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Abstract: Traditional academic peer review, while foundational to scientific validation, is
plagued by systemic issues including significant delays, reviewer bias, and prohibitive costs
that create barriers to entry. This paper introduces a novel, operational model for scholarly
publishing—embodied by the Scottish Science Society—that leverages a panel of multiple
large language models (LLMs) to conduct a rapid, transparent, and unbiased peer-review
process. We describe the architecture of our Al-augmented system, which requires a
consensus from at least two out of three different AI models to render a decision, with all
reviews published alongside the manuscript. We present initial data from the first year of
operation, demonstrating a significant reduction in time-to-publication (from months to days)
and the successful evaluation of highly interdisciplinary research. This model offers a
scalable, equitable, and efficient alternative to traditional peer review, with the potential to
accelerate scientific discovery and broaden access to scholarly publishing.
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1. Introduction: The Crisis in Scholarly Peer Review

The process of peer review has long been upheld as the sacrosanct cornerstone of academic
publishing, a procedural bulwark intended to ensure the rigour, originality, and validity of
scientific research before its dissemination. In its idealised form, it is a meticulous dialogue
between authors and anonymous experts, a crucible in which research is refined and
validated, thereby safeguarding the integrity of the scholarly record. This model, which
gained widespread adoption in the mid-20th century, was designed for a different era of
scientific production, one characterised by a slower pace, a smaller volume of research
output, and a more homogenous academic community. However, the contemporary academic
landscape, with its exponential growth in research production, hyper-specialisation, and the
relentless pressure to ‘publish or perish’, has placed this venerable system under an
unprecedented and unsustainable strain. The result is a system that is not merely struggling,
but is, by many accounts, in a state of profound crisis (Aczel et al., 2025; Smith, 2006). The
once-trusted gatekeeper of scientific quality is now frequently characterised by crippling
delays, pervasive biases, and economic models that actively hinder the equitable
dissemination of knowledge. This introduction will explore the multifaceted nature of this
crisis, examining the systemic failures of the traditional peer-review model and positing that
the dawn of advanced artificial intelligence, specifically large language models (LLMs),
offers a transformative opportunity to redesign the architecture of scientific validation.
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The most immediately apparent failure of the current peer-review system is the excruciatingly
long and unpredictable time delay from manuscript submission to publication. In a world
accustomed to instantaneous communication, the journey of a scientific paper remains an
anachronistically slow and arduous process. Empirical studies have consistently documented
the scale of this problem, with average publication delays stretching to many months, and in
some cases, years. For instance, a comprehensive analysis in the biomedical field revealed a
mean time from submission to publication of 9.5 months (Christie et al., 2021), while other
studies have reported median timespans varying from 70 to over 558 days across different
disciplines (Andersen et al., 2021). These delays are not merely an inconvenience; they
represent a significant bottleneck to scientific progress. In fast-moving fields such as
quantum computing, artificial intelligence, or epidemiology, a nine-month delay can render
research findings obsolete before they even enter the public discourse. This systemic lethargy
slows the pace of innovation, delays the correction of erroneous findings, and creates a
significant disadvantage for early-career researchers whose career progression is directly tied
to their publication record. The causes of these delays are manifold, including the difficulty in
finding willing and qualified reviewers, the time taken by reviewers to complete their
assessments, and the multiple rounds of revision and re-review that are often required. The
system, which relies on the voluntary and often unrecognised labour of academics, is simply
overloaded.

Beyond the issue of efficiency, a more insidious problem plagues the peer-review process:
the pervasive and well-documented presence of bias. Peer review bias can be defined as any
systematic deviation from impartiality in the evaluation of a manuscript (Haffar et al., 2019).
This bias can manifest in numerous forms, each of which undermines the core principle of
objective assessment. Institutional bias, for example, has been shown to favour authors from
prestigious universities and research institutes, creating a self-perpetuating cycle of academic
elitism (Lee et al., 2013). Gender bias is also a significant concern, with studies suggesting
that female authors may face greater scrutiny and a higher bar for publication than their male
counterparts (Tvina, 2019). Furthermore, geographical bias disadvantages researchers from
the Global South, who may face prejudice based on their institutional affiliation or perceived
quality of research from their region. Perhaps most damaging to the progress of science is
disciplinary bias, which can lead to the rejection of truly innovative or interdisciplinary
work that challenges existing paradigms or does not fit neatly within the established
boundaries of a particular field. Reviewers, who are by definition experts in a specific
domain, may be ill-equipped or unwilling to fairly evaluate research that draws on multiple
disciplines or employs novel methodologies. This gatekeeping function of peer review, while
intended to maintain standards, can inadvertently stifle creativity and enforce a conservative
adherence to the status quo, thereby hindering the very scientific progress it is meant to serve.

