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A B S T R A C T
Highlights

� This article addresses the lack of
structured guidance for reporting
research using large language
models (LLMs) in health economics
and outcomes research (HEOR) by
introducing the ELEVATE-GenAI
framework and checklist.

� The ELEVATE-GenAI framework and
checklist provides a practical,
domain-specific tool for
systematically reporting the use of
LLMs in HEOR research,
emphasizing 10 domains, including
transparency, accuracy, and
reproducibility.

� The reporting guidelines promote
rigorous reporting standards,
enabling HEOR professionals to
integrate LLMs responsibly,
enhancing evidence synthesis,
modeling, and real-world data
generation in healthcare research.
Objectives: Generative artificial intelligence (AI), particularly large language models (LLMs), holds
significant promise for health economics and outcomes research (HEOR). However, standardized
reporting guidance for LLM-assisted research is lacking. This article introduces the ELEVATE-GenAI
framework and checklist—reporting guidelines specifically designed for HEOR studies involving
LLMs.

Methods: The framework was developed through a targeted literature review of existing reporting
guidelines, AI evaluation frameworks, and expert input from the ISPOR Working Group on
Generative AI. It comprises 10 domains—including model characteristics, accuracy, reproducibility,
and fairness and bias. The accompanying checklist translates the framework into actionable
reporting items. To illustrate its use, the framework was applied to 2 published HEOR studies: one
focused on a systematic literature review tasks and the other on economic modeling.

Results: The ELEVATE-GenAI framework offers a comprehensive structure for reporting LLM-
assisted HEOR research, while the checklist facilitates practical implementation. Its application
to the 2 case studies demonstrates its relevance and usability across different HEOR contexts.

Conclusions: Although the framework provides robust reporting guidance, further empirical testing
is needed to assess its validity, completeness, usability, and generalizability across diverse HEOR
use cases.
The ELEVATE-GenAI framework and checklist address a critical gap by offering structured guidance
for transparent, accurate, and reproducible reporting of LLM-assisted HEOR research. Future work
will focus on extensive testing and validation to support broader adoption and refinement.
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Introduction

Artificial intelligence (AI) encompasses computational
methods for tasks requiring human-like reasoning, learning, or
decision making.1 Natural language processing, a subfield of AI,
enables machines to understand and generate human language.2

Generative AI (Gen AI) models produce new content—such as
text, code, or data—based on patterns in training data,3,4 with
large language models (LLMs) emerging as especially impactful.
Foundation models, such as Generative Pre-trained Transformer
(GPT), Gemini, Claude, and LLaMA, trained on vast corpora via self-
supervised learning, now support increasingly multimodal tasks
across text, image, and other data modalities.5,6 The 2022 release
of ChatGPT marked a major shift, expanding LLM access to broader
user groups, including health economics and outcomes research
(HEOR) researchers.3,7

Gen AI, particularly LLMs, is rapidly transforming HEOR by
augmenting traditionally labor-intensive tasks, such as systematic
1098-3015/$36.00 - see front matter Copyright ª 2025, International Society for Ph
reviews, model development, and evidence generation.3,8 How-
ever, the growing integration of LLMs into scientific workflows
raises critical concerns around transparency, reproducibility, and
trustworthiness—challenges for which HEOR-specific reporting
standards do not yet exist.3,8

In HEOR, LLMs are already being used to support systematic
literature reviews (SLRs), health economic modeling (HEM), and
real-world evidence (RWE) generation. These applications include
tasks such as abstract screening, bias assessment, meta-analysis
automation, parameter estimation, and transforming unstruc-
tured real-world data from electronic health records, imaging, and
genomics into analyzable formats.9-31 Although these uses offer
substantial promise, limitations such as hallucinations, data
inaccuracies, and the need for human oversight underscore the
importance of structured reporting practices.3,6,8

Regulatory and health technology assessment (HTA) bodies
have begun issuing guidance. For example, the US Food and Drug
Administration (FDA) recently issued draft guidance proposing a
armacoeconomics and Outcomes Research, Inc. Published by Elsevier Inc.
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risk-based credibility assessment framework for AI in regulatory
submissions, including LLMs32 and a perspective on the use of AI
in its work.33 The UK’s National Institute for Health and Care
Excellence (NICE) has also released both a Statement of Intent and
a position statement outlining principles for generative AI use in
HTA submissions,34,35 as has Canada’s Drug Agency.36

To address the lack of HEOR-specific reporting standards, the
ISPOR Working Group on Gen AI developed the ELEVATE-GenAI
framework. These provide structured criteria to help researchers
transparently report how LLMs are used to generate or analyze
evidence. Although applicable for evaluation, the primary aim is to
support reproducible reporting and peer review. The guidelines
target studies in which LLMs play a substantive role—such as in
systematic reviews, economic modeling, or real-world data anal-
ysis—not those using AI for limited tasks such as editing or sum-
marization. Researchers are encouraged to apply judgment based
on the context of AI use.

The article begins by presenting the literature review that
informed the framework’s development. After a detailed overview
of the framework and its domains, the guidelines are applied to 2
HEOR use cases—one in systematic review and one in economic
modeling—to illustrate practical use. As a living guideline,
ELEVATE-GenAI could evolve with community input and advances
in generative AI. Future updates would be versioned and publicly
available, with structured piloting and validation led by the ISPOR
Working Group on Generative AI to ensure continued relevance,
completeness and usability.

Methods

The ELEVATE-GenAI reporting guidelines were developed
through a multistep process involving a targeted literature review,
iterative framework construction, and initial application to pub-
lished HEOR use cases.

Targeted Literature Review

A targeted literature review was conducted to identify existing
evaluation frameworks, reporting guidelines, and governance
principles relevant to the use of LLMs in healthcare and health
research. Searcheswere conducted in PubMed (through January 31,
2025) and ArXiv (through December 31, 2024), and additional
reporting guidelines were retrieved from the EQUATOR Network,37

a clearing house for reporting guidelines. The search strategy,
eligibility criteria, and PRISMA flow diagram are available in the
Supplemental Materials found at https://doi.org/10.1016/j.jval.2
025.06.018. Title and abstract screening were conducted by a sin-
gle reviewer (R.F.) using predefined eligibility criteria. Full-text
screening was conducted by R.F., with input from a second
reviewer (J.C.) for uncertain cases. Data extraction was completed
using a structured template to capture article title, purpose, and
proposed reporting elements. Extraction was independently
reviewed on a sub-sample of articles by additional co-authors (J.B.,
J.C., X.W.).

Framework Development

Findings from the targeted literature review informed the
identification of key reporting domains for LLM use in HEOR.
These were refined through iterative discussions within the ISPOR
Working Group on Generative AI, drawing on technical literature,
regulatory guidance, and real-world use cases. The framework was
designed for flexibility across core HEOR applications—SLRs, HEM,
and RWE—covering both high-level tasks and subtasks (eg, ab-
stract screening, model specification). To test usability and rele-
vance, the framework was applied to 2 published HEOR studies:
one focused on systematic review16 and one on economic
modeling,23 to assess domain coverage across different use cases.

