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ABSTRACT

Introduction: The advent of large language models like ChatGPT has sparked discussions about their potential in 
manuscript reviewing. Few studies have rigorously compared AI accuracy to human reviewers in manuscript assess-
ment. This study aims to empirically analyse and compare manuscript review accuracy between human reviewers 
and AI chatbots. Methods: A comparative study analysed performance of two human reviewers and two AI chatbots 
(OpenAI ChatGPT 4o and Anthropic Claude Sonnet 3.5) in manuscript evaluation. Sixty observational studies pub-
lished between 2018-2023 from Scimago Journal Ranking (first quartile [Q1] to fourth quartile [Q4]) were selected. 
The STROBE (Strengthening the Reporting of Observational Studies in Epidemiology) checklist was used for evalua-
tion. Each item was scored as fully reported, partially reported, or not reported, generating an Overall Completeness 
Score (OCS). Statistical analysis included descriptive statistics, correlation coefficients, and repeated measures ANO-
VA tests. Results: AI2 demonstrated the highest mean OCS of 75.99 (SD = 6.52), significantly higher than human 
reviewers and AI1, which clustered around mid-40s to high-40s. Strong positive correlation existed between human 
reviewers (r = 0.614, p < 0.001). AI1 showed strong correlations with both human reviewers, while AI2's correlations 
were weaker. AI2 maintained consistent high scores across all journal tiers, whereas human reviewers and AI1 exhib-
ited declining scores for lower-tier journals. Conclusion: AI chatbots, particularly AI2, show potential in manuscript 
evaluation while highlighting continued value of human expertise. Findings suggest AI could serve as a powerful tool 
to support human reviewers rather than replace them.
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INTRODUCTION

The advent of large language models (LLMs) like 
ChatGPT has sparked discussions about their potential 
to perform tasks traditionally done by humans, including 
manuscript reviewing in academic publishing (1). As 
healthcare professionals face the challenge of keeping up 
with rapidly evolving medical research while managing 
clinical duties, tools that can assist in evaluating research 
quality become increasingly valuable (2).

Previous studies have explored ChatGPT's capabilities 

in generating scientific abstracts and articles (3,4,5). 
However, few have rigorously compared its accuracy 
to human reviewers in manuscript assessment (6). This 
gap in knowledge prompted our investigation into the 
proficiency of Artificial intelligence (AI) chatbots in 
scoring manuscripts compared to human evaluation as 
the standard benchmark.

The rise of AI in academic tasks has led to debates about 
its ability to replace or augment human efforts (7). While 
AI chatbots have shown promise across the healthcare 
sector including diagnosing diseases and creating 
various academic content, their efficacy in reviewing 
detailed manuscripts remains uncertain, especially in 
the healthcare sector (8). This study aims to fill this gap 
by empirically analysing and comparing the accuracy of 
manuscript review conducted by human reviewers and 
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AI chatbots (Anthropic AI and OpenAI).

MATERIALS AND METHODS 

Study Design
Comparative study analysing the performance of human 
reviewers and AI chatbots in manuscript evaluation.

Sample Selection
Two human reviewers were selected through expert 
sampling. Human Reviewer 1 (H1) was a clinician-
researcher with 20 years of experience in epidemiological 
research and systematic reviews, holding a master’s 
degree in public health with expertise in observational 
study design. Human Reviewer 2 (H2) was also a 
clinician-researcher with 15 years of experience in 
manuscript reviewing and publication, specializing 
in clinical research and evaluation. Both reviewers 
had prior experience with the STROBE checklist and 
had published peer-reviewed articles in the field of 
observational studies.

OpenAI (ChatGPT 4o) and Anthropic AI (Claude Sonnet 
3.5) were used as the AI chatbots. We selected 60 
observational studies (cross-sectional, case-control, 
and cohort) published between 2018-2023, available 
on PubMed Central and ranked in Scimago Journal 
Ranking (Q1 to Q4). Q1 is occupied by the top 25% 
of journals in the list; Q2 is occupied by journals in the 
25 to 50% group; Q3 is occupied by journals in the 50 
to 75% group and Q4 is occupied by journals in the 75 
to 100% group. The most prestigious journals within a 
subject area are those which occupy the first quartile, 
Q1. Case series, case reports, and other study designs 
were excluded.

