.
Scope Boundaries. At L2, systems provide deci-
sion support by combining a patient’s EHR context
with external evidence to offer guidance. However,
they do not plan tasks, call tools or APIs, or change
the record, so a clinician must review and decide.



This preserves clinical authority but requires clin-
icians to convert text into orders and messages,
which adds to their workload and increases the risk
of transcription errors. These limits motivate a shift
to agentic L3 configurations that keep a human in
the loop while reducing cognitive burden.

Challenges. Reasoning consistency & faithful-
ness: It concerns whether patient-specific answers
are stable across prompt phrasings and whether the
rationales actually support the recommendation.
Comparative guideline evaluations demonstrate
that modifying formats or instructions can signifi-
cantly impact model outputs and agreement, under-
scoring the sensitivity of prompts in medical set-
tings (Wang et al., 2024). Beyond prompt sensitiv-
ity, in a study of seven LLMs on 2,400 abdominal-
pain cases, clinicians achieved around 90% di-
agnostic accuracy, whereas model performance
was on average 16-25 percentage points lower
and more frequently violated guideline-concordant
workup recommendations (Hager et al., 2024).
Even when stepwise prompts are used to elicit rea-
soning, studies find that the generated “explana-
tions” can be unfaithful (Turpin et al., 2023; Mad-
sen et al., 2024; Kuang et al., 2025; RRV et al.,
2025). In diagnostic contexts, structured prompting
can improve transparency but does not guarantee
faithful causal grounding of the final answer (Sav-
age et al., 2024b; Dineen et al., 2025). The result in
practice is that two seemingly careful L2 prompts
may yield different plans with rationales that read
well but do not reliably reflect the model’s decision
process, which keeps consistency and faithfulness
an open problem for deployment (Turpin et al.,
2023). Confidence calibration: Here the ques-
tion is whether stated or implicit confidence tracks
correctness so that uncertain cases can be flagged
or deferred. Recent medical evaluations show that
simple proxies correlate only weakly with error
(Bentegeac et al., 2025). Semantic-entropy ap-
proaches detect confabulations and better prioritize
abstention, but their reliability varies by task and
domain (Farquhar et al., 2024; Kossen et al., 2024;
Penny-Dimri et al., 2025). In real L2 use, these
trade-offs mean systems may sound certain on in-
correct recommendations or abstain too rarely on
edge cases (Bentegeac et al., 2025; Farquhar et al.,
2024; Feng et al., 2025b). Fairness: The core
issue is whether recommendations generalize equi-
tably across patient subgroups and clinical contexts.
Specialized benchmarks and audit tools reveal that
biases are present in long-form answers and clinical

recommendations, which plain accuracy scores fail
to capture (Prakash et al., 2024). Purpose-built bias
benchmarks for clinical LLMs report subgroup-
linked shifts in outputs, while triage studies us-
ing counterfactual tests reveal intersectional dif-
ferences across sex and race (Zhang et al., 2024b;
Lee et al., 2025). A recent evaluation in healthcare
showed that changing a patient’s race or gender
caused GPT-4 to miss the top correct diagnosis in
37% of cases. (Zack et al., 2024) A recent scoping
review highlights uneven coverage across medical
fields and limited clinician-in-the-loop evaluation-
leaving blind spots in where and how biases mani-
fest (Cheng et al., 2025). Consequently, subgroup
reliability remains a persistent challenge (Prakash
et al., 2024; Cheng et al., 2025).

