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Large language models offer new opportunities 
for behavioural science, but their rapid 
evolution poses challenges for research 
rigour. We introduce a consensus-based 
reporting checklist to improve transparency, 
reproducibility and ethical accountability of 
large-language-model-based research in the 
behavioural sciences.

Large language models (LLMs) are deep neural network architectures 
(typically transformers) trained on a large body of textual data that can 
generate human-like text. Many researchers across the behavioural and 
social sciences are enthusiastic about the potential of LLMs to open new 
avenues for studying human behaviour1. For example, researchers have 
proposed using LLMs to conduct in silico experiments that simulate 
human judgments and decisions in response to interventions, and to 
facilitate large-scale data annotation and analysis2. Other works have 
deployed LLMs as interventions to foster creativity, persuade, teach, 
or reduce misinformation beliefs3,4. However, the rapidly evolving role 
of LLMs in shaping empirical evidence, theoretical frameworks, policy 
decisions, and public discourse poses challenges for research rigour.

Here, we present a consensus-based checklist (‘GUIDE-LLM’) for 
research that involves LLMs in behavioural and social science, with 
the aim of strengthening transparency, reproducibility and ethical 
accountability. GUIDE-LLM stands for ‘guidelines for the use of LLMs 
in behavioural and social science’. The GUIDE-LLM checklist provides 
researchers with concrete guidance on improving transparency, repro-
ducibility and ethical use, to strengthen rigour and documentation 

throughout the entire research workflow (including when LLMs func-
tion as research tools, as well as studies in which LLMs themselves are 
the object of empirical investigation).

Challenges of LLM use
The way in which LLMs are implemented, used and reported in scientific 
research can vary widely. For example, the label ‘ChatGPT’ can refer to 
different underlying models (for example, GPT-4 or GPT-4o), each with 
multiple versions that are often marked by timestamps (for example, 
gpt-4o-2024-11-20). Other LLMs (such as Llama) are available in differ-
ent sizes even within the same version number (for example, 8 billion 
versus 70 billion parameters), which leads to large performance dif-
ferences across tasks. Even with the same model, behaviour may differ 
depending on the access mode (for example, via the official API (appli-
cation programming interface) or a web interface), due to differences 
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in system prompts (specific prompts with predefined instructions 
before any user input to control the model’s behaviour) and runtime 
environments (for example, differences in safety layers, inference 
infrastructure or memory use). These sources of heterogeneity can 
lead to replication failures, especially for commercial models whose 
developers are not obligated to publicly disclose model changes. This 
challenge is compounded by the fact that access is often controlled by 
commercial companies and that access may be modified or discon-
tinued without notice, which makes long-term reproducibility and 
verification difficult5.

Outputs from LLMs may also vary as a product of specific param-
eter settings, and small differences could yield different outcomes 
even for identical prompts. For instance, the ‘temperature’ param-
eter controls the randomness of responses; higher values generate 
more diverse outputs across runs, and lower values generate more 
deterministic outputs. Such randomness can substantially influence 
behaviour, especially in tasks that involve text generation or reason-
ing. Even with a temperature set to zero, outputs can still vary owing to 
hardware-level non-determinism (note that low temperatures are not 
necessarily preferable but depend on the research objective, such as 
benefits from greater exploration versus more consistent responses). 
Further, the ‘token limit’ can be used as a parameter to control the 
length of the output, which may affect performance. Finally, we note 
that some frontier models (for example, GPT-5) no longer allow param-
eters such as temperature to be set at all, which illustrates that even the 
set of parameters available for reproducibility can change over time.

Prompts are another major source of variability6. Slight differ-
ences in how prompts are phrased can markedly change model outputs. 
One can steer an LLM’s behaviour through various techniques such as 
personas (instructing the model to respond from a specific perspective 
or role), chain-of-thought reasoning (guiding the model to solve prob-
lems step by step) or in-context learning (providing examples within 
the prompt). But differences in prompts are often unrecorded and/or 
unreported, which makes it difficult to compare results across studies.

