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Abstract: 

Collaboration is the defining mode of modern science, yet its core mechanism—feedback—

remains hard to observe, difficult to scale, and unequally distributed. Here we test whether 

large language models (LLMs) can contribute to this hidden but vital practice. In a large-scale 

randomized field experiment, we delivered customized LLM-generated feedback for over 

34,000 arXiv preprints across 150 fields and 131 geographic regions. Relative to controls, 

authors who received feedback had a significantly higher likelihood of revising their 

manuscripts, corresponding to a 12.5% relative increase over the baseline revision rate. These 

effects nearly doubled among authors based outside English-dominant research regions, 

consistent with the idea that AI feedback provides the greatest benefit where access to timely 

critique is otherwise limited. These revisions extended beyond language polishing: treated 

authors in these settings were significantly more likely to strengthen theoretical soundness and 

improve novelty. Further heterogeneity analyses reveal a non-linear pattern by intellectual 

proximity to AI: effects peak at moderate distance, indicating impact is maximized where 

relevance is high but redundancy is low. Importantly, exposure also increased subsequent 

adoption of LLM tools in authors’ later papers, suggesting longer-run shifts in scientific 

practice. Together, these results provide causal evidence that AI can participate in a central 

collaborative practice of science, expand access to critique for scholars working in feedback-

mailto:binglu.wang@kellogg.northwestern.edu
mailto:dashun.wang@kellogg.northwestern.edu
mailto:yian.yin@cornell.edu


 

2 

scarce contexts, and accelerate the diffusion of new tools, carrying broad implications for 

scientists, their collaborators, and the institutions and policymakers that shape the increasingly 

AI-integrated global research ecosystem. 

1. Introduction 

 

Collaboration has become the defining mode of modern science. Across nearly every field, 

teams drive the majority of discoveries, and collaborative work underpins many of the most 

important innovations and breakthroughs [1-3]. This growing importance also reflects the 

changing reality of science, as scientific challenges expand in scale and complexity [4, 5] while 

individual scientists increasingly narrow their focus and expertise [6] or face difficulties in 

branching into new terrains [7]. By combining perspectives and approaches, collaboration 

enables scientists to generate ideas, refine methods, and strengthen conclusions, making it 

indispensable for progress. 

 

At the heart of collaboration lies feedback. As Zuckerman observed [8], science often advances 

by “bouncing ideas off each other.” Feedback is the mechanism through which scientists 

challenge assumptions, surface anomalies, and sharpen contributions [9, 10]. Yet despite its 

central role, this essential collaborative practice is largely invisible in data, taking place through 

various formal and informal exchange channels that rarely leave a trace. Its hidden nature 

makes feedback difficult to observe, to scale, and to intervene in, despite its influence on the 

direction and quality of scientific work. 

 

At the same time, access to feedback is deeply unequal. Opportunities to exchange ideas are 

stratified along geographic, linguistic, and institutional lines [9, 11, 12]. Elite networks provide 

dense, continuous flows of critique, while scholars outside English-dominant or resource-rich 

settings face systemic barriers to receiving timely and constructive feedback [13-15]. Feedback 

thus drives progress but also reproduces inequality in science, determining whose ideas are 

refined and amplified, and whose remain underdeveloped. 

 

Against this backdrop, large language models (LLMs) raise a provocative question: can AI 

participate in this hidden but vital form of collaboration? Beyond producing text, LLMs are 

increasingly capable of synthesizing information and offering critique [16-19]. If they can 
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provide useful feedback, they might expand collaborative capacity and reduce disparities in 

who has access to it. 

 

Yet despite rapid advances in LLMs, there is substantial skepticism about whether they can 

play a meaningful role in science. While LLMs have demonstrated measurable gains in 

codified domains such as coding, writing, and professional decision-making [20-25], scientific 

research differs in fundamental ways. It is tacit, relying on context-sensitive judgments and 

accumulated expertise; it is highly specialized, with each field defining its own standards of 

rigor and contribution; and it is credibility-dependent, where the value of feedback hinges on 

whether it is trusted and defensible to expert peers. And ultimately, scientific research is a 

venture into the unknown. These features make collaboration with AI far less straightforward. 

Critics argue that AI feedback is often too generic, not credible, or prone to errors, raising 

doubts about whether it could meaningfully influence scientific practice [26, 27]. Others worry 

that reliance on AI could dilute the human expertise on which discovery depends [28, 29]. 

 

Here we test this possibility in a large-scale randomized field experiment on more than 34,000 

scientific manuscripts. By delivering customized AI feedback to authors across 150 scientific 

fields and 131 geographic regions, we evaluate whether AI can meaningfully contribute to the 

collaborative practice of offering feedback. We examine both short-term effects on revisions 

and longer-term effects on adoption, with special attention to disparities across linguistic and 

institutional contexts. In doing so, we provide causal evidence on whether AI can engage in 

the collaborative practices that underpin scientific progress. 

 

The timing of our experiment is central to its contribution. Conducted in early 2024, our 

intervention occurred during the brief onset phase of LLM adoption in scientific writing [30, 

31], after the tools became widely available but before they were routinely embedded in 

research workflows. This moment allows us to capture a clean view of how AI enters a core 

collaborative practice, offering a new baseline for understanding human-AI collaboration as 

these tools become increasingly integrated into the scientific process. 

 

2. Experiment Design 

 

We examine a collaboration setting that mirrors how researchers draft manuscripts and seek 

critique from coauthors. This process plays a central role in advancing research, and allows us 
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to observe how collaboration shapes subsequent outcomes. To operationalize this process, we 

introduced an AI “collaborator” at scale, delivering structured yet customized feedback on 

scientific drafts. Recent advances have shown that LLM-based systems can generate comments 

resembling those of peer reviewers, with quality validated by experts and even preferred to 

some human reviews [16, 32]. Building on these advances, our study moves beyond validation 

and reviewer assistance to evaluate whether AI-generated feedback can influence scientific 

production itself, delivering it directly to authors while their manuscripts are still in 

development1. 

 

Sample collection and randomization: We collected preprints initially posted on arXiv 

between January and June 2024, and randomized at the paper level, stratified by 150 fields (Fig. 

1). The initial randomized cohort comprised 34,340 manuscripts, from which we extracted 

50,454 authors with valid email addresses across 131 regions worldwide (Extended Data Figure 

1). During the period between random assignment and feedback delivery, 3,320 manuscripts 

(9.7%) posted an updated version. Because feedback was generated based on each paper’s 

initially posted version, it could not plausibly inform revisions that had already occurred. We 

thus focus our analyses on preprints that had only the first version when feedback was delivered, 

to align our analysis with our causal estimand (the effect of receiving feedback for initial 

manuscripts on subsequent revision). The overall analysis sample contains 31,020 manuscripts 

(treatment group: 𝑁	 = 	15,542; control group: 𝑁	 = 	15,478). Baseline covariates remain 

balanced after restriction (SI Table S1). This risk-set definition follows standard causal-

inference practice, aligning time-zero eligibility with treatment assignment and ensuring that 

only manuscripts genuinely at risk of exposure contribute to the estimated effect.  

 

Treatment and control conditions: Authors in the treatment group received an email (See 

email template in SI Section 2) containing a private link to an interactive webpage with 

customized AI-generated feedback on their preprint, while control authors received no 

intervention. Feedback was generated using a state-of-the-art LLM framework, augmented 

with a multi-agent pipeline that (i) conducted review analysis, (ii) suggested alternative titles, 

and (iii) checked grammar. We further apply in-context learning to tailor the comments toward 

the specific content of each preprint (see feedback examples in SI section 1.3 and prompt detail 

 
1 The study was reviewed and approved by the Institutional Review Board at Northwestern University 

(STU00220102.) 
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in SI Section 10.1). For security and privacy, feedback links were encrypted, and access was 

restricted to the corresponding author via a private webpage.  

 

Timeline: To manage the logistics of generating and distributing feedback at scale, we divided 

the sample into two cohorts. The first cohort included preprints first posted on arXiv January-

March 2024 (𝑁	 = 	17,411); feedback, generated on each paper’s first posted version, was 

delivered in June 2024. The second cohort consisted of preprints first posted April-June 2024 

(𝑁 = 16,929), with feedback delivered in August 2024. Authors therefore received feedback 

between one and five months after initial posting.  

