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Abstract 

The integration of artificial intelligence (AI), particularly large language models (LLMs), into research across the 
social sciences has accelerated innovation but also introduced significant challenges to reproducibility - a 
cornerstone of scientific integrity. In this review of scientific practices, we examine the reproducibility crisis in AI-
driven research with a focus on psychology, identifying common pitfalls, reviewing proposed solutions, and 
advocating for best practices. Common pitfalls in current practices in the social sciences are identified and 
highlighted through synthesized research scenarios, such as: (1) using inaccessible datasets or language models 
with restricted access, (2) treating black-box API outputs as stable observations ignoring updates and hidden 
changes, (3) producing single runs for measurements instead of stochastic draws for aggregated performances, 
(4) failing to report full LLM version, prompting, and sampling parameters, and (5) opaque training and fine-tuning 
of LLMs. Our recommended practices include precisely documenting the model used, fixing all inference 
parameters, using automation and scripts to control prompts, context, and outputs, and standardizing the 
environment and API conditions. By embracing transparency and methodological rigour, we can transform the 
challenges of AI-driven research into opportunities for more robust and impactful science, ensuring that innovation 
never comes at the cost of credibility. 
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1. Introduction 

In recent years, the study of large language 
models (LLMs) in psychology and cognitive 
science has seen a surge in popularity (Demszky 
et al., 2023). These implementations range from 
using LLMs to simulate human participants in 
psychological studies (Dillon et al., 2023; Shiffrin, 
2023) to serving as sandboxes for testing 
cognitive theories (Strachan et al., 2024; Niu et 
al., 2024). However, this rapid adoption raises 
concerns about the emergence of a new 
reproducibility crisis as many studies fail to 
account for common pitfalls inherent to LLMs: (1) 
treating black-box API outputs as stable 
observations ignoring updates and hidden 
changes (Morishige & Koshihara, 2025); (2) 
failing to report full LLM prompting and sampling 
parameters (Mitchell et al., 2019; Kapoor et al., 
2024); (3) producing single runs for 
measurements instead of stochastic draws for 
aggregated performances (Guo et al., 2025). 
Considering that these issues prevent the 
reconstruction of the exact computational 
conditions under which the results were obtained, 
they represent a direct threat to reproducibility. In 
this paper, we review these pitfalls and propose 
concrete solutions for researchers, including 
reproducible methods and reporting standards.  

2. Background 

In the following section, we highlight current 
concerns surrounding reproducibility in research 
within the broader context of the reproducibility 

crisis and examine how LLM-based research 
introduce novel challenges that risk undermining 
previous efforts to promote open research 
practices.  

