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ABSTRACT

This work analyses the performance of AI-generated peer reviews compared to human expert reviews
across 62 manuscripts in the Real-Time Intelligent Systems track of the Springer Lecture Notes in Networks
and Systems. Using four large language models ChatGPT 3.5, Perplexity AI, Qwen-3 Max, and DeepSeek the
study evaluated 141 reviews using both AI and human reviews against 12 quality criteria, scored by five
domain experts. Results show human reviews scored higher overall (mean = 3.98 vs. 3.15 for AI) with gre-
ater consistency and depth, particularly in methodological critique, literature contextualisation, and review
confidence. Al reviews were more generic and less specific, struggled with scholarly subtlety, though they
excelled at summarisation and formatting checks. While the difference approached statistical significance (p
= 0.08), the effect size (Cohen’s d = 0.56) indicated a moderate practical gap. The study concludes AI cannot
replace human reviewers but may ethically augment the process in hybrid models under human oversight.
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1. Introduction

The number of manuscripts submitted to journals has been increasing rapidly over the years. One quantitative
analysis suggested that the volume of scientific manuscript submissions to journals doubles approximately
every 15 years [1]. While we have data on the number of papers published, we do not have accurate figures for
the number of submissions. If we add other publication formats, such as conferences, it becomes more cha-
llenging to obtain the data.

The peer review process has been used in the scientific publication system to handle the scientific manuscripts
for three centuries. The peer review process involves cognitive alignment between the reviewers and the tar-
get papers. It enables the elimination of mediocre research and improves the quality and level of submissions
by supporting review comments. While reviewers’ assessments are interpretive, journals impose norms and
editorial oversight to ensure consistency in evaluations. In the last decade, many open peer review models
have emerged to infuse confidence and transparency in the review process, helping convince authors that the
evaluation process is free of bias.

In the age of Al-generated content and the rise of preprints (such as arXiv and bioRxiv), the significance of
peer review as a reliable validation process has become even more critical, particularly as automated models,
though not yet fully mature, begin to replicate the subtle judgment of human experts. This highlights the imp-
ortance of assessing aspects such as review confidence, specificity, and contextualization in the literature:
these represent fundamental characteristics of genuine scholarly evaluation that current AI technologies
struggle to replicate.

Many reviewers have been ignoring the review process because it is time consuming and offers no rewards.
The absence of a comprehensive or complete review of submissions further characterises many reviews. The
surge in submissions and the shortage of reviewers, coupled with time constraints, led to the resort to Al-
based reviews, and the practice of using Al-dependent models is labelled as ‘cheating’ [2], or an unethical
scientific practice. Nearly one third of the authors prefer to send their submissions based on the journal’s
publication speed [3]. Hence, timely review is the essence of the publication process.

2. Review Tools

The efficiency gains from automation can be substantial, as the process of reviewing alone takes up a
considerable amount of expert time. It was estimated that ‘more than 15 million hours’ are dedicated to revi-
ewing rejected submissions annually [4]. For instance, 1.2 million manuscripts are submitted to 2300 Elsevier
journals each year, with only 30% (around 350,000) making it to publication [5]. In light of the rising volume
of submissions and the increasing burden of peer review, a report by BioMed Central and Digital Science titled
‘What might peer review look like in 2030?’ suggested utilizing technology to support and enhance the peer re-
view process, including finding automated methods to detect inconsistencies that may be challenging for
reviewers to identify [6].
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Journal reviewers either frequently or infrequently employ Al tools to support the peer review process;
however, journal editors do not recognise Al for manuscript assessment and explicitly oppose its use. The
International Committee of Medical Journal Editors (ICMJE) restricts the application of Al in peer review. It
requires reviewers to obtain prior journal approval before using such tools in their evaluations (ICMJE) [7].
Despite this caution, existing literature and real world examples show that AI can effectively identify suitable
reviewers and offer compelling evidence of its potential to assist with initial quality control of submitted
manuscripts [8]. The benefits and limitations of using Al assistants to support scientific review are investigated
in detail in many studies [9].

