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Abstract  

Large language models (LLMs) have a growing range of applications in medicine, and 

their evaluation is critical for ensuring they provide benefit and not harm. This evaluation 

can be more challenging than traditional machine learning for many reasons, including 

probabilistic and open-ended outputs, and behavior that shifts with prompt design and 

accumulated context. This review covers four key areas of LLM evaluation: principles of 

study design, statistical methods, capability evaluation and clinical context evaluation. 

Capability evaluation considers different benchmarks, including multiple-choice, agentic 

and multi-turn benchmarks, alongside operational metrics like token usage. Clinical 

context evaluation addresses establishing accuracy of free text outputs, such as human 

review and LLM-as-a-judge, and clinical trial approaches. Across sections, we describe 

underlying concepts and potential pitfalls, while emphasizing the importance of aligning 

evaluation methods with the research question. Together, this article aims to provide a 

pragmatic basis for designing and executing rigorous evaluations of healthcare LLMs.  



Introduction 

The emergence of large language models (LLMs) in medicine has enabled a range of clinical 

and research uses.1 They  include clinical reasoning with physician-level performance,2 agents 

that complete tasks like medical record reviews,3,4 and chatbots that can converse directly with 

patients.5 These applications may involve models built specifically for healthcare or broader 

general-purpose models that are applied in the healthcare setting,6 and access to them may be 

open to the public or restricted to healthcare personnel. 

 

LLMs generate more varied outputs compared to more traditional machine learning (ML) 

models, such as free text, multi-turn dialogue and agentic task completion. The underlying 

evaluation task, however, often reduces to familiar items. What is the research question? What 

is the appropriate reference standard? Is the study adequately powered?  

 

This review aims to provide a pragmatic introduction to the evaluation of LLMs (Figure 1). It 

begins by considering study design principles and common statistical methods. It then describes 

capability evaluations including the use of benchmarks and operational metrics. It later 

addresses clinical context evaluations including how to establish accuracy of free text outputs 

and clinical trial approaches.   



Study design principles 

Study design framework 

LLM evaluation is like most medical research in that it requires an objective with associated 

endpoints that translate to null and alternative hypotheses. These elements are ideally 

prespecified in a study protocol or statistical analysis plan, which are followed during study 

conduct. The assessments may aim to demonstrate a minimum performance or compare 

models. Predetermined thresholds may be set, against which performance passes or fails. 

Assessments may also provide descriptive analyses about operational metrics like compute 

usage and cost. 

 

Reference standard 

A reference standard is determined by the research question that an evaluation aims to answer. 

For task-specific evaluations, it will commonly be a discrete answer such as the presence or 

absence of a diagnosis in an LLM output. It can also involve a benchmark as described more 

below. It may be generated with different degrees of rigor including utilizing ICD-10 codes for 

diagnoses already present in a patient’s chart or receiving a consensus opinion from an expert 

panel.7 For free-text generation, there may not be a single correct output. The evaluation may 

therefore rely on structured human or LLM-based assessment across multiple criteria as 

described more below. It may also compare outputs with an exemplar such as a radiologist-

authored report. 

 

Training and testing datasets 

While traditional ML models commonly use highly curated training datasets, LLMs are often 

trained on large, undisclosed corpora. Layered applications of LLMs may then require additional 

development and training including for prompt generation or agentic architecture design. When 

it comes to selecting a testing dataset, data contamination and generalizability are two key 



concerns. Data contamination can manifest if testing data were part of training corpora; for 

example, it may not be possible to use published case reports to test diagnostic performance.8 

Benchmarks, which are discussed more below, aim to avoid this contamination although may 

themselves become part of training corpora in due course. A related item is the temporality of 

data elements, whereby an evaluation rubric should only provide the data available at the 

relevant point in the clinical pathway and not inadvertently include downstream diagnostic or 

treatment steps. Generalizability involves ensuring that LLMs and their layered applications 

work across all intended settings. Especially if the layered applications were developed in a 

single hospital or healthcare system, it is critical to evaluate the performance at other sites. 

Similarly, the demographic representativeness of a test dataset warrants explicit consideration; 

prespecified subgroup analyses should typically be performed for age group, sex, race, 

ethnicity, and site to detect performance disparities that aggregate metrics may obscure. Given 

clinical practice involves mild and equivocal presentations rather than only textbook 

presentations, representation of real-world spectrum of disease is also important; it may be 

facilitated by consecutive case selection when using actual clinical cases.  