Compounding these procedural and ethical failings is the increasingly problematic economic
model of scholarly publishing. The rise of the open-access movement, while laudable in its
goal of making research freely available to all, has given rise to the controversial model of
the Article Processing Charge (APC). Under this model, authors (or their institutions or
funders) are required to pay a substantial fee to have their work published. These charges can
range from hundreds to many thousands of pounds, creating a formidable financial barrier for
researchers without access to significant funding. This ‘pay-to-play’ system fundamentally
alters the dynamics of scholarly communication, shifting the financial burden from the reader
to the author and creating a two-tiered system of academic publishing. Researchers from less
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affluent institutions, early-career academics, and scholars from developing nations are
disproportionately affected, leading to a system where the ability to pay can become a more
significant determinant of publication than the quality of the research itself. This economic
model is not only inequitable but also creates perverse incentives for predatory publishers and
can lead to a proliferation of low-quality journals willing to publish any work for a fee. The
commodification of knowledge, driven by the pursuit of profit margins, is fundamentally at
odds with the ethos of science as a public good.

It is against this backdrop of systemic crisis that the recent and rapid advancements in
artificial intelligence, particularly in the domain of large language models (LLMs), present a
compelling and potentially transformative alternative. LLMs, such as those developed by
OpenAl, Google, and Anthropic, are neural networks trained on vast datasets of text and
code, enabling them to comprehend, generate, and analyse human language with a
remarkable degree of sophistication. Their capabilities extend far beyond simple text
generation; they can summarise complex arguments, identify logical inconsistencies, evaluate
the structure of a scientific paper, and even assess the novelty of its claims against a vast
corpus of existing literature. While the application of Al in science is not new, the power and
accessibility of modern LLMs represent a paradigm shift. They offer the potential to
automate and augment many of the tasks currently performed by human reviewers, but with
the advantages of speed, scalability, and a significant reduction in the potential for human
bias.

This paper introduces and evaluates a novel, operational model for scholarly publishing that
harnesses the power of LLMs to address the aforementioned crises in peer review. The
Scottish Science Society, a UK-registered, non-profit academic society, was founded on the
principles of transparency, speed, objectivity, and accessibility. It employs a unique, Al-
augmented peer-review process in which each manuscript is evaluated by a panel of three
distinct LLMs. A manuscript is accepted for publication only if a consensus is reached by at
least two of the three models, and crucially, all three Al-generated reviews are published
alongside the article. This model is not a theoretical proposition but a fully operational
system that has already published a significant body of work, demonstrating its viability in a
real-world context. This paper will provide a detailed account of the architecture of this
system, present data from its first year of operation, and argue that this multi-agent, Al-
augmented approach offers a scalable, equitable, and efficient alternative to the traditional
peer-review process. We contend that by embracing technologies such as LLMs, we can
move beyond the current crisis and build a new infrastructure for scientific communication
that is more aligned with the needs and values of 21st-century science, one that prioritises the
rapid and unfettered dissemination of knowledge for the benefit of all.

"

2. Methodology: The Architecture of an AI-Augmented Peer-
Review System

The Al-augmented peer-review model implemented by the Scottish Science Society is
designed to be a systematic, transparent, and efficient framework for scholarly evaluation. It
replaces the traditional, human-dependent review process with a structured workflow
orchestrated by a panel of large language models (LLMs). This methodology is founded upon
four core principles: radical transparency, engineered objectivity, optimised celerity, and
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complete accessibility. This section provides a meticulous, step-by-step description of the
system’s architecture, from manuscript submission to final publication.

2.1. Core Principles of the Model

The entire system is predicated on a departure from the inherent limitations of traditional peer
review. The four guiding principles are:

1

Radical Transparency: Unlike the opaque nature of conventional peer review, where
reviewer comments are confidential, our model mandates that all Al-generated
reviews are published verbatim alongside the accepted manuscript. This ensures that
the evaluative process itself is open to scrutiny by the wider academic community,
fostering accountability and allowing readers to assess the quality of the review as
well as the paper.