 

Outcome measures: We trace two major outcome measures. (1) Short-term revisions: The 

number of revised versions posted within a month of feedback delivery. (2) Long-term 

adoption: Whether authors subsequently adopted LLM tools in their own writing. To assess 

this, we collected all publications posted by treatment and control authors in a twelve-month 

window after the intervention and applied a state-of-the-art AI detection model [30] to detect 

LLM-generated content. Detailed descriptions of these measurements are provided in SI 

Section 3. 

 

Together, this design enables us to test whether AI can meaningfully participate in the 

collaborative practice of offering feedback, influence revisions in the short term, and shape the 

adoption of new tools in the longer term. 

 

3. Results 

 

AI feedback and manuscript revision A key test of whether feedback matters is to see if it 

alters the work. In this respect, revisions offer a clear, observable signal of engagement because 

they require deliberate effort and a decision to act on critique. Here we assess revision 

behaviors by tracking the number of manuscript revisions that were updated on arXiv following 

the intervention. Using time-stamped records, we measure the number of revised versions 

authors submitted within a 30-day window after receiving feedback. To estimate this effect, 

we fit the OLS regression model: 

 

𝑅𝑒𝑣𝑖𝑠𝑖𝑜𝑛! = 𝛽" + 𝛽# × 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡! +	𝜀! , 
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where 𝑅𝑒𝑣𝑖𝑠𝑖𝑜𝑛!  is the number of revised versions paper 𝑖  has post-treatment and 

𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡! denotes assignment to the AI-feedback condition. The coefficient 𝛽# captures the 

intent-to-treat effect of receiving AI-generated feedback on the revision likelihood. Across the 

full sample, treated authors were significantly more likely to revise their manuscripts than the 

controls, with the average number of revisions increasing by 0.005, corresponding to a 12.5% 

relative increase over the baseline revision rate (Fig. 2A, 𝑝 < 0.05, SI Table S2). Further, this 

difference appears especially strong for teams affiliated with institutions outside English-

dominant regions, whose number of revisions featured a 22.4% relative increase over baseline 

in this group ( 0.037 vs 0.045, 𝑝 < 0.01, SI Table S2). See SI S5 for more details as well as 

additional robustness checks (SI S6SI Fig. S1).  

 

The stronger revision response among authors affiliated with institutions outside English-

dominant regions raises an important question: what exactly did they revise? One possibility is 

that the observed effect was primarily driven by language polishing. To test this, we developed 

a systematic computational pipeline to compare the original and revised versions of arXiv 

preprints in this group. We parsed all PDFs and converted them into text, segmenting each 

paper into semantic blocks, which are context-preserving units that enabled precise alignment 

of corresponding sections across versions (see SI Section 10.2 for details). Within each block, 

we used large language models to align sentences and classify the nature of edits, distinguishing 

between content updates, language refinements, typographical corrections, and formatting 

adjustments (methods in SI Section 4) [33]. Each stage of the pipeline was iteratively refined 

using human-labeled samples to calibrate model behavior. This design allowed us to detect and 

interpret revisions with far greater granularity than conventional text-comparison approaches, 

revealing not only how much authors revised but what intellectual dimensions of their work 

changed. 

 

At the individual sentence level, we find no differences for language, typographical, or 

formatting edits. Instead, treatment authors were significantly more likely to update the content 

itself (Fig. 2B; SI Table S3). This suggests that revisions due to LLM feedback are not limited 

to language polishing but reflect more substantive changes. 
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To understand the nature of the content that the authors updated, we further analyzed revisions 

at the semantic block level, inferring revision intentions across eleven categories [16] (see 

prompt details in SI Section 10.4). Indeed, we find suggestive evidence that treatment authors 

were substantially more likely to make revisions addressing substantive issues, corresponding 

to a 32.4% relative increase in revisions aimed at improving theoretical soundness (Fig. 2C; SI 

Table S4). We also find suggestive evidence that the treated group made significantly more 

changes addressing novelty (63% increase). These findings again reject the hypothesis that AI 

feedback predominately improves minor language issues. Instead, they suggest that targeted 

AI feedback not only encouraged additional revisions but appeared to nudge authors toward 

reinforcing the intellectual core of their manuscripts. 

 

Together, these results suggest that AI-generated feedback can meaningfully alter short-term 

scientific practice. Despite numerous concerns and potential shortcomings of LLMs [26-29], 

our results highlight substantive roles of LLMs in providing feedback [30, 34]. By prompting 

content revisions, particularly those tied to theory, clarity, and prior literature, AI may 

participate in the collaborative practice of critique rather than functioning merely as a language 

polishing tool. 

 

Heterogeneity analysis The strong effect observed among authors affiliated with institutions 

outside English-dominant regions (Fig. 3A; SI Table S5) is consistent with the idea that AI 

feedback may disproportionately aid those for whom valuable feedback is otherwise limited. 

This further raises the question of who is most responsive to AI-generated feedback, as 

opportunities to exchange ideas are shaped by social and geographical factors. To this end, we 

first conduct geographic comparisons, restricting analysis to countries with more than 300 

observations to ensure stable estimates.  

 

Region-level patterns reveal marked asymmetries (Fig. 3B; SI Table S6). Positive significant 

effects appear in Israel, South Korea, and China, where treated authors revised substantially 

more than their counterparts in the control group (Fig. 3B). Several other countries, including 

Brazil, Germany, and Japan, show effects that are directionally positive but not statistically 

significant at conventional levels, probably due to smaller sample sizes. In contrast, the effects 

in the United States, Australia, the United Kingdom, and Canada are close to zero. Such region-

level variation is consistent with the uneven distribution of traditional collaborative 
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infrastructures, suggesting that AI feedback appears to offer meaningful opportunities in 

regions where these channels are less accessible. 

 

Beyond language and geography, responsiveness may also vary with intellectual positioning. 

Proximity to AI may equip scholars to exploit such tools [35], yet the “intellectual distance 

penalty” predicts that experts scrutinize ideas encroaching on their own specialization [36]. We 

measured proximity using arXiv’s subject co-classification network, computing each paper’s 

shortest-path distance to AI (SI Fig. S3) and asking if the effect is stronger for researchers who 

are in further or closer proximity. The results suggest neither, revealing a non-linear pattern: 

authors at a moderate distance from AI were 40.9% more likely to revise in response to 

treatment, whereas effects for the closest and farthest fields were statistically indistinguishable 

from zero (Fig. 3C; SI Table S7).  

 

This inverted-U relationship rules out simple explanations in which AI feedback is most useful 

either where AI expertise is highest (close proximity) or where need is greatest (far proximity). 

Instead, it suggests a more complex interaction between topical proximity, field norms, and 

how easily authors can incorporate external critique. Several mechanisms may contribute to 

this relationship. For example, a perception mechanism suggests that whereas insiders and 

distant outsiders may dismiss AI-generated comments [36], researchers at an intermediate 

distance may be both close enough to assess relevance yet far enough to value external input. 

Overall, the strongest effects at intermediate distance indicate that intellectual positioning 

within the scientific landscape shapes how researchers engage with AI-generated feedback. 

 

Together, these findings suggest that AI-generated feedback may act as a collaborative 

equalizer. It expands access to critique for those traditionally excluded from elite feedback 

networks, benefiting scholars working in regions outside English-dominant research 

environments and those located in geographically peripheral institutions. At the same time, 

receptiveness is not simply a function of material resources; intellectual distance also shapes 

who benefits most. The strongest effects emerge not among fields closest to AI nor among 

those most distant, but in between. This inverted-U pattern suggests that rather than tracking 

simply with expertise or need, the impact of AI feedback appears to depend on more subtle 

positioning within the scientific landscape, maximized not at the extremes but where relevance 

is high enough and redundancy low enough for AI feedback to matter.  
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AI feedback and future AI uses Although our intervention occurred only once, its influence 

may extend beyond immediate revisions. This raises an interesting question of whether 

exposure to AI-generated feedback leaves detectable traces in later research practice. To this 

end, we examined whether exposure to AI-generated feedback increased subsequent adoption 

of LLMs. We tracked each author’s arXiv preprints within a twelve-month window after the 

intervention and analyzed abstracts with a state-of-the-art AI detection model [30], which 

assigns a paper-level score α estimating the fraction of text likely generated by LLM. We define 

adoption as high α in post-treatment papers (𝛼$%&' 	> 	𝜏	 , where 𝜏 = 0.1  in our primary 

analysis). Consistent with the main analysis, we focus on authors with minimal prior use 

(𝛼$() ≤ 	𝜏). We estimated the treatment effect using an OLS regression: 

𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛$ = 𝛽" + 𝛽# × 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡$ +	𝜀$ , 

where 𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛$  is an indicator variable equal to 1 if researcher 𝑝 adopted LLM tools in 

subsequent manuscript writing, and 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡$  denotes assignment to the AI-feedback 

condition. The coefficient 𝛽#  captures the intent-to-treat effect of receiving AI-generated 

feedback on the likelihood of later LLM adoption.  