 

Model stability over time 

Training data shift can additionally occur when models are updated with data from user activity. 

As mitigation, evaluations can specify a locked model version rather than a continuously 

updated model.9 Furthermore, given LLMs can retain and be influenced by information retained 

within a single session, evaluations can consider using stateless single-turn application 

programming interface (API) calls so that earlier cases cannot influence later outputs.10 

Repeated testing can also be used to check for response evolution. 

 

Run-to-run variability 



LLM evaluation also faces a challenge from stochastic output: the same input can produce 

different outputs, complicating comparison within and across models. Mitigation strategies 

include conducting repeated runs for each case and pairing analyses on the same cases when 

comparing models. Results should report sampling settings and variance across runs. 

Additionally, evaluations can utilize advanced features available via API access, including 

sampling or temperature settings to minimize output randomness.11 A fixed random seed, if 

supported, may also make any residual randomness reproducible across runs.  

 

Using LLMs for the evaluation 

Beyond LLMs being the subject of evaluations, they may be used to perform evaluations, 

referred to here as a methodologic LLM. For example, an LLM could assist with case selection 

by reviewing records against inclusion criteria as they have already been used in clinical 

trials.12,13 An LLM used to make evaluation decisions, known as “LLM-as-a-judge”, is discussed 

more below. To ensure fairness and consistency, multiple methodologic LLMs can perform the 

same task and manual review can be performed on a sample of outputs.14 Prompts provided to 

a methodologic LLM should be unambiguous and reported in a publication.  

 

Reporting checklists 

Reporting guidelines have become a requirement for many journals to ensure manuscripts 

include critical elements. They improve comparability, reproducibility and appraisal, and can 

serve as a design-stage checklist. TRIPOD-LLM provides a checklist of items in a modular 

format that accommodates different LLM study designs and tasks, emphasizing transparency 

and task-specific performance reporting.9 Discipline-specific instruments include FLAIR for 

radiology.15 

 

Sample size and powering 



The number of cases needed in a study depends on the research question and degree of 

variation expected in the results. In practice, case availability, time and funding can also impose 

constraints. Studies comparing systems should include enough cases to detect a meaningful or 

clinically important difference; this difference should be specified a priori. Before the study 

begins, a sample-size calculation may estimate the number of cases required. This calculation 

may utilize the statistical power needed to detect a specified difference or a confidence interval 

of an acceptable width. 

 

Confidence, significance and meaning 

Statistical methods should be appropriate for the research question and the type of data 

collected. While results are often reported using p-values, a threshold of p<0.05 does not 

establish that a difference is real, clinically meaningful, or large; a very small difference can be 

statistically significant in a large sample. It is therefore often desirable to report confidence 

intervals that help readers understand both the possible size of an effect and the uncertainty 

around it. A 95% confidence interval shows the range of values that are reasonably consistent 

with the observed data; in repeated studies conducted in the same way, approximately 95% of 

the confidence intervals would be expected to contain the true value. There are also alternative 

statistical paradigms to the standard frequentist methods that this review focuses on.16 Beyond 

individual evaluations, tiered evidence frameworks can situate findings in a broader hierarchy of 

evidence: from retrospective benchmarking through silent prospective deployment to 

randomized comparison against routine care.17,18 For teams planning an evaluation program, 

these frameworks can provide a staged roadmap with criteria for advancement.  



Statistical methods 

Many traditional statistical methods are used for LLM evaluations given LLM outputs are often 

reduced to categorical or numeric forms. 

  

Categorical outputs 

Classification tasks involve categorical outputs and are split into several types. Binary 

classification involves a model picking one of two options, like the presence or absence of a 

condition. Multiclass and ordinal classification involve a model picking one of three or more 

options, such as in assigning a disease severity grade. Multilabel classification involves a model 

potentially picking more than one option from a list, such as an LLM generating diagnoses on a 

problem list. Beyond returning the respective labels for classification tasks, an LLM may provide 

an underlying probability or confidence score for those labels. It is commonly a numeric value 

between 0 and 1, and allows assessment of model discrimination for how well it ranks cases. If 

the score reflects a true probability that intends to match frequency (i.e., 0.8 corresponds to an 

80% occurrence), calibration can also be assessed.  