2.1 Reproducibility in research 

Following widespread replication failures across 
multiple fields, the research community has 
become acutely aware of issues of reproducibility 
in scientific research. In a survey conducted by 
Nature of 1,500 researchers, 90% of respondents 
affirmed they believe there is indeed a 
reproducibility crisis primarily due to Questionable 
Research Practices (QRPs; Baker, 2016; Bakker 
et al., 2021; Fanelli, 2018, John et al., 2012; 
Smaldino & McElreath, 2016). These 
questionable practices include analytical 
ambiguity (e.g., p-haking, HARKing or 
Hypothesizing After the Results are Known; 
cherry-picking data, choosing inadequate sample 
sizes); selective reporting (e.g., suppressing non-
significant findings), and insufficient transparency 
and documentation (e.g., lack of details in 
reporting methods and results, preprocessing 
pipelines, failure to share data, materials, or 
code). In response, substantial efforts have been 
devoted to addressing these issues through the 
adoption of Open Research Practices (ORPs; 
e.g., preregistration, data and code sharing), 
developing detailed documentation guidelines 
and replication initiatives aimed at ensuring 
rigorous, reliable, and robust research. These 
efforts have been particularly prominent in the 
social and cognitive sciences after highly 
publicised replication failures sparked a reform 
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movement and positioned these fields at the 
forefront of developing and implementing open 
practices (Nelson et al., 2018; Open Science 
Collaboration, 2015; Munafo et al., 2020). 
Following a decade of self-assessment and meta-
scientific investigation, these initiatives have 
resulted in measurable improvements in 
transparency, reporting quality, methodological 
rigour and have ushered a new open science 
frontier (Nosek et al., 2015; Munafo et al., 2017; 
Christensen et al., 2018). Despite these 
substantial improvements, emerging research 
paradigms based on large language models 
(LLMs) introduce new structural challenges that 
risk reversing these gains (Hutson, 2018; Pineau 
et al., 2021). LLM research represents a fast-
paced, resource-intensive and transformative 
paradigm, holding substantial promise for opening 
new frontiers in the social and cognitive sciences 
(Wei et al., 2022). Naturally, these tools have 
gained considerable popularity in recent years 
given their capacity to simulate human-like 
linguistic behaviour or explore emergent cognitive 
phenomena. Despite these promises, certain 
inherent properties of LLM-based research 
introduce structural challenges for reproducibility. 
First, given the restricted access to core 
components including training data, optimization 
procedures, and weight distributions, the 
opportunity for independent verification and 
systemic replication is limited (Paullada et al., 
2021; Liang, 2022). In addition, the probabilistic 
nature of LLM outputs, combined with 
undocumented third-party updates undermine the 
assumption of stable experimental observations 
across studies (Chen et al., 2023). Finally, the 
absence of standardized frameworks for reporting 
impedes exhaustive and transparent 
documentation of processes, pipelines and 
findings (Mitchell et al., 2019). Taken together, 
these structural constraints frame a reproducibility 
landscape where the safeguards developed over 
the past decade become under threat. Beyond 
methodological reproducibility, the rapid adoption 
of large language models in academic research 
raises broader concerns about responsible AI, 
spanning economic, ecological, and ethical 
dimensions (Bender et al., 2021; Bommasani et 
al., 2021; Strubell et al., 2019). 

2.2 Responsible AI in academia 

To ensure that AI-usage in academia is 
responsible, one must account for the economic, 
ecological, and ethical considerations in regard to 
model selection and methodology (Waelen & van 
Wynsberghe, 2025). The economic incentives to 
commercialize AI tools often conflict with open 
science principles, resulting in open-source 
models being behind proprietary AI models in 
dataset size (Hartmann & Henkel, 2020), 
computational capacity (Ali et al., 2025), and 
general societal influence (Pei & Huang, 2025; 
Bommasani et al., 2021). While more cost-

effective smaller models can outperform less 
open large language models when trained for 
domain-specific tasks (Porshnev et al., 2024), 
researchers aiming to use the most powerful tools 
available to them are faced with the costs and 
restricted access of closed-source AI systems. 
Beyond the economic costs of using proprietary 
large language models, there are further 
ecological consequences to be mindful of. The 
International Energy Agency (2025) reports that 
data centers for AI-development accounted for 
~1.5% of global electricity use in 2024 and will go 
up to an estimated use of 3% by 2030. Further, an 
estimated amount of CO₂ equivalent to the 
emissions of a trans-American flight are emitted 
for a singular training session of a large language 
model (Strubell et al., 2019). While these 
ecological consequences are worthy of moral 
concern in and of themselves, there are further 
ethical considerations to be taken into account for 
AI usage and development. Language models 
have been found to exhibit human-like biases that 
can propriate harmful stereotypes (Caliskan et al., 
2017; Lynott et al. 2019; Bhatia & Walasek 2023). 
Additional biases beyond those picked up by 
language models from the linguistic data that they 
are trained with can be caused by human 
decision-making in the development and fine-
tuning process of AI products (Bommasani et al., 
2021), like underrepresenting a language 
(Kreutzer et al., 2022), or minority (Venkit et al., 
2022; Hutchinson et al., 2020) in the training data. 
The black-box nature of most closed-source AI 
products makes it nearly impossible to be aware 
of all biases present in the model one is currently 
using (Hassija et al., 2024), which limits the 
amount of control and stability a researcher can 
ensure for his AI-assisted investigation, and 
therefore further debilitates the notion of 
responsibility for such research endeavours. For 
instance, social scientists wanting to utilize LLM-
technology for their (political) discourse analysis 
research need to be especially cautious of using 
black-box models for their studies, as social 
biases (Rettenberger et al., 2024) or political 
stances (Walker & Angst, 2025) inherent to the 
model strongly influence the resulting outputs one 
receives from the machine (Feng et al., 2023). 
While these considerations of responsibility are 
broad and apply more generally to all academic 
disciplines, more specific pitfalls in AI-driven 
research can be pinpointed in the scientific 
outputs in psychology and the social sciences.  

