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Abstract

We provide twelve best practices and discuss how each practice can help researchers accurately,
credibly, and ethically use Generative Al (GenAl) to enhance experimental research. We split
the twelve practices into four areas. First, in the pre-treatment stage, we discuss how GenAl
can aid in pre-registration procedures, data privacy concerns, and ethical considerations spe-
cific to GenAl usage. Second, in the design and implementation stage, we focus on GenAl’s role
in identifying new channels of variation, piloting and documentation, and upholding the four
exclusion restrictions. Third, in the analysis stage, we explore how prompting and training set
bias can impact results as well as necessary steps to ensure replicability. Finally, we discuss
forward-looking best practices that are likely to gain importance as GenAl evolves.
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1. Introduction

Generative Al (GenAl)—artificial intelligence that can generate text, images, audio, and
data—not only has the potential to deeply disrupt the workplace (Brynjolfsson et al., 2023) and
important governmental sectors (Wachter & Brynjolfsson, 2024), it also holds promise in open-
ing new avenues of scientific exploration and lowering the marginal cost of doing research. This
is especially true in experimental settings, where design and data generation are vital aspects
of the research process. GenAl, for instance, can aid in designing survey questions and treat-
ments, conducting qualitative interviews (Chopra & Haaland, 2023), classifying open-ended
responses, generating code, analyzing high-dimensional data, and even generating novel hy-
potheses (Ludwig & Mullainathan, 2024). The inclusion of GenAl within the research process
therefore pushes the frontier through novel approaches to pre-treatment procedures, design,
implementation, and analysis while simultaneously enabling researchers to more effectively
fulfill internal and external validity in an ethically responsible manner.

At the same time, the lower marginal cost of doing research introduces a dimension of
moral hazard: researchers may naively utilize GenAl without fully understanding the additional
pitfalls and risks associated with its use. These include operational risks such as training set
suitability and hallucinations, ethical risks relating to data security or model-training biases,
and behavioral risks relating to confirmation bias or priming. Interest in GenAl, moreover, has
increased exponentially over the last couple of years, expanding the population of researchers
eager to reap the benefits of GenAl but whom are also equally as prone to the risks.

The top panel of Figure 1 shows the number of academic outputs referring to GenAl
or large language models (LLMs) in both Google Scholar and Scopus. The bottom panel of
Figure 1 shows its usage in various families of journals: Economics (NBER), Nature, and JAMA.
The explosion of GenAl and LLMs is impressive and occurs across many scientific fields and
journals. In our training, such a rampant increase has few parallels and mirrors observed price
increases one finds in asset bubbles, such as the Beanie Baby craze in the 1990s, though we

suspect that the GenAl movement is here to stay rather than a transitory phenomenon.



Figure 1: Number of Academic Outputs Referring to GenAl or LLMs
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Currently, only a few studies outline risks and use cases associated with GenAl in exper-
iments (Charness et al., 2023; Korinek, 2023; Bail, 2024), but, to the best of our knowledge, there
does not exist a systematic framework to navigate these pitfalls while realizing the benefits of
GenAl and maintaining the highest ethical standards. This paper establishes such a framework
of twelve best practices, though these practices are neither exhaustive nor permanent as GenAl
tools and applications continue to develop at an extraordinary pace. Rather, they represent
what we believe at present to be important research considerations given current tools and use

cases.

The remainder of the paper proceeds as follows. Section 2 discusses how GenAl con-



tributes to or detracts from the twin overarching experimental goals. Section 3 focuses on the
pre-treatment stage, discussing preregistration, data privacy, and ethics. Section 4 focuses on
the design and implementation stage, exploring how GenAl influences mechanism discovery,
documentation and piloting, and fulfillment of the exclusion restrictions. Section 5 focuses
on the analysis stage, examining prompting, training sets, and replicability.Section 6 highlights
forward-looking considerations that we foresee as increasing in relevance as GenAl develops in
sophistication. Section 7 concludes.

2. Twin Experimental Goals

Since the Renaissance, laboratory experiments have been a cornerstone of the scien-
tific method. Increasingly, researchers in the social sciences have turned to the experimental
model of the physical sciences as a method to understand human behavior. A key underpin-
ning within the social science movement that deviates from the physical sciences is the use of
randomization, which gained prominence nearly a century ago with the foundational work of
Fisher, Neyman, and others.

