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Abstract

Human uplift studies, or studies that measure the effects of
Al access on human performance via randomized controlled
trials (RCTs) or similar methodologies, increasingly inform
frontier Al governance and deployment decisions. While
RCT methods are robust in other fields, their interaction with
the distinctive properties of frontier Al systems remains un-
derexamined, particularly when results are used to inform
high-stakes decisions. We present findings from interviews
with 16 expert practitioners with experience conducting hu-
man uplift studies in domains including biosecurity, cyber-
security, education, and labor. Across interviews, experts de-
scribed a recurring tension between the standard causal infer-
ence assumptions upon which human uplift studies rely and
the object of study itself. Rapidly evolving Al systems, shift-
ing baselines, heterogeneous and changing user proficiency,
and porous real-world settings strain assumptions underlying
internal, external, and construct validity, complicating the in-
terpretation and appropriate use of uplift evidence. We con-
tribute (1) a synthesis of methodological challenges in human
uplift studies, mapped to risks to study validity and classi-
fied by their degree of specificity to large language model
(LLM) systems, and (2) a mapping from challenges to pro-
posed solutions. By collating expert-identified challenges and
solutions, we seek to clarify the interpretive limits and ap-
propriate uses of human uplift evidence, to align evaluation
practice with the decisions it informs, and to support more
coordinated methodological foundations for Al governance.

Full Version: — https://arxiv.org/abs/2603.11001

1 Introduction

Large language model (LLM) systems are reshaping fun-
damental aspects of human society, from how we work
and learn to how we make decisions about national secu-
rity and public policy (Bengio et al. 2026; Maslej et al.
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2025). Society’s ability to anticipate, manage, and govern
these transformations depends in part on how well we can
evaluate AI’s real-world impacts. Governance frameworks
more and more rely on evaluations as a precondition for
responsible deployment: the EU AI Act mandates evalua-
tions of frontier models (European Parliament and Coun-
cil of the European Union 2024); US state-level laws such
as New York’s RAISE Act and California’s SB 53 require
public reporting of safety evaluations (New York State As-
sembly 2025; California State Legislature 2025); and fron-
tier developers voluntarily commit to evaluation-based risk
thresholds through Responsible Scaling Policies and Fron-
tier Safety Frameworks (e.g., Anthropic 2023; Google Deep-
Mind 2024; OpenAl 2025). Yet the evaluation methods on
which this paradigm relies largely compare Al systems with
each other and often fall short in measuring how systems
affect users and society in practice (Schwartz et al. 2025;
Ibrahim et al. 2025; Weidinger et al. 2023; Strauss et al.
2025).

Human uplift studies offer a way to close this gap. By
measuring the extent to which access to or use of LLM sys-
tems shifts human performance on a task relative to a coun-
terfactual through randomized controlled trial (RCT) or sim-
ilar methodologies, uplift studies provide rigorous causal ev-
idence about AD’s effects on the people who interact with
it (Frontier Model Forum 2025b; UK AI Security Institute
2024a). Human uplift studies are increasingly discussed by
international consortia (Bengio et al. 2024; Frontier Model
Forum 2025b), governments (European Commission 2025;
UK AI Security Institute 2024b,a; U.S. Al Safety Institute
2024), developers (Anthropic 2025; Patwardhan et al. 2024;
Shah et al. 2025; Shanghai AI Lab et al. 2025), and Al eval-
uation contexts (McCaslin et al. 2025; Paskov et al. 2025;
METR 2025; Future of Life Institute 2025; Janjeva et al.
2024; Bucknall et al. 2025; Wilson 2024; Karnofsky 2024).!

'"The term “human uplift study” has emerged as a consensus
label within AI policy and evaluation discourse to describe this
class of methods (Bengio et al. 2024; Frontier Model Forum 2025b;
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Table 1: Methodological challenges and solutions in human uplift studies: a mapping between proposed solutions (rows) and
methodological challenges (columns) identified in 16 expert interviews. Challenges are grouped by the primary research phase
in which they arise, tagged by the primary form of validity they threaten (construct [C], internal [I], external [E]), and rated
for LLM-specificity (from familiar RCT threats intensified by LLMs (%), to those with RCT precedent but inadequate standard
mitigations (xx), to challenges native to LLM-based systems (x x x)). Mapping is illustrative rather than exhaustive.

This promise, however, outpaces methodological under-
standing. While RCT methodology is well-established in
fields including medicine, economics, and human-computer
interaction (Eble, Boone, and Elbourne 2017; Tong et al.
2023; Dahlinger et al. 2018; Jones et al. 2025), its applica-
tion to frontier Al systems poses new challenges. Moreover,
study results are not always made public; even when pub-
lished, results often omit key methodological details due to
safety concerns, such as in Anthropic (2025). As uplift stud-
ies increasingly shape consequential decisions about Al de-
ployment, safety, and regulation, gaps between the method-
ological foundations of this evidence and the institutional
conditions under which it is produced and used become
questions not only of research design but of Al governance.

This article fills that gap with findings from 16 inter-
views of experts who have conducted or were contempo-
raneously conducting human uplift studies involving large
language models (LLMs). Our main contributions are: (1) a

UK AI Security Institute 2024a). For clarity, we use “human uplift
study” to refer broadly to RCT-based or quasi-experimental evalu-
ations of Al’s effects on human task performance, while acknowl-
edging that individual studies may vary in design details and rigor.
We note that the term itself is a misnomer: not all such studies find
that access to frontier Al systems increases human performance,
e.g., Becker et al. (2025).
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synthesis of methodological challenges in LLM uplift stud-
ies, mapped to threats to construct, internal, and external va-
lidity and classified by their degree of LLM-specificity; and
(2) a mapping from challenges to expert-proposed solutions.
Our focus and analysis are centered on human uplift studies
involving LLM-based systems, though we occasionally use
the broader term “Al systems” for generality. By collating
expert-identified challenges and solutions, we seek to clarify
the interpretive limits and appropriate uses of human uplift
evidence, and to promote the development of increasingly
rigorous and robust Al evaluations for governance.