3. Highlighting common mistakes: 
Non-reproducible LLM-based 

research scenarios 

The following research scenarios describe 
practices that are commonly found in AI-assisted 
research in psychology and the social sciences 
and usually hinders or fully invalidates the 
reproducibility of these scientific outputs.  
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3.1 Using inaccessible datasets or 
language models 

Researchers often rely on proprietary datasets or 
closed-source language models (e.g., GPT-5, 
Claude) without providing access to the data or 
model weights. This practice renders the study 
irreproducible, as independent verification or 
replication is impossible without the original inputs 
or tools. Without access to the dataset or model, 
other researchers cannot verify the findings, test 
alternative hypotheses, or build on the work. This 
trend stands as a polar opposite to the movement 
of open science in social science and research as 
a whole, where it has become standard practice 
to share anonymized datasets and materials (via 
repositories like OSF, see Foster & Deardorff, 
2017) to enable replication. Scientists should 
focus on the openness of their language models 
just as much as they do for the rest of their 
research. One could do so by consulting the 
Artificial Intelligence Openness Index (Artificial 
Analysis, 2026). It introduces a standard metric 
for assessing and comparing LLM openness, 
composed firstly of model availability and access 
to weights. Secondly, it assesses model 
transparency assessing training data and 
disclosure of the training methodology. This index 
identifies models scoring poorly on the openness 
index including (at the time of writing, ver. 1.0) 
GPT-5 mini, o3 and GPT-5 Nano all scoring just 
6, while the most open models include Molmo 7B-
D and Olmo 3 7B Think scoring 89. This highlights 
that even the process of selecting LLM for 
comparison can be a complicated process, with 
many of the most popular and arguably influential 
models showing few openness traits. Conversely, 
many of the most open models are not only less-
well known but they include some of the smaller 
models (7B parameters models) which might fail 
to challenge the newer and more powerful 
models. 

3.2 Treating black-box API outputs as 
stable observations 

Outputs from LLM APIs (e.g., OpenAI’s API) are 
often treated as static, reliable measurements. 
However, these outputs can vary due to unseen 
model updates, temperature settings, or hidden 
backend changes, which are rarely documented 
or announced. API outputs are not immutable; 
they can shift over time due to model retraining or 
infrastructure changes. Studies that do not 
account for this variability risk reporting findings 
that cannot be replicated, even if the same 
prompts are reused (Morishige & Koshihara, 
2025). In experimental psychology, researchers 
control for confounds like participant fatigue or 
environmental noise to ensure stable 
measurements. To allow for more control and 
enable stable and therefore reproducible outputs, 
researchers should introduce a measure of 
stability when reporting their results (Atil, et al., 
2024) or opt to use models where the degree of 

variability can be controlled, e.g. by locally hosting 
accessible models (using a platform like 
huggingface.co). 

3.3 Producing single runs for 
measurements 

Many studies report results from a single LLM 
output per prompt, treating it as a definitive 
answer. This ignores the stochastic nature of 
LLMs, where the same prompt can yield different 
responses due to sampling variability (Guo et al., 
2025). Single-run outputs are analogous to 
drawing conclusions from a single participant in a 
survey. Without accounting for variability, findings 
may reflect noise rather than robust patterns, and 
replication attempts may yield conflicting results 
(Belz, et al., 2021). In quantitative research, 
statistical power is achieved through sufficient 
sample sizes. For LLM-research, this could mean 
having a sufficient number of outputs for each 
input and testing the stability of the results (Atil, et 
al., 2024). 

3.4 Failing to report full LLM prompting 
and sampling parameters 

Researchers often omit critical details about how 
prompts were constructed or how model 
parameters (e.g., temperature, max tokens, 
frequency penalties) were set. This omission 
leaves gaps in the methodology that prevent 
exact replication (Mitchell et al., 2019; Kapoor et 
al., 2024). Without full transparency, even minor 
differences in prompting or parameter settings 
can lead to divergent results. For example, a 
prompt phrased as "List the causes of X" may 
yield different outputs than "What are the causes 
of X?" In qualitative research, interview protocols 
and coding schemes are meticulously 
documented to ensure consistency. In the same 
way, LLM prompting and sampling parameters 
should be documented, pre-registered, and 
openly made available to the scientific community 
to allow for exact replication and understanding of 
each methodological step and decision 
(Magnusson et al. 2023). 