Evaluation Tool
The STROBE (Strengthening the Reporting of 
Observational Studies in Epidemiology) checklist 
(combined) was used for manuscript evaluation (9). 
The combined checklist consisting of 22 items, was 
expanded to accommodate each item for scoring 
purpose. The expanded checklist was employed to 
assess the completeness and quality of reporting in our 
study both by human reviewers and AI chatbots. The 
checklist guided the systematic review of key elements 
including the title, abstract, introduction, methods, 
results, and discussion sections. By applying the STROBE 
criteria, we ensured comprehensive coverage of critical 
aspects such as study design, participant selection, 
variable definitions, data sources, bias considerations, 
and statistical methods.

Review Process and AI Prompting
Human reviewers and AI chatbots independently 
evaluated the selected articles. Human reviewers 
performed the review in a setting without internet access 
to ensure consistency with AI evaluation conditions.

AI chatbots were prompted with the following 
standardized instructions:
AI Prompt Used: "You are an expert manuscript 
reviewer tasked with evaluating observational studies 
using the STROBE checklist. Please assess the provided 
manuscript for each of the 22 STROBE items. For each 
item, determine if it is:
• Fully reported (assign score of 2)
• Partially reported (assign score of 1)
• Not reported (assign score of 0)

Please provide your assessment for each STROBE item 
with justification. Focus on:
1. Title and Abstract completeness
2. Introduction rationale and objectives
3. Methods clarity (study design, setting, participants,
variables, data sources, bias, study size, quantitative
variables, statistical methods)
4. Results completeness (participants, descriptive
data, outcome data, main results, other analyses)
5.	 Discussion interpretation, limitations, 
generalisability, and funding information

Provide an overall completeness score as percentage 
based on your item-by-item evaluation."

The prompt was developed through iterative testing 
using a separate computer and internet connection 
different from the one used for data collection procedure 
to avoid any possible machine learning influence on the 
main study results.

Scoring Method
Each STROBE checklist item was scored as fully reported 
(2 points), partially reported (1 point), or not reported 
(0 points). An Overall Completeness Score (OCS) was 
generated for each review, calculated as the percentage 
of total possible points achieved.

Ethical Approval
Ethical approval for the study was obtained from the 
Research Ethics Committee, Manipal University College 
Malaysia (MUCM) (MUCM/Research Ethics Committee – 
001/2024). The names of the chatbots were anonymised 
after the methodology for confidentiality purposes.

Statistical Analysis
The analysis focused on the Overall Completeness 
Score (OCS), using descriptive statistics to summarize 
the data and provide an overview of the scores. 
Correlation coefficient was calculated to examine the 
relationship between the evaluations provided by the 
human reviewers and the chatbots. Additionally, one-
way and two-way repeated measures ANOVA tests 
were conducted to further analyze the performance of 
the reviewers and interactions between the reviewers 
and the Q status being evaluated. The one-way ANOVA 
allowed for comparing performance across different 
reviewers, while the two-way repeated measures 
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ANOVA examined the interaction between the 
reviewers' performance and the Q status. P-value below 
the level of 0.05 was considered significant, indicating 
that the findings are unlikely to have occurred due to 
random chance.

RESULTS

Descriptive Statistics of Overall Completeness Scores
Table I shows the descriptive statistics of Overall 
Completeness Scores (OCS) for STROBE Checklist 
Evaluation. The scores reflect the completeness of 
reporting in the assessed studies, with higher scores 
indicating more complete reporting based on the 
STROBE criteria.

AI2 demonstrated the highest mean score of 75.99 (SD 
= 6.52), significantly higher than both human reviewers 
and AI1. AI1 and the human reviewers showed similar 
performance levels, with mean scores clustered around 
the mid-40s to high-40s. Specifically, AI1 achieved a 
mean score of 46.66 (SD = 8.03), slightly higher than 
Human Reviewer 1 (H1) with a mean of 46.28 (SD = 
15.74), but lower than Human Reviewer 2 (H2) with a 
mean of 48.65 (SD = 8.63).

H1 showed the highest variability in scoring, with a 
standard deviation of 15.74, suggesting less consistency 
in their evaluations compared to the other reviewers. 
H2 and both AI systems demonstrated more consistent 
scoring patterns, as evidenced by their lower standard 
deviations.

