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Significance 

 Disputes are central to scientific 
progress, but their resolution can 
be difficult. Adversarial 
collaboration offers a powerful 
but underexplored method for 
addressing scientific debate.  
We offer proof of concept that  
an AI-assisted adversarial 
collaboration can help resolve  
a debate about minority salience. 
This exercise led to preregistered 
experiments that clarified the 
dispute and produced solid 
evidence in one direction. 
Furthermore, after the 
experiments, the beliefs of 
opposing research teams about 
the hypotheses converged. AI did 
not replace humans or determine 
final experimental designs, but  
it clarified the disagreements  
and set the stage for the design 
of experiments that yielded 
sufficiently compelling results  
to produce agreement between 
proponents and skeptics of the 
robustness of minority-salience 
effects. 

The advancement of science depends on rigorous tests of competing hypotheses, yet  
many disputes are left unresolved. Adversarial collaboration—where opposing sci-
entists jointly design decisive tests—is one proposed solution. We examine whether  
large language models (LLMs) can play a role by organizing information, structuring  
the debate and generating candidate experimental designs. This article reports an  
AI-assisted adv ersarial collaboration designed to resolve a debate in PNAS on minority  
salience—an overestimation of the percentage of minority faces in a visual display. The  
debate focused on whether there would be further overestimation when minorities in  
the displays were the same minorities in participants’ communities (or social environ-
ments). Using LLMs to extract and organize competing propositions, we identified  
central disagreements and generated initial experimental designs to test claims. Human  
collaborators refined the designs and created two preregistered experiments that fac-
torially manipulated the ethnicity of minority faces and the ethnicity of participants’  
communities. Data showed that people exaggerated the percentage of minorities in  
facial displays. Furthermore, overestimation was even greater when minorities in facial  
displays were also minorities in participants’ communities. When the two camps of  
researchers saw the results, their confidence in key hypotheses converged. We do not  
experimentally test AI- assisted adversarial collaboration relative to traditional adver-
sarial collaboration or other forms of dispute resolution. Rather, our study illustrates  
how an AI tool can be used with adversarial collaboration to formalize claims, structure  
disagreements, lower barriers to collaboration, and serve as an impartial observer to  
strengthen perceptions of fairness. 

adversarial collaboration | AI | minority salience | scientific disputes 

Scientific debates often unfold as sequences of claims and counter claims. Although this 
form of dispute may sharpen arguments, it rarely settles them. One approach to resolving 
such disputes is adversarial collaboration, in which disagreeing scientists work together 
to codesign tests that could, in principle, change minds (1–5). Adversarial collaborations 
have clarified disagreements in judgment and decision-making, cognition, and social 
psychology (6–13). When successful, adversarial collaborations can surface hidden assump-
tions, reduce misunderstandings, and shift attention from rhetoric to evidence. Yet adver-
sarial collaborations can be difficult to initiate and hard to sustain. Such collaborations 
often require extensive negotiations over details of experimental designs and interpretations  
of data. The process can be slowed by interpersonal friction, closed-mindedness, and weak  
incentives to cooperate. 

 These barriers may explain why adversarial collaborations remain relatively uncommon 
despite their benefits. Could adversarial collaborations become more common within 
science if they were easier to do? This question motivated our research agenda. Can large 
LLMs support adversarial collaboration by structuring contested propositions and facil-
itating progress toward mutually acceptable tests, even when they do not replace the 
theoretical, empirical, and methodological contributions of domain experts? 

 We use AI to i) extract and formalize key claims from each side as testable propositions, 
ii) identify points of agreement and disagreement, iii) propose empirical tests that can 
serve as starting points for discussion and iv) be a neutral third party that favors neither 
side. AI suggestions become starting points, and final experimental designs are improved 
and agreed upon by collaborating researchers. 