4.4 L3 - Agents under human supervision

Definition and Scope. We define L3 agents as sys-
tems that plan and invoke tools to initiate actions in
clinical workflows while keeping a clinician explic-
itly “in the loop” for review, modification, and sign-
off. Core capabilities are task planning, retrieval,
and safe tool use, with human oversight enforced
at key checkpoints (e.g., order “draft” states).
Typical Applications. Clinical Copilot: Clinical
copilots plan tasks, fetch chart context, and then
draft orders, messages, referrals, or care plans via
tool calls, pausing for human sign-off (e.g., Polaris,
Rx Strategist, Almanac Copilot) (Mukherjee et al.,
2024; Van et al., 2024; Zakka et al., 2024). Sand-
boxed Simulation: It embeds agents in controlled
clinics to probe plan—act—check loops with audit
trails-benchmarks like AgentClinic, Al Hospital,
ClinicalLab, and 3MDBench (Schmidgall et al.,
2024; Fan et al., 2024; Yan et al., 2024; Sviridov
et al., 2025; Yue et al., 2025; Chen et al., 2025a;
Xu et al., 2025a; Jiang et al., 2025). Operation &
EHR Automation: It coordinates non-diagnostic
workflows (e.g., prior authorization) and return pro-
posed actions for approval (RxLens; multi-agent
prior-auth pipelines) (Jagatap et al., 2025). In con-
trast to L2 (textual recommendations), these L3
systems invoke tools to initiate actions but keep a
clinician in the loop for review and sign-off.
Evaluation Focus. At L3, evaluation shifts from
answer quality to supervised action quality: studies
should first demonstrate end-to-end task success
under human oversight. Second, they must verify
tool-use correctness: every API call, order, and
parameter matches clinical intent. Finally, they
should require auditability via machine-readable



provenance of data, prompts, models, tools, param-
eters, and approvals, leveraging standards such as
FHIR Provenance and AuditEvent so that actions
can be traced for post-hoc review and governance.
Scope Boundaries. L3 agents are limited to draft-
and-queue actions under explicit human oversight:
they may plan tasks and call approved tools/APIs,
but execution requires a clinician’s independent
review. Looking ahead, closed-loop system deploy-
ments can enable agents to execute pre-approved,
low-risk steps when explicit policies and fine-
grained access controls are met, rather than requir-
ing individual approval for each action.

Challenges. Tool-use failures: These arise when
an agent plans correctly but issues the wrong API
call or constructs malformed parameters, so the
action fails even if the reasoning was sound. In
one benchmark of 34 complex tasks, only 50% of
tasks were successfully completed, with failures at-
tributed to improper planning, non-functional code
generation, or inadequate self-correction loops (Lu
et al., 2025). Human—-AlI interaction dynamics:
These refer to how clinicians review and sign off on
queued actions. Studies of decision support reveal
an overreliance on automated suggestions and alert
fatigue, where users either ignore or overaccept sys-
tem outputs, resulting in oversight gaps even when
accuracy is reasonable (Khera et al., 2023; Abdel-
wanis et al., 2024). The problem persists because
busy workflows, lengthy sessions, and inconsis-
tent interface cues make it challenging to calibrate
attention and sustain critical review at every step.
Auditability and accountability: These require a
traceable record of what data were accessed, which
tools were called with what parameters, and who
approved the final action. Standards such as FHIR
AuditEvent and Provenance define the necessary
primitives, and governance frameworks emphasize
logging and traceability for post-hoc review (HL7
International, 2025a,b; National Institute of Stan-
dards and Technology, 2023; World Health Organi-
zation, 2025). Yet multi-tool, multi-service agent
stacks often lack end-to-end lineage across steps,
so reconstructing a failure or near-miss remains dif-
ficult in practice. Scalability of training: Medical
agents cannot typically be trained directly in live
care settings because unconstrained exploration is
ethically and logistically infeasible, pushing work
toward simulated environments (Schmidgall et al.,
2024; Fan et al., 2024). However, strong perfor-
mance in such synthetic setups does not guarantee
reliable transfer to real-world workflows: bench-

marks often simplify states and constraints, leaving
significant gaps between simulation and reality (Ja-
yaraman et al., 2024; Hargrave et al., 2024).

5 Future Work

Closed-looped System We expect clinical deploy-
ments to shift from single-model helpers to closed-
loop, hospital-scale systems composed of cooper-
ating, role-specialized agents that escalate to clini-
cians at predefined gates (Schmidgall et al., 2024;
Borkowski and Ben-Ari, 2025). We call for simple,
auditable protocols for handoff, disagreement reso-
lution, and safety gating of tool use, preceded by
simulation and shadow deployments. We recom-
mend reporting operational outcomes (e.g., deferral
rates) so the community can compare architectures
and converge on safe patterns (Liu et al., 2020).