The ELEVATE-GenAI framework is intended as a living guide-
line that will be refined through structured validation. Planned
next steps include stakeholder consultation with researchers, in-
dustry experts, and regulatory bodies, piloting in active HEOR
studies, and a formal Delphi process to assess the clarity, rele-
vance, and utility of each reporting domain. These activities,
modeled on best practices from prior guideline development ef-
forts (eg, Preferred Reporting Items for SystematicReviews and
Meta-Analyses - Artificial Intelligence [PRISMA-AI]38), will sup-
port broader adoption and ensure the framework remains scien-
tifically rigorous, usable, and adaptable as the field of generative
AI evolves.
Results

Literature Search Results

A total of 522 records were identified through PubMed and
ArXiv searches. After title and abstract screening, 490 records
were excluded, and 32 full-text articles were assessed for eligi-
bility. Of these, 17 were excluded, resulting in 15 studies included
in the final synthesis.3,4,39-51 An additional 6 reporting guide-
lines38,52-56 and 9 position statements or frameworks32,34,57-63

from international organizations, regulatory agencies, or HTA
bodies (eg, NICE and FDA) were included yielding a total of 30
sources included in the literature review. The Appendix 1 and
Appendix 2 in Supplemental Materials found at https://doi.org/1
0.1016/j.jval.2025.06.018 provides the search strategy, eligibility
criteria, PRISMA flow diagram, and a table summarizing the
included studies and reports.

Overview of Literature Identified

The 15 studies proposing evaluation frameworks included
systematic reviews, conceptual models, and benchmarking pro-
tocols across domains such as clinical research, general medicine,
evidence synthesis, and health technology assessment.3,4,39-51

Nine guidance documents from national agencies, international
organizations, and HTA bodies were identified.32,34,57-63 Although
some focused broadly on AI/machine learning (ML) rather than on
LLMs specifically, they were included for their relevance to
responsible AI use in healthcare. Six reporting guidelines on AI
and LLMs in health research were also identified.38,52-56 These
include extensions of existing standards (PRISMA-AI,38 TRI-
POD1AI,53 and TRIPOD-LLM52), as well as consensus-based
checklists focused more broadly on ML (PALISADE55 and RE-
FORMS54). These guidelines informed the development of
ELEVATE-GenAI by highlighting principles such as model trans-
parency, reproducibility, structured human evaluation, and ethical
AI practices. In May 2025, the DEAL checklist was published and
will be included in future iterations of the ELEVATE-GenAI
framework.64

Domain Identification for the ELEVATE-GenAI Framework

The ELEVATE-GenAI framework builds on domains by Bedi
et al40 and the Holistic Evaluation of Language Models bench-
mark,45 which provide strong foundations for evaluating AI per-
formance. The ISPOR Working Group on Generative AI expanded
this structure with 3 additional domains—model characteristics,
reproducibility and generalizability, and security and privacy—to
address HEOR-specific methodological and regulatory needs.
These additions were informed by expert input and gaps identi-
fied in the literature review. To assess alignment, components
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Figure 1. Inclusion of ELEVATE-GenAI domains across 30 studies and report. Each reference was scored across the 10 ELEVATE-GenAI
reporting domains based on whether they were clearly included (score = 2), partially included (score = 1), or not reported (score = 0). The
stacked bars show the number of references (N=30) receiving each score within each domain, illustrating variation in inclusion of the
ELEVATE-GenAI domains across these studies.
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from each reviewed study were mapped to the 10 domains.
Figure 1 shows their frequency of inclusion across 30 studies, with
accuracy, fairness and bias, and reproducibility and generaliz-
ability most frequently addressed, and security and privacy least
represented.

Reporting Domains: Definitions and Guidance

The ELEVATE-GenAI reporting guidelines are designed for
HEOR studies in which generative AI plays a substantive role in
evidence generation, synthesis, or analysis. They are not intended
for studies using AI only for minor tasks such as text editing. The
10-domain checklist covers foundational model characteristics
(eg, architecture, training data, and access) and output quality
across key HEOR applications, such as SLRs, HEM, and RWE
(Table 1). Each domain includes targeted reporting items to help
authors clearly describe their use of generative AI, supporting
transparency and research integrity. Users should apply judgment
in selecting relevant domains and briefly justify any exclusions,
allowing flexibility for diverse and evolving HEOR use cases.

To support interpretation, each domain is assigned a maturity
level reflecting the current availability of established metrics or
reporting standards. High-maturity domains have well-defined
practices, whereas low-maturity ones indicate evolving methods.
These expert-assessed ratings within the ISPORWorking Group on
Generative AI are a pilot feature and will be revisited in future
validation. Table 2 outlines the 10 reporting domains and their
definitions.

Model Characteristics

This domain focuses on documenting the foundational attri-
butes of the LLM used in the study. Key elements include the
model’s name (eg, LLaMA-3), version, developer or organization,
release date, license type (eg, commercial or open source), and
access method (eg, application programming interface [API], web
interface, or local deployment). Authors should also report the
model’s architecture (eg, transformer based) and provide details
about training data sources, where applicable. This includes
general-purpose pretraining corpora (where identifiable), data
sets used for fine-tuning or instruction-tuning, any proprietary
data used for custom models, and any sources integrated into
retrieval-augmented generation workflows. Where applicable,
authors are encouraged to discuss the explainability of the model’s
outputs, particularly in relation to interpreting findings in HEOR
contexts. Although explainability is not designated as a standalone
domain in ELEVATE-GenAI, it remains an important consideration
for transparency, reproducibility and stakeholder trust.

Level of Maturity: High

Well-established practices exist for describing model prove-
nance, architecture, and access, although transparency about
training data remains limited in some proprietary models.

Accuracy Assessment

This domain evaluates how well Gen AI-generated outputs
align with correct or expected results. Accuracy can be assessed
through comparisons with human benchmarks, gold-standard
data sets, or expert review. Metrics may include commonly used
measures in AI/ML, such as precision, recall, F1 score, and area
under the curve, as well as natural-language-processing-specific
(eg, BLEU) or domain-specific metrics (eg, Generative Radiology
Report Evaluation and Error Notation for radiology report gener-
ation).65 In HEOR, appropriate methods include fact checking
against source documents, expert review, or benchmarking
against known evidence, but the suitability of accuracy metrics
depends on the task. Structured tasks, such as data extraction or
classification, lend themselves to quantitative metrics, whereas
free-text generation, such as drafting an HTA dossier, often re-
quires qualitative assessment. Although interest is growing in



Table 1. ELEVATE-GenAI checklist for evaluating LLM use in HEOR research.

Model characteristics

Is the model’s name, version, developer, release date, license (eg, open source or commercial), and architecture described?
Are the training data sources (eg, domain-specific data sets such as PubMed) and fine-tuning details provided?

Accuracy assessment

Are task-specific accuracy metrics (eg, Precision, Recall, and F1 Score) reported, where applicable (accounting for the fact that different metrics
will be relevant for different tasks)?
Are outputs validated against human benchmarks or gold-standard data sets?

Comprehensiveness assessment

Are outputs compared with relevant benchmarks (eg, published reviews, validated models) to ensure completeness?
Is there expert evaluation confirming all critical elements of the task are addressed?