 

We find that, among authors whose pre-treatment writing showed minimal detectable LLM 

involvement, those in the treatment group were 5.47% more likely to adopt LLM tools in 

subsequent work within twelve months (Fig. 4; SI Table S8). This effect was again driven by 

authors based outside English-dominant research regions, who exhibited a 9.56% increase in 

adoption. Robustness checks that alter the post-treatment window (three to twelve months, Fig. 

4B) and vary the adption threshold 𝜏 (0 to 0.2, SI S6) yield consistent results, with authors 

continuously showing large and statistically significant adoption effects and the effects are 

consistently larger for non-English dominant group. These adoption patterns mirror the 

revision findings, suggesting that the same group that show an increased engagement with 

substantive revisions are also more likely to incorporate AI into their research workflows over 

the longer term. This further suggests that the effect we observe does not merely reflect 

transient experimentation but rather sustained integration, as measured by repeated use across 

multiple subsequent manuscripts. 

 

Together, these results demonstrate that AI feedback can shape collaborative practices at scale, 

not only prompting immediate revisions but also accelerating the diffusion of AI into research 

workflows. The longer-term effects were strongest among those historically excluded from 



 

10 

dense feedback networks, suggesting that AI can help lower barriers to participation and act as 

a catalyst for broader adoption of new tools. In this way, AI functions not only as a short-term 

collaborator but also as an enduring influence on how scientific work is conducted. 

 

4. Discussion 

 

This study provides causal evidence that large language models can meaningfully participate 

in a central collaborative practice of science: offering feedback. In a large-scale field 

experiment, exposure to AI-generated critique prompted substantive revisions to manuscripts 

and increased subsequent adoption of AI tools. These effects were not evenly distributed. They 

were stronger where feedback networks are thinner, and in fields positioned at a moderate 

intellectual distance from AI. Taken together, these findings suggest that AI has the potential 

to act as a collaborative equalizer in science, expanding access to critique where traditional 

channels are less accessible. 

 

Importantly, the consequences of AI feedback extended beyond immediate revisions. Authors 

not only incorporated more changes that strengthened theoretical soundness and novelty, but 

also demonstrated a greater likelihood of integrating AI tools into future writing. Qualitative 

responses reinforced these patterns: participants described the feedback as clear and useful, and 

many expressed an intention to continue using such tools. These responses are consistent with 

the hypothesis that the intervention may not only shape the content of individual manuscripts 

but also leave lasting traces in research practices. 

 

The heterogeneity we observe provides conceptual clues about how human-AI collaboration 

unfolds. The inverted-U relationship by intellectual distance is particularly informative: AI 

feedback had the greatest impact not in fields closest to AI, nor in those farthest removed, but 

at an intermediate distance [37, 38]. This rules out simple explanations based solely on 

expertise or need. One plausible interpretation is that feedback is most influential where it is 

both interpretable and not redundant with existing expertise, and where it is close enough to be 

relevant yet distant enough to add something new. Other mechanisms may also contribute, 

including field norms around automated tools, baseline familiarity with LLMs, and how well 

generic critique maps onto disciplinary standards. Disentangling these channels is an important 

direction for future work, but the core implication of this finding suggests that intellectual 
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positioning within the landscape of AI appears to strongly shape how researchers respond to 

AI-generated feedback. 

 

The timing of the study is also noteworthy. Conducted in early 2024, our experiment captures 

scientific practice at the onset of LLM adoption, when these tools were widely available and 

broadly known, but not yet fully normalized into drafting and collaboration workflows. This 

produced a natural mix of researchers, with some already experimenting with LLMs but many 

still relying on traditional feedback channels. Random assignment in our experiment balances 

these dispositions across treatment and control, allowing us to isolate how exogenous AI 

feedback affects revision and adoption in a critical regime where AI is accessible but not yet 

embedded in everyday work. As technology evolves [39, 40] 2 , adoption accelerates and 

baseline use rises, the absolute magnitudes of our effects may evolve, but the underlying 

mechanisms we document, including equity gains where feedback is scarce, substantive 

improvements to intellectual content, and sensitivity to intellectual positioning, are likely to 

remain central. In this sense, these findings are both timely and fundamental, providing a 

baseline for understanding how human-AI collaboration takes hold in the increasingly AI-

infused global research ecosystem. 

 

Our study also advances efforts to understand and experiment with the scientific process itself. 

Field experiments in science are notoriously difficult to execute or scale, with most prior trials 

limited to small samples or narrow domains [41-44]. By leveraging bibliometric infrastructure 

and automated feedback systems, we demonstrate the feasibility of running large-scale, 

personalized field experiments on live scientific practice. This opens new opportunities to not 

only observe scientific behavior retrospectively but to test interventions capable of shaping 

how knowledge is produced, revised, and adopted across global communities. 

 

At the same time, our findings raise questions about the future of collaboration in an era of 

increasingly AI-integrated research. If AI can reliably provide critique on clarity, theory, and 

prior work, human collaborators may shift toward higher-order conceptual and design roles, 

but marginal collaborations may also be displaced. A further challenge arises from 

standardization: as more researchers lean on similar underlying models, science risks a form of 

homogenization [16], with diverse lines of critique converging toward a narrow band of 

 
2 Other AI feedback tools such as https://paperreview.ai/ and https://www.refine.ink/. 

https://paperreview.ai/
https://www.refine.ink/
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recommendations. This concern parallels emerging evidence that, while AI can raise individual 

performance, it may also reduce collective diversity unless deliberately counteracted[45, 46]. 

These possibilities highlight the importance of designing human-AI collaboration to preserve 

heterogeneity, through plural model architectures, varied objectives, and institutional norms 

that reward dissent and methodological diversity.  

 

Overall, our results suggest that large language models can do more than streamline writing or 

surface edits. They can influence the collaborative practices that shape scientific knowledge 

itself. By expanding access to critique and empowering scholars historically excluded from 

dense feedback networks, AI holds the potential to make science more inclusive. By 

highlighting the conditions under which its effects are strongest, our study points to pathways 

for integrating AI into research in ways that preserve diversity, enhance credibility, and 

maximize surplus. As AI becomes more deeply woven into the research ecosystem, its role in 

collaboration may carry broad implications, not only for scientists and their collaborators, but 

also for the institutions and policymakers that shape the future of global science. 
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Figure 1. LLM feedback generation and experiment workflow. (Step 1) We collected all 
recent arXiv preprints (Jan–Jun 2024) for which only the first version was available. (Step 2) 
For each preprint, we extracted metadata (authors, affiliations, field, 2a), and parsed structured 
text from the raw PDFs to generate customized feedback using an LLM-based system (2b). 
(Step 3) We implemented a stratified randomization process across 150 fields, assigning each 
paper to either the treatment or control group. (Step 4) Each author in the treatment group 
receives a personalized email, with a private link giving them access to the AI-generated 
feedback. 
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Figure 2. Effects of AI-generated feedback on short-term scientific practice. (a) Number 
of revisions within one month of feedback delivery. Across the full sample, authors receiving 
AI-generated feedback were likely to revise their manuscripts 12.5% more than controls, with 
effects concentrated among non-English-speaking teams, who showed a 22.4% higher number 
of revisions. (b) Sentence-level analysis of revision types among non-English group. 
Differences between treatment and control groups were negligible for formatting, grammar or 
language refinement, but treated authors were significantly more likely to update substantive 
content. (c) Block-level analysis of revision intentions among non-English group. Treated 
papers were more likely to incorporate changes addressing deeper intellectual concerns, 
including theoretical soundness and novelty. Together, these findings show that AI feedback 
prompts revisions that extend beyond surface-level polishing, demonstrating that LLMs can 
meaningfully participate in the collaborative practice of critique. Standard significance 
thresholds are indicated: ∗∗∗ P < 0.01, ∗∗ P <0.05, ∗ P < 0.1. 