 

For a binary classification task, the standard metrics are sensitivity, specificity, positive and 

negative predictive value, and accuracy.19,20 Accuracy alone can be misleading when one class 

is rare:21 if only 5% of notes document the condition, a model that always answers “no” reaches 

95% accuracy while missing every true case. Balanced accuracy,22 which averages sensitivity 

and specificity, and the F1 score,23 which rewards true positive outputs without too many false 

positive outputs, are useful in this setting. 

 

For multiclass tasks, raw agreement does not correct for chance and can mislead when classes 

are imbalanced. Cohen’s kappa measures agreement while correcting for chance.24 For ordinal 

categories, where disagreement between categories equates to a larger error, weighted kappa 



is useful.25 Per-class performance can be summarized by macro-averaging, which weights 

every category equally, or micro-averaging, which weights every case equally; the two diverge 

under class imbalance, so the choice should be reported. 

 

For multilabel classification tasks, a key question is how much outputs overlap a reference set. 

The Dice coefficient26 and the Jaccard index27 (intersection over union) both measure overlap 

and differ in normalization. The Tversky index28 weights incorrect additions and missed items 

differently, which helps when one error is more costly such as omitting a diagnosis rather than 

adding one. 

 

Discrimination may be conceptualized through thinking that each score reflects a threshold that 

yields its own sensitivity and specificity. Varying these thresholds and plotting sensitivity against 

the false-positive rate (1 − specificity) creates a receiver operating characteristic (ROC) curve.29 

The area under a ROC curve (AUC) shows the probability that the model gives a randomly 

chosen positive case a higher score than a randomly chosen negative one: 0.5 is chance, 1 is 

perfect. If there is a negative class imbalance and the impact of false positive cases needs to be 

considered, the area under the precision-recall curve (AUPRC) can provide an informative 

metric by plotting precision (positive predictive value) against recall (true positive rate).30 

 

Calibration matters when a probability is shown to a clinician or feeds a downstream decision 

rule. The Brier score gives a single summary number, though it blends calibration with 

discrimination rather than isolating either.31 Decision curve analysis  calculates the net benefit of 

using the model to guide clinical decisions across a range of threshold probabilities,  and 

compares this benefit to treating all patients or none. It is most useful when a model's output 

feeds directly into a consequential clinical action.32 

 



Numeric outputs 

Correlation, agreement, and error each answer a different question about numeric outputs and 

should be reported separately. Correlation asks whether predicted and reference values vary 

together: Pearson for a linear relationship, Spearman for a monotonic one.33,34 Correlation does 

not incorporate agreement, which asks whether the values coincide on the same scale. 

Agreement can instead be assessed with the intraclass correlation coefficient and the 

concordance correlation coefficient.35,36 Error quantifies the typical deviation. The root mean 

square error (RMSE) and mean absolute error report error in the units of the output, with RMSE 

penalizing larger misses more heavily.  



Capability evaluation 

Capability evaluation asks whether a model possesses the broad clinical knowledge, reasoning, 

and task-completion abilities required for potential use in healthcare. 

 

Benchmarks 

The term ‘benchmark’ refers to a fixed dataset of tasks with predefined correct answers and an 

associated scoring procedure. The scoring procedure draws on the same underlying methods 

used to judge any model output against a reference, including statistical, language-based, 

human, and LLM-as-a-judge approaches as described in other sections. Critically, it applies 

them through a fixed, predetermined protocol. Benchmarks facilitate easy comparison of 

models. 

 

Multiple-choice and knowledge benchmarks 

The initial benchmarks were knowledge-oriented and included MedQA37, a set of US Medical 

Licensing Examination-style multiple-choice questions. Such benchmarks can be helpful as an 

early signal for model performance but are increasingly considered insufficient for testing clinical 

readiness, capturing factual recall more than real-world utility.38,39 They also often focus on a 

single timepoint rather than a multistep, iterative clinical workflow process.  

 

Multi-task and agentic benchmarks 

Multi-task frameworks have been established as a more robust approach to knowledge 

benchmarking. They assemble many clinical tasks and domains into a single standardized and 

reproducible approach. MedHELM assesses models against a clinician-validated taxonomy of 

121 real clinical tasks spanning decision support, note generation, patient communication, 

research and administration, rather than against exam-style knowledge questions.40 The value 

of these frameworks is breadth: they characterize performance across different tasks and 



domains. Limitations include that aggregate scores can obscure task-level variation, constituent 

tasks may not resemble the entire clinical workflow, and public benchmarks can contribute to 

training-data contamination. 