2 Background & Related Work

Evaluations provide stakeholders with critical insights into
the capabilities, risks, and opportunities of frontier Al
systems (Bengio et al. 2026; Burden et al. 2025; An-
thropic 2025; Anderson-Samways et al. 2024; UK AI Se-
curity Institute 2024a; European Commission 2025). Cur-
rent approaches, including multiple-choice question-answer
(MCQA) benchmarks, red-teaming, and long-form agent
evaluations, present distinct trade-offs in validity, repro-
ducibility, and resource requirements (Mouton, Lucas, and
Guest 2024; UK Al Security Institute 2024a; Frontier Model
Forum 2025b; Reuel et al. 2024; Lin et al. 2024; Burden



et al. 2025; Wei et al. 2025a). While MCQA benchmarks
provide structured performance measurement, they often ne-
glect system interaction with users or environments (Wei-
dinger et al. 2023; Schwartz et al. 2025; Ibrahim et al. 2025;
Strauss et al. 2025). As such, benchmarks alone poorly
predict downstream impacts, especially on economically or
strategically important tasks (Schaeffer et al. 2025; Brooks
2025; Narayanan and Kapoor 2025; Ho and Denain 2025).
Red-teaming approaches, while involving human-computer
interaction, often lack the controlled structure for reliable
causal estimates (Feffer et al. 2025; Friedler et al. 2023).

Human uplift studies use RCT or similar methodology
to measure the causal impacts of Al systems on human
performance, drawing upon decades of experimental rigor
from medicine, economics, and social science (Ibrahim et al.
2025; Dobbe, Gilbert, and Mintz 2021; Weidinger et al.
2023; U.S. Al Safety Institute 2024; Farrell et al. 2025; Eble,
Boone, and Elbourne 2017; Frontier Model Forum 2025b;
Ho and Berg 2025). RCTs originated in medical research
as the gold standard for establishing causal relationships be-
tween interventions and outcomes, with rigorous standards
developed over decades to minimize bias and ensure reliable
inference (Eble, Boone, and Elbourne 2017). RCT method-
ologies have been adopted across fields including human-
computer interaction (Tong et al. 2023; Dahlinger et al.
2018; Price et al. 2020; Jeong et al. 2018; Milli, Belli, and
Hardt 2022; Lee et al. 2025; Jakesch et al. 2019; G. Mitchell
etal. 2021; Bassen et al. 2020) and economics and social sci-
ences (Banerjee 2020; Banerjee, Duflo, and Kremer 2020;
Angrist and Pischke 2009). Across these domains, RCTs
are grounded in the Potential Outcomes Framework, which
specifies the assumptions required for causal inference and
unbiased treatment-effect estimation (Rubin 1974; Imbens
and Rubin 2015).

In recent years, researchers have leveraged RCTs and
other methods to evaluate the impact of LLMs on human
performance across a growing set of domains, including
biological threats (Mouton, Lucas, and Guest 2024; Pat-
wardhan et al. 2024; Krishna et al. 2025; xAI 2025; Zhang
et al. 2026), developer productivity (Becker et al. 2025;
Chen et al. 2025), legal services (Schwartz et al. 2025; Choi
and Schwarcz 2024), customer service (Brynjolfsson, Li,
and Raymond 2025), and academic research (Brodeur et al.
2025; Ratkovic et al. 2025). This breadth spans both benefit-
oriented questions, such as productivity gains, and worst-
case misuse risks. As decision-makers and policymakers in-
creasingly turn to human uplift studies to inform deployment
and governance decisions, the methodological soundness of
these studies carries more weight.

The application of RCTs to LLMs calls into question
the core assumptions of the Potential Outcomes Framework
(Rubin 1974; Imbens and Rubin 2015), including stable in-
terventions and well-defined counterfactuals. While viola-
tions of these assumptions are documented even in mature
fields (Eble, Boone, and Elbourne 2017), LLM-based sys-
tems place additional and distinctive pressures on these as-
sumptions. Rapid model iteration can undermine interven-
tion fidelity over the course of a study, while the widespread
integration of Al tools into everyday workflows (Menlo Ven-
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tures 2025; McKinsey & Company 2025) complicates the
specizﬁcation of controls and the prevention of contamina-
tion.

Amid these methodological questions and an evolv-
ing empirical landscape, much of the practical experi-
ence of conducting human uplift studies remains under-
documented. Many studies are conducted under security
constraints or commercial confidentiality (Shevlane and
Dafoe 2020; Strauss et al. 2025; Delaney, Guest, and
Williams 2024; McCaslin et al. 2025), limiting transparency
about design trade-offs, failure modes, and interpretive pit-
falls. As a result, stakeholders often rely on human uplift ev-
idence without a clear view of where standard assumptions
hold, where they break down, and how researchers adapt in
practice. In this article, we seek to fill this transparency gap.

3 Methodology

We employ expert interviews as the primary method for
this study. Human uplift studies, when published, often
only report high-level results and frequently omit details on
methodological trade-offs, execution challenges, and inter-
pretive uncertainties. Expert interviews allow us to surface
this tacit knowledge directly, including insights from studies
that remain unpublished or delayed due to security or com-
mercial constraints. This project was reviewed and deemed
exempt by RAND’s Human Subjects Protection Committee.

3.1 Interview protocol

We conducted semi-structured expert interviews between
July and August 2025 with experts who had conducted or
were, at the time of interview, conducting at least one hu-
man uplift study of an LLM-based system. We selected ex-
pert participants using a snowball sampling method (Parker,
Scott, and Geddes 2019), seeded with a rapid literature re-
view of published human uplift studies involving LL.Ms that
fulfilled the pre-specified inclusion/exclusion criteria. For
full sampling procedures, refer to the Appendix.? In total,
we reached out to 53 experts and secured the participation
of 16 interviewees (30% participation rate). Interviews were
scheduled for 60 minutes and lasted 30-70 minutes. The
semi-structured script addressed demographics, human up-
lift study history, methodological challenges and solutions,
and open-ended questions (details in the Appendix).