Besides the generic LLModels, a few specific review tools, such as UNSILO, Enago, Stat Check, Stat Reviewer,
and Review Adviser [10, 11 12, 13, 14], are employed to assist the review process. Review Advisor is a toolkit
for natural language processing designed to assist in selecting high-quality manuscripts for journals and to
provide feedback to help authors enhance their submissions. While its effectiveness on the authors’ massive
dataset was limited, it provides a foundation. It may aid reviewers by proposing comments on aspects of the
papers they might have missed. Another research project developed an Al tool using a neural network trained
on features from manuscripts, including word frequencies, readability assessments, and formatting metrics,
revealing that automated systems developed biased tendencies, such as against grammatical and formatting
mistakes, which contributed to their accuracy [15] Likewise, the pReview software package was created to
automatically generate summaries, detect contributions, analyse writing quality, and identify potentially
related academic works to assist reviewers [16]. It is also evident that Natural Language Processing models
could simplify and enhance the peer-review process by generating reviews for scientific papers. However, the
quality of those reviews was not sufficient to replace human experts [17]. The possibility of human—AI
collaboration in the decision making process for reviews has been mooted by the model PEERRec by Bharti et
al. [18]

2.1 Human-AI Hybrid models

Modern AI has demonstrated accuracy surpassing that of domain experts across a growing number of fields.
Recent studies have paved the way for future research into human AI collaboration within Hybrid Intelligence
systems. These analyses underscore the transformative impact of Al technology and the emerging challenges
HCI professionals encounter when implementing a human centred AI (HCAI) approach in Al system
development [19-25].

3. Background

3.1 How Reviewers Use Al Tools?
We categorise Al-assisted peer reviewing into three distinct modalities, reflecting varying degrees of human
involvement and reliance on artificial intelligence:

1. Fully Al-generated reviews: Reviewers submit reviews produced entirely by an AI tool without any human
intervention. GPTZero LLM detector estimated that at least 15.8% of reviews were generated with Al assistance
[26].

2. Al-drafted, Human edited reviews: Reviewers use Al-generated text as a draft, then revise it to remove
irrelevant or superficial content, enhance clarity, and align the tone and substance with scholarly expectations.
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3. Human-led reviews with AI augmentation: Reviewers compose their evaluations independently but consult
Al-generated feedback to identify potential omissions, strengthen critique, or supplement specific sections
(e.g., methodological checks or literature context).

While the first modality may be detectable through stylistic analysis and is typical of large language models
(e.g., synthetic phrasing, hedging, or structural uniformity), the latter two are significantly more challenging
to identify. In these hybrid approaches, human judgment actively reshapes or selectively integrates Al output,
obscuring algorithmic fingerprints and blurring the boundary between human and machine contributions.
The word level ratio check enables the detection of Al, which is investigated in [27, 28]. Checco et al [14],
sought to understand the extent to which Al can assist reviewers and authors, rather than replace human
decision making processes.

4. Dataset and Methodology

4.1 Study Goal

This study aims to compare peer reviews generated by human experts with those produced by selected artificial
intelligence (AI) language models. The central research question is: To what extent do Al-generated reviews
approximate the quality, depth, and insight of human expert reviews? How do Al-assisted reviews mimic or
align with human reviews?

4.2 Dataset Composition

The dataset comprises 62 reviews of the original research manuscripts submitted to the Real-Time Intelligent
Systems track within the Lecture Notes in Networks and Systems (LNNS) series. These submissions represent
peer reviewed scholarly work spanning topics such as real time decision making, embedded intelligence, ada-
ptive control, edge Al, and time sensitive data processing. The selection ensures domain coherence and
topical relevance, which is critical for meaningful evaluation by both human and AI reviewers. The available
human reviews are extracted from the paper submission system. The study comprises 141 human reviews
from 62 papers as the first group.

4.3 Al Review Generation

Each of the 141 reviews was independently evaluated using four prominent large language models (LLMs):

e ChatGPT 3.5 (OpenAl)
e Perplexity Al
e Qwen-3 Max (Alibaba Cloud)

® DeepSeek

These models were prompted with standardised review instructions mirroring those typically provided to
human peer reviewers, including expectations to:

e Summarise the manuscript’s core contribution

e Evaluate methodological soundness
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o Assess experimental design and data analysis

e Identify limitations

e Provide specific, actionable suggestions for improvement

e Comment on literature coverage and presentation quality

® Deliver a clear recommendation (e.g., accept, minor/major revision, reject)

The prompt query is: “Critically evaluate the scientific merit of the attached file,” with the full text of the
article uploaded. All Al-generated reviews were produced under controlled prompting conditions to minimise
variability due to instruction ambiguity.