 

AI agents involve systems that can autonomously plan and execute a sequence of actions, 

including using tools or external data sources. They therefore require evaluation frameworks 

that assess the quality of individual outputs but also an agent's ability to navigate complex 

environments. The current benchmarks include Medical Intelligence for Reasoning and Action 

(MIRA), MedAgentBench, Physician Bench and HealthAgentBench.3,41–43 

 

Multi-turn benchmarks 

A multi-turn conversation involves a model producing a series of exchanges with the user, as 

could be imagined with a chatbot. General frameworks commonly use an LLM-as-a-judge that 

scores the responses to a fixed set of benchmark conversations against several criteria, for 

example factual accuracy and communication quality.4,44–47 To mimic the stochastic nature of 

real conversations, other benchmark designs use patient actors to generate the dialogue 

instead of a fixed script or LLM agents prompted with a predefined case vignette.48 These 

simulated users typically require their own further validation. 

 

Reasoning benchmarks 

Typical methods of scoring LLM outputs assume that an output is correct if it matches the 

reference answer, irrespective of the reasoning used to get there. A model that reasons to the 

correct diagnosis is not equivalent to one that anchors on a keyword and returns the most 

common answer; an assessment based on only the final label cannot distinguish them. 

Reasoning assessment evaluates the process rather than an endpoint. This distinction matters 



because the black box nature of LLMs can limit their reliability and trustworthiness. Models can 

be prompted to divide tasks into smaller steps to demonstrate their step-by-step reasoning, 

known as Chain-of-Thought (CoT) reasoning.49,50 Multiple benchmarks exist where clinical 

reasoning is present in the referenced answers, including MedThink-Bench,51 MedR-Bench,52 

Open-XDDx53 and ER-Reason.54 These benchmarks vary in whether the reference reasoning is 

expert-authored or machine-generated. Separately, script concordance testing investigates how 

added data adjust outputs, aiming to reflect the often uncertain and dynamic nature of clinical 

decision making.55 

 

While generated CoT reasoning can provide insight into how a model reaches its answer, 

several studies have shown divergence between the stated reasoning and the process driving a 

model’s output. One study found that truncating or inserting errors into the reasoning chain often 

leaves the final answer unchanged, indicating that the intervening steps were not load-

bearing.56 Another study introduced input features aiming to bias a model's answer: models 

frequently produced CoT explanations that justified an incorrect answer and did not mention the 

biasing features in those explanations.57 Parametric methods also allow CoT assessments; they 

involve erasing information in a model’s weights about individual reasoning steps and testing 

whether predictions consequently change.58  

 

These methods commonly depend on model-stated CoTs and a future direction for reasoning 

assessments utilizes separate insights. The J-space by Anthropic considers a set of internal 

representations identified by an interpretability method called the Jacobian lens.59 It surfaces 

intermediate assessments a model has formed but not verbalized. Further methods include 

probing classification60 and activation patching.61  

 

https://www.nature.com/articles/s41746-025-02208-7


Operational metrics 

Operational metrics like cost and latency are critical to consider alongside accuracy, especially 

as there can be a tradeoff between them.62 Furthermore, energy footprint and sustainability 

have drawn increasing attention as generative AI is deployed at scale.63 

 

Tokens are defined as the basic piece of text or data that an AI model receives as an input, 

such as a word, part of a word or punctuation.64 For example, “Unreal!” may contain three 

tokens of “Un”, “real” and “!”. Token usage is the count of input and output tokens per query. 

Cost per query translates this usage into dollar terms, which allows health systems to budget for 

LLM-based tool deployment. Latency is the total time delay between submitting a prompt and 

receiving an answer. It can determine whether a system can be integrated into real-time clinical 

workflows such as point-of-care decision support. Broader system measures for reliability and 

scalability include the frequency of system outages or downtime, error and failure rates, and 

behavior under load.65 

 

The operational characteristics may also be specified to a model including the maximum output 

tokens, which can determine the length of responses. Two additional modifiable parameters are 

temperature and Top-P.66 Temperature adjusts the randomness in generating an output: a lower 

temperature provides more deterministic outputs and is usually necessary for healthcare 

applications, while a higher temperature helps with tasks that benefit from creativity like writing 

fiction. Top-P reflects the underlying LLM methodology of considering a set of options for 

outputting the next token when generating responses: a lower Top-P constrains these options 

and therefore provides more predictable outputs. Given temperature and Top-P influence 

outputs in similar ways, typically only one is adjusted.  