Guarantees. We call for reframing “good” perfor-
mance around risk-controlled selectivity: in clini-
cal settings, systems should act only when a target
risk can be met and otherwise defer, evaluated by
risk—coverage rather than accuracy. In this agenda,
reliable high accuracy on a subset with explicit
deferral (e.g., 99% accuracy on 20% task) is prefer-
able to broad moderate accuracy (e.g., 80% on
80%), because the former enables out-of-scope de-
tection and smooth human routing while the latter
obscures which cases are incorrect. We recommend
that future evaluations report calibrated confidence
on the acted-on subset and coverage at target risk,
along with slice breakdowns (Guo et al., 2017).

6 Conclusion

This survey reframes the evaluation of medical
LLMs around levels of autonomy (LO-L3). We
emphasize risk coverage rather than average accu-
racy: safe systems act only when they can meet
a target risk and defer otherwise. At LO-L1, the
focus is factual fidelity, bias, and structural correct-
ness with clear grounding to sources. At L2-L3,
the bar rises to uncertainty, subgroup robustness,
tool-use correctness, and verified human oversight.

Taken together, this level-conditioned lens turns
benchmark scores into clinically relevant claims.
Evaluations are most persuasive when they make
the level explicit, pair target risk with achieved cov-
erage, report performance across levels, and verify
both confidence calibration and oversight check-
points. We hope this provides a clear language for
building medical LLMs that are not only capable
but also reliably useful and safe in practice.



Limitations

This survey is necessarily selective and time-
bounded; model releases, datasets, and guidance
evolve rapidly, so some details may become out-
dated. Evidence in the literature remains un-
even: many studies emphasize lab benchmarks over
prospective or randomized evaluations, and report-
ing quality is inconsistent.
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Table 3: Expanded benchmarks by task class. Each row lists what the task can establish for clinical readiness,
common evaluation metrics, the target level (LO-L3), and representative benchmarks.

Task Usefulness Maetric Level Benchmark

Knowledge recall / exam Q&A

Summarization / transformation

Retrieval-augmented QA

Evidence based fact checking

Information extraction / coding

Breadth of factual recall
and clinical reasoning on
multiple-choice or
open-ended exam questions
across specialties and
difficulty levels. Evaluates
recall under constrained
formats and coverage gates,
and whether models
hallucinate when unsure
(Arora et al., 2025).

Fidelity and completeness
of summaries or
transformations of clinical
notes, conversations, or
research literature. Tests
whether models can
produce coherent,
structurally complete
summaries without
omissions or hallucinations
(DeYoung et al., 2021; Aali
et al., 2025).

Attribution and faithfulness
of answers to retrieved
sources and
freshness/recency of
information. Evaluates how
well models retrieve and
ground answers in relevant
documents (Xiong et al.,
2024).

Reliability of claims and
ability to verify or refute
medical statements using
evidence. Useful for
ensuring LLM outputs do
not propagate
misinformation.

Structured accuracy on
entity recognition, relation
extraction, coding, and
normalization tasks.
Establishes ability to
extract structured data from
unstructured texts (Luo
etal., 2022; Liet al., 2016;
Uzuner et al., 2011; Zhang
et al., 2021).

Exact match/F1; accuracy;
subject/difficulty slices;
contamination checks;
calibration on
unanswerable or uncertain
questions.

Hallucination/omission
rate;
ROUGE/BERTScore/chrF;
section completeness;
clinical correctness; expert
ratings.

Faithfulness/attribution;
source contradiction rate;
Recall@k, nDCG, MRR;
answer correctness;
freshness.

Claim classification
accuracy; evidence
recall/precision; F1 for
true/false/unfounded labels;
citation quality.

Mention/cluster F1;
relation F1;
coding/normalization
accuracy; entity linking
accuracy.
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LO MedMCQA (Pal et al.,

2022); MultiMedQA
(MedQA, MedMCQA,
PubMedQA, MMLU)
(Singhal et al., 2023);
Mirage RAG suite
(MMLU-Med, MedQA-US,
PubMedQA, BioASQ Y/N)
(Xiong et al., 2024)

MS? (DeYoung et al.,
2021); MIMIC-1V-BHC
(Aali et al., 2025);
MTS-Dialog (Ben Abacha
et al., 2023); ACI-Bench
(Yim et al., 2023)

Mirage RAG benchmark
(MMLU-Med, MedMCQA,
PubMedQA, BioASQ)
(Xiong et al., 2024);
HealthSearchQA (part of
MultiMedQA) (Singhal

et al., 2023)

MedFact (Chen et al.,
2025b)

BioRED (Luo et al., 2022);
BC5CDR (Li et al., 2016);
n2c2 2010 (i2b2) (Uzuner
etal., 2011); CBLUE
(Zhang et al., 2021)



Table 3: Expanded benchmarks by task class (continued).