Factuality verification

Are methods for verifying the factual accuracy of outputs (eg, cross-referencing with sources, expert review) described?
Are discrepancies and corrective actions documented?

Reproducibility protocols and generalizability

Are reproducibility protocols (eg, training code, query phrasing, and hyperparameters) shared?
Are workflows provided to support independent verification?
Is the generalizability of the approach and methods to similar research questions addressed?

Robustness checks

Are robustness tests (eg, handling typographical errors, ambiguous queries) documented?
Are changes in model performance under these conditions reported?

Fairness and bias monitoring

Are outputs evaluated for biases or stereotypes related to gender, age, ethnicity, or other demographics?
Are fairness metrics (eg, demographic parity) used (if applicable), and corrective actions for identified biases documented?

Deployment context and efficiency metrics

Are deployment setup details (eg, hardware, software, and runnable deployment code) clearly described?
Are efficiency metrics (eg, processing time, scalability, and resource usage) reported?

Calibration and uncertainty

Are calibration methods (eg, expected calibration error) described (if applicable)?
Are thresholds for manual review of outputs (eg, ambiguous cases flagged in systematic reviews) specified?

Security and privacy measures

Are security protocols (eg, encryption, anonymization, and access controls) documented?
Is compliance with regulations such as GDPR or HIPAA reported, if applicable?
Is compliance with intellectual property and copyright law documented?

Overall score: Assign 3 points for each domain rated as Clearly Reported, 2 points for Ambiguous, and 1 point for Not Reported. Sum the points
across all domains to calculate the overall score.
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adapting AI/ML accuracy measures for HEOR tasks, such as SLRs
and HEM, and in developing HEOR-specific benchmarks, further
work is needed to define fit-for-purpose evaluation strategies
tailored to these specific contexts.

Level of Maturity: Medium

Core accuracy concepts are well developed in the AI/ML field;
however, guidance on HEOR-specific implementation, particularly
for text generation tasks, remains limited and evolving.

Comprehensiveness Assessment

This domain focuses on evaluating whether GenAI-generated
outputs fully and coherently address all required elements of the
assigned task. In the context of HEOR, this may include ensuring
that all relevant studies are captured in a systematic review, that
all model components and assumptions are described in an eco-
nomic evaluation, or that all relevant outcomes and perspectives
are considered in value assessments. Outputs should be compared
with authoritative references, such as established guidelines,
benchmark publications, or prior high-quality submissions. Expert
review can help determine whether critical elements are missing
or inadequately addressed. Comprehensiveness is distinct from
accuracy: although accuracy relates to the correctness of specific
elements, comprehensiveness assesses whether all relevant con-
tent has been fully and coherently addressed. For example, a
meta-analysis may accurately describe included studies yet still be
incomplete if it omits a pivotal trial. Ensuring completeness is
essential to support informed decision making based on the full
body of evidence.

Level of Maturity: High

Although typically assessed qualitatively, there are well-
established expectations for comprehensiveness across many
HEOR tasks, supported by reporting guidelines and expert
standards.

Factuality Verification

This domain focuses on verifying that model-generated out-
puts are factually correct and supported by reliable sources. In
HEOR, this includes confirming the accuracy of cited data, study
findings, and modeling assumptions through expert review, cross-
checking with primary sources, or automated source attribution



Table 2. An evaluation framework for large-language models focused on evidence, transparency, and efficiency (the ELEVATE-GenAI
framework) (adapted from Holistic Evaluation of Language Models and Bedi et al40).

Domain name Domain description Reporting guidelines Level of maturity of
domain measurement

Model characteristics Describes the model’s
foundational
characteristics, such as
name, version, developer,
model access, license,
release date, architecture,
training data, and fine-
tuning performed for
specific tasks.

- Provide details of the
model, including name,
version, developer(s),
release date, license (eg,
commercial or open
source), access (eg, links
to the models), architec-
ture (eg, transformer
based).

- Describe training data,
including domain-specific
sources (eg, PubMed) and
any fine-tuning
performed.

High

Accuracy assessment Measures how closely the
model’s output aligns with
the correct or expected
answer, evaluating
precision, relevance, and
correctness.

- Compare results with hu-
man benchmarks or gold-
standard data sets for
validation.

- If appropriate for the task
at hand, report metrics
(eg, Precision, Recall, F1
Score, and AUC). These
metrics will not be appli-
cable to all tasks.

Medium: further work
required on adapting AI/ML
metrics to HEOR studies
and identifying appropriate
metrics for specific tasks.

Comprehensiveness
assessment

Assesses how thoroughly
the model’s output
addresses all aspects of the
task, ensuring
completeness, coherence,
and critical coverage.

- Evaluate completeness by
comparing outputs with
benchmarks, such as
published reviews or
models.

- Use expert evaluations to
confirm critical elements
are addressed.

High

Factuality verification Evaluates whether the
model’s output is accurate
and based on verifiable
sources, identifying
hallucinated or non-
existent citations.

- Explain methods to verify
factual accuracy (eg,
expert review and source
validation).

- Document discrepancies
and corrective actions
taken.

High

Reproducibility protocols
and generalizability

Ensures methods and
outputs can be
independently verified by
documenting workflows,
sharing code, and
specifying
hyperparameters.
Evaluates generalizability of
approach proposed.

- List reproducibility pro-
tocols, including training
code, query phrasing, and
hyperparameters.

- Share workflows to facili-
tate independent
verification.

- Address generalizability
of methods to similar
research questions.

High

Robustness checks Tests the model’s resilience
to input variations, such as
typographical errors or
ambiguous queries.

- Document robustness
tests, including handling
of typos, adversarial in-
puts, or ambiguous
phrasing.

- Report any changes in
performance under these
conditions.

High

continued on next page
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Table 2. Continued

Domain name Domain description Reporting guidelines Level of maturity of
domain measurement

Fairness and bias
monitoring

Evaluates whether the
model’s output is equitable
and free from harmful
biases or stereotypes
across diverse groups and
contexts.

- Monitor fairness by
checking for bias in out-
puts related to gender,
age, ethnicity, or other
demographics.

- If appropriate, use fair-
ness metrics, such as de-
mographic parity and
document corrective ac-
tions if biases are
identified.

Low: the use of metrics to
assess fairness and bias is
an ongoing area of
research

Deployment context and
efficiency metrics

Examines the technical
setup, resource
requirements, and
efficiency metrics to
evaluate practical
feasibility.

- Describe deployment
setup, including hardware
(eg, NVIDIA A100 GPUs)
and software (eg, Tensor-
Flow and PyTorch) and
runnable deployment
code (eg, via Docker)

- Report efficiency metrics,
such as processing time,
scalability, and resource
efficiency.

High

Calibration and uncertainty Measures how well the
model conveys uncertainty
in its outputs, including
confidence levels and its
ability to handle ambiguity
appropriately.

- If appropriate for the task
at hand, describe calibra-
tion methods and metrics
appropriate for the task
(eg, expected calibration
error)

- Specify thresholds for
flagging outputs requiring
manual review (eg,
percent of abstracts
included in screening in
SLR).