3.2 Thematic analysis

Following interview completion and transcription, we con-
ducted a qualitative thematic analysis (Braun and Clarke
2006) to identify high-level methodological challenges and
solutions. We used a two-stage inductive approach, treating
coding as an interpretive and reflexive process (Braun and
Clarke 2023) to identify themes from the bottom up. The fi-
nal codebook contained 30 codes across 7 categories (see

YIntervention fidelity refers to whether the treatment actually
delivered matches the treatment specified in the study design. In
the Al context, this is threatened when models update, safety filters
change, or system configurations shift during a study. For more
discussion, see C5.

3 Available at https://arxiv.org/abs/2603.11001



Appendix), which we organized into broader themes (the
Results section). Through thematic analysis, we aimed to
identify high-level challenges and potential solutions sur-
faced in expert interviews. Each transcript was indepen-
dently coded by two annotators. Following established qual-
itative research practices (McDonald, Schoenebeck, and
Forte 2019; Braun et al. 2024; Li et al. 2022; Wei et al.
2024), we did not calculate inter-rater reliability, given our
goal to interpret core narratives rather than make objective
or predictive claims.

3.3 Validity mapping

We map challenges to three established forms of validity:
construct, internal, and external validity (Table 2). This ty-
pology derives from Campbell (1957) and subsequent work
Campbell and Cook (1979); Cook, Campbell, and Shadish
(2002) and complements recent work in Al evaluation that
adopts and extends validity frameworks to assess the relia-
bility and generalizability of model evaluations (Salaudeen
et al. 2025; Chouldechova et al. 2024). * Mapping was com-
pleted independently by two authors (P.P., K.W.), with a
third author adjudicating disagreements to reach consensus.
Used as an analytic lens, this framework helps to identify
when and how inferential claims are at stake, and seeks to
foster more well-informed design and interpretation of hu-
man uplift studies.

3.4 LLM-specificity mapping

We further map each challenge along a three-level spectrum
reflecting the degree to which it emerges due to the distinc-
tive properties of LLM-based systems (Table 3). Mapping
was completed independently by two authors (K.W., C.E.),
with a third author adjudicating disagreements to reach con-
sensus.

3.5 Limitations

Our interview process was constrained by sample size and
by potential sampling and response bias. Given the nascency
of LLM human uplift research and the small population
of experts in this area, however, our sample of 16 experts
is in line with norms in expert interview research in Al
ethics (Wei et al. 2024; Wang, Datta, and Dickerson 2025;
Rostamzadeh et al. 2022; Mehandru, Robertson, and Salehi
2022; Cheong et al. 2024; Vrijenhoek et al. 2024; Groves
et al. 2024; Deng et al. 2022; Madaio et al. 2024) and
human-computer interaction (Agrawal et al. 2021; Zhang
et al. 2025; Li et al. 2022; Sekwenz, Wagner, and Parkin
2025; Buruk, Matjeka, and Mueller 2023).% Our interview

“The Campbell tradition also considers statistical conclusion
validity, which we omit because practitioner-reported challenges
concerned causal effects rather than statistical estimation.

SThe population of experts with direct experience conducting
LLM human uplift studies is small; in later rounds of our snow-
ball sampling, interviewees frequently identified experts already
on our outreach list, suggesting we were approaching the bound-
ary of the reachable expert population. As one expert noted, “the
Al uplift world, it’s still kind of small.” Yet content saturation in
similar expert studies has been achieved with a dozen or fewer in-
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sample reflects broader biases representative of the field: ex-
perts were predominantly U.S.-based, male, and academ-
ically affiliated, with only one industry representative re-
sponding despite multiple outreach attempts. These limi-
tations may affect the generalizability of findings to non-
Western, non-English-speaking, or industry contexts. Lim-
ited industry representation likely reflects disclosure con-
straints rather than limited engagement, underscoring the
transparency gap motivating this study. Finally, validity and
LLM-specificity mappings reflect our structured analytic
judgment rather than objective classification, and are in-
tended as interpretive heuristics rather than sharp ontolog-
ical claims.

4 Results
4.1 Descriptive statistics

We provide some summary statistics about our expert inter-
viewees, as well as the studies that interviewees had con-
ducted and that we discussed in interviews.

Sample: Experts We interviewed 16 experts (Table 4), 13
of whom identified as men and three as women. Educational
backgrounds included PhD (n = 7), master’s (n 6), or
bachelor’s degrees (n = 3). Interviewed experts were spread
across a range of seniority levels, with 0-5 years of work
experience (n = 3), 6-10 years of work experience (n = 7),
11-15 years of work experience (n = 3), and 16+ years
of work experience (n = 3). Experts were affiliated with
universities (n = 6), independent research institutions (n =
7), government (n = 1), an Al company (n = 1), and other
organization (n = 1). Institutions were based in the U.S.
(n = 14), Germany (n = 1), and unspecified (n = 1).

Sample: Human Uplift Studies Experts had completed
or were, at the time of interview, conducting between 1 and
6 LLM human uplift studies, with most working on just one
(n = 10). We discussed 16 distinct studies total, includ-
ing those published (n = 9), under review (n = 4), and
not-expected-to-be-published due to proprietary or security
concerns (n = 3). Studies focused primarily on biology/bi-
ological risk (n = 6), with others spanning software engi-
neering, cybersecurity, medicine, social sciences, and other
domains. Seven studies aimed to evaluate, in some capac-
ity, the potential for LLM systems to enable worst-case mis-
use risks by an attacker or threat actor. Most research teams
included domain experts (n 12) and half included so-
cial scientists (n = 8). All studies except one were ran-
domized controlled trials with at least two arms (LLM ac-
cess vs. control) (n = 15). Sample sizes in discussed up-
lift studies ranged from under 20 to nearly 5,000 partici-
pants (median = 110), with only three studies exceeding
1,000 participants. Studies recruited participants primarily

terviews (Hennink and Kaiser 2022; Guest, Bunce, and Johnson
2006). We observed that later interviews surfaced few new themes
or challenges beyond those identified in earlier interviews, consis-
tent with content saturation, though we did not conduct a formal
saturation analysis. Our 30% participation rate was comparable to
that of similar studies (Harrap et al. 2023).