Correlation Analysis
Table II shows results of Pearson Correlation Coefficients 
for Evaluations by Human Reviewers (H1 and H2) and 
AI Chatbots (AI1 and AI2). There is a strong positive 
correlation between H1 and H2 (r = 0.614, p < 
0.001), indicating substantial agreement between the 
human reviewers. Similarly, AI1 shows strong positive 
correlations with both H1 (r = 0.634, p < 0.001) and H2 (r 
= 0.568, p < 0.001), suggesting that its evaluations align 
closely with those of human reviewers. Interestingly, 
AI2's correlations with other reviewers are weaker, with 
only a weak positive correlation with H1 (r = 0.273, p = 
0.035) reaching statistical significance. The correlations 
between AI2 and H2 (r = 0.151, p = 0.250) and AI1 (r = 
0.117, p = 0.372) are not statistically significant.

Table I: Descriptive Statistics of Overall Completeness Scores (OCS) 
for STROBE Checklist Evaluation by Human Reviewers and AI Chat-
bots

N Mean Std. Deviation

H1 60 46.28 15.74

H2 60 48.65 8.63

AI1 60 46.66 8.03

AI2 60 75.99 6.52
H1 = Human Reviewer 1; H2 = Human Reviewer 2; AI1 = Anthropic Claude Sonnet 3.5; 
AI2 = OpenAI ChatGPT 4o; N = sample size; Std. Deviation = standard deviation. All 
reviewers evaluated 60 observational studies using the STROBE checklist.

Table II: Pearson Correlation Coefficients Between Overall Com-
pleteness Scores (OCS) by Human Reviewers and AI Chatbots

H1 H2 AI1 AI2

H1

Pearson Correlation 1 0.614** 0.634** 0.273*

Sig. (2-tailed) 0.000 0.000 0.035

N 60 60 60 60

H2

Pearson Correlation 0.614** 1 0.568** 0.151

Sig. (2-tailed) 0.000 0.000 0.250

N 60 60 60 60

AI1

Pearson Correlation 0.634** 0.568** 1 0.117

Sig. (2-tailed) 0.000 0.000 0.372

N 60 60 60 60

AI2
Pearson Correlation 0.273* 0.151 0.117 1

Sig. (2-tailed) 0.035 0.250 0.372

N 60 60 60 60
*H1 = Human Reviewer 1; H2 = Human Reviewer 2; AI1 = Anthropic Claude Sonnet 3.5; 
AI2 = OpenAI ChatGPT 4o; N = 60 observational studies

**. Correlation is significant at the 0.01 level (2-tailed). Correlation is significant at the 0.05 
level (2-tailed).

Table III:  Within-Subjects Contrast Tests for Overall Completeness Scores (OCS) Across Four Reviewers

Source Reviewer Type III Sum of Squares df Mean Square F Sig. Partial Eta Squared

Reviewer

Linear 22789.464 1 22789.464 209.615 .000 .780

Quadratic-Inverted V shape 10896.828 1 10896.828 209.650 .000 .780

Cubic-Z shape 3821.650 1 3821.650 99.114 .000 .627

Error (Reviewer)
Linear 6414.510 59 108.721

Quadratic-Inverted V shape 3066.598 59 51.976

Cubic-Z shape 2274.924 59 38.558
Analysis of linear, quadratic, and cubic trends in OCS patterns across H1 (Human Reviewer 1), H2 (Human Reviewer 2), AI 1(AI reviewer 1)and AI2 (AI reviewer 2). df = degrees of freedom; F 
= F-statistic; Sig. = significance level; Partial Eta Squared (η²) = effect size measure. All contrasts significant at p < .001, indicating substantial differences in scoring patterns among reviewers.

Within-Subjects Contrast Analysis
Table III presents the results of within-subjects contrast 
tests analysing the patterns of Overall Completeness 
Scores (OCS) across four reviewers (H1, H2, AI1 and 
AI2). The results are depicted in the profile plot (Figure 
1) which shows significant linear, quadratic, and cubic
trends in the data, indicating complex differences in
scoring patterns among the reviewers. The high F-values
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Figure 2:   Interaction plot showing reviewer differences across Q 
status levels, illustrating how evaluation patterns vary significantly 
among reviewers (H1, H2, AI1,AI2) depending on Q status, with 
highly significant main and interaction effects.

and low p-values (<.001) for all contrasts suggest strong, 
statistically significant differences, with large effect sizes 
(partial η² > .6) indicating substantial variance explained 
by these trends.