Clinical context evaluation 

Following capability evaluation, a key question is whether LLMs perform in the intended clinical 

context outside the structured framework of benchmarks.  

 

Accuracy of free text outputs 

Many LLM tasks produce free text like a patient message response or a discharge summary. 

This text may be possible to reduce to categorical or numeric form such that traditional 

statistical methods can be used. Equally, the text may need to be considered more holistically, 

so exact-match scoring against a reference standard breaks down. 

 

Natural Language Processing metrics 

Natural Language Processing (NLP) has developed methods for quantifying free text accuracy 

over many decades. Overlap metrics like BLEU,67 ROUGE,68 and METEOR69 score the 

generated text by counting how many short word sequences (known as n-grams) are shared 

with reference text. They often require exact matches and may penalize a correct answer that is 

simply phrased differently. Embedding-based metrics like BERTScore70 and cosine similarity71 

convert text into numerical vectors to capture its meaning, then compare vectors with those from 

reference text. They are better at crediting paraphrasing, but can remain insensitive to clinically 

important details like negations, numbers and named entities. Both approaches were designed 

for shorter, more constrained text, and are now widely regarded as inadequate for evaluating 

the longer, more open-ended outputs typical of LLMs. 

 

NLP also uses readability metrics to characterize text. The Flesch-Kincaid Grade Level72 and 

Flesch Reading Ease73 estimate reading difficulty from average sentence length and average 

number of syllables per word. They measure form, not accuracy or meaning, and a readable 



passage can still be wrong; they should be reported alongside an accuracy metric. They matter 

most for patient-facing text including education materials or plain-language summaries. 

 

Acceptable answers by human review  

Free-text outputs may be scored by human subject matter experts using structured scoring 

rubrics. This approach allows healthcare specific considerations to be explicitly evaluated such 

as clinical safety, data privacy and ethical alignment. Instruments such as QUEST provide 

literature-derived dimensions for structured human review, replacing ad hoc rubrics that 

otherwise differ from study to study and prevent pooling of results.74 They also make rater 

reliability measurable: with a defined instrument, inter-rater agreement can be reported and 

calibration performed. In one prospective deployment, physicians reviewing AI-generated 

discharge summaries completed a structured feedback instrument covering type of error, harm 

severity and likelihood using the AHRQ Common Format Harm Scale, demonstrating how a 

structured instrument can operationalize human review of free-text clinical output.75 Human 

review of model outputs within a clinical workflow is the gold standard in evaluation but is limited 

by scaling. Crowd-sourced evaluations have been proposed as a possible solution.76 

 

Domain-specific frameworks recognize that evaluation criteria are not always portable across 

contexts. For example, principles suited to acute care transfer poorly to consumer wellness 

applications, which commonly involve no clinician in the loop, the user as the decision-maker, 

and personalization as a design goal. The SHARP (safety, helpfulness, accuracy, relevance, 

personalization) framework was developed specifically for consumer health and wellness 

LLMs.77 

 

Acceptable answers by LLM-as-a-judge review 



An LLM-as-a-judge can assess outputs against predefined evaluation criteria and scoring 

frameworks.78,79 This approach scales more easily than human review and is particularly useful 

when evaluating adherence to a clinical rubric or qualitative characteristics such as relevance. 

The LLM should be provided with clear instructions and, where appropriate, reference standards 

or exemplars. Several approaches can help ensure consistency and fairness. The LLM should 

remain fixed across a study to avoid introducing variation. It should also ideally differ in family 

from the evaluated models, since models from the same family can exhibit a strong preference 

for their own outputs.80 When using an LLM-as-a-judge, it is important to also conduct a sample 

of the assessments with human review. 

 

Faithfulness metrics ask if generated text is supported by the source. They typically include two 

key components: groundedness checks that statements trace back to supporting passages,81 

while hallucination rate reports the frequency of model statement without such support.82 

ACUEval is a tool that assesses the faithfulness of summarizations with an LLM-as-a-judge 

approach.83 It breaks down summarizations into individual facts (referred to as atomic content 

units) and then compares them with the source text. Similarly, VeriFact is a tool that verifies 

individual statements in LLM-generated documents like the hospital course in discharge 

summaries,84 

 

Clinical trial methodology 

Beyond evaluating LLM outputs, traditional clinical trial methodology can assess the impact of 

LLMs on clinical outcomes. This methodology includes randomized clinical trials, where 

randomization occurs at a provider or institution level and compares those using versus not 

using an LLM. A challenge with any trial is balancing endpoint metrics that have clearer 

attribution to LLM use with metrics that have more substantial clinical meaning like mortality 

rate; the latter may have many confounding factors unless they are appropriately controlled.  