Level Benchmark
ECE; Brier; NLL; risk L2  HealthBench (Arora

Task Usefulness Metric

Decision support / triage (simulation) Selective reliability for

Clinical dialogue

Multimodal (imaging + text)

Patient retrieval

Molecular / drug discovery

clinical decision making:
calibration at deployable
thresholds, risk coverage
trade-offs, harm proxies,
and quantitative
reasoning. Includes
simulation of triage,
diagnosis, personalized
diabetes management,
and medical calculations
(Arora et al., 2025; Bedi
et al., 2025a; Cardei

et al., 2025; Mehandru
et al., 2025; Khandekar
et al., 2024).

Communication quality
and human factors in
multi-turn doctor patient
conversations or
simulated OSCE
interviews. Measures
goal completion,
uncertainty marking,
empathy, and adherence
to safety rails; also covers
note generation from visit
dialogues (Zeng et al.,
2020; Yim et al., 2023;
Fareez et al., 2022).

Linkage between
radiology images and
free text reports or
classification labels;
evaluates image
understanding, report
generation, and
cross-modal retrieval
(Johnson et al., 2019;
Wang et al., 2017).

Ability to retrieve
relevant literature or
similar patient summaries
to support clinicians.
Tests retrieval quality and
ranking of semantically
similar patients or articles
(Zhao et al., 2023).

Validity and diversity of
generated molecules and
optimization of proxy
properties for research
settings.
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coverage curves;
contraindication/near
miss rates; accuracy,
groundedness, safety,
clarity, actionability;
MAE for calculations.

Goal completion;
uncertainty/hedging tags;
rubric-based ratings;
guideline-contradiction
flags;
empathy/communication
scores; note-generation
quality;
ROUGE/BERTScore.

Report correctness;
finding detection/linking;
classification accuracy;
precision/recall/F1;
bounding
box/segmentation
metrics.

Recall@k; nDCG; MRR;
patient-similarity
accuracy; retrieval
precision.

Validity/diversity/novelty
proxies;
property-optimization
success; synthetic
accessibility; logP and
QED scores.

et al., 2025); MedHELM
(Bedi et al., 2025a);
DexBench (Cardei et al.,
2025); ER-Reason
(Mehandru et al., 2025);
MedCalc-Bench
(Khandekar et al., 2024)

MedDialog
(Chinese/English) (Zeng
et al., 2020); MTS-Dialog
(Ben Abacha et al.,
2023); ACI-Bench (Yim
et al., 2023); OSCE
simulated interview
dataset (Fareez et al.,
2022)

MIMIC-CXR,
MIMIC-CXR-JPG
(Johnson et al., 2019);
NIH ChestX-ray (Wang
et al., 2017)

PMC-Patients (Zhao
et al., 2023)

MOSES (Polykovskiy
et al., 2018); GuacaMol
(Brown et al., 2019)



A.3 Autonomy Escalation Criteria

20



Current level

LO — Inform

L1 — Information Trans-
formation & Aggrega-
tion

L2 — Decision Support

Next level

L1 - Information Trans-
formation & Aggrega-
tion

L2 — Decision Support

L3 — Agents under Hu-
man Supervision

Example evidence required before escalation

Stable performance on medical Q&A and patient-facing expla-
nation benchmarks in the intended specialties; hallucination and
unsafe-content rates below predefined thresholds on representa-
tive LO queries; readability and lay appropriateness confirmed by
human raters; and risk-controlled selectivity (ability to abstain or
defer) for out-of-scope informational queries.

High and stable extraction / normalization performance for clini-
cally critical fields (e.g., problems, medications, laboratory results,
temporality) on internal and public test sets; coverage of mandatory
fields with low rates of clinically important omissions; RAG evalu-
ations showing that responses are grounded in retrieved evidence
with low contradiction to source rates; privacy and provenance
checks demonstrating acceptable de-identification risk and machine
readable lineage; and, for target L2 tasks, pilot studies showing that
clinicians can reliably base case workups on the transformed EHR
substrate.