H1, H2, and AI1 have relatively similar mean OCS 
scores, clustered around the mid-range of the scale. 
There is a slight increase from H1 to H2, followed by 
a small decrease to AI1. AI2 shows a dramatic increase 
in mean OCS, standing out significantly from the other 
reviewers. The combination of trends (linear, quadratic, 
and cubic) captures the complex pattern of differences 
among the reviewers. The large effect sizes (partial η² 
values) for all three trends indicate that these patterns 
explain a substantial portion of the variance in the data.

Reviewer and Journal Quality Interaction
Table IV shows Results of Tests of Within-Subjects Effects 
for Reviewer and Q Status Interaction. The result shows 
highly significant effects (p < .001) for both the reviewer 
factor and its interaction with Q status, with large 
effect sizes (partial η² = 0.846 for Reviewer and 0.419 
for the interaction). These results indicate substantial 
differences among reviewers and that these differences 
vary significantly across Q status levels. The results are 
depicted in Figure 2.

The graph reveals diverse performance patterns across 
Q status levels for different reviewers. AI2 consistently 
achieves high scores irrespective of Q status. In contrast, 
other reviewers exhibit a downward trend in scores from 
Q1 to Q4, with H1 demonstrating the most significant 

Table  IV: Tests of Within-Subjects Effects for Reviewer Performance and Reviewer × Journal Quality (Q Status) Interaction

Source Type III Sum of Squares df Mean Square F Sig. Partial Eta Squared

Reviewer Sphericity Assumed 37507.94 3 12502.64 307.57 0.000 0.846

Reviewer * Q status Sphericity Assumed 4926.94 9 547.43 13.46 0.000 0.419

Error (Reviewer) Sphericity Assumed 6829.08 168 40.64
Analysis examining differences among four reviewers (H1, H2, AI1, AI2) and how these differences vary across journal quality tiers (Q1-Q4). df = degrees of freedom; F = F-statistic; Sig. = 
significance level; Partial Eta Squared (η²) = effect size measure. Large effect sizes indicate substantial reviewer differences and significant interaction effects across journal quality levels. N = 60 
observational studies per reviewer.

Figure 1: Profile plot of Overall Completeness Scores (OCS) across 
four reviewers (H1, H2, AI1, AI2), illustrating linear, quadratic, 
and cubic trends in scoring patterns and demonstrating significant 
differences among reviewers.

decline. Notably, H2 and AI1 display strikingly similar 
scoring patterns. Both show a gradual decline in mean 
OCS as journal quality decreases, but this decline is less 
severe compared to H1.

DISCUSSION

The study compared the performance of two human 
reviewers (H1 and H2) and two AI systems (AI1 and 
AI2) in evaluating 60 observational studies using the 
STROBE checklist. The results show notable differences 
in the mean Overall Completeness Scores (OCS) across 
the four reviewers (Table I). The results reveal intriguing 
patterns that both corroborate and diverge from existing 
literature on AI applications in academic publishing and 
medical decision-making.

Performance Comparison
The results showed the AI2 chatbot consistently higher 
Overall Completeness Scores (OCS) compared to 
human reviewers and AI1, regardless of the tier of the 
journal. This aligns with recent research demonstrating 
that large language models (LLMs) can produce high-
quality and safe medical responses (3,10). However, our 
study extends these findings by directly comparing AI 
performance to human reviewers in the specific context 
of manuscript evaluation.

Notably, the evaluation results from AI1 showed a 
stronger alignment with human reviewers, especially 
H2. This closer match in scoring trends implies that 
certain AI models might be able to emulate human-style 
reasoning when assessing manuscripts. This observation 
brings a new perspective to the current discussions about 
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AI chatbot’s potential in academic evaluation processes. 
Recent studies note that while AI could assist in tasks like 
information retrieval, caution should be exercised against 
over-reliance, as this could lead to oversimplification of 
complex concepts and a lack of critical thinking (7,11). 
Concerns are also raised about the trustworthiness of 
AI-generated information in healthcare. The authors 
emphasize the need for a balanced approach, where AI 
is viewed as a complementary tool, not a replacement 
for human expertise.