The transparency of LLMs is further complicated by the fact that 
training data are typically hidden from end-users. Because LLMs are 
trained on vast datasets that may contain biased, incomplete or sen-
sitive information, they can reproduce existing societal biases and 
inequities7,8, including stigmatizing and stereotypical language. For 
downstream research using LLMs in behavioural or social science, this 
upstream opacity remains a salient limitation, so a key challenge is to 
recognize and document how such model characteristics may shape 
one’s own study designs and conclusions. Moreover, LLMs may have 
been exposed to specific study stimuli or benchmark materials dur-
ing training, which complicates interpretation and threatens internal 
validity (and memorization tests are often imperfect). Without careful 
documentation, validation and safeguards, studies in behavioural and 
social science may overlook issues such as the propagation of societal 
biases or data contamination (for example, prior exposure of LLMs to 
test materials during training), and thereby complicates the interpreta-
tion and robustness of findings that involve LLMs. Researchers must 
also account for LLMs with memory, in which prior exposure to study 
materials in previous sessions may influence subsequent outputs 
(which makes reproducibility challenging).

Consensus method
The checklist was developed through a preregistered, two-round, 
reactive Delphi study9, with input from an expert panel of research-
ers experienced in conducting LLM-based studies across various 

subdisciplines from behavioural and social sciences (for example, 
psychology, political science, economics and sociology) as well as 
machine-learning researchers specialized in natural language pro-
cessing. The method is described in our supplementary materials10. In 
round 1, an expert panel (n = 68) evaluated an initial pool of candidate 
items using a five-point Likert-type scale that ranged from ‘strongly 
exclude’ to ‘strongly include’. Candidate items with positive scores were 
provisionally retained and revised after careful discussion among the 
core members to accommodate the qualitative feedback. No additional 
items were added during round 1, which reflects the fact that the initial 
item pool had been deliberately designed to be comprehensive by 
covering the broad range of potential reporting dimensions identified 
from prior literature, related reporting frameworks and prior experi-
ence. In round 2, the refined checklist was evaluated by the experts 
(n = 80, which included the experts from round 1 as well as additional 
experts to improve geographical representation), but now with a binary 
inclusion vote (‘include’ versus ‘exclude’). Details are available in our 
supplementary materials10.

We used a preregistered consensus threshold of more than 
two-thirds of votes in favour of inclusion, so that all items reached 
broad expert support for their inclusion. Items that did not meet this 
threshold were removed from the checklist, which implies that the 
resulting items in the checklist reflect broad agreement among experts. 
Several items that did not reach the inclusion threshold were eventu-
ally retained as optional items in the online version of the checklist.

Our consensus-based approach has limitations, including overlap 
between the author group and expert panel, uneven geographical 
representation, and the possibility that some context-specific but 
important items did not meet the predefined inclusion threshold; 
further details are provided in our supplementary materials10.

The GUIDE-LLM checklist
We present a consensus-based checklist that behavioural and social 
science researchers can use to improve and document the transparency 
of their research (Table 1). Overall, the GUIDE-LLM checklist comprises 
14 items, which cover the scope of LLM use (2 items), model or system 
details (5 items), prompts (2 items), data inputs and privacy (1 item), 
validation and interpretation (2 items), reproducibility (1 item) and 
competing interests (1 item). The majority of items are broadly appli-
cable across research designs, and hence the checklist should serve 
as a minimum reporting standard. Below, we highlight key elements 
of the checklist.

The checklist emphasizes that rigorous reporting begins with 
clarity about how and why LLMs are used. In behavioural and social 
sciences, LLMs can appear at nearly any stage of the research process —  
from designing stimuli and coding qualitative data to serving as par-
ticipants in simulated experiments or as interventions interacting with 
humans. Each of these roles raises distinct methodological and ethical 
considerations. For instance, an LLM used to generate experimental 
materials requires clear documentation of prompt design and valida-
tion, and an LLM used as a participant-facing chatbot calls for particular 
attention to safety, oversight and informed consent.

The checklist highlights the importance of exact reporting about 
the model or system (for example, often expressed as a timestamp, such 
as ‘gpt-4o-2024-11-20’), and of including the exact prompts used. Many 
published studies refer broadly to ‘ChatGPT’ or ‘GPT-4’, yet these broad 
labels mask substantial variation across versions, configurations and 
access modes that can materially affect results. Further, validation of 
LLM outputs is important because LLMs are often prompted to perform 
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specific analytic tasks such as identifying sentiment, detecting emotions 
or classifying moral language, so human validation helps to verify that 
the LLM’s responses indeed reflect the intended construct2. The quality of 
this validation directly affects how confidently researchers can interpret 
downstream findings and assess the reliability of LLM-assisted studies.