Low: the use of metrics to
evaluate calibration and
uncertainty is an ongoing
area of research

Security and privacy
measures

Assesses adherence to
security, privacy, and data
protection standards and
regulations, including
anonymization, secure
handling, and compliance
with regulations such as
GDPR or HIPAA, if
appropriate.

- Describe security pro-
tocols, such as data
encryption, anonymiza-
tion, and access controls.

- Ensure compliance with
regulations such as GDPR
or HIPAA if appropriate

- Document measures to
safeguard intellectual
property and copyright.

Low: identifying the
appropriate metrics for this
domain is an ongoing area
of research

Overall score Calculates an overall score
for the evaluation using the
checklist.

Assign 3 points for each
domain rated as Clearly
Reported, 2 points for
Ambiguous, and 1 point for
Not Reported. Sum the
points across all domains to
calculate the overall score.

Low: the usefulness of this
score will need to be
further evaluated through
feedback from the HEOR
community

AUC indicates Area under the curve; GDPR, General Data Protection Regulation; GPU, Graphics Processing Unit; HIPAA, Health Insurance Portability and Accountability
Act; LLM, large language model.
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where available. A key concern is the identification and correction
of hallucinated or fabricated content, such as false citations, mis-
represented results, or unsupported claims.19 Authors should
document any discrepancies found during review and describe the
steps taken to address them. Factuality is distinct from accuracy:
although accuracy reflects alignment with expected results or
benchmarks, factuality concerns the truthfulness and verifiability
of the content itself. For instance, a summary may accurately
capture a study’s structure but misreport specific findings,
resulting in factual errors despite an otherwise accurate format.
These distinctions, although nuanced, are important for ensuring
trust in LLM-generated outputs and will be further evaluated
during the piloting and validation phases described in this
manuscript.

Level of Maturity: High

Established practices for fact checking and source validation
are already in place in scientific research workflows and can be
readily applied to AI-generated outputs.
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Reproducibility Protocols and Generalizability

This domain assesses 2 critical aspects of reliability: repro-
ducibility or the ability to replicate results and generalizability, the
applicability of methods across different contexts. Reproducibility
is essential for scientific credibility and policy relevance; yet, it can
be difficult to achieve in generative AI because of proprietary
models, frequent updates, and the stochastic nature of outputs.
The dynamic nature of some generative AI systems—particularly
those that continuously learn or are regularly updated—further
complicates reproducibility. To mitigate these challenges, re-
searchers should document key contextual details, including
model version, date of access, deployment method (eg, API or local
instance), prompt wording, and relevant system settings (eg,
temperature, seed).54,66 When full transparency is not possible—
especially with commercial or black-box models—authors should
clearly state these limitations. Retrieval-augmented generation
approaches may enhance reproducibility by grounding model
outputs in verifiable sources, providing a potential pathway for
more consistent and auditable results across studies.67,68

Generalizability involves assessing whether the LLM workflow
can be applied to other HEOR questions, populations, or settings.
For narrow or single-use applications, authors should indicate that
generalizability does not apply and briefly explain why. Both di-
mensions help ensure responsible, scalable use of LLMs in HEOR.

Level of Maturity: High

Although some implementation challenges persist, particularly
for closed-source systems, reproducibility documentation prac-
tices are well established, and generalizability is a routine
consideration in HEOR research.

Robustness Checks

This domain focuses on evaluating the model’s resilience to
variations in input, such as typographical errors, ambiguous
phrasing, or minor changes in prompt structure. In HEOR appli-
cations, this may be particularly important for tasks that rely on
consistent and interpretable output (eg, data extraction or struc-
tured summarization). Authors should report whether robustness
testing was performed and describe any observed variation in
output quality or performance under perturbed input conditions.
In cases in which inputs and prompts are fully standardized and
tightly constrained, such as in highly scripted workflows or API-
based automations, robustness checks may be less relevant. Au-
thors should briefly note when robustness testing was not con-
ducted and explain why it was not applicable.

Level of Maturity: High

Robustness testing is widely recognized in AI/ML research and
is increasingly incorporated into evaluation practices for LLM ap-
plications in health and biomedical research.

Fairness and Bias

This domain focuses on identifying and mitigating potential
biases in model-generated outputs to ensure equity across pop-
ulations and avoid reinforcing harmful stereotypes or exclusions.
In the HEOR context, fairness may relate to how outputs differ
across sociodemographic groups, such as gender, age, ethnicity, or
socioeconomic status. Where applicable, authors are encouraged
to assess fairness using established metrics, such as demographic
parity or equalized odds, and to evaluate output consistency
across relevant subgroups.69-71 However, this remains an area of
active methodological development, and selecting appropriate
fairness metrics and implementing subgroup analyses may require
specialized expertise, particularly in HEOR applications. Authors
should indicate whether fairness or bias assessments were con-
ducted and describe any relevant findings. If this domain is not
applicable to the study (eg, if the LLM is not generating person-
level or subgroup-relevant content), authors should briefly
explain why it was excluded.

Level of Maturity: Low

Although fairness is a critical consideration, practical guidance
and validated metrics for generative AI in HEOR remain limited
and evolving.

Deployment Context and Efficiency Metrics

This domain addresses both the technical configuration of the
model deployment and the efficiency of its operation. Authors
should describe the deployment setup, including hardware spec-
ifications (eg, number and type of graphical processing units
[GPUs], such as NVIDIA A100, H100, or tensor processing unit
variants), software frameworks (eg, Hugging Face Transformers)
and orchestration tools (eg, Docker and Ray), When possible, au-
thors should indicate whether deployment artifacts, such as
container images, configuration files, environment specifications,
or API wrappers, are publicly available to facilitate reproducibility.
Efficiency metrics are also essential for assessing the model’s
scalability and practical utility in HEOR applications. Relevant
metrics may include latency (response time per query),
throughput (eg, documents processed per second), compute effi-
ciency (eg, floating-point operations per token), and cost metrics
(eg, token cost for commercial APIs). For example, time and cost
required to generate outputs for tasks such as SLRs or HEMs may
significantly influence feasibility of large-scale deployment. When
models are accessed via APIs (eg, commercial models, such as
GPT-4o), efficiency considerations should also include token
limits, response latency, usage costs, and rate limits, all of which
may affect scalability, reproducibility, and real-world applicability.

Level of Maturity: High

Clear practices exist for reporting deployment configurations
and performance metrics, especially for reproducible research and
cloud-based applications.

Calibration and Uncertainty

This domain evaluates whether the model expresses uncer-
tainty appropriately and whether its confidence aligns with actual
performance. Calibration is particularly important in HEOR, in
which overconfidence or underconfidence in outputs can lead to
misinformed decisions. Metrics such as expected calibration error
(ECE)72 are being explored for HEOR use but remain underdevel-
oped. In SLRs, for instance, uncertainty thresholds can help flag
abstracts for manual review as part of hybrid AI-human work-
flows.45 However, such metrics are not yet widely adopted in
HEOR and require further validation. Authors should report
whether uncertainty was assessed, how it was quantified, and
whether the model’s confidence appeared well calibrated for the
task. If this domain is not applicable—eg, for tasks where confi-
dence estimation is not used—authors should state this and pro-
vide a brief justification.