All L2 requirements satisfied for the tasks in scope, including cali-
brated risk coverage with a tuned abstention policy; simulation or
shadow deployments showing high end-to-end task success under
human oversight for representative workflows; tool-use correctness
audits (API choice, parameters, sequencing) with low failure and
silent-error rates; clinician-in-the-loop studies indicating acceptable
edit / override rates and no strong evidence of harmful automation
bias; and complete, queryable audit trails (e.g., FHIR Provenance /
AuditEvent) for data access, prompts, model invocations, tool calls,
and approvals.

Table 4: Example autonomy escalation criteria: illustrative evidence requirements for moving a medical LLM
system from one autonomy level (LO-L2) to the next (L1-L3). We intentionally do not prescribe specific numerical
thresholds here, because acceptable error rates, coverage targets, and abstention rates depend on deployment context,
task criticality, baseline performance of existing workflows, and local regulatory or institutional standards. Concrete
numerical criteria should therefore be instantiated by deployers in collaboration with clinical, safety, and governance
stakeholders and updated over time as evidence, norms, and models evolve.
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A.4 Survey Comparison
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Table 5: Comparison between our survey and prior medical LLM evaluation surveys focusing on specific aspects of

evaluation.

Survey

Evaluating large language models and
agents in healthcare: Key challenges in
clinical applications (Chen et al., 2025¢)

A systematic review of large language
model (LLM) evaluations in clinical
medicine (Shool et al., 2025)

A framework for human evaluation
of large language models in health-
care derived from literature review
(QUEST) (Tam et al., 2024)

A Proposed S.C.O.R.E. Evaluation
Framework for Large Language Models:
Safety, Consensus, Objectivity, Repro-
ducibility and Explainability (Tan et al.,
2024)

Foundation metrics for evaluating effec-
tiveness of healthcare conversations pow-
ered by generative AI (Abbasian et al.,
2024)

Focus of prior survey

Examines the evaluation of large lan-
guage models and agents in health-
care, emphasizing agentic, tool-using
scenarios and challenges in clinical
applications.

Systematically reviews evaluations of
LLMs in clinical medicine, with a
strong emphasis on benchmark and
task performance, often centered on
accuracy-heavy metrics.

Proposes the QUEST framework for
human evaluation of LLMs in health-
care, focusing on dimensions such as
quality, utility, and safety of model
outputs as judged by human raters.

Introduces a multidimensional frame-
work (S.C.O.R.E.) for evaluating
LLMs along safety, consensus, ob-
jectivity, reproducibility, and explain-
ability.

Defines foundation metrics for evalu-
ating the effectiveness of healthcare
conversations powered by generative
Al, focusing on conversation quality
and interaction outcomes.
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Difference from our autonomy-aware
survey

Provides a detailed discussion of
agentic and workflow-oriented use
cases, but does not organize evalua-
tions by levels of autonomy or explic-
itly link metrics to escalation deci-
sions across levels. Our survey struc-
tures agentic evaluations along an au-
tonomy ladder and specifies the re-
quired evidence for each level.
Covers a broad range of clinical eval-
uations but primarily treats metrics
as task-level accuracy and perfor-
mance measures, without structuring
them by autonomy level or mapping
them to deployment decisions. We
instead embed such metrics within
an autonomy-aware evaluation frame-
work.

Provides rich guidance on human
evaluation metrics but does not sys-
tematically connect these metrics to
levels of autonomy or to the escala-
tion of model responsibilities. Our
survey incorporates human evalua-
tion as one component of the ev-
idence required at each autonomy
level.

Offers a multidimensional view of
evaluation but does not explicitly map
these dimensions to an autonomy axis
or specify what level of S.C.O.R.E.
evidence is required before a model
can be escalated to higher-impact
roles. Our survey directly ties such
multidimensional metrics to auton-
omy levels and escalation criteria.
Concentrates on conversational met-
rics rather than autonomy-aware eval-
uation, and does not map conversa-
tional evidence to what the system is
allowed to do in clinical workflows.
Our framework relates conversational
evaluation to specific autonomy lev-
els and associated permissions.



Table 6: Comparison between our survey and additional related surveys identified in our extended search.