 

  

**

*
ca

b
*



 

18 

 

 

Figure 3. Heterogeneous effects of AI feedback across language, geography, and 
intellectual distance. (a) Treatment effects by institutional language environment. Non-
English-speaking teams exhibit a strong positive response to LLM feedback, whereas English-
speaking teams show no measurable effect. (b) Region-level heterogeneity across major 
research-producing nations. Positive effects are observed in Israel, South Korea, and China, 
while effects are close to 0 in the United States, United Kingdom, and other English-speaking 
countries. Point size reflects the number of preprints per region. (c) Treatment effects by 
intellectual distance to AI, measured as shortest-path distance in a topic co-appearance network. 
Effects follow a non-linear pattern: researchers at moderate distance are significantly more 
likely to revise in response to AI feedback, while those closest to AI appear resistant, and those 
farthest away find the feedback less relevant. These findings indicate that AI feedback expands 
collaborative capacity where it is most scarce, acting as a “collaborative equalizer” across 
linguistic and geographic divides, while also revealing that receptiveness depends on 
intellectual positioning within science. ∗∗∗ P < 0.01, ∗∗ P <0.05, ∗ P < 0.1. 
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Figure 4. Treatment effect on likelihood of adoption. (a) Estimates indicate a marginal 
positive treatment effect on the likelihood of adoption (𝛼$%&' 	> 	0.1) among authors with 
minimal prior use (𝛼$() ≤ 	0.1 ). We further explore heterogeneous treatment effects by 
splitting our sample into two groups based on whether the authors are from English or non-
English speaking countries. Authors from non-English-speaking countries in the treatment 
group show a significantly higher likelihood of adopting LLM tools in subsequent academic 
writing. Conversely, the analysis reveals no significant difference in revision rates between the 
treatment and control groups for English-speaking authors. (b) We extend the analysis in panel 
(a) by varying the outcome window from 1 months to 12 months. The direction of the treatment 
effect is consistent across these alternative time windows. ∗∗∗ P < 0.01, ∗∗ P <0.05, ∗ P < 0.1.	
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Extended Data Figure 1. Global distribution of experimental sample across English- 
and non-English-speaking regions. The map illustrates the geographical scope of the 
randomized field experiment. Blue indicates English-speaking countries, while red denotes 
non-English-speaking regions. Each country is shaded according to the number of 
manuscripts included in the study, highlighting the wide heterogeneity of participation across 
the global research ecosystem.  
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1. Sample and Experiment Setup 
1.1 Sample Construction 

In this study, we focused on recent preprints from arXiv, one of the largest preprint servers 

covering the physical, mathematical, and computational sciences. We obtained paper-level 

metadata from a publicly available data dump (Cornell arXiv Dataset1) and restricted our 

sample to manuscripts published between January 2024 and June 2024.  

 

For each entry, we downloaded and parsed the corresponding PDF file (using Cermine [1]) to 

extract author contact information, including names, affiliations, and email addresses. To 

ensure data quality, we excluded papers if (1) the PDF could not be successfully downloaded 

or parsed, or (2) the extracted emails contained formatting errors. Importantly, the mapping 

between authors and papers is not one-to-one. To avoid oversampling, for authors with multiple 

submissions, we retained only their most recent paper in our sampling period, and for papers 

with more than two email addresses listed, we only kept the first and last.  

 

We processed the first batch of data (Jan – Mar 2024) in June, yielding a cleaned sample of 

17,411 papers. We then repeated the same procedure for papers published between April and 

June 2024 in August,2 obtaining our second batch of data (an additional 16,929 papers). 

 

Finally, for each round, we conducted stratified randomization based on the primary subject 

domain assigned by arXiv. In total, our final dataset includes 34,340 papers with valid PDF 

files, email addresses, and author information. 

 

1.2 Experiment Setup 

Feedback generation: We built on a pipeline in Liang et al. (2024) [2] and developed an 

automated system of scientific feedback generation based on GPT-4o. It begins by parsing the 

entire manuscript (full-text PDF) using a machine-learning-based PDF parser (ScienceBeam 

[3]) into structured components including title, abstract, main body text, and figure and table 

captions. 

 

 
1 https://www.kaggle.com/datasets/Cornell-University/arxiv/data 
2 For this batch, we also excluded email addresses that had already appeared in the January–March dataset 

to avoid duplication. 
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Based on the parsed content, we construct a paper-specific prompt by concatenating our 

instructional template with the extracted information. We then feed this prompt into GPT-4o 

API, which generates feedback in a single pass. To ensure clarity and consistency, we 

instructed GPT-4o to produce a structured feedback outline. Drawing on reviewer report 

formats from major machine learning conferences and Nature family journals, our prompt 

guided the model to generate review-style comments (see Section 9.1 for prompt details). In 

addition to review-style feedback, we also provided other forms of author-facing support 

including title suggestions and grammar checks. See feedback examples in Section 1.3.  

 

Website setup: For each manuscript, we created a dedicated webpage using the generated 

feedback (see Website Screenshot in Figure S8). The site features five sections: (1) 

Significance and Novelty, (2) Suggestions for Improvement, (3) Title Suggestions, (4) Grammar 

Check for Abstract, and (5) Grammar Check for Introduction. To protect security and privacy, 

each web link was encoded using Base32, and access was restricted to the corresponding author 

via a private, non-indexed website. The website was designed to facilitate meaningful 

engagement by presenting the feedback in a structured, interactive format, making it easier for 

authors to navigate and incorporate the feedback. 

 

Intervention email: Authors in the treated group received a standardized email containing the 

private web link, which enabled authors to access the generated feedback. The email informed 

recipients that the comments were generated with the assistance of advanced AI models. The 

complete email template is provided in SI Section 2. 

 

1.3 Feedback Example 

Treatment group received feedback organized into five sections, each generated through 

distinct pipelines. Examples of each section are provided below. 

 

Significance and Novelty: This section summarizes the paper’s key contributions and the 

importance of the study.  

Example: “The study addresses a critical and often overlooked aspect of recommendation 

systems: the integration of diversity throughout all stages of the recommendation pipeline, 

rather than just during reranking. It introduces the XXX, which leverages knowledge 

distillation and contrastive context encoding to model both positive and negative contexts, 

enhancing both efficiency and diversity in recommendations. Evaluates its performance using 
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both offline experiments on industrial datasets and an online A/B test, providing a 

comprehensive analysis of the model’s efficacy. Proposes an innovative method to handle the 

quadratic complexity of existing diversification methods, making it suitable for preranking and 

ranking stages.” 

 

Suggestions for improvement: This section provides structured, review-style suggestions on 

how the paper could be improved. 

Example: “Clarification of Mathematical Notation and Algorithms: The paper provides 

detailed mathematical descriptions of the proposed models and algorithms. However, some 

parts, especially within sections like Differentiable Sampling with GumbelTop 

reparametrization, can benefit from additional clarification or illustrative examples. While the 

equations are precise, succinct summaries of what each equation aims to achieve or any 

assumptions would make it accessible to a broader audience.” 

“Ethical Considerations and Bias Assessment: Discussing the ethical implications of SVS, such 

as potential misuse or biases in gender and vocal range synthesis, can add depth to the paper. 

Addressing how the model handles diverse languages and cultures could also enhance its 

robustness and inclusivity.” 

“Comparison with Broader Set of Baselines: Although the paper compares CDM against 

several established baselines, expanding this comparison to include more recent and varied 

models, such as those leveraging deep reinforcement learning or graphbased approaches, 

would strengthen the claims about its performance and generalizability.” 

 

Suggestions on Title: We generated title suggestions by prompting GPT to retrieve 

semantically similar titles from our high-quality-paper database of and to generate five titles 

most aligned with the paper’s focus. 

Example: “Recommended Titles: 

Contextual Distillation for Diverse and Efficient Industrial Recommendations 

Reasoning: Emphasizes the practical application in industrial settings and highlights both the 

diversity and efficiency aspects” 

 

Grammar Check for Abstract: We conducted automatic grammar and usage checks for the 

abstract, identifying and correcting specific errors. 