By now, experimentation has expanded to occupy nearly every corner of the social sci-
ences, with scholars scrutinizing how behavioral models explain behavior within communities,
Walmart shoppers, day laborers, and Chief Executive Officers. For our purposes, List (2024a)
provides definitions of the two overarching experimental goals:

Experimental Problem 1 (EP1): Measuring the causal impact of treatments and de-
termining relevant mediators and moderators in an ethically responsible manner.!
Experimental Problem 2 (EP2): Predicting whether the causal impacts of treatments
implemented in one environment transfer to other environments, be them spatially,
temporally, or scale differentiated.

EP1 is the first bridge an experimenter must cross to construct a successful experiment.
The first part of EP1 is understanding the “effects of causes,” or what the literature denotes as
internal validity. The second part of EP1 demands learning the “causes of effects,” compelling
an analysis of mediators and moderators. While the core of research relates to EP1, since therein
lies important tests of theory and enhanced understanding of the world, our explorations in
many cases should also be designed with an eye toward generalizing, as in EP2.

EP2 speaks to external validity but also encapsulates a broader set of experimental goals.

The external validity problem relates to whether we can transport insights gained from one

'Mediators are channels through which treatments impact outcomes. Moderators are covariates that influence
treatment effect sizes.



EP1. Ethically measure causal impacts and determine mediators and moderators.

EP2. Predict whether causal impacts transfer through space, time, or scale.
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Figure 2: Using Generative Al to Fulfill Experimental Goals

population or domain to another, be that through space, time, or scale. EP2 is often the ultimate
goal of social science experiments because, though internal validity can establish truths, the
applicability of the result to distinct and larger samples is often of great importance, especially
in studies exploring the efficacy of policy interventions or health initiatives. Most of the studies
summarized in Figure 1 include a contribution within EP1 or EP2.

Demonstrating that EP1 and EP2 are fundamental to our discussion, Figure 2 projects
EP1 and EP2 over all of our best practices. GenAl has both the potential to contribute to and
detract from the fulfillment of our two experimental goals across the entire experimental spec-
trum: from pre-treatment chores to data analysis to replication. Each of our best practices for
using GenAl in experimentation is motivated from EP1, EP2, or both, and each recommenda-
tion seeks to maximize internal and external validity through the careful usage of GenAl tools.
In this way, our best practices remain focused on the essential components of an effective ex-

periment.

3. Pre-Treatment Stage

In this section, we outline three best practices for researchers when using GenAl in the
pre-treatment stage, related to alleviating the administrative burden of pre-treatment proce-

dures, the privacy of data, and ethical considerations.

3.1. Best Practice 1. Use GenAl to lower the administrative burden of pre-treatment procedures
without lowering quality.

As academic journals increasingly require pre-registration and pre-analysis plans (PAPs),

the time and effort associated with these tasks are rising and could become prohibitively costly

for researchers with fewer resources. Despite differing views on the necessary level of detail for
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pre-treatment procedures, GenAl offers an opportunity to standardize and democratize this
process for all researchers by reducing the resources required for these tasks in addition to
harmonizing the formatting, organization, and content of pre-treatment paperwork. While we
hope this can address the significant variation in pre-registration and PAP quality that currently
exists, there is risk that researchers become overreliant on GenAl thereby leading to diminished
quality.

To maintain a high quality while lowering the resource investment of pre-treatment pro-
cedures, we suggest that researchers use the following workflow that can be adapted for vari-
ous projects as needed. First, upload a corpus of high-quality pre-treatment documents from
existing projects to train the model. Second, upload the unformatted survey instrument(s),
experimental instructions, and any other details necessary to include in the pre-treatment pa-
perwork. Third, instruct GenAl to create draft pre-treatment documents based on the examples
and unformatted information. Fourth, review and iterate on the GenAl output, minimizing the
risk of over-reliance on model output and making sure to thoroughly utilize human expertise.
Throughout the process, researchers should remain actively engaged to ensure that the infor-
mation included is relevant so that the future implementation and analysis process is efficient
and effective.

3.2. Best Practice 2. Disallow public model training on inputted data and ensure that Al plat-

forms have adequate data privacy measures.

The usage of GenAl brings with it unprecedented data privacy considerations: if a public
GenAl platform is used to analyze survey responses, researchers do not know where the data is
stored, if appropriate steps are taken to protect the data, or whether the data will be used to train
a future model which may unintentionally disclose inputted data to anyone using the model.?
While most GenAl platforms publicly disclose their privacy policies, these are often broad and
fail to reach the specificity researchers should require to satisfy themselves and ethics review
committees. For instance, OpenAl, the platform behind ChatGPT, states in their data security
and privacy policies that (1) “OpenAl may securely retain API inputs and outputs at varying
lengths,” (2) “ChatGPT is trained based on ... information that our users or our human trainers
provide,” and (3) “when you use our services for individuals such as ChatGPT or DALLeE, we
may use your content to train our models.” Such notions clearly compromise the responsibil-
ity of researchers to maintain clear oversight of collected data and ensure that it is not being

abused.