3.5 Opaque training and fine-tuning 
parameters 

Similarly to the issues described in 3.4, studies 
that fine-tune LLMs often neglect to report 
hyperparameters, training data composition, or 
evaluation metrics. This opacity makes it 
impossible to assess whether the model’s 
performance is due to the method or idiosyncratic 
choices. Without these details, other researchers 
cannot replicate the fine-tuning process or 
validate the model’s generalizability (Atil, et al., 
2024). For example, a model fine-tuned on a 
biased dataset may appear effective in isolation 
but fail in real-world applications. The following 
chapter outlines detailed best practices for LLM-
usage in computational social science to avoid the 
pitfalls described here and above. 
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4. Identifying best practices for LLM-
usage in Computational Social 

Sciences 

Best practices for reproducible usage of large 
language models (LLMs) in social-science 
research closely mirror established best practices 
for reproducible code, transparent data 
management, and well-documented analysis 
pipelines. These are essential points to ensure 
that results can be verified, replicated, and 
meaningfully interpreted by others. It is worth 
mentioning that the task of identifying best 
practices for the reproducibility of AI-assisted 
research is quite different from the topic of 
appropriate use of LLMs in general research 
practice, e.g. that LLMs could be used as well for 
hypothesis and text generation (Chairs, 2023). 

Abdurahman and coauthors suggested that 
reviewers, when evaluating papers that use large 
language models (LLMs), should pay attention to 
the following practices (which are undoubtedly 
equally important for authors): 

• Provide replication materials:  
Code, prompts, model parameters, fine-tuning 
data, study material (e.g., questionnaires), 
and human-validation data; Discuss strategies 
to account for LLM randomness. 

• Check model stability:  
Check if model changes over time and if the 
model version you used is accessible over 
time. 

• Validate:  
Check LLM outputs against human data or 
other ground truth; check robustness to 
different prompt strategies and model settings; 
unbiased data processing and error handling 
(Abdurahman et al., 2025). 

One of the most visible concerns relates to the 
instability of cloud-hosted LLMs. Commercial 
providers may update models without notice, 
altering their weights, training data mixtures, or 
alignment procedures. Even small updates can 
lead to measurable changes in outputs, meaning 
that results generated at one point in time may not 
be replicable later. For this reason, researchers 
should strongly consider using open-access or 
locally hosted models whenever feasible. When a 
model can be downloaded, version-pinned, and 
archived ideally with a persistent identifier other 
scholars are better positioned to reproduce the 
exact computational conditions under which 
findings were generated. Progress with 
infrastructure eases the application of large 
language models, e.g. GPT4All (https://docs.gpt4 
all.io/) or Ollama (https://ollama.com/) can help 
researchers to run open access models locally 
from https://huggingface.co/. Due to the fast-
paced environment of LLM-development, it is 
hard to recommend a particular model agnostic to 
the respective research design and study aim, but 
for general quality and robustness of analysis it is 

often most optimal for researchers to test small 
language models from different sources (e.g. 
Mistral 7B, LLama 3.1 7B) as they provide a good 
trade-off between openness, capability on 
(political) text analysis tasks, and computational 
feasibility for typical academic compute 
environments. 

Another well-known issue is the strong 
dependence of outputs on prompt wording. Minor 
changes in phrasing, order, formatting, or 
instruction style can produce substantively 
different responses. In social-science contexts 
where interpretation, classification, or coding 
decisions may feed directly into statistical 
analyses such sensitivity is not trivial. Prompts 
should therefore be treated as research 
instruments and need to be checked against 
human data or other ground truth and reported 
using appropriate performance metrics (e.g., 
accuracy, F1 score, precision/recall for 
classification; agreement measures such as 
Cohen’s κ for annotation tasks). Just as survey 
questionnaires or interview guides are carefully 
piloted, documented, and archived, prompts 
should be systematically developed, tested, and 
reported in full. Publishing the exact prompt 
templates, including system instructions and 
formatting details, enables replication and critical 
evaluation. Usage of validation and cross-
validation procedures would increase robustness, 
reliability, and potential bias in outputs. 