 We apply our tool to a debate in PNAS about minority salience—the tendency to 
overestimate the proportion of minorities in visual displays of faces. Kardosh et  al. reported  
that observers overestimated minorities in facial arrays because of the tendency to pay D
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attention to people and things that are less common and unex-
pected. When minorities in the displays are also the minorities in 
observers’ communities, that minority group becomes even more 
salient, and participants pay even more attention to group mem-
bers (14). Gayet et  al. challenged their interpretation of the data, 
arguing that greater attention to minorities could be due to other 
processes, such as differences in visual characteristics of facial dis-
plays when minorities in the display were matched (vs mis-
matched) with minorities in participants’ communities (15). 
Kardosh et al. r ebutted the claims (16). 

AI-A ssisted Adversarial Collaboration 

Both  sides agreed that minority overestimation occurs. The central  
disagreement was whether the estimation of minorities further  
increased when minorities in the display were also the minorities  
in participants’ communities. The two sides agreed to an AI-assisted  
adversarial collaboration. AI would take the role of an unbiased  
facilitator with the task of structuring claims, proposing studies  
and identifying paths toward resolution. We prompted a large lan-
guage model (LLM) to read papers on both sides and extract key  
arguments as clear, concise, and testable propositions. 

 We then prompted the LLM to organize propositions into areas  
of agreement and disagreement and to highlight the most impor-
tant points of conflict. Next, we asked the LLM to design an 
experiment to adjudicate critical conflicting propositions. This 
LLM pipeline (GPT-4o and Claude; 2024–2025) could, in prin-
ciple, be used to assist scientific dispute resolution in a wide range 
of social science domains. 

 We did not assume the AI-generated experiment would neces-
sarily be the best, but it served as a reasonable starting point for 
discussion. Both teams thought the LLM’s experiments were 
 theoretically sensible but insufficient to resolve the debate, under-
scoring the need for human expertise. 

 Eventually all parties agreed to an experimental design that 
addressed the core disagreement. We conducted two preregistered  
experiments that orthogonally manipulated i) the ethnicity of 
minority faces in laboratory displays and ii) the ethnicity of minor-
ities in participants’ communities. This design permitted the same  
set of facial stimuli to serve as minorities and majorities across 
participants, addressing the possibility that minority overestima-
tion depended on differences in visual characteristics of facial 
displays rather than the match of minorities in the display to 
minorities in participants’ communities.  

Results 

 Both experiments were preregistered. Participants from China and  
the United States were recruited for the first experiment, and 
participants from South Africa and the United States were 
recruited for the second. All participants viewed 20 displays of 
100 faces containing  ~25% minorities and estimated the percent-
age of minority faces in the displays. In both experiments, we 
tested the hypotheses that participants overestimated minority 
proportions in visual displays and that minority overestimation 
became even greater when minorities in the facial displays matched  
minorities in participants’ communities (Fig. 1 ). 

Minority Overestimation. In both experiments, participants 
overestimated the actual proportion of minorities which was 25%.  
See  Figs.  2 and  3. Mean estimates exceeded 25% by approximately  
5.5% in each experiment (t(457) = 5.62, P < 0.001 in the Asian– 
Caucasian experiment and t(431) = 10.81, P < 0.001 in the South  
African–Caucasian experiment). Results provided convergent 

Fig. 1.     Example Display of Asian minorities in the Asian–Caucasian 
Experiment. Each matrix display was randomly generated for each subject in 
each experiment. Similar matrices were used with Black and White faces in 
the South African–Caucasian experiment. The matrix was displayed for 2 s.  
Percentages of Asian faces averaged 25% and were randomly distributed. 

support for minority overestimation across two sets of populations  
and facial stimuli. 

Matching Minorities in Displays and Communities. Next we  
tested the hypothesis that minority overestimation increased when  
minorities in the displays were also minorities in participants’  
communities. Individual contrasts showed some violations of the  
hypothesis. Caucasians from the United States did not overestimate  
Asian minorities in facial displays relative to Asians from China.  
Similarly, Caucasians from the United States did not overestimate  
Black minorities in facial displays compared to Black participants  
from South Africa. However, a preregistered test comparing matched  
minorities versus mismatched minorities revealed a consistent pattern  