2See https://www.aporia.com/learn/understanding-the-threat-of-data-leakage-in-genai-apps/
for a discussion of data leakage concerns based on a report by Gartner Research.
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To maximize data security and autonomy when using public GenAl models, we recom-
mend researchers take one of two steps. First and foremost, researchers should familiarize
themselves with several platforms’ data security and privacy policies and prioritize selecting
platforms that do not collect or store user-inputted data for future model training. Second, if
researchers must use a platform that collects user-inputted data for training, they should follow
platform procedures to attempt to disallow model training from their data, such as by submit-
ting a privacy request. While this does not address the security concerns of data storage as in
step one, it alleviates concerns of accidental data leakage to other platform users. If neither of
these steps is feasible, researchers may also consider fine-tuning a GenAI model which guaran-
tees autonomy over data security and privacy, albeit requiring a significant investment of time,

effort, and financial resources (Dell, 2024).

3.3. Best Practice 3. Carefully consider additional risks to participants and elicit informed con-

sent for GenAl use to ensure the highest ethical standards.

GenAl changes the dynamic between research objectives and participant welfare. The
speed at which GenAl is evolving exposes participants to potential harm that researchers do
not yet fully understand and account for in their designs. At the same time, experimental poli-
cies implemented by ethics review bodies lag the potential risks associated with the fast-paced
development of new GenAl methods. To uphold ethical research practices in the face of this
disparity, we believe that a greater burden must fall on researchers, at least in the short term, to
scrutinize the risks of GenAl within their own studies.

Specifically, we recommend that researchers proactively and critically assess their use of
GenAl against the existing ethical principles of their jurisdiction to identify any possible short-
comings. In particular, these considerations are likely distinct across different research cultures
which place different weights on the many dimensions of ethics. For instance, some ethics com-
mittees may find the additional risks of GenAl in a given project sufficient to reject the proposal
on the grounds of potential undue harm to participants while ethics committees in other cul-
tures may place lesser weight on these risks relative to the potential insights gained and approve
the proposal. When working with researchers or participants from different cultures, we thus
recommend that researchers consider foreign acceptance of GenAl usage and comply with for-
eign ethical norms insofar as these norms provide higher ethical standards than the researchers’
domestic region. In this manner, we advise a “race to the top” rather than a “race to the bottom”
or “weakest link” approach to ethics committee approval.

Informed consent is also more complex within the uncharted territory of GenAl use in
experiments. This can be split into two dimensions: (1) participants’ interactions with GenAl

during the experiment, and (2) participants’ preferences over the handling of their data. With



respect to (1), GenAl can be potentially harmful to participants because it can adapt to conform
to participants’ hostile or discriminatory behaviors and hallucinate to present false information
as fact (Dev et al., 2021). Both of these risks are exacerbated by the inability of participants to
differentiate whether they are interacting with humans or GenAl, which may lead participants
to update their real-world beliefs under the false impression that they interacted with a human.
With respect to (2), participants may, for a variety of reasons including cultural norms and pri-
vacy concerns, be willing to have their data analyzed by people but not GenAl. Taken together,
we strongly recommend researchers seek explicit consent from participants to use GenAl within
the experiment and/or in analyzing the collected data.® In the spirit of informed consent, re-
searchers should clearly disclose in a manner accessible to the participant when GenAl will be
used and provide a contextualized outline of the potential risks stemming from GenAl interac-
tions and/or analysis before freely seeking consent from participants. If consent is not given for
either interaction or analysis, irrespective of the reason, researchers must respect these prefer-

ences and not include the participant from the experiment.

4. Design and Implementation Stage

In this section, we outline three best practices for using GenAl in the design and imple-
mentation stage, specifically related to: identifying mediators, moderators, and scalable op-
portunities; piloting, documenting, and reviewing Al inputs and outputs; and the exclusion

restrictions necessary to achieve internal validity.

4.1. Best Practice 4. Use GenAl to identify new mediators and moderators while expanding the

original design using Option C Thinking to optimally generate evidence that scales.

Although GenAl opens up new opportunities to identify causal channels, heterogene-
ity, and scaling challenges, there is risk that these opportunities remain unrealized. Such risks
can be decomposed into two different margins. First, the identification of potential mediators,
moderators, and how ideas scale is at present an arbitrary and inexhaustive process, with the
larger space of testable hypotheses exacerbating the paradox of choice and increasing the like-
lihood that important aspects are overlooked. Second, there is a disjoint between the novel me-
diators, moderators, and new treatment arms feasible via GenAl and traditional parsimonious
theory, resulting in key information being neglected due to selective inattention.