Example: “Original Sentence: as shown by metrics, provide strong superiority for the 

effectiveness of CDM. 
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ErrorType: Comma Splice 

Explanation: Comma splice in the sentence 'as shown by metrics, provide strong' 

Recommended Fragment: as shown by metrics, providing strong evidence for the effectiveness 

of CDM.” 

“Original Sentence: The diversity of recommendation is equally crucial as accuracy in 

improving user experience. 

ErrorType: Incorrect Word Usage 

Explanation: Misuse of 'equally crucial as' instead of 'equally crucial to' 

Recommended Fragment: The diversity of recommendation is equally crucial to accuracy in 

improving user experience.” 

 

Grammar Check for Introduction: A similar procedure was applied to the Introduction 

section, where grammatical and stylistic issues were detected. 
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2. Email Template 
Subject: Feedback on your recent arXiv preprint [arXiv ID] 

 

Dear [Author_First_Name], 

 

Congratulations on your recent preprint on arXiv, titled "[Title]." We are grateful for your hard 

work and dedication to the field, and we value your contributions! 

 

We are part of a team from Northwestern University, Stanford University, and Cornell 

University, committed to providing research feedback to scholars with the assistance of 

advance AI models. We have followed your work closely and, upon a thorough examination, 

generate the suggestions below. These suggestions cover various aspects of your work, 

including the writing style, research design, and title. We hope they offer you fresh insights 

that may enhance the depth and impact of your research.  

 

To view detailed comments regarding your research, please visit this link [Insert a link]. 

 

Once again, congratulations on your achievement. We are certain that your work will have an 

impact on the future of your field and will inspire fellow researchers worldwide. 

 

Should you have any questions, concerns, or suggestions, please do not hesitate to reach out to 

us at XXX. Your insights would be invaluable in helping us better support the community's 

research development. 

 

Best regards, 

Feedback Team  

 
Disclaimer: The information contained in this email is intended solely for the recipient(s) named above. The 

content provided should not be considered to be professional or definitive advice.   
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3. Text Analysis on Email Response  
We received a total of 78 direct responses to the intervention emails and conducted a semantic 

analysis of these responses.  

 

First, the overall tone of the responses was positive, with 14% explicitly expressing negative 

sentiment toward the LLM-generated feedback. Several authors remarked that the feedback 

closely resembled comments they had received through formal peer review processes, 

suggesting that they perceived it as both credible and useful. For example, one author wrote, 

“I feel the feedback is quite informative and similar to some comments we received during peer 

review.” Another reported, “The comments aligned surprisingly closely with our first-round 

peer review. It would be great if we could use AI to speed up that process.” Second, several 

responses indicated that authors revised their manuscripts in direct response to the feedback 

we provided. For instance, one author noted, “This is to thank you profusely for the very helpful 

comments on my paper. The revised version just appeared on arXiv.” Third, some authors 

expressed an interest in using similar feedback tools in the future. One wrote, “Can I share a 

copy of my next paper with you for feedback before I submit it for potential publication?” 

 

We further coded the institutional affiliation of each responding author along two dimensions: 

(1) whether the institution is located in an English-speaking region, defined by whether the 

official language in this region include English, and (2) whether it ranks within the top 100 

globally, based on the Times Higher Education World University Rankings 2025 3  Our 

qualitative analysis (Fig. S4) of the comments received suggests that scholars from non-English 

speaking countries or lower-prestige institutions perceived the feedback as more constructive 

and valuable than their counterparts from English-speaking countries or high-prestige 

institutions. This disparity suggests that the use of LLMs for scientific feedback has particularly 

significant benefits for scholars from marginalized groups and those in resource-scarce 

environments, ultimately making scientific discourse more accessible to a wider and more 

diverse audience.  

 
3 World University Rankings 2025, Times Higher Education, 

https://www.timeshighereducation.com/world-university-rankings/latest/world-ranking. 
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4. Content analysis 
4.1 Initial Processing 

We conducted content analysis of 12,133 manuscripts from non-English-speaking team, 

consisting of 6,087 treatment manuscripts and 6,046 control manuscripts. With this subgroup, 

795 manuscripts posted a revised version within 30 days of treatment (419 in the treatment 

group and 376 in the control group), which enables us to examine whether language factors 

shape the revision process and the nature of reviewer feedback. 

 

We analyzed the parsed XML of each manuscript, which transformed the PDFs into structured, 

machine-readable strings. See Fig. S2 for the analysis pipeline. From the full XML string of 

each paper, we focused on the main textual content, explicitly excluding ancillary elements 

such as figures, tables, and their captions, in order to focus the analysis on the core prose. This 

was achieved using a custom parser that processed all <sec> (section) elements while skipping 

any section explicitly titled “Figures.” The textual content within each section was recursively 

extracted to preserve the original structural order, including paragraph text and in-text citations. 

 

4.2 Semantic Block Alignment 

To enable fine-grained comparisons between the original and revised versions of each paper, 

we developed a two-stage process to segment and align corresponding “semantic blocks”—

i.e., high-level components such as Introduction, Methods, Results, and Discussion. 

 

We first employed a GPT-4.1 mini-based procedure to compare different versions of the 

sample paper at a high level. The model was prompted to segment both the original and revised 

versions into logically matched conceptual blocks, assigning each pair a consistent block_id 

and title. To minimize token usage, the model returned only the first and last sentence of each 

block in both versions, rather than the full content. In the second stage, we used these boundary 

sentences as anchors to locate and extract the corresponding full content from the original and 

revised texts, using another carefully designed GPT-4.1 mini prompt that accommodates minor 

variations (if any) on anchor sentences. See SI Section 10.2 for prompt details. 

 

4.3 Content Update Intention Detection 

To isolate and analyze substantive scholarly changes, we filtered for semantic blocks 

containing at least one sentence-level edit classified as Update Content in the previous step. 
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For each such block, we performed a higher-level intention analysis to categorize the purpose 

of the content update. 

  

We employed a taxonomy of 11 revision categories introduced by Liang et al. (2024) [2] in 

their study of LLM-generated feedback on scientific writing. A GPT model was prompted with 

each block’s title, original content, and revised content, and instructed to select all applicable 

categories from the taxonomy that described the revision, ranking them in order of relevance. 

The prompt emphasized a focus on meaningful content-level changes and instructed the model 

to use both section titles and the full semantic context of the text to ensure accurate 

classification of scholarly intent. See SI Section 10.4 for prompt details. 

 

4.4 Sentence-Level Edit Extraction 

For each pair of aligned semantic blocks, we conducted a sentence-level edit analysis. When 

only one block was present (i.e., either the original or the revised block is empty), we applied 

the block sentence-splitting prompt (see SI Section 10.3). In such cases, all sentences from the 

single available block were assigned edits of type Delete (if only the original existed) or Insert 

(if only the revised existed), and their intention was labeled as Update Content. This ensured 

that insertions and deletions were captured explicitly rather than treated as empty edits. When 

both original and revised blocks were non-empty, we instructed the GPT model: (1) Align 

sentences between versions. (2) If there are edits, extract token-level edits (Insert, Delete, 

Substitute, Reorder) for modified sentences. (3) Classify the primary intention of each edit 

using a predefined taxonomy (e.g., Improve Language, Correct Grammar/Typo, Update 

Content, Adjust Format) [4]. To avoid misclassification, we included explicit instructions to 

disregard superficial formatting changes such as line-break hyphenations. See SI Section 10.3 

for detailed prompt design. 

 

4.5 Average Percentage of Edit Types and Intentions 

We calculated the average percentage of edit types and intentions. To quantify the distribution 

of different edit types for all sentences, we proceeded in two steps. (1) Edit count per paper 

(normalized). For each edit category 𝑐 and each paper 𝑖, we computed: 

 

𝑥!,# 	= 	
𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑒𝑑𝑖𝑡𝑠	𝑖𝑛	𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦	𝑐	𝑓𝑜𝑟	𝑝𝑎𝑝𝑒𝑟	𝑖
𝑡𝑜𝑡𝑎𝑙	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒	𝑝𝑎𝑖𝑟𝑠	𝑓𝑜𝑟	𝑝𝑎𝑝𝑒𝑟	𝑖	 
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If a paper has no edits in this category, then 𝑥!#	 = 	0. Here, the denominator is defined as the 

total number of sentence pairs for paper 𝑖, which includes not only aligned sentences but also 

sentences that appear only in the original or only in the revised version. This ensures that 

inserted and deleted sentences are properly represented. 