Survey

The future landscape of large language
models in medicine (Clusmann et al., 2023)

A scoping review of large language mod-
els for generative tasks in mental health
care (Hua et al., 2025)

The application of large language mod-
els in medicine: A scoping review (Meng
et al., 2024)

Large language models in
medicine (Thirunavukarasu et al., 2023)

A Systematic Review of Large Language
Models in Medical Specialties: Appli-
cations, Challenges and Future Direc-
tions (Alkalbani et al., 2025)

A comprehensive survey of large lan-
guage models and multimodal large lan-
guage models in medicine (Xiao et al.,
2025)

Large Language Models in Medicine: Ap-
plications, Challenges, and Future Direc-
tions (Yu et al., 2025)

Focus of prior survey

Discusses the broader landscape of
how large language models could fit
into medicine, including opportuni-
ties, risks, and potential future direc-
tions for clinical integration.

Reviews the use of LLMs for genera-
tive tasks in mental health care, high-
lighting applications, challenges, and
issues such as non-standard and ad-
hoc evaluation scales.

Synthesizes 550 studies on LLMs
in medicine, characterizing the gap
between benchmark-focused evalu-
ations and real-world deployment
across many clinical and research set-
tings.

Surveys opportunities, risks, and
potential applications of LLMs in
medicine, with emphasis on clinical
use cases and safety concerns.

Systematically reviews LLM appli-
cations across medical specialties, re-
porting heterogeneous results and em-
phasizing the need for standards in
evaluation and deployment.

Offers general guidance on medical
LLMs and MLLMs, including archi-
tectures, datasets, applications, and
evaluation, with emphasis on multi-
modal capabilities.

Reviews applications, challenges,
and future directions of LLMs in
medicine, and calls for standardized
benchmarks and multimodal evalua-
tions.
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Difference from our autonomy-aware
survey

Provides a broad, forward-looking
view of LLMs in medicine but does
not map evaluations to specific lev-
els of autonomy, making it difficult
to decide when to escalate an LLM
from a chatbot to higher-impact roles
in real-world applications. Our sur-
vey explicitly aligns evaluations and
metrics with autonomy levels.
Identifies important evaluation prob-
lems (e.g., heterogeneous and ad-hoc
scales) but does not specify what con-
crete evidence is sufficient to deploy a
system in real mental health settings.
We instead specity the necessary eval-
uations for each task within each au-
tonomy level.

Clearly documents the bench-
mark—deployment gap but does not
provide a concrete plan to close it. In
contrast, we pair evaluation metrics
with corresponding checks for each
autonomy level, turning this gap into
a deployable test plan.

Discusses opportunities and risks
across medical research and practice
but does not specity evaluations tied
to what the model is allowed to do
in clinical workflows. Our frame-
work links required evidence directly
to permitted actions at each autonomy
level.

Catalogs applications and argues that
standards are necessary, but does not
describe which additional evidence is
required at each level of autonomy.
We identify the evidence and checks
required before escalation between
levels.

Provides broad evaluation guidance
for LLMs and MLLMs but is not
autonomy-aware and does not indi-
cate what evidence must be demon-
strated before escalation. Our survey
is explicitly structured around auton-
omy levels and escalation criteria.
Calls for standardized benchmarks
and multimodal evaluations, but does
not provide a schema that specifies
what additional evidence is needed
for each level of autonomy. In con-
trast, we specify which checks are
necessary at each level and how they
relate to real-world deployment deci-
sions.



A.5 Case Study & Worked example:
Evaluating an EHR copilot across
autonomy levels

In this worked example, we show how the same
high-level application—an EHR copilot for outpa-
tient anticoagulant management—can be instan-
tiated and evaluated at different autonomy levels
(LO-L3). The goal is to make concrete how our
autonomy lens guides (i) which actions the system
is allowed to take, and (ii) which evidence and met-
rics are required at each level, building directly on
the definitions in Section 4.

Clinical scenario. A primary care clinician is
starting a new oral anticoagulant for a patient with
non-valvular atrial fibrillation. The overall work-
flow includes (1) educating the patient about the
medication, (2) reviewing the chart for contraindi-
cations and drug to drug interactions, (3) proposing
a dosing and monitoring plan, and (4) drafting or-
ders and patient-facing instructions in the EHR for
clinician sign-off. We consider four configurations
of an EHR copilot for this scenario, one per auton-
omy level.