To help focus research designs on a narrower set of relevant hypotheses, we recommend

researchers utilize another aspect of GenAl—specifically, that GenAl mimics latent information

3The exception to this are studies where deception is required to test the desired hypothesis, such as an evaluation
of whether people can distinguish between Al-generated content or human-generated content.



about human behavior that can be cheaply and systematically explored by researchers when
designing an experiment. This can be as simple as asking LLMs for ideas of mediators and
moderators given a research context to more complicated exercises, such as using GenAl to
generate synthetic participants with latent human characteristics and simulating experiments
to elicit relevant mediators and moderators (Horton, 2023). Within this area, we strongly en-
courage researchers to provide GenAl with a general structural framework as the basis to orga-
nize and communicate ideas, which has recently been shown to dramatically improve model
predictions in the case of structural causal models (Manning et al., 2024).

In addition, this use of GenAl lends itself to considering external validity and how ideas
scale (Banerjee et al. (2017)). Given an existing experimental design, for instance, researchers
can test an identical design on a synthetic sample to generate suggestive evidence on whether
similar conclusions may hold in different settings, enabling researchers to quickly assess the
populations and situations that the collected results can transfer to and whether they should
reconsider their own design. Likewise, such explorations can examine how the benefit-cost
profile evolves at scale and whether interventions will experience a voltage drop as early as the
design phase (List, 2022). In this spirit, GenAl can play an important role in creating treat-
ment arms that provide the necessary insights and produce the type of policy-based evidence
that the science of scaling demands from the beginning. This is denoted “Option C Thinking”
(List, 2024b), and currently its most demanding aspect is the generation of relevant ideas and
treatment arms to provide a good test of scaling, a task well suited for GenAl. We do caution,
however, that GenAl in no way recuses researchers from responsibility over the research de-
sign, as researcher discretion must always be exercised to determine which potential channels

or sources of heterogeneity are relevant and which are trivial or spurious.

4.2. Best Practice 5. Never delegate data collection or experimental procedures to GenAl without

appropriately piloting, documenting, and reviewing its roles and output.

GenAl does not reduce the responsibility of researchers to carefully vet their own studies.
On the contrary, GenAl makes piloting, documentation, and review even more important, as the
researcher must gain awareness of unforeseen concerns stemming from GenAl involvement
and correct any unexpected inaccuracies from GenAl output.

During piloting, we provide three examples of steps researchers should take to ensure
the integrity of GenAl use. First, if researchers use GenAl models to construct survey questions,
they should vet the questions using a similar process as if they had written them from scratch.
This is consistent with the general principle that all GenAlI outputs should be subject to human
review for quality control. Second, if researchers use GenAl models to identify possible medi-

ators, moderators, and Option C arms, they should test these for plausibility during piloting to



ensure that any irrelevant or uninterpretable variables do not remain part of the research de-
sign. Third, researchers should be highly alert to ethical concerns that arise during pilot testing.
Even if the ethics committee initially approves a study, GenAl involvement may bring with it
novel ethical considerations that may not become apparent until pilot tests are performed.
Even after correcting issues identified during piloting, researchers should maintain a de-
tailed record of the role GenAl plays and the output it produces throughout each step of the im-
plementation process. Specifically, there should be no intermediate steps involving GenAlI that
are observable at the time of interaction but not precisely documented. Further, researchers
should critically review the documentation both during the experiment, to dynamically re-
spond to detected errors, and after its conclusion, to ensure that no mechanical errors remain.
These steps are consistent with the principle of human review and necessary to assess the over-

all procedural integrity and maintain maximum replicability of the experimental results.

4.3. Best Practice 6. Consider how GenAl both supports and challenges upholding the four ex-

clusion restrictions necessary for internally valid experiments.

At the backbone of the experimental paradigm lies the four exclusion restrictions: (1) ob-
servability; (2) complete compliance; (3) statistical independence; and (4) the stable unit treat-
ment values assumption (SUTVA) (List, 2024a). Violating any of these restrictions compromises
the validity of an experiment—including by biasing estimated effect sizes or creating sample se-
lection problems—making it critical that researchers aptly design their experiments to uphold
the exclusion restrictions and correctly identify constructs of interest. GenAl provides a num-
ber of means to bolster this process, such as through standardizing interventions across partic-
ipants or minimizing non-random attrition by providing low-cost channels for follow-up, but
is equally a threat to the exclusion restrictions, such as through introducing unobservable het-
erogeneity to interventions or non-random attrition from differential response rates to GenAl
follow-up, respectively.