Validity type

Definition and common threats

Construct [C]

Internal [I]

External [E]

The extent to which study operations (e.g., interventions, measures, settings, participants) correspond to intended
abstract constructs (Campbell and Cook 1979; Cook, Campbell, and Shadish 2002; Salaudeen et al. 2025). Threats
arise when the treatment is ill-defined (e.g., the LLM intervention updates mid-study), when control conditions fail
to represent the relevant counterfactual, or when outcome measures capture only a subset of pathways relevant to
the decision-relevant construct.

The extent to which the assumptions required to identify a causal effect between the explanatory variable and the
outcome of interest are satisfied within the study context (Imbens and Rubin 2015; Cook, Campbell, and Shadish
2002). Threats arise when treatment diffuses across experimental boundaries through spillovers or contamination,
or when participants are differentially exposed to varying versions of an intervention.

The extent to which internally valid causal effects generalize to different individuals, contexts, and outcomes (Meyer
1995; Cook, Campbell, and Shadish 2002). Threats arise when the recruited sample diverges from the decision-

relevant population, when user proficiency co-evolves with the technology, or when baselines shift over time.

Table 2: Validity dimensions used to organize methodological challenges in human uplift studies.

Level Definition

LLM-native The causal mechanism generating the challenge is specific to properties of LLM-based systems; precedents in prior
* Kk K RCT contexts are weak or absent.

LLM- Precedent exists in prior RCT contexts, but standard mitigations are inadequate for preserving the relevant form(s)
transformed  of validity in LLM studies.

Hok

LLM- Precedent exists in prior RCT contexts, and standard mitigations remain largely adequate; LLMs primarily increase

intensified x the frequency or severity of the threat.

Table 3: Three-level classification of how distinctly each methodological challenge emerges from properties of LLM-based

systems.

via convenience sampling through partner organizations, so-
cial media, or targeted outreach.

4.2 Thematic analysis

We present our thematic analysis in two stages. First, we
present a structured synthesis of methodological challenges,
organized across the Al evaluation lifecycle as defined in
(Wei et al. 2025b; Paskov et al. 2025). We annotate chal-
lenges with [C], [I], or [E] to indicate the primary forms
of validity they threaten, as defined in Table 2. We fur-
ther tag challenges with a star rating (x to x x %) to indi-
cate their degree of LLM-specificity, as defined in Table 3.
Some challenges, like intervention fidelity (C5), are distinct
to LLM-based RCTs. Others are familiar in form but trans-
formed by properties of frontier Al systems, such as control
conditions (C2) and interference (C6). Still others, such as
interpretation of results across models and time (C9), are
well-established in experimental design but take on distinct
form in LLM uplift studies, particularly in high-stakes gov-
ernance contexts. We then summarize a key subset of solu-
tions. Bolding within quotations is added for emphasis. Ta-
ble 1 maps challenges to corresponding solutions.

Methodological Challenges

C1 Measurement Under Constrained and Incomplete
Pathway Coverage (Design) [C] x A growing body of ev-
idence documents limitations of measurement instruments
in Al evaluation (Raji et al. 2021; Hutchinson et al. 2022;
Reuel et al. 2024; Rauh et al. 2024; Eriksson et al. 2025;
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Wallach et al. 2025; American Statistical Association 2016),
with human uplift studies as no exception. Experts de-
scribed challenges in defining measurement instruments that
proxy real-world behavior, particularly in safety and misuse-
focused uplift studies, where action spaces are wide, settings
are complex and adversarial, and motivating threat models
are themselves often under-specified (Bengio et al. 2026).
Several experts emphasized concerns about tasks’ experi-
mental realism. Expert N discussed a cybersecurity study:

N: “One big challenge we’re facing is whether or not
the tasks, the actual lab environments that we’re giv-
ing these proxy attackers is realistic enough of the real
world. Are we representing the real cyber world in
assigning these tasks? That’s one big challenge. And
the implication is, if it’s not realistic, then who cares
about the uplift that’s given?”

Experts noted that concerns about task realism are com-
pounded by the need to constrain action spaces in order to
make studies tractable. In domains with wide action spaces
and multiple viable strategies, researchers must often fo-
cus on a subset of pathways, introducing trade-offs between
granularity and coverage. Expert A remarked:

A: “Studies need to artificially constrain [misuse sce-
nario] pathways in order to be able to study anything
at all...I think it’s important that we don’t lose sight of
that. Say that you have specified one particular path-
way and you didn’t see uplift in that, that doesn’t need
to necessarily mean that you’re now able to rule out



Expert ID  Organization Type Expert ID  Organization Type

Expert A Independent Research Institution Expert I University

Expert B University Expert J University

Expert C Independent Research Institution Expert K University

Expert D Other Expert L Al Company

Expert E Independent Research Institution Expert M Independent Research Institution
Expert F Independent Research Institution Expert N Independent Research Institution
Expert G Independent Research Institution Expert O University

Expert H Governmental Institution Expert P University

Table 4: Overview of experts by organization type.

all the other pathways that you didn’t study.”

Together, these challenges underscore that constrained
and incomplete pathway coverage is often unavoidable in
human uplift studies, but remains methodologically defen-
sible only when task constraints are clearly specified, trans-
parently communicated, and explicitly aligned with the re-
search question of interest. This distinction is especially
salient in governance and policy contexts, where results
from a single constrained pathway may be interpreted, im-
plicitly or explicitly, as speaking to a broader space of real-
world behaviors or risks than that which the study was de-
signed to measure.

C2 Control Conditions in Al-Integrated Environments
(Design) [C] »x Selecting appropriate control conditions,
defined here as the within-study comparison group used to
identify the causal effect of Al systems, emerged as a central
design challenge shaping both the interpretation and com-
parability of human uplift studies.® While control specifica-
tion is a general concern in randomized experiments, experts
noted its unique challenge in human uplift studies, given
the increasing embeddedness of Al tools in everyday work-
flows. In such settings, identifying a realistic and meaningful
counterfactual is often nontrivial.