LO0: Inform-only patient education

At autonomy level LO, the copilot acts purely as
an informational tool. It does not access patient-
specific EHR data and does not give individualized
recommendations. Instead, it:

* answers general questions such as “What is
an anticoagulant?”, “Why is this medication
prescribed?”, or “What are common side ef-
fects?”;

* rewrites clinician-authored discharge instruc-
tions into plain language;

* explains standard lab tests (e.g., “What does a
kidney function test measure?”).

The outputs are generic and include explicit dis-
claimers (e.g., “This is general information and not
personal medical advice.”).

Evaluation at L0. For this configuration, evalua-
tion targets match our LO focus in Section 4.1:

* Factual accuracy and completeness: ques-
tion answering accuracy on consumer-health
datasets (e.g., HealthSearchQA-style corpora),
coverage of key points in patient education
materials.
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* Readability and organization: readability
indices and human ratings of clarity, struc-
ture, and appropriateness of language for lay
readers.

Safety and tone: rubric-based assessment
of whether answers avoid giving individu-
alized advice, avoid discouraging guideline-
concordant care, and encourage seeking pro-
fessional help when appropriate.

No calibration, personalization, or tool-use met-
rics are required, because the system does not see
patient data and cannot act on the record.

L1: Information transformation and
aggregation over the EHR

At autonomy level L1, the copilot is allowed to
read the patient’s EHR but remains descriptive and
non-prescriptive. It can:

* extract and normalize key facts from the chart
(problems, active medications, allergies, re-
cent labs, relevant imaging reports) into a stan-
dardized schema (e.g., FHIR resources or an
OMOP-style common data model);

generate a concise clinical summary highlight-
ing bleeding and thrombotic risk factors (e.g.,
prior gastrointestinal bleeding, renal function,
age, concomitant antiplatelets);

retrieve and surface relevant guideline snip-
pets or drug monographs via retrieval-
augmented generation, with inline citations.

The copilot presents what is known and what the
literature says but does not propose a concrete plan
for this patient.

Evaluation at L1. Relative to L0, evaluation now
needs to cover transformation quality, aggregation,
and provenance, as outlined in Section 4.2:

» Extraction and normalization: span-level
precision/recall/F; for entities (problems,
medications, allergies, labs) on de-identified
note benchmarks; concept mapping accuracy
to standard vocabularies.

Retrieval and aggregation: retrieval metrics
(e.g., Recall@k, MRR, nDCG) for guideline
and evidence search, plus grounded-answer
and contradiction-to-source rates for gener-
ated summaries.



* Completeness: coverage of clinically critical
fields in the structured snapshot (e.g., propor-
tion of cases where all guideline-relevant risk
factors were surfaced at least once).

Privacy and lineage: documentation that
transformed views and summaries are backed
by traceable data sources (e.g., pointers to
underlying FHIR resources) and that de-
identification or access control is appropriate
for the use case.

The system is still not making recommendations,
so decision level safety and calibration remain out
of scope. However, poor completeness or misat-
tribution at L1 would propagate to higher levels,
motivating careful measurement here.

L2: Patient-specific anticoagulant decision
support

At L2, the copilot is allowed to combine the struc-
tured EHR view and external evidence to generate
patient-specific recommendations, but it still does
not call ordering APIs. For the anticoagulant sce-
nario, it may:

* propose one or more anticoagulant options
and doses, explicitly citing renal function,
weight, comorbidities, and concomitant medi-
cations;

recommend baseline and follow-up labs (e.g.,
creatinine at specified intervals) and clinic
follow-up timing;

flag potential contraindications or drug—drug
interactions and suggest alternative options or
escalation to a specialist;

generate tailored patient-facing explanations
(e.g., “Because of your kidney function and
other medications, drug X at dose Y is recom-
mended over drug Z.”).

The clinician remains the final decision-maker: the
copilot’s output is an advisory note the clinician
can accept, modify, or ignore.

Evaluation at L2. Here, evaluation must extend
beyond content quality to cover reasoning, calibra-
tion, and harm-proximal safety, as emphasized in
Section 4.3:

* Diagnostic and therapeutic correctness: ac-
curacy of recommended drug choice, dose,
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and monitoring plan on vignette-style cases
scored against guideline-consistent reference
answers or expert panels.