Beyond these obvious concerns, researchers 
must also recognize less visible sources of 
variability. Interaction history, for example, can 
“contaminate” model outputs (e.g. Gupta et al., 
2024). Many LLM interfaces maintain 
conversational context, meaning that earlier 
exchanges may subtly influence later responses. 
If prompts are tested interactively before being 
deployed in batch processing, residual context 
may affect results in ways that are difficult to 
detect. A clean session with explicitly controlled 
context can help to mitigate this. Automated 
scripts should reset or isolate interactions to 
ensure independence across observations. 

For large language models inference parameters 
themselves are a critical component of 
reproducibility. Temperature and random seeds 
can all materially affect outputs. Deterministic 
settings, e.g. setting temperature set to zero with 
a fixed random seed are generally preferable for 
research applications requiring stability, although 
even so a full replication of answers is not 
necessarily guaranteed (e.g. Astekin et al., 2024). 
All such parameters should be explicitly fixed and 
documented in publications or supplementary 
materials. 

Automation plays a central role in enforcing these 
standards. Rather than manually copying prompts 
into web interfaces, researchers should rely on 
scripts that programmatically send inputs and 
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capture outputs. This reduces human error, 
eliminates undocumented prompt drift, and 
creates a verifiable audit trail. Ideally, the entire 
pipeline from data preprocessing to model 
inference to post-processing and analysis should 
be encapsulated in reproducible scripts managed 
through version control systems. Logging raw 
outputs before cleaning or transformation is 
equally important, as it preserves the original 
generative record. 

Thus, application of large language model should 
be regarded as similar to machine learning task 
and require openness of all data, code, 
experimental instructions, validation procedures 
and model settings to replicate the study findings. 

It is worth noting that, that there could be other 
sources of variation as the same model may 
produce slightly different outputs depending on 
whether it runs on a CPU or GPU, or depending 
on the underlying architecture and driver stack. 
Precision settings and model quantization levels 
can further influence numerical stability and token 
selection, especially in borderline probability 
cases. While such differences may appear 
negligible, they can accumulate in large-scale 
coding tasks or classification pipelines. 
Consequently, researchers should standardize 
the computational environment as rigorously as 
possible and report hardware configurations, 
library versions, and inference settings. 

Rigorous reporting of computational environment 
(like library versions) could help a lot in further 
replication, as well as containerization 
technologies, such as Docker or similar tools, 
provide an additional safeguard. By encapsulating 
the operating system, dependencies, and model 
files within a container, researchers can ensure 
that others can recreate the computational 
environment with minimal ambiguity. Locally run 
models within containers are particularly 
advantageous because they reduce reliance on 
changing external APIs and eliminate 
uncertainties about server-side updates. 

Finally, transparency and reflexivity remain 
essential. LLMs are trained on vast and 
heterogeneous corpora, and their outputs may 
reflect embedded biases or normative 
assumptions. Social scientists must therefore 
critically evaluate model behavior, validate 
outputs against human-coded benchmarks where 
possible, and clearly communicate limitations. 
Reproducibility is not merely a technical 
requirement; it is a foundation for epistemic 
accountability. 

In sum, integrating LLMs into social-science 
research demands the same rigor applied to any 
computational method augmented by heightened 
awareness of model volatility, prompt sensitivity, 
hidden variability, and infrastructural 
dependencies. Through careful documentation, 

parameter control, automation, environment 
standardization, and transparent reporting, 
researchers can harness the analytical potential 
of LLMs while upholding the standards of 
scientific integrity and reproducibility. 

5. Toward reproducible AI-
supported research 

The use of large language models brings 
computational social science closer to computer 
science; thus, they can benefit from frameworks 
that support the reproducibility of computational 
experiments like (Costa et al., 2025) or other 
prediction models (e.g. Collins et al., 2024). 