Experts described wide variation in control definitions in
practice. Some studies restrict participants to basic internet
search or non-Al tools, while others provide access to hu-
man experts or alternative software systems. Experts noted
that, unlike many traditional interventions, LLMs do not re-
place a single prior tool but are layered onto an existing
ecosystem of technologies. As such, control conditions are
inherently relative to a reference point, which, if not made
explicit, can lead to misinterpretation of uplift estimates. Ex-
pert P noted:

P: “In any control setting, there’s going to be some
technology that they have available to them, whether
it be Al or it used to be called Al but now it’s no

Throughout the paper, we distinguish control conditions,
which are study-specific comparison groups used for within-study
causal identification, from baselines, which are reference points
used to contextualize and compare uplift magnitudes across stud-
ies or over time. We further refer to human baselines as baselines
anchored to prevailing human capabilities or workflows (Wei et al.
2025b). We avoid using “baseline” to denote pre-intervention mea-
surements, though this too is a common use case in literature.
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longer Al, or maybe it’s some other Al tool...it’s al-
ways relative to something and maybe impacts in-
terpretation. Think about the coding papers, for ex-
ample, that study how Copilot impacts programmers.
Well, before Copilot, there was Autocomplete and
TabComplete and IDEs...”

The appropriate choice of control conditions ultimately
depends on the specific research question and the reference
point or threshold of interest, for which experts suggest sci-
entific consensus or stakeholder consultation may be useful.

C3 Recruiting Populations Aligned with Specialized Re-
search Questions (Recruitment) [E] x Experts described
recruitment as a central constraint on external validity, par-
ticularly when research questions target specialized or high-
stakes domains such as biosecurity, cybersecurity, or law.
Experts described two recurring recruitment constraints.
First, in many governance-, safety- and security-oriented
studies, the populations of greatest interest are not directly
recruitable at all. When research seeks to model malicious or
highly capable threat actors, researchers must rely on proxy
populations such as students, professionals, or domain ex-
perts, whose motivations, incentives, and constraints differ
systematically from those of real-world adversaries. In these
cases, uplift estimates depend on how well study designs, in-
centives, and task framing approximate relevant behaviors.

Second, in other settings, the population of interest is of-
ten difficult or costly to recruit. For example, Expert E ex-
amined Al use in legal contexts but recruited law students
rather than practicing lawyers, noting that “lawyers’ time at
law firms is pretty costly ... you just run up against budget
constraints and have to make these trade-offs.” Similar chal-
lenges arise in domains requiring specialized technical ex-
pertise or narrow sub-disciplinary knowledge. Researchers
often trade representativeness for feasibility, sometimes fa-
voring more curated samples to reduce variance or improve
retention at the cost of smaller or less representative popu-
lations. Across scenarios, recruitment choices shape results.
In policy-relevant settings, where decisions frequently hinge
on rare or adversarial behaviors rather than average effects,
failure to clearly communicate recruitment limitations can
lead to overconfident extrapolation about populations or be-
haviors.

C4 Heterogeneous and Evolving Al Literacy (Recruit-
ment) [I, E] xx Participant proficiency in the use of Al, or
Al literacy, emerged as a salient consideration in the design



and interpretation of human uplift studies. Experts empha-
sized that variation in Al literacy is especially consequential,
given the degree to which performance depends on users’
prompts, output interpretation, and tool integration. Expert
L noted:

L: “If you’re selecting someone who is a complete
novice, has never used GenAl, I think you will not see
much uplift just because they don’t know how to use
the tool, whereas if you just give the same person six
months to learn about GenAl and ask them again the
same question six months down the road, they might
be successful in using GenAl in a particular manner.”

Heterogeneity in Al literacy poses distinct threats to both
external and internal validity. If the population of interest is
mis-specified, such that participant skill does not reflect the
population of interest, uplift estimates may fail to general-
ize, undermining external validity. If variation in Al literacy
is unevenly distributed or not controlled for within a study,
it may act as a confounder, threatening internal validity by
obscuring the causal relationship between Al assistance and
observed outcomes.

CS Intervention Fidelity Under Rapid Model Evolution
(Execution) [C, I] x x x Experts identified intervention fi-
delity as a key challenge: unlike traditional interventions,
the LLM under study can change mid-experiment, silently
and asymmetrically (see, e.g., Kapoor et al. 2025; Zhu et al.
2026). In human uplift studies, the intervention typically
includes access to a particular AI model, often embedded
within a broader tool ecosystem including system prompts,
safety filters, plugins, or auxiliary tools. Experts noted that
developer or provider changes to any of these underlying
components, while often unflagged, can materially affect
study outcomes. A lack of clear visibility into model ver-
sioning, common among experts, induces uncertainty about
intervention fidelity. Expert N noted:

N: “When we started talking about this experiment
and designing it, we noticed that the publicly avail-
able models were capable of running code in their en-
vironments and installing different Python tools. For
example, we are starting [now] to see a lot more re-
fusals from the same exact model. So the model has
undergone an update and we no longer have access
to that snapshot of the previous instance of that same
model. And so if you run a study over a period of
three months in which that model is being updated
and you’re unaware, you’re comparing apples and
oranges.”

When participants are exposed to materially different
model versions or configurations at the same time, this intro-
duces unbalanced heterogeneity in the intervention, threat-
ening internal validity by violating the assumption that treat-
ment is consistently defined across subjects. By contrast,
when the intervention changes uniformly over time, for ex-
ample, due to a globally deployed model update, internal
validity may be preserved, provided that participants are af-
fected symmetrically. However, rather than estimating the
effect of a single, fixed model, the study would then capture
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the effect of exposure to a changing system over a specified
time horizon. The risk of such changes increases with study
duration: brief laboratory tasks may face minimal exposure,
while longitudinal or real-world studies spanning weeks or
months are more vulnerable.