Reasoning consistency and faithfulness:
rubric-based scoring of stepwise rationales
(e.g., does the explanation correctly reference
the factors that actually justify the recommen-
dation?), and stability of recommendations
under meaning-preserving prompt variants.

Calibration and abstention: risk—coverage
curves over cases when the copilot is allowed
to abstain (e.g., “insufficient information, es-
calate to specialist”), reporting accuracy on
answered cases versus coverage, and evaluat-
ing whether uncertain or borderline cases are
correctly flagged.

Safety metrics: rates of contraindicated rec-
ommendations, guideline violations, and other
harm-proximal errors (e.g., recommending a
standard dose despite severely reduced renal
function).

Fairness slices: performance and safety bro-
ken down by clinically relevant subgroups
(e.g., age, sex, comorbidity patterns) to detect
systematic gaps that simple average accuracy
would miss.

Importantly, even very strong vignette performance
does not by itself justify L3 deployment: as long as
the system only produces text and does not invoke
tools, it remains at L2.

L3: Tool-using EHR copilot under explicit
human supervision

At L3, the copilot augments its L1 and L2 capabili-
ties with controlled tool use. In our scenario, this
may include:

* querying EHR APIs to confirm the most re-
cent creatinine, weight, and medication list,
rather than relying solely on the clinician’s
current view;

drafting medication and lab orders (e.g., drug,
dose, frequency, start date, lab panel and
schedule) in a “pending” state in the order
entry system;

preparing structured follow-up tasks (e.g., re-
minders, referral orders) and patient messages
or visit summaries;



* logging provenance (which data, which
model, which tools) for each drafted action.

Crucially, all drafted actions are queued for ex-
plicit clinician review and sign-off. The agent is
not allowed to execute orders or send messages
autonomously; it operates “under supervision” as
in our L3 definition.

Evaluation at L3. For L3, the primary target
shifts to supervised action quality and human—AI
interaction, as discussed in Section 4.4:

* End-to-end task success: in simulation or
shadow mode, the proportion of encounters
where the agent-produced plan and drafted ac-
tions are judged clinically acceptable, and the
degree to which they reduce manual workload
(e.g., reduction in time spent on order entry
and documentation).

Tool/API correctness: validity of API calls
(correct endpoints, parameters, and patient
identifiers), syntactic correctness (e.g., FHIR-
conformant requests), and semantic correct-
ness (the data retrieved or orders drafted
match the intended patient and plan).

Oversight effectiveness: rates at which clin-
icians accept, modify, or reject drafted ac-
tions; qualitative or quantitative signals of
over-reliance (rubber-stamping) or alert fa-
tigue; changes in error rates with versus with-
out the copilot.

Auditability and governance: completeness
of machine-readable provenance (e.g., FHIR
AuditEvent and Provenance resources) that
tie each action to its inputs, prompts, model
versions, tools, and human approvals, en-
abling post-hoc investigation of failures or
near-misses.

Operational safety: monitoring for rare but
high-impact failure modes in pilot deploy-
ments (e.g., mis-addressed messages, wrong-
patient orders) and documenting mitigation
strategies (access controls, guardrails, kill-
switches).

These measurements go beyond traditional bench-
mark scores. They are required to justify even
supervised L3 use, because errors now manifest as
mis-drafted actions rather than just incorrect text.
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Summary of the worked example

This worked example illustrates how autonomy lev-
els structure both system design and evaluation:

* L0 constrains the copilot to generic education,
evaluated on accuracy, readability, and safe
communication.

L1 adds EHR-based transformation and aggre-
gation, evaluated on extraction quality, com-
pleteness, retrieval, and provenance.

L2 introduces patient-specific recommenda-
tions, evaluated on correctness, reasoning, cal-
ibration, safety, and fairness.

L3 adds tool use under supervision, evaluated
on supervised action quality, tool correctness,
oversight, auditability, and operational safety.

Framing the same anticoagulant-management copi-
lot across LO-L.3 shows how our autonomy taxon-
omy operates as a practical blueprint: it makes the
system’s allowed actions explicit, and aligns those
actions with level-appropriate evidence and met-
rics, turning benchmark performance into credible,
risk-aware claims about clinical utility.
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