We recommend researchers adopt a risk-first, opportunity-second framework to deter-
mine how to leverage GenAl in support of the exclusion restrictions. This framework is con-
ceptually simple: first, consider what steps, if any, can be taken to minimize threats to the ex-
clusion restrictions introduced by GenAl without decreasing its effectiveness; second, if stage
one is insufficient in preserving the exclusion restrictions, consider whether the application
of GenAl can be adjusted such that the threat becomes insignificant. Rather than outlining a
complete set of recommendations for preserving the exclusion restrictions using GenAl in every
context—which is infeasible as every experiment has its own idiosyncratic threats—we instead
limit our discussion to the context of GenAl chatbots and SUTVA to serve as an example of how

researchers could implement the risk-first, opportunity-second framework.



One part of SUTVA is the no hidden treatments assumption, which stipulates that par-
ticipants within the same treatment arm receive an identical intervention. GenAl can help safe-
guard this assumption by ensuring that interventions are uniformly administered. For instance,
the characteristics of human enumerators are widely documented as having significant impacts
on outcomes, especially those related to religion, ethnicity, gender, and politics (Di Maio & Fi-
ala, 2020); using GenAl chatbots in place of human enumerators in these contexts provides a
means of eliminating heterogeneity in the intervention. GenAl chatbots, however, can adapt
to the perceived preferences and views of participants through repeated interactions, which
presents a threat to SUTVA if such adaptations vary systematically based on participant char-
acteristics. Applying the risk-first, opportunity-second framework to resolve this quandary, re-
searchers should first take steps to mitigate any systematic adaptation based on participant
characteristics without decreasing capacity of the GenAlI chatbot, such as providing chatbots
with a set of guidelines and common instructions. Assuming for demonstration this action
proves insufficient, researchers should then consider steps which may decrease the capabilities
of GenAl as enumerators, such as lowering the temperature (creativity) of the GenAl chatbots
to limit their variability across participants. By addressing the problem in such a two-stage
approach, we ensure that researchers mitigate the risk that chatbots themselves cause hidden
treatments while maximizing the standardization benefits of using GenAl chatbots as enumer-

ators, thus upholding SUTVA and the integrity of the experimental findings.

5. Data Analysis Stage

At the data analysis stage, GenAl can support researchers to clean data, analyze high-
dimensional data and unstructured responses, use baseline information to enhance precision,
and surmise narratives (Charness et al., 2023). This section provides best practices for specify-
ing prompts, selecting an appropriate training set, and maximizing the replicability of findings

given that GenAl models do not output identical results each time they are run.

5.1. Best Practice 7. Ensure consistent reinitialization and provide prompts that capture the

construct of interest.

Much like humans, GenAl attempts to use all information available, including the con-
text from previous prompts, to inform the response to a given prompt. As a result, GenAl
models can be subject to priming biases when searching through data or unstructured sur-
vey responses, leading to GenAl generating conclusions from data based on prior interactions.
This is especially relevant in scenarios where researchers are testing a particular hypothesis

but prompt GenAl to highlight themes of the data. By previously revealing the hypothesis to
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GenAl—such as by inquiring how to best phrase a question—GenAl is primed to search for re-
lated patterns in the data and therefore any identified themes are subject to a type of systematic
confirmation bias (Perez et al., 2023).

To minimize this risk, we propose that researchers are cognizant of the ordering of prompts
and reinitialize the GenAl model where appropriate to clean the ‘memory’ of GenAl to guaran-
tee that information spillovers do not occur between prompts. In addition, we propose that,
where possible, the wording of prompts is neutral in character but specific in direction to at-
tenuate the likelihood that prompts are priming GenAl towards particular conclusions. As with
most aspects of experimental design, different prompts can be tested during piloting to see

which one captures the construct of interest most accurately (Si et al., 2023).

5.2. Best Practice 8. Carefully consider training data and, when appropriate, manually train
GenAl models used for analysis while simultaneously using ML to enhance experimental

precision.