C6 Interference: Spillovers and Contamination in Al-
Integrated Environments (Execution) [I] xx Experts
highlighted challenges arising from spillovers and contami-
nation in Al-integrated environments. Spillovers occur when
exposure to Al diffuses indirectly, for example through so-
cial interaction, shared strategies, or collaboration, violating
standard non-interference assumptions of RCTs. These risks
are especially salient in settings with close cohort structures,
such as classrooms, labs, workplaces, or training programs,
where participants naturally exchange information. Contam-
ination, by contrast, occurs when control group participants
directly access restricted Al tools or comparable systems,
violating experimental protocol. As Expert A noted:

A: “I expect cheating to be much more salient in
LLM uplift studies, especially if there is an internet-
only control group. Contrast this with a clinical drug
trial, where, if you’re not giving the control group the
drugs, they’re probably not going to be able to ac-
quire it.”

Across both dynamics exists a trade-off: study designs
that aim to improve external validity by approximating
real-world, longer-term use often face heightened risks of
spillovers and contamination. Short, tightly controlled stud-
ies, on the other hand, may better preserve causal identifica-
tion, but fail to reflect real-world Al use.

C7 Expectancy Effects (Execution) [I, E] xx Experts dis-
cussed limits to blinding in human uplift studies: because
interaction with Al systems is explicit, conversational, and
central to task execution, blinding participants to Al treat-
ment is often infeasible. As a result, observed effects may
reflect not only the technical capabilities of the system, but
also users’ expectations about what Al can do. In experi-
mental psychology, such dynamics are often described as
expectancy effects (e.g. (Klein et al. 2012)). Expectancy ef-
fects complicate interpretation when uplift results are used
to make claims about underlying model performance or to
support cross-study comparisons. Experts discussed partial
mitigations — such as blinding outcome assessors or analysts
— though such measures do not fully resolve these dynam-
ics. Instead, the central interpretive choice lies in whether
expectation-driven behavior is treated as a confound to be
minimized and controlled for or as an integral feature of real-
istic Al use. Blinding challenges limit internal validity when
uplift estimates are interpreted as isolating model capabil-
ity, and external validity when results are compared across
studies with different framing, populations, or deployment
contexts.

C8 Documentation Under Proprietary and Security
Constraints (Documentation) [E] x Experts described
documentation — or the reporting of evaluation results,
metrics, methodological details, experimental materials, and
datasets — as a challenge to understanding evidence and



advancing methodologies. While evaluations in many fields
follow established documentation standards (Hopewell et al.
2025; American Economic Association 2025), human uplift
studies fall short due to their relative nascency, along with
proprietary and security concerns. Expert D noted:

D: “It’s often very difficult to know what was actu-
ally done on an uplift study based on model cards.
Did they have a day to do the task? A week? Was it
a multiple choice exam? An intensive planning exer-
cise?”

This lack of detail hampers scientific progress and ap-
propriate interpretation of results for governance applica-
tions and beyond. While Expert B noted contractual solu-
tions can ensure publishing rights, the feasibility of such ar-
rangements can depend on power dynamics and dependen-
cies between researchers, evaluators, and model developers,
which shape the negotiability of terms in practice.

C9 Interpreting Results Across Models and Time (Doc-
umentation) [E] x While LLM uplift studies estimate a
point-in-time effect of a specific model for a specific pop-
ulation on a specific task, their results often inform broader
and longer-term governance questions on, for example, safe-
guards and deployment. The dynamics and constraints dis-
cussed in this section introduce challenges to understanding
to what extent a given study’s estimates extend beyond its
original conditions. Expert A noted:

A: “There’s often a conflation of what study ques-
tions are of interest. There’s this overall question:
how good are people at using Als for this task right
now? But often the study question that people want to
answer in a safety context is: if we launch this model,
and then in the next few years people become much
better at using Als, how well would they perform? ...
I wish that studies could better isolate those two dif-
ferent questions and communicate clearly how their
results should be interpreted.”

The implications are greater when uplift results inform
high-stakes decisions such as in safety cases and policy
frameworks. Expert D illustrated how quickly the underly-
ing conditions drift:

D: “Comparison over time is very difficult...if you
run another study with the same group of people,
six months later, the world has probably changed
in pretty meaningful ways. People are more famil-
iar with using LLMs...That’s going to change the way
that they perform.”

Interpretive challenges further compound in cross-model
comparisons. Unlike MCQA benchmarks such as MMLU
(Hendrycks et al. 2021) or GPQA (Rein et al. 2023), human
uplift studies cannot be easily rerun on updated models or
alternative systems without substantial recruitment and ex-
ecution costs. As a result, direct comparison across model
versions is often infeasible in practice. Expert O explained:

O: “If you ran a study with this model and then re-
viewers are like, well, why don’t you try model X or

2043

Y? It’s not a static benchmark that you can just re-
run. You’d have to recruit a new group of partici-
pants, which is not necessarily realistic.”

Interpretive challenges similarly extend to baseline spec-
ification, where baseline refers to the reference point used
to contextualize and compare uplift magnitudes across stud-
ies or over time. As decision-relevant comparison groups
shift, driven by improvements in open-source models or the
increasing integration of Al into everyday tools, reliance
on outdated baselines risks comparisons that no longer re-
flect realistic conditions. Simultaneously, this dynamic risks
what Expert D characterized as a “boiling frog” problem, in
which gradual changes in reference points obscure substan-
tial shifts in absolute capability (Kapoor et al. 2024).

Practical Solutions for the Field Experts proposed a
range of solutions associated with the challenges above,
spanning study-level practices to ecosystem-level interven-
tions. We map these solutions to challenges below and in
Table 1. In doing so, we aim to illustrate potential points of
leverage rather than to advocate for any specific approach.
This mapping is not exhaustive, prescriptive, or definitive.