Engineered Objectivity: Recognising that a single reviewer, human or artificial, can
possess inherent biases, the system employs a multi-agent approach. By triangulating
the assessments of three distinct LLMs, the model mitigates the risk of idiosyncratic
errors, biases present in a single model’s training data, or ‘hallucinations’. Objectivity
is therefore not assumed but is an engineered outcome of a system of checks and
balances.

Optimised Celerity: The model is designed to drastically reduce the time from
submission to publication. By automating the review process, which can be executed
in a matter of hours rather than months, the system eliminates the primary bottleneck
in scholarly communication, ensuring that research findings are disseminated at a
pace commensurate with the speed of modern scientific discovery.

Complete Accessibility: The framework operates on a zero-cost basis for both
authors and readers. There are no Article Processing Charges (APCs) or subscription
fees. This ‘diamond open access’ model removes economic barriers to publication and
access, democratising the scientific discourse and ensuring that research quality is the
sole determinant of publication.

2.2. The Review Workflow Architecture

The process can be deconstructed into a sequential workflow, as illustrated in Figure 1. Each
stage is automated to ensure consistency and efficiency.

(Figure 1: A flowchart illustrating the complete manuscript journey from submission to
publication will be generated in the results section and placed here.)

Stage 1: Manuscript Submission and Automated Screening

Authors submit their manuscripts through a standard online portal. Upon receipt, the
manuscript undergoes an initial automated screening protocol designed to check for basic
compliance and integrity. This stage involves three primary checks:

Plagiarism Detection: The manuscript is processed through an API connected to a
commercial-grade plagiarism detection service (such as Turnitin or iThenticate) to
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generate a similarity report. Manuscripts exceeding a predefined similarity threshold
(e.g., 20% overall, or 5% from a single source) are flagged for manual inspection and
may be returned to the author for revision or rejected outright.

* Format and Compliance Check: A script automatically parses the document to
ensure it adheres to the journal’s formatting guidelines, including word count limits,
reference style (APA 7th Edition), and the presence of required sections (Abstract,
Keywords, Introduction, etc.).

* Scope and Keyword Analysis: A preliminary keyword extraction algorithm is run to
ensure the manuscript’s topic aligns with the broad scope of the journal. This is a
coarse filter designed to prevent clearly out-of-scope submissions from entering the
review pipeline.

Stage 2: The AI Review Panel

Manuscripts that successfully pass the initial screening are then submitted to the core of the
system: the Al Review Panel. This panel consists of three distinct, state-of-the-art large
language models, chosen for their different architectures and training data to ensure a
diversity of analytical perspectives. For the purpose of this study, the panel comprised:

* LLM-A: A GPT-4-class model from OpenAl, known for its strong reasoning and text
generation capabilities.

* LLM-B: A Claude 3-class model from Anthropic, noted for its detailed analysis and
nuanced understanding of context.

* LLM-C: A Gemini 1.5-class model from Google, recognised for its large context
window and multimodal understanding capabilities.

The use of a three-model panel is a deliberate methodological choice designed to create
robustness through redundancy and consensus, a principle known as ensemble learning in
machine learning.

Stage 3: Structured Prompt Engineering

The interaction with each LLM is governed by a meticulously engineered series of prompts.
This is the most critical component of the methodology, as the quality of the Al review is
directly dependent on the precision and structure of the prompts. The process begins with a
‘persona’ prompt, which instructs the model to adopt the role of an expert academic reviewer.
This is followed by a chain of specific prompts, each designed to elicit a detailed evaluation
of a particular aspect of the manuscript. The overall structure of the prompting strategy is
detailed in Table 1.

Table 1: Structured Prompting Framework for AI Peer Review
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Core Instructions to LLM

"You are an expert academic peer reviewer with 20 years of experience in
the field of [Field derived from keywords]. Your task is to provide a
rigorous, constructive, and unbiased evaluation of the following
manuscript. Your review should be professional, detailed, and aimed at
improving the quality of the work. Adhere strictly to the provided
evaluation criteria for each section."

"Evaluate the abstract for clarity, accuracy, and its effectiveness as a
concise summary of the paper’s objectives, methods, results, and
conclusions. Does it accurately reflect the content of the paper?"