Analyzing data using GenAl — such as using GenAl for sentiment analysis of social inter-
actions or open-ended responses — requires the specification of appropriate training data for
the model. Many researchers, however, utilize publicly-available models whose default train-
ing data is usually sourced from universes such as the internet. Although this in and of itself is
not a disqualifying factor, it is undesirable for two reasons. First, researchers are unable to con-
trol what information the model takes into account when analyzing data, which is especially
problematic if training data introduces biases relating to ethnicity, sexuality, gender, or religion
(Grossmann et al., 2023; Santurkar et al., 2023). Second, the model may not be optimally trained
to handle the particular inputs that the researcher provides, whether this is due to the type of in-
put, language of the input, or social context (Latif & Zhai, 2024; Mayfield & Black, 2020). A LLM
determining British respondent’s attitude to alcohol consumption trained on default internet
data, for instance, could erroneously code responses as being of negative sentiment in relation
to the word ‘pissed’ which relates to being drunk in Britain but angry elsewhere, skewing the
analysis in a way that is unobservable to the researcher.

For these reasons, we recommend that researchers investigate fine-tuning a GenAl model
specifically for their analyses and always ensure that the training dataset is relevant to their re-
search setting. While the latter is a minimum requirement and may involve a separate phase for
collecting training data when relevant existing data is unavailable, the former requires a non-
trivial investment of time, effort, and financial resources; an option which may not always be
optimal and decision of which rests with the research team. We posit, however, that such deci-
sion frameworks prioritize the principles of model transparency, performance, and accessibil-

ity to appropriately capture the benefit-cost profile relative to off-the-shelf GenAl models. For
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guides on how to train LLMs, we point the reader to Howard & Ruder (2018) and Jeong (2024)
The final part of Best Practice 8 concerns statistical analysis of experimental data. In-
cluding covariates in the regression framework has the benefit of increasing statistical power at
the risk of potentially overfitting models to the data—a trade-off that machine-learning meth-
ods are well-suited to optimally balance. We therefore recommend that researchers leverage
machine-learning (ML) methods at the analysis stage. This not only increases statistical power
for a given sample size but also limits the scope for data-snooping and abstracts from overspec-
ifying specifications due to behavioral fallacies relating to the sunk cost of collecting covari-
ates. Within the toolbox of machine-learning methods, we specifically highlight the machine-
learning approach of List et al. (2024), who solve for the efficient regression adjustment in a
large class of adjustments and find considerable gains to statistical power using GenAl. More
specifically, they show that using ML techniques over linear regression adjustment can allow

researchers to attain similar levels of statistical power with 4-8 percent fewer observations.

5.3. Best Practice 9. Maximize the replicability and reliability of results through documenta-
tion and stress testing, allowing the broader research community to confirm experimental
findings.

The use of GenAl increases the difficulty of replication given that GenAl models do not
consistently produce identical outputs with identical inputs (Chen et al., 2023; Belz et al., 2023).
Compounding this further, the advent of GenAl has increased the perceived likelihood that
research is unreliable owing to GenAl expanding the toolbox of possible unethical practices.
These include: (1) using GenAl to fabricate data and complex simulated responses that me-
chanically align with a desired experimental hypothesis ; (2) taking advantage of additional re-
searcher discretion when prompting GenAl to manipulate data analysis or p-hack results (Ken-
thapadi et al., 2023); and (3) exploiting the ‘black box’ nature of algorithms to impede trans-
parency or heighten ambiguity. 4

We recommend three possible steps to maximize replication given these additional con-
straints. First, researchers should organize replication packages so that replicators can repro-
duce their results using their own GenAl tools. In particular, the training data, raw experimental
data, prompts, and version of the GenAl used need to be provided to enable replication. While
this may still lead to distinct results due to how the replicator’s model is either trained or how it
analyzes data, this approach reduces the number of dimensions from which inconsistency with
the original findings could arise and consequently suggests that the findings, if not replicable,

are sensitive to choices such as model selection, training, and/or prompting.

4P-hacking is the practice of running many statistical specifications corresponding to similar hypotheses and citing
on those with desired significance levels.
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Second, researchers should specify different sets of prompts or data training methods
and use these as different measures to evaluate the robustness of the main specification results.
For instance, researchers could vary the temperature (creativity) of the GenAl model and ana-
lyze how different measures created under these different temperatures change the results. Al-
ternatively, for data coded numerically, a researcher could construct an index or take the mean
of the different measures and use this in their primary analysis (Alizadeh et al., 2023). Third,
researchers should comprehensively and precisely disclose their intended uses of GenAl in pre-
treatment paperwork to engender confidence that flexibility during the analysis stage does not
inflate the false positive rate. As GenAl continues to develop at a rapid pace, we anticipate
that researchers may increasingly need to deviate from pre-registration during the implemen-
tation stage. In these situations, researchers should disclose and justify such deviations in the

manuscript and perform robustness checks around the modifications.