S1 Standardized Task Libraries Experts proposed devel-
oping shared benchmark tasks for different task domains,
given “huge economies of scale” and suggested that con-
sortia of organizations could jointly contribute tasks for the
common good without bearing full individual costs. Experts
emphasized the importance of determining which tasks are
representative or appropriately difficult. To this end, Ex-
pert A suggested consulting domain experts and surveying
study designers, decision-makers, and relevant communities
about proxy quality prior to study launch, noting that pre-
registered expectations about real-world implications could
help structure post-results interpretation. Expert B proposed
using multiple KPIs to capture distinct dimensions of per-
formance, while other experts similarly highlighted sub-
task—level measurement as a way to preserve informative
signal in complex, multi-step tasks or capabilities. More
thoughtfully designed, crowd-sourced standardized task li-
braries can deepen and broaden measurement by encourag-
ing systematic coverage of relevant questions and pathways
and improving the validity of proxies through economies of
scale. Related challenges: C1, C8, C9

S2 Baseline and Control Selection Conventions Experts
advocated for clearer conventions distinguishing baseline
and control selection to improve interpretability and compa-
rability across uplift studies. Suggested practices included
explicitly characterizing the prior technology or workflow
being displaced when defining design and, where feasi-
ble, adopting standardized baseline and control bundles for
common settings (e.g., academic research, professional ser-
vices). Experts emphasized that both baseline and control
choices should be made explicit and align with the spe-
cific reference point or decision threshold relevant to the
downstream use of the results. Explicit baseline and con-
trol conventions could anchor results to a clear reference
point, improving interpretability and cross-study compa-
rability. Further, conventions could align evaluations with



decision-relevant questions, support consistent documenta-
tion through shared standards, and foster crowd-sourced
identification and mitigation of spillovers or contamination.
Related challenges: C2, C6, C8, C9

S3 Leveling and Accounting for AI Literacy Experts re-
ported a range of strategies for Al literacy challenges, in-
cluding measuring and filtering for proficiency in recruit-
ment, stratifying randomization on prior experience, provid-
ing introductory training to participants, and controlling for
Al skill level in post-hoc analysis. Accounting for Al lit-
eracy makes user heterogeneity explicit, helping align re-
search questions with the populations and interaction modes
the study seeks to capture, while potentially mitigating ef-
fects of confounding variables. Clear documentation of skill
supports transparent reporting and fosters more appropriate
interpretation by clarifying the user groups to which results
apply. Related challenges: C4, C8, C9

S4 Versioned Evaluation Infrastructure, Snapshot Ac-
cess, and Verification Versioned Al systems and stable
evaluation snapshots could allow researchers to measure,
control for, or appropriately interpret intervention fidelity.
Provider guarantees of fixed model versions for study du-
ration, explicit version identifiers for model/system con-
figurations, and mediated access to snapshots through se-
cure or tiered research environments could improve research
rigor (Casper et al. 2024; Brundage et al. 2026). The suc-
cess of this solution hinges on coordination between devel-
opers, providers, and researchers. Such infrastructure need
not imply public release of sensitive systems, but could in-
stead support intervention fidelity, reproducibility, and inter-
pretability under proprietary or security constraints. Emerg-
ing research on verification offers potential solutions (Balan,
Learney, and Wood 2025; Scaramuzza et al. 2026; Scara-
muzza, Quattrocchi, and Tamburri 2025; Yao and Juarez
2026; You 2026). Related challenges: C5, C8, C9

S5 Contamination and Spillover Management Experts
proposed mitigating contamination and spillover threats
through multiple approaches: monitoring LLM usage by
control groups and removing protocol violators; offering
post-study “amnesty” periods where participants can ad-
mit to violations without penalty while allowing data ex-
clusion; physically separating treatment and control groups
through staggered scheduling or dispersed recruitment; and
implementing technical controls such as providing restricted
Chromebooks or network-level site blocking. Several ex-
perts emphasized the importance of designing incentive
structures that encourage compliance rather than relying
solely on monitoring and detection systems.” Contamina-
tion and spillover management practices can mitigate inter-
ference issues and promote better documentation and inter-
pretation of results. Related challenges: C6, C8, C9

S6 Natural Experiments Expert B identified phased
product roll-outs and staggered deployments as underuti-

"Notably, in contexts where subjects lack strong performance
incentives, contamination may be less problematic. This highlights
a fundamental trade-off: while incentives simulate real-world mo-
tivations, they may also incentivize control groups to cheat.
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lized opportunities for generating quasi-experimental vari-
ation in human uplift studies, noting “it’s not that expen-
sive because [companies] are going to [deploy in phases]
in many cases — you can’t give [the new technology] to
everybody all at once anyways. So if they coordinate with
academics, I think there’s a big opportunity to ... get exper-
imental variation.” When roll-out timing or access is deter-
mined by operational constraints such as infrastructure lim-
its, geographic sequencing, or user tiering, rather than indi-
vidual characteristics, these settings can approximate natu-
ral experiments that support causal inference under weaker
assumptions than fully randomized trials. In such cases, dif-
ferences in exposure may plausibly be treated as exogenous
to user ability or motivation, enabling estimation of uplift ef-
fects with reduced selection bias. Natural experiments con-
strain the research question to real-world adoption contexts
and can sidestep recruitment challenges, given built-in inclu-
sion of decision-relevant populations. Natural experiments
can also support interpretation of results across models or
deployment stages. Related challenges: C3, C9

S7 Al-Accelerated Research Methods Experts identified
Al as a promising tool for addressing scalability challenges
in uplift research, highlighting its potential to reduce time-
line and cost constraints. For study design, Expert L sug-
gested using Al agents as complementary participants in pi-
lot studies to enable rapid testing of experimental protocols
(e.g., Ruan et al. 2024; Anthis et al. 2025; Lu et al. 2025;
Froger et al. 2025; Park et al. 2026). Agent-based pilots
could help, e.g., surface brittle task designs, unintended af-
fordances, or reward-hacking in complex multi-step settings
at low cost. Al-accelerated methods may also enable rapid
exploration of questions and behavior across diverse simu-
lated human profiles under clean experimental conditions.
At the same time, agent behavior may be limited in external
validity and should be cautiously vetted, validated, and used
to complement rather than substitute for human subjects re-
search. Related challenges: C3, C4, C5, C6, C9