The growing integration of cloud-based tools in 
social science for data interpretation, 
classification, and modelling has amplified the 
importance of robust data management practices. 
First, reliance of on external infrastructures for 
processing behavioural or textual data may lead 
to the risk of personal and politically sensitive data 
leakage increases. Second, beyond direct 
breaches, more subtle unintended consequences 
may arise. For example, participants’ voices, 
texts, or behavioural traces could be incorporated 
into model training pipelines or used for 
generative purposes without their explicit consent. 
Ethical data stewardship must therefore extend 
beyond anonymisation to include scrutiny of 
storage, processing agreements, secondary use 
policies, and long-term data governance.  

At the same time, the growing complexity of 
contemporary models demands a lot of 
computational resources. As resource 
requirements escalate, the practical feasibility of 
reproducing results diminishes. This creates 
structural inequalities between well-funded 
institutions and smaller research groups, 
potentially undermining the collective credibility of 
scientific findings. Addressing this challenge 
requires coordinated collaboration and 
establishing of reproducibility networks.  

We also see growing evidence that although 
LLMs perform well in some studies, despite their 
vastly greater complexity and resource 
requirements (e.g., Luccioni et al. 2024), they do 
not consistently outperform leaner, more efficient, 
and less resource-intensive predictive models 
(e.g., Zhou et al., 2024; Porshnev et al., 2024). 
Therefore, researchers should carefully consider 
the sustainability of their methodological choices 
and broader research practices. 

We highlighted common mistakes that 
are present in the current landscape of AI-
assisted research in psychology and social 
science discourses. Much research is conducted 
using inaccessible Large Language Models that 
come attached to an economic (Waelen & van 
Wynsberghe, 2025), ecological (Strubell et al., 
2019), and/or ethical cost (Bommasani et al., 
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2021), which reduces the responsibility and 
reproducibility of such scientific outputs. Further, 
singular black-box API outputs of cloud-hosted 
LLMs are often treated as stable observations 
(Morishige & Koshihara, 2025), ignoring the 
instability and inherent variability of these outputs. 
Beyond that, many studies fail to report the 
prompting, sampling, and fine-tuning parameters 
in full and thus provide only incomplete 
documentation of their methodology (Mitchell et 
al., 2019; Kapoor et al., 2024; Guo et al., 2025). 
We proposed that researchers should re-evaluate 
the need to use the computationally most 
powerful models for their research, since more 
efficient and resource intensive predictive models 
often lead to comparable results (Zhou et al., 
2024; Porshnev et al., 2024). Using locally hosted 
open-access models would not only eliminate the 
issue of limited access hindering reproducibility 
but further allow for a more controlled and less 
instable environment to record LLM-outputs. 
Moreover, implementing a programmatic script to 
automatize and record all LLM-inputs and  
-outputs reduces variability and increases the 
stability of model outputs. Using such scripts and 
making them accessible together with all other 
replication materials further increases the 
reproducibility of a research output.  

As AI becomes more prevalent in psychology and 
social science, researchers must become familiar 
with the frameworks and best practices of 
computational experiments (Costa et al., 2025; 
Collins et al., 2024; Abdurahman et al., 2025). 
The ongoing developments in large language 
model-assisted research require not only 
technical expertise, but also clear methodological 
guidelines and structured training programmes for 
scientists at all career stages. As technological 
capabilities evolve, further ethical, 
methodological, and infrastructural challenges 
are likely to emerge, demanding continuous 
reflection and proactive governance. 

6. Conclusion & Future Work 

Following the principles of open research 
practices that have strengthened scientific 
practice over the past decade, we outline a clear 
and accessible framework that improves 
researchers' awareness of LLM limitations and 
supports robust, transparent and reproducible 
knowledge when working with LLMs. In future 
work, we aim to conduct a systematic review of 
LLM-research across different disciplines within 
the social and cognitive sciences to further 
investigate reproducibility across different fields 
and to quantify which pitfalls occur in each area in 
what capacity. As Large Language Models 
continue to reshape the landscape of social 
science research, the responsibility to uphold 
reproducibility and integrity rests not only with 
individual researchers, but with the scientific 
community as a whole.  

By embracing transparency, rigor, and 
interdisciplinary expertise beyond one's own 
discipline, grounded in the best practices outlined 
here, we can transform the challenges of AI-
supported research into opportunities for more 
robust, trustworthy, and impactful science, 
ensuring that innovation never comes at the cost 
of credibility. 
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