Fig. 2.     Estimates of Minority Faces in the Asian–Caucasian Study. Mean 
estimates of minority faces in the Asian–Caucasian experiment when 
actual percentages were 25% (dashed line). On the Right, Asians in China 
overestimate Caucasian minority faces more than Caucasians in the 
United States. However, on the Left, Caucasians in the United States do not 
overestimate Asian minority faces more  than Asians in China. Neither group 
of participants overestimates Asian minority faces. Error bars represent plus 
or minus 2 SE. 
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Fig. 3.     Estimates of Minority Faces in the South African–Caucasian Study. Mean estimates  of minority faces  in the  South African–Caucasian experiment when actual  
percentages were  25% (dashed line). On the  Right, Blacks in South Africa overestimate  Caucasian minority faces more  than Caucasians  in the  United States. However,  
on the Right, Caucasians in the United States do  not overestimate  Black minority faces more  than Blacks  in the  United States. Error bars  represent plus  or minus  2 SE. 

in both experiments (Fig. 4). In the Asian–Caucasian experiment,  
minority overestimation was 9.5% higher if minorities in facial  
displays matched (versus mismatched) the minorities in participants’  
communities (t(454) = 5.01, P < 0.001). In the South African– 
Caucasian experiment, minority overestimation was 3.6% higher  
if minorities in displays matched (versus mismatched) minorities  
in participants’ communities (t(430) = 2.53, P < 0.01). Thus, in  
two independent experiments, minority overestimation was reliably  
greater when the minority group in the display corresponded to the  
minority group in participants’ communities. 

Belief Updating and Convergence.  We investigated the value of  
AI-assisted adv ersarial collaboration by assessing the confidence that  
both teams placed in the hypotheses before and after sharing the  
results. Both sides had relatively high prior confidence in minority  
overestimation (90% vs. 72%). That confidence increased modestly  
after exposure to the data (95% vs. 75%). Prior confidence in the  
hypothesis about additional overestimation when minorities in  
displays matched minorities in participants’ communities differed  
substantially across sides (65% vs. 41%) but posterior confidence  

converged following exposure to the results (80% vs. 74%). Beliefs in  
key hypotheses on both sides increased, suggesting stronger scientific  
consensus after the collaboration than before. 

Discussion 

 This study pursued two goals. The first was substantive: to investigate  
competing claims in an ongoing debate about minority salience and  
determine whether overestimation of minority groups in visual dis-
plays is amplified when the minority group in the display is also a  
minority in participants’ social environment. The second was pro-
cedural: to document a case in which LLMs were incorporated into  
an adversarial collaboration to structure disagreements and generate  
candidate research designs to resolve conflicting claims. 

The  experiments provided evidence consistent with the hypoth-
esis that minority overestimation increased when minorities in  
displays corresponded to minorities in participants’ communities.  
The experiments addressed Gayet et  al.’s concerns by independently  
manipulating the ethnicity of minority faces and ethnicity of  
minorities in participants’ communities. We could use the same  

Fig. 4.     More Overestimation If Minorities Match in Displays and Environments. Mean estimates of percentage of minority faces when actual percentages 
were 25% (dashed line). The Left  side shows results from the Asian–Caucasian experiment, and the Right  side shows results from the South African–Caucasian 
experiment. In both experiments, overestimation is greater when minorities in the display correspond to the minorities in participants’ communities. Error bars 
represent plus or minus 2 SE. 
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faces as minorities and majorities within each experiment. Results  
were consistent in both experiments. 

 We also devised a method to evaluate our efforts by measuring 
belief change, a feature that was not present in previous adversarial  
collaborations but should be added. Beliefs converged after expo-
sure to the results of codesigned experiments, indicating a greater 
degree of scientific consensus. These measures reveal the effective-
ness of adversarial collaboration.

 AI-assisted adversarial collaboration may be especially useful 
when issues are complex, data are ambiguous and working rela-
tionships are strained. Even without these challenges, AI can 
organize information into essential claims and present disagree-
ments in a simple, shared language. It can analyze data and act as 
an unbiased third party, strengthening perceptions of fairness. 
Finally, it can provide access to researchers with fewer resources 
or social connections who wish to explore scientific disputes. 