Conclusion  

LLMs have introduced new capabilities to medicine and provide promise for many more to 

follow. They will require rigorous evaluation, which will draw on existing study methodologies 

alongside newer methodologies to account for considerations like agentic systems and multi-

turn conversations. This primer described four complementary areas: principles of study design, 

statistical methods, capability evaluation and clinical context evaluation. As LLM evaluations 

continue to evolve, there will likely be an increasing focus on real-world performance and clinical 

outcomes. Ultimately, rigorous healthcare LLM evaluation should not seek a single universal 

metric, but a transparent and reproducible framework for selecting complementary assessments 

that align with the research question being asked and the clinical decision that the model 

intends to support. 
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Figures 

Figure 1: From research question to statistical analysis plan: a framework for evaluating 

healthcare LLMs. Image generated using ChatGPT. 

 

  



Tables 

Table 1: Overall summary of evaluation techniques  

Evaluation 
category 

Question it 
answers 

When it applies Representative 
approaches 

Principal 
limitation 

Statistical 
methods 

Does the 
output match a 
correct 
answer, and 
how reliably? 

Output is discrete 
or numeric and a 
reference 
standard exists (or 
free text has been 
reduced to such a 
form) 

Sensitivity, 
specificity, AUC, 
calibration, kappa, 
ICC, RMSE 

Requires a 
reference 
standard; 
scores the 
endpoint only 

Capability 
evaluation 
 

Does the model 
have the broad 
clinical 
knowledge, 
reasoning, and 
task-completion 
ability needed 
for healthcare 
use? 
 

Assessing overall 
model readiness 
via standardized, 
fixed-protocol 
tasks, before or 
independent of a 
specific deployment 
 

Multiple-
choice/knowledge 
benchmarks, multi-
task/agentic 
benchmarks, multi-
turn benchmarks, 
reasoning 
benchmarks, 
operational metrics 
 

Benchmark 
performance 
may not reflect 
real clinical 
workflow; 
aggregate 
scores obscure 
task-level 
variation; 
contamination 
risk 

Clinical 
context 
evaluation 
 

Does the model 
perform well in 
its intended 
real-world 
context, beyond 
structured 
benchmarks? 
 

Evaluating free-text 
or in-context 
outputs for a 
specific clinical use 
case 
 

NLP metrics, 
human review, 
domain-specific 
frameworks, LLM-
as-a-judge, 
faithfulness metrics 
 

Human review 
doesn't scale; 
LLM judges 
can inherit 
bias; criteria 
don't always 
apply across 
contexts 

 

 

 

  



Table 2: Statistical techniques 

Evaluation 
Category 

Metric Purpose Example Application 
(Healthcare LLM) 

Binary 
classification 

Sensitivity (recall, true-
positive rate), specificity 
(true-negative rate), 
positive predictive value 
(precision), negative 
predictive value, accuracy, 
balanced accuracy, F1 
score 

Measure 
classification 
performance given 
predicted labels 

Presence/absence 
detection (e.g., 
condition 
documentation, 
abnormal-finding 
flagging) 

Multiclass / 
ordinal 
agreement 

Cohen κ, weighted κ (linear 
or quadratic), macro- and 
micro-averaged precision / 
recall / F1 

Quantify chance-
corrected agreement 
and per-class 
performance 

Severity grading (e.g., 
staging, triage 
category) 

Multilabel 
classification 

Dice coefficient, Jaccard 
index (intersection over 
union), Tversky index 

Measure the 
similarity between a 
predicted set of 
items and a 
reference set 

Set extraction and 
coding (e.g., ICD-10 
code assignment, 
problem-list extraction) 

Discrimination 
and ranking 

Receiver operating 
characteristic (ROC) curve, 
area under the ROC curve 
(AUC), area under the 
precision–recall curve 
(AUPRC) 

Evaluate overall 
ability to separate 
the classes, 
aggregated over a 
range of thresholds 

Risk stratification and 
triage (e.g., ranking 
cases by predicted 
probability) 

Calibration (if 
model outputs 
probabilities) 