 

(2) Group-level mean percentage. For each group (Treatment / Control), we then calculated the 

mean percentage across all papers:  

𝑥#(&'()*) 	= 	
1
𝑁	9𝑥!,#

,

!-.

 

Where 𝑁 is the total number of papers in that group (6,046 for treatment, 6,087 for control). 

Thus, the reported average percentage of edits for each type represents the mean fraction of 

that edit type within a paper, averaged across all papers in the group.  

 

We then quantified the distribution of different edit intentions at the block level, and we 

proceeded with two similar steps. (1) Update content intention count per paper (normalized). 

For each edit category 𝑐 and each paper 𝑖, we computed: 

 

𝑥!,# 	= 	
𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑖𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛𝑠	𝑖𝑛	𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦	𝑐	𝑓𝑜𝑟	𝑝𝑎𝑝𝑒𝑟	𝑖

𝑡𝑜𝑡𝑎𝑙	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑏𝑙𝑜𝑐𝑘	𝑝𝑎𝑖𝑟𝑠	𝑓𝑜𝑟	𝑝𝑎𝑝𝑒𝑟	𝑖	  

 

If a paper has no intentions in this category, then 𝑥!#	 = 	0. Here, the denominator is defined as 

the total number of block pairs for paper 𝑖, which includes not only aligned sentences but also 

blocks that appear only in the original or only in the revised version. (2) Group-level mean 

percentage. For each group (Treatment / Control), we then calculated the mean percentage 

across all papers. Thus, the reported average percentage of block-level update content 

intentions for each type represents the mean fraction of that intention within a paper, averaged 

across all papers in the group.   
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5. Measurement of Variables 
5.1 Number of Revisions 

We collected revision data by downloading an updated version of Cornell ArXiv Dataset from 

Kaggle. For each paper in our sample, we checked the number of available revisions recorded 

in the metadata to determine whether and how many times a manuscript had been updated. 

 

5.2 Region Data Collection and English-Speaking Region 

Region data collection: To identify author region affiliations, we extracted affiliation and 

email domain region codes for all 50,454 authors from the PDF files at the time of data 

collection. Among these, 3,105 entries lacked identifiable region information. To address this, 

we applied Grobid to perform structured information extraction on the corresponding PDF files 

for these “unknown region” entries. In parallel, we conducted a manual review of each PDF to 

supplement and validate the region data. For multinational organizations without an explicit 

region label, we assigned the location of the organization’s headquarters as the author’s region 

of affiliation (e.g., Google is located in the United States, and Huawei Technologies is located 

in China). In total, we successfully labeled 50,328 individual affiliations with region 

information. The final dataset contains 126 entries (<0.3%) for which the region could not be 

determined, which we label as “unknown.” 

 

English speaking region: To classify whether an author was affiliated with an English-

speaking region, we checked whether the official languages of the country included English. 

Authors were labeled as from an English-speaking region if their country of affiliation 

belonged to the following list: 

  

“Australia, Canada, Ireland, Malta, New Zealand, Singapore, South Africa, United Kingdom, 

United States, India, Pakistan, Nigeria, Philippines, Kenya, Uganda, Tanzania, Ghana, 

Botswana, Mauritius, Rwanda, Malawi, Trinidad and Tobago, Saint Kitts and Nevis, Hong 

Kong, British Indian Ocean Territory, Ascension Island, Cocos (Keeling) Islands, Tokelau, 

Cameroon.” 

  

This classification allowed us to assess the role of language background in shaping engagement 

with and response to the AI-generated feedback. 

5.3 Distance to AI  
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To quantify the topical distance between scientific fields and artificial intelligence (AI), we 

constructed a field-level semantic distance metric based on co-occurrence patterns in arXiv 

submissions. This metric captures how conceptually proximate a given field is to AI, 

operationalized as proximity to the cs.AI category on arXiv. See Fig. S3 for details. 

 

Data preparation: We collected 16,492 arXiv preprints submitted between January and March 

2024. Each paper is associated with one or more category labels (e.g., cs.LG, stat.ML). These 

category labels serve as the basis for constructing a semantic co-occurrence network. 

 

Co-occurrence network construction: We built an undirected field co-occurrence network 

using category metadata. For each pair of arXiv categories, we counted the number of papers 

in which both categories co-occurred. To reflect the strength of association between categories, 

we computed the Pointwise Mutual Information (PMI) for each pair and defined the edge 

weight as the inverse of PMI: 

𝑊𝑒𝑖𝑔ℎ𝑡!,/ 	= 	
1

𝑃𝑀𝐼!,/
 

This formulation ensures that more semantically similar fields (with high PMI) are connected 

by shorter, lower-cost edges in the network. 

 

Semantic distance calculation: Using the resulting PMI-weighted network, we computed the 

shortest-path distance from the cs.AI category to every other category using Dijkstra’s 

algorithm. These distances represent the minimal semantic “path length” from AI to a target 

field, capturing conceptual proximity in the embedding space formed by field co-occurrence. 

 

5.4 Detection of LLM usage 

To estimate the proportion of text in arXiv submissions that may have been generated or 

substantially modified by LLMs, we adopted the distributional quantification framework 

proposed by Liang et al. (2024) [5]. This approach treats each document as sampled from a 

mixture of two distributions: human-written text (denoted 𝑃) and LLM-generated text (denoted 

𝑄). The objective is to infer the mixture weight 𝛼, representing the share of LLM usage in the 

target corpus. 

 

Reference Distributions: Following Liang et al., we constructed reference corpora of human-

written and LLM-generated texts to estimate token-level distributions 𝑃(𝑡) and 𝑄(𝑡), for a 
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chosen list of tokens 𝑡. The estimation relies on the presence or absence of selected vocabulary 

tokens (primarily adjectives), which were shown to provide stable signals distinguishing 

human from LLM outputs. 

 

Maximum Likelihood Estimation (MLE): Given a target document 𝑥 , its likelihood is 

modeled as: 

 

𝒟0(𝑥) = 	 (1 − 𝛼)𝑃(𝑥) + 	𝛼𝑄(𝑥) 

 

For a corpus of 𝑛 documents, the overall log-likelihood is: 

 

𝛼123 	= 𝑎𝑟𝑔𝑚𝑎𝑥
0∈[6,.]

9𝑙𝑜𝑔	((1 − 𝛼)𝑃(𝑥!) + 𝛼𝑄(𝑥!))
8

!-.

 

 

We computed the MLE of 𝛼 for each corpus or sub-corpus of interest. We then used bootstrap 

resampling to construct confidence intervals, following the original method. 

 

Modifications: We used a unified reference corpus for arXiv categories outside the core STEM 

fields. For large categories with sufficient sample sizes—namely physics, mathematics, 

statistics, computer science, and electrical engineering and systems science (EESS)—we 

trained field-specific reference distributions. For smaller categories outside these core fields, 

we pooled all available abstracts into a single unified reference corpus. This approach ensured 

more stable estimation of the human and AI distributions (𝑃, 𝑄) in fields with limited data.   
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6. Robustness Check 
For the main revision outcome, we conducted a series of robustness checks by varying the 

observation window. We extended the short-term revision analysis shown in Figure 3A by 

adjusting the outcome window from 4 to 9 weeks (Figure S1). The treatment effect remains 

consistent in direction across these alternative time windows, with statistically significant 

effects particularly among non–English-speaking groups. 

 

Similarly, we examined the robustness of the long-term adoption analysis shown in Figure 4 

by varying the α detection threshold. Following prior research on α detection algorithms [5],  

we used a 10% transition as the main specification in the text. To test robustness, we varied the 

threshold to 0% (Figure S5), 5% (Figure S6), and 20% (Figure S7). The results remain stable, 

exhibiting consistent patterns and directions across all specifications. 
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7. Potential Limitations 
While our pipeline and analysis follow the widely adopted practice in the field, they are not 

free of limitations. First, large language model (LLM)-based scientific feedback generation is 

rapidly evolving. Our pipeline—adapted from Liang et al. (2024)—was built on a non-

reasoning model primarily tuned to computational science domains. As such, it may produce 

somewhat generic comments, particularly for disciplines outside computer science. This 

limitation likely introduces a conservative bias in our estimates: if more advanced models or 

domain-specific prompting were used to generate higher-quality, more tailored feedback, the 

observed treatment effects could plausibly be even larger. Related, we cannot rule out the 

possibility that some authors (in both treatment and control groups) independently used other 

LLM-based tools for scientific feedback and improvement, which may also attenuate the 

estimated effects here. 