Level of Maturity: Low

Although the concept of calibration is well defined in AI/ML,
practical tools and norms for uncertainty quantification in HEOR
applications remain limited and evolving.



Table 3. Application of the ELEVATE-GenAI checklist to a systematic literature review study (Robinson et al).16

Checklist questions Domain evaluation Assessment

1. Model characteristics Clearly Reported

Is the model’s name, version, developer,
release date, license (eg, open source or
commercial), and architecture described?
Are the training data sources (eg, domain-
specific data sets such as PubMed) and
fine-tuning details provided?

The Bio-SIEVE model is based on
instruction-tuned versions of LLaMA7B
and Guanaco7B, using a 7B parameter
architecture with quantization (4-bit). BIO-
SIEVE is not open source, although
several elements (eg, code and
parameters) are provided. The
publication date is 2023. Training involved
7330 systematic reviews from Cochrane,
focusing on inclusion/exclusion criteria
and reasoning for abstract exclusion.
Instruction fine-tuning was conducted to
improve performance on systematic
review tasks.

This item was rated as Clearly Reported
because the model name, architecture,
developer, license status, training
sources, and fine-tuning procedures were
all described in detail, including the use of
Cochrane data sets and task-specific
tuning.
.

2. Accuracy assessment Clearly Reported

Are task-specific accuracy metrics (eg,
Precision, Recall, and F1 Score) reported
where applicable (accounting for the fact
that different metrics will be relevant for
different tasks)?
Are outputs validated against human
benchmarks or gold-standard data sets?

The article reports precision, recall, and
accuracy metrics for inclusion/exclusion
tasks, comparing Bio-SIEVE’s performance
with baseline models (eg, logistic
regression) and other LLMs such as
ChatGPT. Bio-SIEVE achieved higher recall
and accuracy for inclusion/exclusion but
underperformed in exclusion reasoning,
where ChatGPT demonstrated better
results.

This item was rated as Clearly Reported
because precision, recall, and accuracy
metrics were reported and benchmarked
against human labels and multiple
baselines, including other LLMs.

3. Comprehensiveness assessment Clearly Reported

Are outputs compared with relevant
benchmarks (eg, published reviews and
validated models) to ensure
completeness?
Is there expert evaluation confirming all
critical elements of the task are
addressed?

Bio-SIEVE’s outputs were validated
against gold-standard data sets (eg,
Cochrane) and expert-annotated safety-
first subsets. The Bio-SIEVE Guanaco7B
(Single) achieved a precision of 0.85 and a
recall of 0.82 on the test set,
demonstrating a strong balance between
minimizing false positives and capturing
relevant abstracts (but performed less
well on the safety-first subset). Expert
validation confirmed no critical gaps in
inclusion, aligning with the goal of
capturing all potentially relevant abstracts
during screening.

This item was rated as Clearly Reported
because outputs were benchmarked
against gold-standard data sets, and
expert validation confirmed no critical
gaps in inclusion coverage

4. Factuality verification Clearly Reported

Are methods for verifying the factual
accuracy of outputs (eg, cross-referencing
with sources and expert review)
described?
Are discrepancies and corrective actions
documented?

Exclusion reasoning and inclusion/
exclusion decisions were cross-
referenced with expert-annotated data
sets. Discrepancies (eg, missed inclusions)
were documented and analyzed, with
manual reviews of ambiguous cases
ensuring factual reliability.

This item was rated as Clearly Reported
because inclusion/exclusion outputs were
compared with expert-annotated
references, and discrepancies were
documented and manually reviewed.

5. Reproducibility protocols and
generalizability

Clearly Reported

Are reproducibility protocols (eg, training
code, query phrasing, and
hyperparameters) shared?
Are workflows provided to support
independent verification?
Is the generalizability of the approach and
methods to similar research questions
addressed?

Detailed reproducibility information
includes fine-tuning parameters (eg,
batch size and learning rate),
preprocessing workflows, and access to
training data sets. Access to code and
adapter weights is provided on
HuggingFace. The approach is
generalizable to abstract screening tasks
in other medical domains.

This item was rated as Clearly Reported
because training parameters, code, data
sets, and model adapters were shared,
and generalizability to other medical
domains was addressed.

continued on next page
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Table 3. Continued

Checklist questions Domain evaluation Assessment

6. Robustness checks Clearly Reported

Are robustness tests (eg, handling
typographical errors and ambiguous
queries) documented?
Are changes in model performance under
these conditions reported?

Robustness was tested by varying input
prompts and testing irrelevancy
exclusions (eg, pairing abstracts with
unrelated topics). Bio-SIEVE consistently
excluded irrelevant abstracts,
demonstrating robustness to input
variations.

This item was rated as Clearly Reported
because robustness was tested by varying
inputs and pairing abstracts with
unrelated content, demonstrating
consistent model behavior.

7. Fairness and bias monitoring Not Reported

Are outputs evaluated for biases or
stereotypes related to gender, age,
ethnicity, or other demographics?
Are fairness metrics (eg, demographic
parity) used (if applicable), and corrective
actions for identified biases documented?

Fairness metrics, such as demographic
parity, or bias in inclusion/exclusion
decisions, were not explicitly assessed.
Population biases were not evaluated.

This item was rated as Not Reported
because no analysis of demographic or
representational bias was conducted, and
fairness metrics were not applied.

8. Deployment context and metrics Ambiguous

Are deployment setup details (eg,
hardware, software, and runnable
deployment code) clearly described?
Are efficiency metrics (eg, processing
time, scalability, and resource usage)
reported?

The Bio-SIEVE Guanaco7B models were
trained on 4 NVIDIA A100 80GB GPUs for
24-40 hours, depending on the model.
Inference time was reported as 1.39
seconds per sample on an RTX 3090 GPU,
but context (eg, batch size) and memory
usage metrics were not provided.

This item was rated as Ambiguous
because GPU usage and inference time
were reported, but key efficiency metrics
such as batch size, memory consumption,
and scalability were not provided.

9. Calibration and uncertainty Ambiguous

Is the model’s uncertainty quantified and
explicitly reported (if applicable)? Are
thresholds for manual review of outputs
(eg, ambiguous cases flagged in
systematic reviews) specified?

Confidence in inclusion/exclusion
decisions was not explicitly quantified.
Manual validation of safety-first decisions
suggests effective uncertainty
management, but explicit thresholds
were not defined.

This item was rated as Ambiguous
because confidence levels and thresholds
for ambiguity were not quantified,
although manual validation suggests
some awareness of uncertainty.

10. Security and privacy measures Not Reported

Are security protocols (eg, encryption,
anonymization, and access controls)
documented?
Is compliance with regulations such as
GDPR or HIPAA reported, if applicable?
Is compliance with intellectual property
and copyright law documented?

Compliance with AI regulations, copyright
protection, and data security were not
discussed. Patient-level data were not
used, minimizing direct privacy risks.

This item was rated as Not Reported
because security, privacy, and regulatory
compliance were not discussed, although
the study avoided using identifiable
patient data.

Overall score: Assign 3 points for each
domain rated as Clearly Reported, 2
points for Ambiguous, and 1 point for Not
Reported. Sum the points across all
domains to calculate the overall score.