 A solid test of AI-assisted adversarial collaboration vs traditional  
adversarial collaboration would require a much larger and systematic  
endeavor, such as that used in the many-labs study (17). Researchers  
would need to develop metrics of success beyond belief change in  
hypotheses. We recommend this undertaking as a valuable future  
direction. In the meantime, AI-assisted adversarial collaboration  
can help scientists by lowering barriers to entry, promoting produc-
tive debates and providing a deeper understanding of opposing  
theoretical and methodological perspectives (18). 

Materials and Methods 

All studies were approved by the University of Pennsylvania’s Institutional Review  
Board, and all participants gave their consent to participate. 

Preregistration Documents. Procedures, sample size, exclusion criteria,  
and data analysis plans were preregistered prior to data collection and can be 
obtained at https://aspredicted.org/7pq9bk.pdf. Study materials, datasets, and 
analysis code are publicly available on the Open Science Framework at https:// 
osf.io/95g7z/overview?view_only=9511541179bd4af5844de728daa4b9d0. 

Asian–Caucasian Experiment.  We conducted a pilot study to identify unam-
biguous Asian and Caucasian faces. Fifty Chinese participants (Huixiang Data)  
and 50 Caucasian participants (Prolific) rated the degree to which individual  
male and female faces looked White or Asian on a 101- point scale (White  
to Asian).  We needed a minimum of 40 validated faces for each ethnicity ×  
gender category to avoid repeating faces within a matrix.  We selected those  
faces for which the average rating of the correct ethnicity was 80 or above on a  
101- point scale.  This left us with 52 White female faces, 48 White male faces,  
47 Asian female faces, and 41 Asian male faces, and we randomly selected 40  
faces of each ethnicity x gender. 

We preregistered a 2 × 2 factorial design crossing minority- face ethnicity 
(Asian vs.  White) with participant population (Asians in China vs. Caucasians in 
the United States), with a target of N = 400 (200 per minority-f ace and participant  
ethnicity condition). Participants completed an online task and were excluded if  
they 1) failed to answer all major questions (progress <90), 2) failed an attention 
check, 3) were not members of the designated local majority group (living in 
areas with >50% majority and <50% minority residents), or 4) produced minority  
estimates ±2 SD from the group mean. 

After initial exclusion, we retained 165 Asian participants and 190 Caucasian 
participants. To reach preregistered sample goals, we recruited additional partic-
ipants, anticipating similar exclusion rates. The final sample included 252 Asians 
(China) and 206 Caucasians (United States). Participants from each country were 
randomly assigned to Asian- minority face or White-minority face conditions.  

All participants viewed 20 matrices of 100 grayscale faces. Each matrix was dis-
played for 2 s. Minority faces were either Asian or White. The proportion of minor-
ity faces varied normally from 20% to 30% (M = 25%). Participants were told,  
“You will quickly view sets of 100 faces for 2 s. After each trial, estimate whether 
there were more males or females in the set.” Following all trials, participants 

estimated the percentage of minority faces across the trials (wording changed 
for each minority condition: Asian or Caucasian). 

To verify local demographic context, participants reported a) whether their cur-
rent neighborhood had relatively more Asian vs. White residents (5- point scale) and  
b) the perceived percentage of  Asian and Caucasian residents in their neighborhood. 

South African–Caucasian Experiment. Design, procedure, and exclusion crite-
ria matched the Asian–Caucasian experiment unless otherwise noted. Fifty Black 
participants in South Africa and 50 Caucasian participants (Prolific, United States) 
rated the extent to which faces appeared Black or White. Faces were retained if  
average ratings were ≥90 that the face belonged to the correct ethnicity, yielding  
59 Black female, 48 Black male, 58 White female, and 50 White male faces. 

We preregistered N = 400 (200 per minority-face condition).  After exclusions 
identical to the Asian–Caucasian experiment, we initially retained 117 Black par-
ticipants (South Africa) and 143 Caucasian participants (United States). We then 
recruited additional participants; the final sample had 235 Blacks (South Africa) 
and 197 Caucasians (United States). 