6. Future Considerations

GenAl is advancing at an exponential rate, as is its usage as shown in Figure 1. We fore-
see that the capability, functions, and usability of GenAl in the coming years will meaningfully
exceed that of the present. Likewise, while GenAl is presently an unfamiliar technology to the
majority of the global population, we also expect that general aversion to using GenAl in re-
search will abate as people become more accustomed to GenAl across many aspects of life.
Owing to these two factors, we provide three best practices which, although less salient in the

short term, we envisage to be nontrivial in the long term.

6.1. Best Practice 10. Adapt resource allocation over different stages of experimental research as

GenAl changes trade-offs.

Realizing the benefits of GenAl augments a quintessential reality of experimental re-
search: different elements of the research design are always in direct competition for resources,
requiring researchers to trade off parts of the design to satisfy funding constraints. The use of
GenAl alters these trade-offs, which we foresee as materially changing how resources are allo-
cated across research components as GenAl becomes more capable. For instance, the use of
GenAl to conduct interviews and record data not only reduces variation arising from different
enumerators but significantly decreases the cost of hiring enumerators, which is usually a non-
trivial allocation of the research budget in field experiments. These funds can then be allocated
to other aspects of the research design such as piloting, increasing sample size to increase sta-
tistical power, increasing participation incentives, or changing the level of randomization. In
contrast, the use of GenAl can also increase costs, the most significant of these generally being

the time and funding associated with appropriating and training the GenAl model.
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Given the rate of advance of GenAl, we recommend that researchers continually update
their beliefs on the optimal allocation of resources across different stages of the research de-
sign. In particular, within this process, we recommend that researchers prioritize investment
in elements of the research design which have a relative advantage in pushing the research
frontier, including collecting additional covariates to determine effect channels or adding ad-
ditional treatment arms to evaluate the impact of spillovers. The general governing process

should be one of constantly comparing marginal benefits and marginal costs.

6.2. Best Practice 11. Hypotheses generated through GenAl need to be interpretable to humans.

GenAl has the power to notice patterns in data, a skill that previously was limited to
the cognitive function of only a few intelligent species. What is more, GenAl can find patterns
that humans cannot, including through processing vast quantities of high-dimensional data
encompassing text and images in addition to traditional tabulated data. Given the increasing
availability of such data, we expect that it will be common practice over the coming years for
GenAl to produce numerous hypotheses from large inputted datasets. A limitation, however, is
that such hypotheses may not be interpretable to humans, either because the hypotheses are
themselves unexplainable as they are generated within a ‘black box’ or because they are not
understandable as the language used to communicate the hypothesis is mechanical in nature
(Doshi-Velez & Kim, 2017; Marcinkevics & Vogt, 2020). When analyzing photo inputs, for in-
stance, GenAl may hypothesize that ‘if more than 40% of pixels on the lower half of the image
are white, then there is a higher likelihood of the subject dying of heart disease.” This is neither
explainable in that the GenAl cannot outline the logic underlying the hypothesis, nor is it un-
derstandable as it is not apparent what feature relates to 40% of pixels on the lower half of the
image being white and its connection to heart disease.

We posit that GenAl-generated hypotheses must be tested against independent subjects
to establish interpretability. The experimental approach is a natural analog to this process as,
given a testable hypothesis, researchers have sufficient control over the environment such that
they can experimentally manipulate mediating channels and moderating factors to identify a
theory of change interpretable to humans. Alternatively, a recent approach by Ludwig & Mul-
lainathan (2024) directly tests interpretability by prompting GenAl to generate pairs of syn-
thetic images that vary only by a characteristic hypothesized by GenAl. Human subjects are
then asked to identify the difference between images, with correct identification indicating that
the hypothesis is interpretable and the failure to correctly identify the difference indicating that
the hypothesis is not interpretable. We recommend that such approaches to interpretability are

the baseline when using GenAl for hypothesis generation.
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6.3. Best Practice 12. GenAl is not a substitute for human ingenuity and innovation.

Although GenAl is a powerful research tool, it should never be considered a substitute for
human ingenuity. The rationale for this is twofold. First, it is possible that researchers uninten-
tionally become dependent on GenAl, especially given the institutional pressures of producing
research output. Since GenAl is presently trained on existing knowledge, it has certain difficul-
ties developing new methodologies to shift the frontier of knowledge by evaluating hypotheses
previously not testable, which we believe is core to the practice of research. Similarly, there is
also risk that widespread reliance on GenAl leads to a homogenization of thought and method-
ology within disciplines that otherwise would have a robust variance of ideas. This selective
inattention would then suppress different schools of thought within a discipline, stymieing
knowledge creation against the spirit of Mill’s free market of ideas (Mill, 1859). Second, there is
risk that researchers remove themselves from the practicalities of the research process as GenAl
becomes more sophisticated. This is a problem across all types of experiments but is especially
relevant in field experiments where presence on the ground is key to diagnosing issues with
randomization or the treatment itself, both of which would invalidate the experiment but go
unnoticed when researchers are not present (Glennerster, 2017).