Clearly Reported: 6, Ambiguous: 2, Not
Reported: 2
Total score = 24/30

Note. The scoring system (3 = Clearly Reported, 3= Not Applicable, 2 = Ambiguous, and 1 = Not Reported) is optional and intended only for the self-assessment of
reporting completeness. It does not reflect methodological rigor or study quality. The scoring system will be piloted and reassessed in future validation rounds.
GPU indicates graphics processing unit; LLM, large language model.
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Security and Privacy

This domain evaluates whether appropriate safeguards are in
place to protect sensitive, personal, or proprietary data used
during model development or output generation. In HEOR
studies that involve personal health information, clinical re-
cords, or licensed content, authors should describe relevant se-
curity protocols, including encryption methods, anonymization
techniques, and access controls. Where applicable, authors
should also indicate whether their work complies with data
protection regulations, such as General Data Protection Regula-
tion (GDPR) or Health Insurance Portability and Accountability
Act (HIPAA), and describe any measures taken to protect intel-
lectual property or copyrighted material.3 Security and privacy
protections are essential to maintaining stakeholder trust,
regulatory compliance, and research integrity. If the study does
not involve sensitive or proprietary data, authors may state that
this domain is not applicable and provide a brief explanation.

Level of Maturity: Low

Although security and privacy principles are well established
in healthcare and technology, specific implementation guidance
for generative AI use in HEOR is still emerging.

Overall Score (Optional)

The scoring system is an optional tool to help users and re-
viewers assess the completeness of reporting. It is not a required
domain and is not needed for framework adherence. Each domain



Table 4. Application of the ELEVATE-GenAI checklist to a health economic modeling study (Reason et al23).

Checklist questions Evaluation Assessment

1. Model characteristics Ambiguous

Is the model’s name, version, developer,
release date, license (eg, open source or
commercial), and architecture described?
Are the training data sources (eg, domain-
specific data sets such as PubMed) and
fine-tuning details provided?

The study utilized GPT-4, a transformer-
based large language model developed
by OpenAI, a commercial model. Specific
GPT-4 model release date was not
specified. The model was accessed via
API, and no specific fine-tuning for health
economic modeling was reported.
GPT-4 training data includes general-
purpose data sets. Explicit adaptation for
health economic modeling tasks was
absent. In this study, domain-specific
functionality was achieved through
iterative development of contextual
prompts.

This item was rated as Ambiguous
because some key elements—such as the
model release date, fine-tuning details,
and use of domain-specific training
data—were not reported, although
general model characteristics and access
method were described.

2. Accuracy assessment Clearly Reported

Are task-specific accuracy metrics (eg,
Precision, Recall, and F1 Score) reported
where applicable (accounting for the fact
that different metrics will be relevant for
different tasks)?
Are outputs validated against human
benchmarks or gold-standard data sets?

Accuracy was assessed by comparing
model outputs with the published model
results. For NSCLC, 93% of runs were
completely error-free; for RCC, 60% of
runs required simplification but were
error-free. ICERs were within 1% of
published values.

This item was rated as Clearly Reported
because model outputs were
quantitatively compared with published
benchmarks, and error rates and ICER
deviations were clearly documented.

3. Comprehensiveness assessment Clearly Reported

Are outputs compared with relevant
benchmarks (eg, published reviews and
validated models) to ensure
completeness?
Is there expert evaluation confirming all
critical elements of the task are
addressed?

Outputs replicated complete three-state
models, including progression-free,
progressed disease, and death states.
Simplification of complex RCC model
steps was noted. Benchmarking against
published results ensured alignment.

This item was rated as Clearly Reported
because the outputs included all key
model components and were
benchmarked against complete
published models, with expert
interpretation noted.

4. Factuality verification Clearly Reported

Are methods for verifying the factual
accuracy of outputs (eg, cross-referencing
with sources and expert review)
described?
Are discrepancies and corrective actions
documented?

ICERs and transition values were cross-
referenced with published models. Minor
discrepancies (eg, discounting
assumptions) were documented and
attributed to differences in software
calculation methods.

This item was rated as Clearly Reported
because the model outputs were cross-
checked against source materials,
discrepancies were noted, and
explanations were provided.

5. Reproducibility protocols and
generalizability

Clearly Reported

Are reproducibility protocols (eg, training
code, query phrasing, and
hyperparameters) shared?
Are workflows provided to support
independent verification?
Is the generalizability of the approach
methods to similar research questions
addressed?

Prompts, API parameters, and Python-
based automation workflows were
described, enabling reproducibility.
Generated R scripts are publicly available
for independent validation. Prompting
strategies for the NSCLC model were re-
used for the RCC model without
modification suggesting their potential
applicability across different health
economic decision problems.

This item was rated as Clearly Reported
because detailed prompts, parameters,
and automation scripts were shared, and
the reuse of prompt strategies across
models supported generalizability.

6. Robustness checks Clearly Reported

Are robustness tests (eg, handling
typographical errors and ambiguous
queries) documented?
Are changes in model performance under
these conditions reported?

Robustness was tested through prompt
variation, such as breaking scripts into
multiple prompts. Simplifications were
required for overly complex RCC
calculations, demonstrating some
limitations in handling atypical scenarios.

This item was rated as Clearly Reported
because prompt variations were tested,
and limitations in handling complex
inputs were described and interpreted in
context.

continued on next page
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Table 4. Continued

Checklist questions Evaluation Assessment

7. Fairness and bias monitoring Not Reported

Are outputs evaluated for biases or
stereotypes related to gender, age,
ethnicity, or other demographics?
Are fairness metrics (eg, demographic
parity) used (if applicable), and corrective
actions for identified biases documented?

The study did not explicitly address
fairness or demographic bias. Outputs
were focused on technical replication of
published models without discussion of
bias or fairness in population
representation.

This item was rated as Not Reported
because there was no assessment of
fairness or bias related to demographic
factors, nor any mention of mitigation
strategies.

8. Deployment context and metrics Clearly Reported

Are deployment setup details (eg,
hardware, software, and runnable
deployment code) clearly described?
Are efficiency metrics (eg, processing
time, scalability, and resource usage)
reported?

Deployment used Python and R, with
scripts processed on midrange GPUs.
Average generation times were 715
seconds for the NSCLC model and 956
seconds for the RCC model. Automation
using Python streamlined interactions
with GPT-4, improving scalability for
larger data sets by reducing manual
intervention. Time to create context-
specific prompts was not reported.

This item was rated as Clearly Reported
because the computational setup and
processing time were described, along
with the use of automation to improve
scalability.

9. Calibration and uncertainty Not Reported

Is the model’s uncertainty quantified and
explicitly reported (if applicable)? Are
thresholds for manual review of outputs
(eg, ambiguous cases flagged in
systematic reviews) specified?

Model outputs varied slightly across 15
runs, despite low-temperature settings.
Manual quality assurance flagged errors
and confirmed minor variability in ICERs.
Explicit uncertainty quantification was not
performed.

This item was rated as Not Reported
because uncertainty quantification was
not performed, and there were no
defined thresholds or formal handling of
ambiguous outputs.

10. Security and privacy measures Clearly Reported

Are security protocols (eg, encryption,
anonymization, and access controls)
documented?
Is compliance with regulations such as
GDPR or HIPAA reported, if applicable?
Is compliance with intellectual property
and copyright law documented?