AI Prompts and Protocol.  We began with the goal of identifying potential debates  
that could be used in an AI- assisted adversarial collaboration. We examined “Reply”  
sections of journals that included disagreements about published articles. For PNAS,  
we searched based on Reply, then Letter and Reply, then Psychological and Cognitive  
Sciences. For Nature Human Behavior, we searched based on Reply, then Psychology.  
For JPSP, we searched based on Reply, then the year 2000 or later. 

We downloaded relevant articles.  When the debate consisted of  two articles 
(one on each side), we uploaded one article at a time for each run of Step 1. In the  
case of more than two articles, we uploaded articles on each side and asked for 
propositions to describe claims on both sides. In each step, we asked for specific 
details and thorough justifications of choices. Below are the prompts. 

Step 1: “Read the paper and extract its key arguments.  Summarize these as 
clear, concise, and testable propositions, each capturing a single idea or claim 
by the authors.” 

Step 2: “Organize the papers into two opposing sides based on their stances. 
List the propositions both sides agree upon, highlighting common ground for 
designing a fair experiment.” 

Step 3: “List the most critical conflicting propositions between the two sides,  
emphasizing those with significant implications for research design (e.g., meth-
odology differences, variables considered, interpretation of results). Explain why 
these conflicts are pivotal to the dispute.” 

Step 4: “Develop a comprehensive experimental design to test the most 
significant conflicting proposition, capable of determining which side’s claim is 
more accurate. Address the research-design concerns raised by both sides. Provide 
detailed examples and justifications for each of the following steps: 

a.  Describe the specific task or pr ocedure for participants. Explain how it dis-
tinguishes between conflicting propositions and why it is the most effective 
choice. 

b.  Identify the variables you will manipulate, specifying conditions or levels 
for each.  Justify how manipulating these variables tests the conflicting 
propositions. 

c.  Detail the variables you will measure, including how you will operationalize 
and quantify them.  Explain why these variables are critical for assessing the 
conflicting propositions. 

d.  Identify potential confounding variables and describe strategies to control or 
eliminate their influence. 

e.   Discuss how your design addresses methodological concerns from both sides, such  
as sample size, randomization, blinding, and validity issues. 

f. Explain the statistical  methods you will use to analyze the data.  Justify how 
these methods are appropriate for testing the conflicting propositions. 

g. Describe possible results and explain how each outcome would support one 
side over the other. Illustrate how the experiment could conclusively resolve 
the dispute. 

Prior Beliefs Survey.  In this survey,  we asked authors from both sides to  
“Consider the main hypotheses as follows: 1) Using statistical, perceptual,  
and social information the environment, people overestimate the relative  
size of minority groups and 2) When social information is consistent with  
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statistical information, minority overestimation will increase relative to that  
driven by statistical information alone.  For example,  both White and Black  
participants from the United States tend to overestimate the percentage of  
Black minorities.” 

“Next,  please tell us how confident you are in these hypotheses.  To answer  
the confidence questions, use any integers you wish from 0 to 100, inclusive,  
(100 = I’m absolutely certain that it is true, 50 = I’m just as certain that it is  
true as I am certain that it is false, and 0 = I’m absolutely certain that it is false).  
How confident are you in Hypothesis 1? How confident are you in Hypothesis  
2?” Finally, we asked, “What evidence would make you believe your hypotheses  
were false? (Open- ended)”. 

Posterior Beliefs Survey.  This survey asked both sides, “Now that you  
have seen the data and results from our study, please answer the following  
questions: How confident are you in Hypothesis 1? How confident are you in  
Hypothesis 2? To answer the confidence questions, use any integers you wish  
from 0 to 100, inclusive (100 = I’m absolutely certain that it is true, 50 = I’m  
just as certain that it is true as I am certain that it is false and 0 = I’m abso-
lutely certain that it is false”. Finally, we said, “If you would like, please use the  
space below to briefly explain the reasoning behind your confidence ratings,  
share any additional comments about the data or results, or raise questions or  

concerns. This section is entirely optional but will help us better interpret your  
responses (Open- ended)”. 

Data, Materials, and Software Availability.  Anonymized CSV files data have  
been deposited in OSF (https://osf.io/95g7z/overview?view_only=9511541179b-
d4af5844de728daa4b9d0 (19)). Study data are included in the article and/or  
SI Appendix. 
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