We therefore recommend that researchers partition time early on in the idea generation
stage where GenAl is not utilized. This would ensure that researchers preserve their creative
autonomy and pursue novel ideas that can shift paradigms by abstracting away from the exist-
ing body of knowledge. Moreover, we recommend that it is equally if not more important that
researchers maintain an on-the-ground role in implementing experiments, including presence
in the field to identify any breakdown in implementation and, in particular, any issues with the

implementation of GenAl.

7. Conclusion

We present twelve best practices that provide a foundation for researchers to realize the
benefits of GenAl while navigating the additional pitfalls and risks that GenAl simultaneously
introduces. We do not claim that these best practices are exhaustive. Rather, they are impor-
tant dimensions to consider for any researcher using GenAl in their research. Further, each of
these twelve practices is flexible enough to enable researchers to push the frontier of knowledge
through novel approaches to pre-treatment procedures, experimental design, data collection,
and analysis but are sufficiently restrictive to mitigate the behavioral biases, implementation
issues, and ethical concerns associated with using GenAl in research.

Although each best practice is relevant to all types of experiments, the exact level of rel-
evance varies across disciplines and contexts. Best Practice 5 relating to piloting and documen-

tation, for instance, is more relevant to field experiments where the loss from an implementa-
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tion issue is greater than in lab experiments. Likewise, Best Practice 4 is more relevant to the
social sciences where synthetic experiments can reveal insights about behavior but is not rele-
vant to medical trials analysing physical outcomes. Determining the relative weight placed on
these best practices is ultimately at the discretion of researchers given their specific context,
and therefore is a subjective exercise prone to disagreement. We do believe, however, that the
guidance provided through this framework best positions experimental research to be at the
forefront of the research community in responding to the transformative impact of GenAl.

Of course, any such list will be incomplete and we suspect we, and other scholars, could
create another dozen best practices. For example, while we discuss replications, integrity and
reliability of results were largely left on the sidelines °. GenAl can be a powerful tool in curb-
ing scientific fraud through several innovative approaches, including the following. (1) Data
Integrity and Verification: GenAl can help verify the authenticity of research data by generating
synthetic datasets to compare against reported results (Li et al., 2023; Kruschwitz & Schmid-
huber, 2024). This can highlight inconsistencies or anomalies that may indicate fraudulent ac-
tivity. (2) Automated Peer Review: GenAl can assist in the peer review process by identifying
potential issues in research papers, such as data manipulation, plagiarism, or statistical errors
(Ferrero et al., 2017). This can enhance the rigor and efficiency of the review process. (3) Be-
havioral Analysis: By analyzing patterns in researchers’ behavior and writing styles, GenAl can
detect unusual activities or deviations from typical practices that might suggest fraud (Braud
& Segaard, 2017). (4) Real-Time Monitoring: GenAl can be used to monitor ongoing research
activities in real-time, providing alerts for any suspicious actions or deviations from standard
protocols (Tagami et al., 2018). (5) Deepfake Detection: As deepfake technology becomes more
sophisticated, GenAl can help detect and prevent the use of manipulated images, videos, or
audio in scientific publications (Uchendu et al., 2024; Antoun et al., 2023). By leveraging these
capabilities, GenAl can significantly enhance the integrity and reliability of scientific research,
helping to prevent and detect fraudulent activities more effectively.

In the end, to deepen the stock of scientific knowledge, we are optimistic about the in-
jection of GenAl into the experimental approach. This is due to two unique features of the
experimental approach: selective data generation and successful replication. Perhaps the most
exciting research in the coming decades will leverage GenAl to generate data across different
settings, markets, subject pools, and moderators while ascertaining key mediation paths to
increase our confidence in building the knowledge framework necessary for testing theories

and providing empirical advice. Unlike yesterday’s researcher who passively visited the pin fac-

SFor one estimate of such misbehaviors, see (List et al., 2001), who report on various misbehaviors, from unethical
research practices to classroom grading, of academic economists.
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tory, tomorrow’s researcher will surgically control the assignment mechanism, with the help of
GenAl, to tinker within the pin factory. In turn, our scientific experiments will have a much

better chance to drive real societal change.
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