Dummy data replaced sensitive inputs in
prompts because of concerns about LLM
data retention. The paper suggests
private LLM instances as a future solution
to address security and intellectual
property concerns.

This item was rated as Clearly Reported
because data protection strategies were
described, including the use of dummy
inputs and future recommendations for
secure deployment.

Overall score: Assign 3 points for each
domain rated as Clearly Reported, 2
points for Ambiguous, and 1 point for Not
Reported. Sum the points across all
domains to calculate the overall score.

Clearly Reported: 7, Ambiguous: 1, Not
Reported: 2
Total score: 25/30

Note. The scoring system (3 = Clearly Reported, 3= Not Applicable, 2 = Ambiguous, and 1 = Not Reported) is optional and intended only for the self-assessment of
reporting completeness. It does not reflect methodological rigor or study quality. The scoring system will be piloted and reassessed in future validation rounds.
API indicates application programming interface; ECE, expected calibration error; ICER, incremental cost-effectiveness ratio; LLM, large language model; NSCLC, non-
small cell lung cancer; RCC, renal cell carcinoma.
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can be rated on a 3-point scale: Clearly Reported (3 points), Not
Applicable (3 points), Ambiguous (2 points), or Not Reported (1
point). “Clearly Reported” indicates full adherence to domain
criteria; “Not Applicable” reflects domains irrelevant to the study;
“Ambiguous” refers to incomplete or unclear reporting; and “Not
Reported” means relevant information is missing. The total score,
calculated by summing across domains, offers a summary of
reporting completeness and may support self-assessment or peer
review. However, it should not be interpreted as a measure of
methodological rigor. The scoring feature is optional and designed
to support consistent reporting—not to grade or rank studies.
Alternative approaches, such as flagging missing critical domains,
will be explored in future iterations of the framework.

Level of Maturity: Low

Although scoring systems are common in reporting guidelines,
their application to LLM use in HEOR is still under development
and requires further testing.
Applications of the ELEVATE-GenAI Framework to HEOR
Activities

The ELEVATE-GenAI reporting framework was applied to 2
published HEOR use cases to illustrate its applicability: one
focused on abstract screening for a systematic literature review
(SLR)16 and the other on developing a cost-effectiveness model for
health economic analysis.23 These examples, detailed in Tables 316

and 4,23 illustrate how the framework can be used to systemati-
cally assess the reporting of outputs augmented with LLMs across
distinct HEOR tasks.
ELEVATE-GenAI Application to an SLR Publication

Table 316 shows the application of the ELEVATE-GenAI frame-
work to evaluate the Bio-SIEVE model in the SLR study by Rob-
inson et al.16 This study investigates the use of LLMs to automate
title and abstract screening for SLR in the biomedical field and
assesses the performance of LLMs in exclusion reasoning, (ie,
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providing the rationale for excluding an abstract). The model, in-
struction tuned on LLaMA and Guanaco, uses a 7B parameter ar-
chitecture with quantization (4-bit LoRA) and was trained on 7330
Cochrane systematic reviews, focusing on inclusion/exclusion
criteria. Fine-tuning was validated with a curated safety-first test
set to ensure task-specific performance. Accuracy metrics, such as
precision, recall, and overall accuracy, demonstrated superior
performance compared with logistic regression and other LLMs
(eg, ChatGPT). Comprehensiveness was validated against gold-
standard data sets and expert reviews to ensure no relevant ab-
stracts were missed. Factuality verification involved cross-
checking inclusion/exclusion decisions with expert data sets,
with discrepancies documented and addressed. Reproducibility
protocols included detailed documentation of fine-tuning pa-
rameters and workflows, with publicly available code and weights
for independent validation. The methods are likely generalizable
to other medical domains. Robustness was assessed by varying
input prompts, with Bio-SIEVE consistently excluding irrelevant
abstracts. Fairness and bias monitoring were not explicitly
measured. Deployment metrics, including hardware specifications
(eg, 4 A100 GPUs) and processing time (eg, 1.39 seconds per
sample), highlighted scalability. Calibration and uncertainty
measures were limited, relying on manual validation without
explicit thresholds for ambiguous cases. Security and privacy were
addressed through anonymization and secure handling of
Cochrane data, but copyright protection was not discussed.
Compliance with HIPAA or GDPR would not be relevant to this
type of study.

In summary, the application of Bio-SIEVE study by Robinson
et al16 found that 6 domains were “Clearly Reported,” 2 were
“Ambiguous,” and 2 were “Not Reported.” As expected, 3 out of
the 4 domains that were evaluated as ambiguous or not reported
(fairness and bias monitoring, calibration and uncertainty, and
security and privacy measures) correspond to domains with a low
level of maturity for metrics, further highlighting the need for
future work to identify the useful metrics for these domains.

Application to an HEM Publication

Table 423 demonstrates the application of the ELEVATE-GenAI
framework to an HEM study by Reason et al.23 The study ex-
plores the feasibility of using GPT-4 to automatically program
health economic models. Specifically, the study aims to replicate 2
existing health economic analyses: the cost-effectiveness of
nivolumab versus docetaxel for non-small cell lung cancer
(NSCLC) and nivolumab plus ipilimumab versus sunitinib and
pazopanib for renal cell carcinoma (RCC). The authors provided a
detailed description of GPT-4, the LLM used in their study. Accu-
racy was demonstrated by replicating published 3-state models
(progression-free, progressed disease, and death states) with
outputs aligning closely to benchmark results, as assessed by
comparing incremental cost-effectiveness ratios (ICERs) with
published values. For NSCLC models, 93% of runs were error-free,
whereas RCC models required simplification but still achieved
accuracy within 1% of published ICERs. Precision and recall metrics
are not applicable to this use case. Comprehensiveness was vali-
dated through benchmarking and replication of complete models,
although the need to simplify complex RCC calculations high-
lighted some limitations. Factuality verification cross-referenced
ICERs and transition values with published sources, with minor
discrepancies attributed to differences in discounting methods.
Reproducibility was supported by detailed prompts, API parame-
ters, and automation workflows, with generated R scripts made
publicly available. Generalizability was demonstrated by the suc-
cessful reuse of prompting strategies from the NSCLC model in the
RCC model without modification, suggesting their potential
applicability across different health economic decision problems.
Robustness was tested by varying prompts, revealing limitations
in handling atypical scenarios, such as overly complex calculations
for RCC. Fairness was not explicitly addressed because the study
focused on technical replication rather than equity considerations.
Deployment relied on Python and R scripts processed on midrange
GPUs, with generation times averaging 715 seconds for NSCLC and
956 seconds for RCC. Scalability was improved through automa-
tion workflows. Calibration and uncertainty were evaluated
qualitatively, with minor ICER variability noted across runs. Se-
curity and privacy were addressed by using dummy data to
replace sensitive inputs, and the authors suggested private LLM
instances as a future solution to enhance security and intellectual
property protections.