 

Second, there is a one- to five-month lag between the time a manuscript is posted on arXiv and 

the delivery of feedback to authors. This delay stems from the logistical challenges of parsing 

PDFs and generating feedback at scale. In practice, this means that feedback may not reach 

authors when it is most useful. Future work could explore more timely feedback delivery, 

which would likely enhance engagement and amplify the treatment effect—again implying that 

our estimates are conservatively biased. 

 

Third, our analysis considers the intent-to-treat population—i.e., all authors who were sent 

feedback—rather than restricting attention to those who actually read or engaged with it. A 

substantial proportion of recipients may not have opened the email or visited the feedback 

website, introducing non-compliance into the treatment group. This likely attenuates the 

observed effects; had all treated authors engaged with the feedback, the impact on revision 

behavior and downstream outcomes could have been even stronger. 
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8. Figure Appendix 
 

 

 

 
 

Figure S1. Robustness check of treatment effect on number of revisions. We extended the 

analysis in Fig. 3a by varying the outcome window from 4 weeks to 9 weeks. The treatment 

effect remains in the same direction across these alternative time windows.  
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Figure S2. LLM-based edits extraction pipeline. The pipeline consists of three main steps. 

(1) Sample filtering and full-text parsing, where revised papers are identified, raw PDF files 

are downloaded, and structured XML is extracted for analysis. (2) In-context semantic 

segmentation and token-aware sentence edit detection, where main content from original and 

updated versions is segmented into semantic blocks, paired at the sentence level, and 

categorized by edit type (format adjustment, grammar correction, language improvement, or 

content update). (3) Content update intention detection, where LLM models and human 

validation are used to classify the purpose of each substantive revision into one of 11 predefined 

categories (e.g., implications of research, theoretical soundness, clarity and presentation, 

novelty). 

  

[Step 1] Sample filtering and full-text parsing: extract structured full-text XML of revised versions

[Step 3] Content update intention detection : use LLM and human validation for intention detection

Collect original and revised version Title Can large Language Models Provide …

Abstract

Introduction

Figure Caption

……

Expert feedback lays the …

In 1940s, Claude Shannon…

Characterizing the …

Download Raw PDF files data

[Step 2] In-context semantic segmentation & token-aware sentence edit detection

Main Content from 
original version

Semantic Block 1

Semantic Block 2

Semantic Block n
Main Content from 

updated version
⋮

Sentence Pair 1

Sentence Pair 2

Sentence Pair n

Sentence Edit Type:
1. Adjust Format
2. Correct Grammar
3. Improve Language
4. Content Update

Matched Feedback:
With revisions

⋮

Ø Categorize the 
intention of content 
revisions

Semantic Block 1

Semantic Block 2

Semantic Block n
⋮

Content Update Intentions:
1. Implications of the Research
2. Add Ablation Experiments
3. Theoretical Soundness
4. Clarity and Presentation
5. Comparison to Previous Studies
6. Add Experiments on More Datasets

7. Citation Updates
8. Algorithm Efficiency
9. Reproducibility
10.Ethical Aspects
11.Novelty
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Figure S3. AI distance calculation. The procedure involved three steps: (1) Data preparation 

– We extract 16,492 preprints from arXiv with their field category labels (e.g., cs.LG). (2) Co-

occurrence network construction – We build a weighted category co-occurrence network and 

compute Pointwise Mutual Information (PMI) for each category pair. Edge weights are defined 

as the inverse of PMI. (3) Distance calculation – We compute the shortest-path distance from 

each category to cs.AI using Dijkstra’s algorithm over the PMI-derived network. The resulting 

“semantic distance” to AI reflects topical proximity, with smaller values indicating closer 

alignment to AI. 

  

1. Data Prepara+on 2. Co-occurrence Network 3. Distance Calcula+on

Preprints from arXiv (three 
months in 2024) with field 
category labels (e.g., cs.LG)

id categories

2401.09125

2401.09190

2401.02203

2403.03862

[cs.LG, stat.ML]

[cs.CV, cs.LG]

[stat.ML, cs.LG]

[stat.OT]

a. Build a category weighted
co-occurrence network

b. Compute Pointwise Mutual 
Informa5on for each 
category pair.

Compute shortest-path 
distances from categories to 
cs.AI using Dijkstra’s algorithm 
over PMI-derived weights.

“Seman'c distance” to AI

cs.AI

cs.GL

cs.CL

cs.MA
q-bio.PE

0.702

0.186

0.885
0.932
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Figure S4. Rate of negative sentiment toward LLM-generated feedback by region and 

institutional prestige. We coded the institutional affiliation of each respondent (n = 78) along 

two dimensions: (1) whether the institution is located in an English-speaking region, and (2) 

whether it ranks within the top 100 globally, based on the Times Higher Education World 

University Rankings 2025. The proportion of respondents expressing negative sentiment 

toward the LLM-generated feedback was substantially higher among scholars affiliated with 

English-speaking (21%) and top 100 institutions (24%), compared to those from non-English-

speaking (9%) and non-top 100 institutions (11%). This pattern suggests that researchers from 

non-English or lower-prestige institutions perceived the feedback as more helpful or 

constructive—highlighting the potential of LLM-based scientific feedback to reduce 

inequalities and enhance access for scholars in under-resourced or marginalized contexts. 
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Figure S5. Robustness of adoption results to alternative 𝜶 threshold (adoption defined as 

𝜶𝒑𝒐𝒔𝒕 	> 	𝟎). 

Adoption is redefined as any detectable LLM use in post-treatment publications (𝛼*(=> 	> 	0) 

among authors with minimal prior use (𝛼*'? = 	0). Points show OSL regression estimates of 

the treatment effect on adoption (overall and by language subgroup); whiskers denote 95% CIs. 

The pattern mirrors the main specification: a positive overall effect driven by non-English 

authors, with no detectable change for English-speaking authors.  
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Figure S6. Robustness of adoption results to alternative 𝜶 threshold (adoption defined as 

𝜶𝒑𝒐𝒔𝒕 > 𝟎. 𝟎𝟓	). 

Adoption is redefined as any detectable LLM use in post-treatment publications (𝛼*(=> 	>

	0.05) among authors with minimal prior use (𝛼*'? ≤ 0.05). Points show OSL regression 

estimates of the treatment effect on adoption (overall and by language subgroup); whiskers 

denote 95% CIs. The pattern mirrors the main specification: a positive overall effect driven by 

non-English authors, with no detectable change for English-speaking authors.  
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Figure S7. Robustness of adoption results to alternative 𝜶 threshold (adoption defined as 

𝜶𝒑𝒐𝒔𝒕 > 𝟎. 𝟐	). 

Adoption is redefined as any detectable LLM use in post-treatment publications (𝛼*(=> 	> 	0.2) 

among authors with minimal prior use (𝛼*'? ≤ 0.2). Points show OSL regression estimates of 

the treatment effect on adoption (overall and by language subgroup); whiskers denote 95% CIs. 

The pattern mirrors the main specification: a positive overall effect driven by non-English 

authors, with no detectable change for English-speaking authors.  
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Figure S8. Example of the feedback website interface.  

Screenshot of the web interface through which authors in the treatment group accessed their 

customized AI-generated feedback. The website presents structured comments across five 

sections: (1) Significance and Novelty, (2) Suggestions for Improvement, (3) Suggestions on 

Title, (4) Grammar Check for Abstract, and (5) Grammar Check for Introduction. Each section 

contains detailed suggestions automatically generated by large language models. The interface 

was private with personalized links provided only to authors via email. 