Brier score, calibration 
curve 

Assess how closely 
predicted 
probabilities match 
observed event rates 

Probability-based risk 
estimation (e.g., 
calibrated diagnosis or 
event probabilities) 

Clinical utility Decision curve analysis 
(DCA) 

Plots net benefit of a 
decision against 
threshold, a 
minimum probability 
of a disease where a 
decision-maker 
chooses to take 
action 

Decision-support tools 
(e.g., biopsy) 

Correlation Pearson correlation, 
Spearman correlation 

Measure linear or 
monotonic 
association between 
predicted and 
reference values 

Score ranking and 
trend agreement (e.g., 
risk-score ordering vs. 
reference) 

Agreement Intraclass correlation 
coefficient (ICC), 
concordance correlation 
coefficient (CCC) 

Assess whether 
predicted and 
reference values 
coincide on the 
same scale 

When predicted 
numeric values should 
agree closely with a 
reference value (e.g., 
ejection fraction, tumor 
diameter) 



Error Root mean square error 
(RMSE), mean absolute 
error (MAE) 

RMSE/MAE give 
error in the 
outcome's units 

Numeric extraction 
and measurement 
(e.g., lab values, 
dosages, size/volume 
quantification) 

 

  



Table 3: Capability evaluation methods 

Evaluation 
Category 

Representative 
approaches 

Purpose Example Application 
(Healthcare LLM) 

Multiple-choice 
and knowledge 
benchmarks 

MedQA and similar 
exam-style question 
sets 

Fixed, predetermined-
protocol scoring of 
factual/clinical knowledge 

Baseline screening of 
candidate models 

Multi-task and 
agentic 
benchmarks 

MedHELM, MIRA, 
HealthAgentBench, 
Physician Bench 

Standardized, reproducible 
assessment across many 
clinical tasks/domains; 
agentic benchmarks add 
evaluation of planning and 
tool use 

Benchmarking overall 
suitability before 
deployment; 
assessing an agent 
navigating a clinical 
workflow 

Multi-turn 
benchmarks 

LLM-as-a-judge 
scoring of fixed 
conversation sets; 
patient-actor or LLM-
agent simulated 
dialogues 

Assess performance 
across a conversational 
sequence rather than a 
single exchange 

Chatbot-style patient 
communication tools 

Reasoning 
benchmarks 

MedThink-Bench, 
MedR-Bench, Open-
XDDx, ER-Reason; 
script concordance 
testing; interpretability 
probes 

Evaluate the process 
behind an answer, test 
whether reasoning 
appropriately updates with 
new information 

Distinguishing sound 
clinical reasoning 
from keyword-
anchored guessing 

Operational 
metrics 

Token usage, cost 
per query, latency, 
uptime/error rate; 
temperature/Top-P as 
tunable parameters 

Assess efficiency, cost, 
and feasibility of 
deployment at scale 

Budgeting and 
integrating a tool into 
real-time clinical 
workflow 

  



Table 4: Clinical context evaluation methods 

Evaluation 
Category 

Representative 
approaches 

Purpose Example Application 
(Healthcare LLM) 

NLP metrics N-gram overlap (BLEU, 
ROUGE, METEOR); 
embedding-based 
(BERTScore, cosine 
similarity); readability 
(Flesch-Kincaid, Flesch 
Reading Ease) 

Quantify surface 
overlap or semantic 
similarity against a 
reference 

Scoring patient 
education materials 

Human 
review 

Structured rubrics (e.g., 
QUEST) 

Structured, 
reproducible expert 
assessment of clinical 
safety, privacy, ethical 
alignment; enables 
measurable inter-rater 
reliability 

Clinician panel review of 
LLM-generated 
summaries 

Domain-
specific 
frameworks 

SHARP (safety, 
helpfulness, accuracy, 
relevance, 
personalization) 

Principle-based criteria 
tailored to a specific 
context (e.g., consumer 
health/wellness) 

Evaluating a wearable's 
AI-generated health 
recommendations 

LLM-as-a-
judge 

Fixed evaluator model 
against defined criteria 

Scale rubric-
based/qualitative 
assessment beyond 
manual review capacity 

Assessing adherence to 
a communication rubric 
at scale 

Faithfulness 
metrics 

Groundedness checks, 
hallucination rate, atomic 
content unit comparison 

Assess whether 
generated text is 
supported by its source 

Evaluating if clinical note 
summarization is true to 
the clinical chart 

 
 
 
 
 
 