The HEM study by Reason et al23 effectively demonstrated the
use of LLMs in cost-effectiveness modeling but omitted informa-
tion required for several domains in the ELEVATE-GenAI frame-
work. The evaluation found that 7 domains were “Clearly
Reported,” 1 was “Ambiguous,” and 2 were “Not Reported.” One of
the domains, Model Characteristics, was evaluated as Ambiguous,
but it would not be difficult for the authors in further iterations to
report the appropriate information for this domain, indicating
why the ELEVATE-GenAI framework has an important role to play
in standardizing what authors might report.

Discussion

Limitations of the ELEVATE-GenAI Reporting Guidelines

The ELEVATE-GenAI guidelines provide a foundational frame-
work for reporting LLM use in HEOR, but several limitations
should be acknowledged. First, the targeted literature review
informing the framework was not systematic and may have
omitted relevant sources. The 10 domains were derived through
expert consensus and literature synthesis, but further validation is
needed to ensure all relevant aspects of LLM use in HEOR are
captured without introducing unnecessary complexity and
reporting burden. Maturity levels for each domain reflect expert
judgment and are inherently subjective; their value will need to
be tested through stakeholder feedback. Similarly, although a
scoring system was piloted to support self-assessment, its future
utility will depend on broader user input.

Second, certain domain definitions may be challenging to
apply consistently because they are conceptually similar. For
example, distinguishing between accuracy and comprehensive-
ness is not always straightforward—an LLM may correctly report
included studies (accuracy) but fail to capture all relevant ones
(comprehensiveness). Reproducibility is also difficult to achieve,
given variability in data access, prompt design, and computational
environments. Even with open-source models, exact replication
may not be possible, and closed-source models, such as GPT-4,
introduce further uncertainty due to ongoing updates.

Third, the framework’s generalizability across HEOR tasks re-
quires further empirical testing (Appendix 3 in Supplemental
Materials found at https://doi.org/10.1016/j.jval.2025.06.018).
Although designed to be broadly applicable, it has only been
applied to 2 use cases. Because it is tested across a wider range of
activities—such as SLRs, HEM, and RWE generation—its strengths
and limitations will become clearer.

Fourth, many evaluation metrics commonly used in AI/ML—
such as expected calibration error (ECE), robustness and accuracy
metrics—have not been validated for HEOR-specific tasks, such as
parameter estimation or health state identification. Fairness and
bias assessment remain particularly challenging, especially in the

https://doi.org/10.1016/j.jval.2025.06.018
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context of HEOR studies. Of note, benchmarks specific to HEOR
field are needed. One example might be a benchmark to evaluate
the accuracy of a LLM to screen titles and abstracts in an SLR. To
signal the variability in metric maturity, the guidelines assign a
“level of maturity” to each domain. Future work should prioritize
adapting these metrics to HEOR, refining reporting guidance.

Finally, as agentic approaches become more prevalent—in
which LLMs perform iterative or semiautonomous tasks—future
versions of ELEVATE-GenAI may require additional guidance in
this area.

Next Steps

This version of the ELEVATE-GenAI reporting guidelines was
developed through expert input and a targeted literature review.
Revisions to date have clarified that scoring is optional, acknowl-
edged the absence of a standalone explainability domain, and
recognized that not all domains will apply to every use case. As a
living guideline, future versions will be publicly released with op-
portunities for community input. Next steps could include struc-
tured stakeholder consultation, piloting across a range of HEOR
applications, and a formal Delphi process to assess the relevance,
clarity, and utility of each domain. These activities—modeled after
best practices from guideline initiatives such as PRISMA-AI38—will
ensure the framework remains practical, flexible, and responsive to
the evolving landscape of generative AI in HEOR.
Conclusions

As the use of generative AI accelerates within HEOR, there is an
urgent need for rigorous, consistent, and transparent reporting
practices. LLMs offer promising capabilities to support evidence
generation across tasks such as SLRs, economic modeling, and
real-world data analysis. The ELEVATE-GenAI reporting guidelines
provide a structured approach for documenting both model
characteristics and output quality, helping to ensure scientific
integrity in AI-augmented research. Initial applications of the
guidelines have identified important areas for refinement,
particularly around reproducibility, robustness, fairness, and un-
certainty. As generative AI continues to evolve, so too must the
tools used to guide its responsible integration into HEOR work-
flows. By adopting and iteratively improving structured reporting
practices, the HEOR community can advance innovation while
upholding standards of transparency and trustworthiness.

Glossary

� Artificial intelligence (AI): A broad field of computer science
that aims to create intelligent machines capable of performing
tasks typically requiring human intelligence.

� Area under the curve (AUC): A performance metric for classifi-
cation models that measures the ability to distinguish between
classes. It represents the area under the Receiver Operating
Characteristic curve, summarizing the trade-off between
sensitivity (recall) and specificity. A higher AUC indicates better
model performance.

� Deep learning: A subset of machine learning algorithms that
uses multilayered neural networks, called deep neural net-
works. These algorithms are the core behind the majority of
advanced AI models.

� Expected calibration error (ECE): A metric that evaluates how
well a model’s predicted probabilities align with the actual
likelihood of an event occurring. Low ECE indicates better-
calibrated predictions, which is critical for applications
requiring reliable confidence scores.
� F1 score: A metric that balances precision and recall, calculated
as the harmonic mean of these 2 measures. It is particularly
useful for evaluating models in scenarios where false positives
and false negatives have unequal consequences.

� Foundation model: Large-scale pretrained models that serve a
variety of purposes. These models are trained on broad data at
scale and can adapt to a wide range of tasks and domains with
further fine-tuning.

� Generative AI: AI systems capable of generating text, images, or
other content based on input data, often creating new and
original outputs.

� Generative pre-trained transformer (GPT): A type of large lan-
guage model (LLM) based on the Transformer architecture, pre-
trained on large text data sets to generate human-like language.
Although GPT commonly refers to OpenAI’s model series (eg,
GPT-4), the term also describes a broader class of transformer-
based models developed by other organizations, such as An-
thropic’s Claude.

� Large language model (LLM): A specific type of foundation
model trained on massive text data that can recognize, sum-
marize, translate, predict, and generate text and other content
based on knowledge gained from massive data sets.

� Machine learning (ML): A field of study within AI that focuses
on developing algorithms that can learn from data without
being explicitly programmed.

� Multimodal AI: An AI model that simultaneously integrates
diverse data formats provided as training and prompt inputs,
including images, text, bio-signals, -omics data, and more.

� Precision: A metric that evaluates the proportion of true posi-
tive predictions among all positive predictions made by a
model. High precision indicates fewer false positives, which is
essential in tasks where accuracy of positive classifications is
critical.

� Prompt: The input given to an AI system, consisting of text or
parameters that guide the AI to generate text, images, or other
outputs in response.

� Prompt engineering: Creating and adapting prompts (input) to
instruct AI models to generate specific outputs.

� Recall: A metric that evaluates the proportion of true positive
predictions among all actual positive cases. High recall indicates
fewer false negatives, which is crucial for tasks where capturing
all relevant instances is a priority.

� Token: A token refers to a unit of input data used by a model,
which may be a word fragment, symbol, or, in the case of
multimodal models, a non-text element such as an image
embedding. The context window defines the maximum number
of tokens a model can process at once and determines the
length and complexity of input it can handle efficiently.
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