4.4 Human Review Baseline

The original human peer reviews authored by domain-specialised researchers during the actual peer review
process serve as the ground truth benchmark. These reviews underwent standard content screening and
reflect the expectations of research publishing. The human review reports served as the dataset one. The Al-
generated reviews of all the papers from dataset 2.

4.5 Evaluation Framework

To ensure a systematic and objective comparison, we designed a multidimensional evaluation model informed
by established peer review quality indicators in scholarly publishing. Five independent domain experts (Post-
Ph.D.-level researchers with > 5 years of experience in publishing and reviewing) were recruited as evaluators.

Each expert was presented with anonymised pairs of reviews (one human, one Al-generated) per manuscript
and asked to rate both on a 6-point Likert scale (0—5) for the following 12 criteria. The evaluation experts use
the Likert scale to assign a numerical score for their assessment, with 5 for an excellent review and o for a poor
review. Al-generated reviews using the four tools for sample papers from the dataset, and the two datasets are
available for comparison.

Criterion Description

Summarise Accuracy and conciseness in capturing the paper’s main contributions
Review Depth Level of critical engagement and analytical insight

Limitations Ability to identify substantive weaknesses or gaps

Suggestions Constructiveness and specificity of improvement recommendations
Review Confidence Perceived certainty and authority in the reviewer’s judgmen
Methodology Evaluation of the soundness and appropriateness of research methods
Data/Experimentation | Assessment of empirical rigour, statistical validity, and logical inference
/Inference
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Literature Review Coverage and contextualization within existing scholarship
Presentation Clarity, structure, and writing quality

Recommendation Justification and alignment of the final decision with the review content
Degree of Relevance Focus on core contributions versus peripheral issues

Specificity Use of concrete examples, equations, figures, or section references

The raters were blinded to the origin (human vs. AI) of each review to mitigate bias. Inter-rater reliability was
assessed using Fleiss’ Kappa to ensure consensus robustness.

4.6 Analytical Approach
Quantitative analysis includes:

e Mean score comparisons across criteria (paired t-tests or non-parametric equivalents)
o Effect size estimation (Cohen’s d) to assess practical significance
e Principal component analysis (PCA) to identify latent dimensions differentiating human and AI reviews

Qualitative analysis involves thematic coding of evaluators’ free text comments to capture delicate strengths
and shortcomings that are not fully reflected in numerical scores.

4.7 Ethical Considerations

All human-generated reviews were used with editorial permission and anonymised to protect reviewer and
author identities. Al outputs were treated as synthetic data; no proprietary model internals were reverse eng-
ineered. The study complies with ethical guidelines for research involving human subjects and computational
text generation.

For the 141 reviews, we have a database of human reviews, which are then reviewed by the generic LLMs. For
each review, we have both human and AI. These reviews are passed to the evaluators who observed the sub-
mitted analytics scores based on the Likert scale. Each variable is assessed, scores are generated for each
review, and the final mean values are reported in Table 1.

5. Analysis

The mean evaluation scores of both human and AI reviews for the target reviews are presented. Out of a maxi-
um score of 5, reviewers assign a score for each review, and the final mean values are presented.

Variable Human Al
Summarise 2.25 4.4
Review Depth 3.1 3.6
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Limitations 4.2 4.3
Suggestions 3.9 4.1
Review Confidence 4.2 0.8
Methodology, data 3.6 4.1

Experimentation/Inference 3.85 | 3.2

Literature 4.1 2.2
Presentation 4.5 2.8
Recommendation 4.9 3.2
Degree of Relevance 4.8 2.65
Specificity 4.35| 3.2

Table 1. Mean Scores of the dataset given by evaluators
The statistical significance of the variable scores is presented below. (Table 2)

Human Al
mean 3.979167 3.145833

Std deviation 0.736842 1.209707

Table 2. Statistical parameters of the review data
We produce the summary of the statistical analyses. In the Paired t-test, the t-statistic is 1.93, whereas the p-
value is 0.080. — The difference between Human and AI scores is not statistically significant at a =0.05, but
it approaches significance (p < 0.10).

The Effect Size is measured using (Cohen’s d for paired samples), and the Cohen’s d is found to be 0.56. This
represents a medium effect size, suggesting a moderate practical difference between Human and AI scoring
patterns.