Recent studies have explored the current applications 
and future potential of ChatGPT in medical specialties, 
highlighting its capability to generate high-quality 
content across various tasks (6,12). This aligns with 
our findings on AI2's high performance, suggesting that 
the capabilities of AI in specialized medical fields may 
extend to the broader context of manuscript evaluation.

Impact of Human Reviewer Expertise
The inclusion of detailed information about human 
reviewer backgrounds provides important context for 
interpreting the results. H1's clinical-research background 
with 20 years of experience and H2's biostatistical 
expertise with 15 years of experience represent different 
perspectives in manuscript evaluation. The higher 
variability in H1's scoring (SD = 15.74) compared to 
H2's more consistent pattern (SD = 8.63) may reflect 
differences in evaluation approaches between clinical 
and statistical perspectives. This variability underscores 
the inherent subjectivity in human review processes and 
supports the potential value of AI systems in providing 
more consistent evaluations.

Consistency Across Journal Tiers
Our analysis revealed that AI2 maintained consistently 
high OCS across all journal quality tiers (Q1-Q4), while 
human reviewers and AI1 exhibited declining scores for 
lower-tier journals. This consistency in AI performance 
across journal qualities is a novel finding not previously 
reported in the literature we reviewed. It raises important 
questions about the potential for AI to standardize the 
review process across different journal tiers, potentially 
addressing concerns about review quality in lower-
ranked journals.

The divergence in scoring patterns for lower-tier journals 
(Q3 and Q4) across all reviewers highlights the increased 
variability in assessing articles in less prestigious 
publications (Figure 2). This divergence might reflect the 
greater challenges in evaluating research that may not 
have benefited from the rigorous selection processes of 
top-tier journals.

Methodological Considerations and Standardization
The deliberate decision not to standardize the review 
process between human and AI evaluators warrants 
discussion. While this approach aimed to maintain 
the natural evaluation methods of each reviewer type, 

it introduces potential validity concerns when making 
direct comparisons. Human reviewers brought their 
professional experience and intuitive judgment to the 
evaluation, while AI systems followed programmed 
instructions based on the provided prompts. This 
fundamental difference in evaluation approach may 
explain some of the observed variations in scoring 
patterns.

The lack of process standardization reflects real-
world conditions where human reviewers rely on 
experience and judgment, while AI systems operate 
according to specific instructions. However, this 
methodological choice limits the ability to attribute 
performance differences solely to reviewer type versus 
evaluation methodology. Future studies could benefit 
from exploring both standardized and naturalistic 
evaluation conditions to better understand the sources 
of performance variations.

Implications for Peer Review
The high performance of AI chatbots in manuscript 
evaluation suggests a potential for these tools to augment 
or even partially automate certain aspects of the peer 
review process. This aligns with ongoing discussions in 
the field about the potential of AI to address challenges 
in academic publishing, such as the increasing volume 
of submissions and the time constraints faced by human 
reviewers (4).

The contrast between AI2's consistently high scores 
and the more varied assessments from human reviewers 
and AI1 highlights the importance of careful and 
measured deployment of AI in evaluation processes. 
This discrepancy emphasizes that not all AI systems may 
be equally suited for complex academic review tasks, 
underscoring the need for thorough validation and 
thoughtful implementation strategies.

Ethical Considerations
The robust performance of AI in our study underscores 
the need for careful consideration of ethical implications, 
as highlighted in recent guidance on AI ethics and 
governance for large multi-modal models (8,13,14). As 
our study demonstrates AI's potential in academic review 
processes, it is crucial to establish clear guidelines for 
its use to ensure transparency, accountability, and the 
maintenance of academic integrity.

Recent studies have examined the ethical implications of 
AI in healthcare, emphasizing the need for responsible 
AI development and deployment (15,16). Their findings 
highlight the importance of maintaining human 
oversight and ensuring that AI systems complement 
rather than replace human expertise, which aligns with 
our observations in the manuscript review process.

Limitations and Future Directions
Several limitations should be acknowledged in this study. 
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that different AI systems may serve different roles in the 
peer review process.

As we move forward, it will be crucial to develop 
frameworks that effectively integrate AI capabilities with 
human insight in the peer review process, ensuring the 
continued quality and integrity of academic publishing 
in the medical field. The observed differences in AI 
performance patterns underscore the need for careful 
validation and selection of AI tools for specific aspects 
of manuscript evaluation.
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