S8 Post-Hoc Analysis Post-hoc analytical techniques can
partially mitigate internal validity challenges in human up-
lift studies, particularly when ideal experimental control is
infeasible. Careful ex post analysis, such as deriving hetero-
geneous treatment effects, adjusting for non-compliance, or
reweighting observations to account for imbalance or attri-
tion, can help diagnose and, in some cases, adjust for vi-
olations of key identification assumptions. Several experts
emphasized that uplift studies generate unusually rich inter-
action logs, which enable finer-grained post-hoc audits of
participant behavior. Expert A further noted that adhering
to research standards, such as explicitly estimating causal
effects rather than relying solely on directional hypothesis
tests, can strengthen internal validity and downstream in-
terpretation. While post-hoc analysis cannot substitute for
robust experimental design, experts viewed it as a valuable
complement. Related challenges: C3, C4, C5, C6, C7, C9

S9 Information Security Advisory Frameworks and
Tiered-Access For studies presenting security or propri-
etary concerns, Expert A advocated for structured, deliber-



ate consultation with relevant communities through advisory
boards that include domain and scientific experts. For exam-
ple, human uplift studies on medical tasks may draw from
consensus among medical experts, while human uplift stud-
ies on bioterrorism tasks may draw from consensus among
national security advisors. This approach could help balance
security, proprietary, and transparency concerns by provid-
ing independent review of information hazard risks while
maintaining scientific openness where appropriate. Experts
framed documentation not as a binary choice between open-
ness and secrecy, but rather as a question of granularity and
audience. Tiered-access reporting provides a practical mech-
anism for disclosing sufficient information to support inter-
pretation of uplift results, while responsibly managing pro-
prietary and security risks through controlled access (e.g.,
Frontier Model Forum 2025a). Related challenges: C8, C9

S Discussion: Validity Trade-offs, Collective
Action, and Governance

Expert interviews surfaced three recurring methodological
tensions in human uplift research. Each implicates construct
[C], internal [I], and external validity [E], though through
different mechanisms. Realism versus control, for example,
trades ecological realism against causal identification: natu-
ralistic settings invite the spillovers (C6) that threaten causal
identification, while the controlled tasks that protect it may
poorly reflect real use (C1). Speed versus rigor trades timely
evidence against design depth: rigorous, externally valid
studies of long-horizon tasks may require months or years
from design to completion, a window during which the in-
tervention and research question itself may change (C5, C9).
Disclosure versus protection affects the assessment of all
three validity types, with proprietary and security constraints
(C8) limiting the reporting and documentation needed to ef-
fectively interpret and act on evidence.

These tensions carry direct consequences for Al gover-
nance: studies designed on weak foundations or reported
without sufficient context may produce false confidence or,
conversely, trigger unnecessarily burdensome obligations.
Well-designed and clearly documented studies, by con-
trast, can strengthen the evidence base for governance. Cru-
cially, validity concerns do not operate in isolation: design
choices that strengthen one form of validity often weaken
another. Policy decisions should therefore rest on conver-
gent evidence from multiple studies using complementary
approaches. In governance decisions in which the relevant
question shifts faster than any one study can resolve it, up-
lift estimates may be combined with approaches such as sce-
nario analysis, forecasting, and methods designed to inform
decisions under deep uncertainty (Lempert 2025; Marchau
et al. 2019). In all cases, rigorous documentation to address
C9, paired with tiered-access reporting (S9) where relevant,
is a precondition for effective use of uplift evidence.

While some challenges (e.g. C1, C3, C8, C9), familiar
in form, can turn to established methodological precedent
for some guidance (e.g., Meyer 1995; Hopewell et al. 2025;
Hoffmann et al. 2014), a novel set of challenges stems from
LLM-specific properties (e.g. C5 and, to varying degrees,
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C2, C4, C6, C7). For these challenges, existing methodolog-
ical tools offer weaker guidance. The solutions proposed by
interviewed experts represent early attempts to fill this gap.
Each solution carries its own validity trade-offs, which may
be empirically explored in future work.

Beyond any individual uplift study lies a meta-level
need for collective action, on which several proposed solu-
tions (S1, S2, S9) depend. Without coordination, challenges
C1-C9 are more likely to persist. At present, fragmented in-
frastructure forces research teams to reinvent methods, while
proprietary evaluations and misaligned research incentives
constrain knowledge-sharing. Field-level workshops, shared
infrastructure, and consensus-building processes could en-
able researchers to co-develop novel solutions for Al eval-
vation and governance. Fields with deep experience in
RCTs and causal inference (e.g. medicine, psychology, and
economics) remain severely underleveraged within human
uplift research: cross-domain synergies and bridges could
meaningfully advance human uplift, evaluation, and Al gov-
ernance. Here, public and philanthropic actors are uniquely
positioned to support evaluations and initiatives that no sin-
gle organization has incentives to undertake.

6 Conclusion

Human uplift studies, or studies that measure Al effects
on human performance relative to a counterfactual, offer a
framework for measuring the societal impacts of Al systems.
By studying how Al impacts human performance in realis-
tic tasks, uplift studies can inform governance decisions in
ways that model-centric static benchmarks cannot. At the
same time, the application of RCT methodologies to frontier
Al systems introduces distinctive challenges that compli-
cate both study design and interpretation and, subsequently,
threaten to confound downstream decision-making.

Across 16 expert interviews, we find that these challenges
map onto familiar threats to construct, internal, and external
validity, amplified by the properties of frontier Al systems.
These trade-offs imply that no single uplift study, however
well designed, can provide definitive assessments of system
safety or societal impact. Policy-relevant conclusions should
thus rest on convergent evidence drawn from multiple stud-
ies with complementary designs, not on isolated findings.

Looking forward, advancing the rigor and usefulness of
human uplift research will require more than incremental
improvements in individual study design. Established disci-
plines hold relevant expertise and experts identified a range
of novel and practical solutions, including standardized task
libraries, clearer baseline and control conventions, versioned
evaluation infrastructure, and structured approaches to inter-
ference, that can partially mitigate these challenges. Most
importantly, the field requires coordination mechanisms to
address collective action problems, enabling knowledge and
resources to accumulate rather than remain siloed.

As human uplift studies play a growing role in informing
Al policy, strengthening the methodological foundations of
uplift research and clarifying what these studies can and can-
not support becomes essential for responsible governance.
Doing so can contribute to a coherent and policy-relevant
body of evidence towards more beneficial Al futures.
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