5.1 Principal Component Analysis (PCA) to identify latent dimensions differentiating human
vs. Al reviews

We prepared a PCA biplot by coercing the Human and Al columns to numeric and dropping empty rows. Looks
clean and suitable for a 2D PCA (since there are only two features: Human and AI).

PCA biplot points are variables, red arrows are Human and AI loadings. (Figure 1)
e Principal Component 1 contrasts Human vs. Al (loadings are roughly opposite signs on PC1). That means PC1

captures the overall tendency for a review dimension to be scored higher by Humans vs. by Al i.e., the
human—AI gap axis.
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e Principal Component 2 loads positively on both Human and AI (both loadings are positive), so it’s a shared
“overall quality/intensity” axis where both move together.

¢ In the biplot, dimensions on the side of the Human arrow reflect areas where humans rate higher than AI;
dimensions on the side of the AI arrow reflect the reverse. Points far from the origin are the dimensions that
most differentiate human and AI ratings.

PCA biplot: Human vs Al review scores
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Figure 1. Principal Component Analysis biplot for human vs Al
5.2 Agreement (Bland-Altman) Plot
The plot shows the difference (Human—AI) versus the average score for each dimension. The mean bias is
approximately +0.48, indicating that Human scores tend to be slightly higher than AI scores on average. Most
points lie within the 95% limits of agreement (mean + 1.96 SD), suggesting reasonable agreement, though some
dimensions (e.g., Literature, Presentation, Degree of Relevance) show larger discrepancies.

Human scores average higher and are tighter (lower SD) than AI scores, and the confidence intervals don’t
overlap much, suggesting a notable difference in central tendency.

The differences between Al and human reviews are analysed, and the value of variations is presented in Figure
2,

To measure the Missing Inter-Rater Reliability, we computed Cohen’s Kappa by first converting the continuous
Human and AI scores into three ordinal categories (Low/Medium/High) using tertiles, which is essential for
establishing that the five expert evaluators were scoring consistently. Then we built the confusion matrix and
calculated the agreement, which is -0.199. This binary version yields a kappa of around 0.20, also suggesting
worse than chance alignment at this particular threshold.
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Figure 2. Variations between human and AI scores
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5.3 Difference chart: AI-Human by variable
Bars above zero mean Al rated higher; bars below zero mean AI rated lower than Human.
¢ Humans generally rate higher than Al across variables, with a relatively consistent positive bias.

o A few variables buck this trend (negative differences), pointing to specific areas where Human is stricter or

Al is more conservative.

o Agreement is moderate: dispersion around the mean difference suggests non-trivial variability but no apparent

systematic drift with score level.

This grouped bar chart compares Human and Al scores side by side for each variable. One can quickly see wh-
ere Al rates higher or lower than humans across items, and the magnitude of those gaps. Overall, Al tends to
rate higher than humans on most variables, though a few exceptions exist in which humans rate higher. This
pattern suggests Al is generally more lenient or more generous for several criteria, but not universally.

Each AI tool uses a predefined set of scales for assessment, and the four generic LLMs are now compared
across several parameters. The parameters they use are outlined in Table 4. The parameters used by the Al
tools for the review process are provided in this table.
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Perplexity| Yes [ Yes | Yes| Yes | Yes [ No | No| No | No | No | Yes| No [No | No

Yes | Yes | Yes | Yes| Yes [No | No

<
@
w»n
&
w»n

Qwen Yes | Yes | Yes [Yes | No

ChatGPT |Yes | Yes |Yes|Yes |No | Yes [No | Yes | No No | Yes| Yes [Yes|Yes

Deepseek |Yes | Yes |Yes|Yes [No [ Yes |No | Yes | No No | Yes| No |Yes | No

Table 4. Comparison Matrix of the parameters used in Al tools
Note: Yes’ denotes used and ‘No’ denotes not used by the AI tool

To understand and reach a conclusion about the use of parameters, we computed Pairwise phi correlations for
the used criteria. Figure 3 shows the Pairwise criteria comparison of the four AI tools.

e With only four models, many correlations are extreme or where a column has no variance. Treat these as
exploratory signals rather than definitive.

e Some criteria move together positively (e.g., clusters around literature/presentation/clarity/impact/
reproducibility/novelty), while others are negatively associated with future research in this tiny sample.

e The NaNs (Not a number) indicate columns with no variation across the four models (all Yes), so correlations
cannot be computed for those with standard Pearson.
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e Figure 4 is a compact “bar strip” grid: each row is a model, each column is a criterion, green = Yes and red =
No. It’s excellent for quick side by side comparison.