Finally, the checklist emphasizes the importance of sharing code, 
scripts and example interactions — while carefully redacting any sen-
sitive information— to enable other researchers to verify findings and 
adapt methods to new contexts. Such openness is particularly crucial in a 
fast-moving field in which LLM versions and access conditions may change 
or become discontinued. Moreover, because many researchers using LLMs 
may have financial or professional ties to major technology companies or 
have received benefits through computing resources11, the checklist urges 
transparent disclosure of any potential competing interests. Clear report-
ing of such relationships helps readers to assess possible sources of bias and 
ultimately strengthens trust in LLM-based behavioural science research.

The online version of the GUIDE-LLM checklist also includes a 
list of optional items that did not reach consensus during the Delphi 
process but were nonetheless considered valuable by many experts. 
The optional items focus on: (1) the justification for the LLM choice; 
(2) the rationale for the prompt design; (3) comparison against other 
LLMs or methods (for example, whether the study conclusions are 
unique to a specific LLM or are generalizable across different LLMs); 
(4) the risks of training data leakage (for example, to reflect on cases 
in which LLMs may have been exposed to test materials during train-
ing, potentially conflating performance estimates); (5) assessment of 
potential bias or systematic differences in LLM behaviour that could 
affect the study’s conclusions (for example, LLMs are known to display 
gender, racial or cultural bias that could affect results); (6) conversation 
transcripts; (7) a discussion of ethical implications (for example, such 
as when LLM chatbots are used for participant-facing interventions); 
and (8) computational resource use.

Practical considerations
The checklist is intended to serve a wide range of stakeholders: behav-
ioural and social science researchers authoring LLM studies; journal 
editors, peer reviewers and scientific readers evaluating research; 
policy-makers seeking to implement rules and regulations; and the 
broader public that benefits from increased transparency and rigour 
of LLM-based research. The GUIDE-LLM checklist is not intended to 
prescribe specific modelling choices for LLM-based research, but rather 
to promote transparency.

Although the majority of items should be broadly applicable, 
some flexibility is necessary. We therefore advocate a pragmatic, 
context-sensitive use of the checklist. In such cases, researchers may 
leave items blank or may explain why they are inapplicable. Further, the 
checklist is aimed at cases in which LLM use is integral to the research 
design rather than minor or purely editorial uses of LLMs. When mul-
tiple LLMs are used for different tasks or steps in the research process, 
the relevant sections should be completed separately for each model. 
We also recognize pragmatic constraints: for example, in agentic 
systems, reporting verbatim prompts may be impractical, in which 
case researchers should provide the most complete documentation 
feasible (for example, source code, configuration files or structured 
descriptions of the interaction logic). To simplify reporting, authors 
are encouraged to reference the relevant sections, pages or appendices 
of their manuscripts rather than duplicating text.

The checklist is maintained as a ‘living document’ to allow for 
regular updates. Further, the GUIDE-LLM was developed primarily with 
text-only models in mind, but most reporting items are applicable to 
multimodal LLMs and artificial intelligence agents. Reporting param-
eters such as temperature, seeds or other configuration settings does 
not guarantee full reproducibility but is rather a necessary first step 
towards greater transparency.
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Table 1 | The GUIDE-LLM checklist for promoting transparency, 
reproducibility and ethical accountability in studies that 
involve LLMs

Item Name

Scope of LLM use

Item A.1 LLMs were used in this project for: …

Item A.2 Degree of automation (human in the loop versus fully 
automated): …

Model or system details

Item B.1 Model name, including provider, model size, exact version or 
identifier, date of access and source link (if possible): …

Item B.2 Model access (for example, API, web interface or local) and 
context mode (for example, chat mode or separate calls): …

Item B.3 Relevant LLM configuration(s) reported (as applicable), such as 
temperature, maximum tokens, seed and number of runs: …

Item B.4 Customization: …

Item B.5 Did the LLM session(s) include persistent memory across 
interactions? …

Prompts

Item C.1 Exact prompt(s) reported: …

Item C.2 System-wide instructions (if any): …

Data inputs and privacy

Item D.1 Handling of personal or sensitive data (if any) (for example, 
consent for data processing): …

Validation and interpretation

Item E.1 Human validation of LLM outputs: …

Item E.2 Describe any relevant post-processing (for example, filtering in 
case of format mismatches, unit conversions and so on): …

Reproducibility

Item F.1 Code, notebooks or scripts for LLM calls shared: …

Competing interests

Item G.1 Funding, support or other relevant relationships (including 
in-kind access to compute or models, or professional 
affiliations): …

A template for the GUIDE-LLM checklist is also available online. The answer options are 
omitted from the above table and provided in the template.
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