  

[Title]

[Summary]

[Listed Suggestions]

[Listed Suggestions]

[Listed Suggestions]
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9. Table Appendix 

 

Manuscript-Level Feature Control Mean Treatment Mean Difference P-value 

Team Size 
4.657 

(5.683) 

4.665 

(5.047) 
0.008 0.897 

Distance to AI 
1.470 

(0.393) 

1.469 

(0.393) 
-0.001 0.882 

Reference Count 
39.854 

(32.353) 

39.869 

(33.007) 
0.015 0.968 

English (1=Yes) 
0.438 

(0.496) 

0.445 

(0.497) 
0.007 0.190 

Institution Prestige (1=Yes) 
0.037 

(0.188) 

0.038 

(0.191) 
0.001 0.582 

𝛼 (LLM-use probability) 
0.197 

(0.235) 

0.198 

(0.236) 
0.001 0.763 

 

Table S1. Balance check between treatment (N = 15,542) and control (N = 15,478) groups 

for manuscript-level features. This table reports baseline characteristics of papers randomly 

assigned to the treatment or control groups. Means are shown with standard deviations in 

parentheses. Differences between groups are estimated using two-sided t-tests. No statistically 

significant differences are observed across key covariates. Means and standard deviations are 

shown for each group, with the final column reporting two-sample t-statistics. Standard 

significance thresholds are indicated: ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 <0.05, ∗ 𝑝 < 0.1. 
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DV: Number of Revisions in a Month  Full Sample Non-English-Speaking 

Treatment Effect 0.005** 

(0.002) 

0.008*** 

(0.003) 

Treat Time FE Yes Yes 

Observations 31,020 17,265 

Pseudo R² 0.000 0.000 

 

Table S2. Treatment effects on number of revisions. Estimates are from linear regression 

models with treatment time fixed effects. Columns 1–2 present results for the full sample and non-

English-speaking groups. Treatment increases the number of revisions by 12.5% for the full 

sample, and 22.4% for non-English groups. Coefficients are reported with standard errors in 

parentheses. Standard significance thresholds are indicated: ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 <0.05, ∗ 𝑝 < 0.1. 
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Table S3. Average percentage of revised sentence in each edit types between treatment and 

control groups (non-English-speaking group). This table reports the percentage of sentence-

level revisions within one month after treatment for the non-English-speaking group. Means for 

each revision category are shown separately for treatment and control groups, followed by 

difference tests (t-statistics and p-values). Standard significance thresholds are indicated: ∗∗∗ 𝑝 < 

0.01, ∗∗ 𝑝 <0.05, ∗ 𝑝 < 0.1. 

 

  

Category Control Mean Treatment Mean t-stat p-value 

Adjust Format 0.336 0.413 1.631 0.1028 

Improve Language 1.218 1.150 -0.500 0.6171 

Correct Grammar/Typo 0.479 0.498 0.273  0.7845 

Update Content 3.310 4.021 1.686 0.0919* 
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Category 
Control 

Mean 

Treatment 

Mean 
t-stat p-value 

Add Ablation Experiments 0.013 0.012 -0.355 0.7229 

Add Experiments on More Datasets 0.022 0.023 0.438 0.6617 

Algorithm Efficiency 0.034 0.037 0.530 0.5960 

Citation Updates 0.101 0.110 0.647 0.5174 

Clarity and Presentation 0.100 0.110 0.867 0.3862 

Comparison to Previous Studies 0.177 0.204 1.451 0.1469 

Ethical Aspects 0.008 0.009 0.863 0.3880 

Implications of the Research 0.071 0.073 0.240 0.8102 

Novelty 0.023 0.038 2.278 0.0227** 

Reproducibility 0.184 0.206 1.145 0.2522 

Theoretical Soundness 0.045 0.060 1.690 0.0911* 

 

Table S4. Average percentage of revised blocks in each edit intentions between treatment 

and control groups (non-English-speaking group). This table reports the likelihood of block-

level revision intentions within one month after treatment for the non-English-speaking group. 

Means for treatment and control groups are shown separately, followed by the difference test (t-

statistics and p-values). Standard significance thresholds are indicated: ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 <0.05, 

∗ 𝑝 < 0.1. 
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Table S5. Treatment effects on number of revisions by language. Estimates are from linear 

regression models with treatment time fixed effects. Columns 1–3 present results for the non-

English-speaking group, English-speaking group, respectively. Treatment increases the number of 

revisions by 22.4% for non-English-speaking authors but has no significant effect for English-

speaking authors. Coefficients are reported with standard errors in parentheses. Standard 

significance thresholds are indicated: ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 <0.05, ∗ 𝑝 < 0.1. 

 

  

DV: Number of Revisions in a Month  Non-English-Speaking English-Speaking 

Treatment Effect 0.008*** 

(0.003) 

0.001 

(0.004) 

Treat Time FE Yes Yes 

Observations 17,265 13755 

Pseudo R² 0.000 0.000 
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Region Coefficient Sample Size p-value English-speaking 

Israel 0.0604* 
(0.0330) 302 0.0677 No 

South Korea 0.0366* 
(0.0213) 532 0.0864 No 

Switzerland 0.0262 
(0.0185) 551 0.1588 No 

Brazil 0.0215 
(0.0196) 302 0.2737 No 

China 0.0120* 
(0.0063) 4,841 0.0566 No 

Sweden 0.0120 
(0.0265) 315 0.6512 No 

Germany 0.0112 
(0.0092) 2,157 0.2238 No 

Japan 0.0092 
(0.0125) 1,026 0.4637 No 

Italy 0.0073 
(0.0121) 1,112 0.5456 No 

United States 0.0039 
(0.0046) 8,125 0.3943 Yes 

Australia 0.0021 
(0.0157) 590 0.895 Yes 

Hong Kong −0.0019 
(0.0212) 346 0.9271 Yes 

France −0.0037 
(0.0117) 1,118 0.7507 No 

Canada −0.0047 
(0.0128) 993 0.7157 Yes 

India −0.0058 
(0.0120) 1,256 0.6297 Yes 

Spain −0.0098 
(0.0122) 582 0.4219 No 

United Kingdom −0.0103 
(0.0101) 1,811 0.3089 Yes 

Netherlands −0.0209 
(0.0168) 510 0.2144 No 

 

Table S6. Treatment effects on number of revisions by region. Region-level linear regression 

estimates of the effect of LLM-generated feedback on the probability that a preprint is revised 
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within 30 days. Estimates indicate larger positive effects in several non-English-speaking contexts 

(e.g., South Korea, Israel), with smaller or null effects in English-speaking settings. Coefficients 

are log-odds with standard errors. Coefficients are reported with standard errors in parentheses. 

Standard significance thresholds are indicated: ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 <0.05, ∗ 𝑝 < 0.1.  
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DV: Number of Revisions in a Month  Low Distance Medium Distance High Distance 

Treatment Effect 
0.002 

(0.004) 

0.012***  

(0.004) 

0.001  

(0.004) 

Treat Time FE Yes Yes Yes 

Observations 10497 10197 10326 

Pseudo R² 0.000 0.002 0.001 

 

Table S7. Treatment effects on number of revisions by distance tertile to AI. Linear regression 

estimates are reported for each distance tertile (low, medium, high). Distance tertiles are based on 

the distribution of topical distance to cs.AI in the arXiv subject co-appearance network. The 

treatment effect is largest and statistically significant for medium-distance papers (0.012***), with 

no significant effect for low- or high-distance papers. Coefficients are reported with standard errors 

in parentheses. Standard significance thresholds are indicated: ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 <0.05, ∗ 𝑝 < 0.1. 
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DV: Adoption in Twelve-Month 

(Binary) 
Full Sample Non-English-Speaking English-Speaking 

Treatment Effect 
0.0072**  

(0.0032) 
0.0122*** (0.0044) 

0.0014  

(0.0047) 

Treat Time FE Yes Yes Yes 

Observations 9,368 5,021 4,347 

Pseudo R² 0.001 0.002 0.000 

 

Table S8. Treatment effects on LLM adoption. Estimates are from logistic regression models 
with treatment time fixed effects. Columns 1–3 report results for the full sample, non-English-
speaking authors, and English-speaking authors, respectively. The full sample includes authors 
who have no detectable LLM use in pre-treatment writing (𝛼	 ≤ 	0.05) and have at least one 
preprint on arXiv post-intervention. Treatment increases the likelihood of AI adoption by 9.56 
percentage points for non-English-speaking authors, while no significant effect is observed for 
English-speaking authors. Coefficients are reported with standard errors in parentheses. Standard 
significance thresholds are indicated: ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 <0.05, ∗ 𝑝 < 0.1. 
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10. Prompt Appendix 
10.1 Feedback Generation 
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10.2 Block-Level Alignment Extraction 
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10.3 Sentence-Level Edit Extraction 

  



 

38 

10.4 Content Update Intention Detection 
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