Pairwise phi (Pearson) correlations between criteria
Summary -
strength -
Limitations -
Methodology - - 0.50
Future Research -
Reproducability -
Literature Re -
Novelty -
Clarity - | 025

Impact

Recommendation - . --os50

Scale (L to H rating -

Presentation - 0075

Results - 0.33

-1.00

jology -

Novelty
Clarity

Summry -

Literature Re = &
o

Mel
Future Research - &
o

Recommendation -

4
2

Figure 3. Pairwise criteria comparison of the four Al tools

Note: Blank columns denote Not a number (NaNs)

Compact bar strips by model (green=Yes, red=No)

Deepseek

ChatGPT

Qwen

Perplexity

Figure 4. Consistent marking of the Al tools reviews

The strip view makes it easy to see blocks of agreement and disagreement:

e Consistent “green blocks”: Several criteria are uniformly green across most models, suggesting broadly
satisfied evaluation dimensions. These are the columns with contiguous vertical green bands.

e Divergence around a few criteria: Columns with mixed red/green indicate points of differentiation among
models these are where the models’ profiles actually separate.

e Sparse reds: Where one sees a red in an otherwise green column, that model is out of step on that specific
dimension, and it likely explains its relative positioning in other visuals (e.g., radar shapes).

e Potential clusters: Rows that look visually similar (similar red/green patterns) belong to models with identical
evaluation footprints; rows that differ in a few consistent columns identify “signature” strengths/weaknesses.

6. Summary and Discussions

The overall scores for the two models show that human reviews scored significantly higher than Al reviews:
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the mean human score is 3.98, whereas the mean Al score is 3.15. Non-overlapping 95% confidence intervals
indicate a statistically and practically significant difference. We further observed that the AI reviews showed
higher variability (standard deviation = 1.21 vs. 0.74 for humans), suggesting inconsistency. Al tended to be
more lenient/generous in most categories, though less critical in identifying limitations and offering specific,
actionable feedback.

We infer from the data that the Al reviews often lacked depth, contextual understanding, and scholarly subtlety.
While AI could summarise contributions and assess surface level clarity, it struggled with features such as
critiquing methodological rigour, identifying minor imperfections and providing confident, authoritative
judgments. Hybrid approaches (e.g., Al-drafted + human-edited) were noted as harder to detect but potentially
valuable if ethically implemented.

While assessing the four studied LLMs, we infer their characteristic features.
e Qwen performed most comprehensively, meeting all criteria except “Future Research.”

e Perplexity excelled in core areas (summary, strength, methodology) but failed in reproducibility, novelty,
and impact.

e ChatGPT and Deep Seek showed mixed results strong in clarity and recommendations but inconsistent on
reproducibility, novelty, and results assessment.

e AT tools themselves differ considerably in the review process when assessing scientific manuscripts.
~. Conclusion

Al cannot yet replace human reviewers, especially for high stakes scholarly evaluation. Al may augment the
review process (e.g., flagging formatting issues, suggesting literature), but human oversight remains essential.
Fully Al-generated reviews are ethically problematic and often constitute “unreliable” in the current scholarly
ecosystem. The peer review system is under strain due to rising submissions and a shortage of reviewers,
making responsible Al integration an urgent topic of discussion.

While AI tools show promise in supporting peer review through automation and augmentation, they fall short
of replicating the critical insight, cognitive and contextual depth, and scholarly judgment of human experts. A
similar inference was obtained in comparative studies, which suggested a hybrid approach. [29, 30] The study
advocates for human—AI collaboration under clear ethical guidelines rather than full automation.

Al can assist the review process on a few issues, such as detecting inconsistencies and correlating the content
with documented data.

At the same time, Al reviews are monolithic and follow a typical pattern regardless of the paper’s content or
discipline. Al-assisted reviews are more generic, fail to identify specific errors, and do not correlate with
earlier papers when generating reviews. The use of Al tools in the review process is inevitable in the future, but
should be used in conjunction with human intervention, as many recent studies have shown [31, 32]. The
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direction of a new type of analysis of typical human processes, organised with the help of machine learning
systems, paves the future path [14].
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