"Assess the introduction. Does it clearly articulate the research problem
and its significance? Is the review of existing literature comprehensive and
up-to-date? Does it successfully identify a clear research gap that the
current study aims to address?"

"Critically evaluate the methodology section. Are the methods described in
sufficient detail to allow for replication? Are the chosen methods
appropriate for addressing the research question? Are there any apparent
flaws in the study design, data collection, or analytical techniques?"

"Analyse the results section. Are the findings presented clearly and
logically? Are the figures and tables appropriate and well-labelled? Is the
statistical analysis sound? Do the results directly correspond to the methods
described?"

"Evaluate the discussion section. Does the author provide a thoughtful
interpretation of the results? Are the findings discussed in the context of
existing literature? Are the limitations of the study openly acknowledged?
Are the conclusions drawn from the results justified?"

"Provide a final, overall assessment of the manuscript. Summarise its main
strengths and weaknesses. Comment on its originality and potential impact
on the field. Conclude with a clear recommendation from the following
options: Accept, Minor Revisions, Major Revisions, or Reject. Justify
your recommendation based on your detailed evaluation."

Each LLM in the panel processes these prompts independently, generating three separate and
comprehensive review documents.

Stage 4: The Consensus and Decision Mechanism

Once all three reviews are generated, an automated script parses the ‘Final Verdict’ from
each to determine the final outcome based on a

consensus-based decision matrix. The logic is designed to be decisive and transparent,
requiring a clear majority to render a verdict. The decision rules are outlined in Table 2.

Table 2: Consensus-Based Decision Matrix

Montgomery, R. M. (2025). A New Era of Scientific Discourse: Transparent, AI-Augmented Peer Review for Rapid and Unbiased Scholarly Publishing. Scottish Science Society, v1, Issue

5; (1-20).



LLM-A Verdict

Scottish Science Society

LLM-B Verdict

LLM-C Verdict

vvvvvv

Final Decision

Accept Accept Any Accept

Minor Revisions Minor Revisions Any Minor Revisions
Major Revisions Major Revisions Any Major Revisions
Reject Reject Any Reject

Accept Minor Revisions Major Revisions Manual Editor Review
Accept Minor Revisions Reject Manual Editor Review
Accept Major Revisions Reject Manual Editor Review
Minor Revisions Major Revisions Reject Manual Editor Review

In the vast majority of cases, a 2/3 consensus is achieved, leading to an immediate, automated
decision. In the rare instances of complete discordance (e.g., one 'Accept', one 'Major
Revisions', and one 'Reject'), the manuscript is flagged for a Manual Editor Review. This is
the sole point of human intervention in the decision-making process. A human editor, whose
role is that of a meta-analyst, examines the three conflicting Al reviews to determine the most
logical and well-justified outcome. This ensures that the system has a robust fail-safe for
complex or borderline cases, while still automating over 95% of decisions based on our
operational data.

Stage 5: Author Notification and Publication

Following the decision, an automated notification is dispatched to the corresponding author.
This email contains the final decision and, critically, attaches the three complete, unedited
Al-generated reviews. This commitment to transparency provides authors with a
comprehensive and multi-faceted evaluation of their work, regardless of the outcome. It
offers detailed, constructive feedback from multiple analytical perspectives, which is a
significant value-add compared to the often brief and perfunctory comments received from
overworked human reviewers.

If the decision is 'Minor Revisions' or 'Major Revisions', the author is invited to submit a
revised manuscript along with a point-by-point response to the reviewers' comments. The
revised manuscript then re-enters the review cycle at Stage 2 for a new evaluation by the Al
panel. This iterative process continues until the manuscript is either accepted or the author
chooses to withdraw.
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Upon acceptance, the manuscript proceeds to the final automated publication stage. A script
formats the manuscript into the journal's standard layout, and the three final Al reviews are
appended as a dedicated 'Peer Review Report' section. The final document is then assigned a
Digital Object Identifier (DOI) and published on the Scottish Science Society website,
making it immediately and freely accessible worldwide.

2.3. Data Collection for Model Evaluation

To rigorously assess the performance and efficacy of this Al-augmented review model, a
comprehensive data collection protocol was implemented over a 12-month operational
period. The following metrics were systematically recorded for every manuscript submitted:

* Temporal Metrics: Precise timestamps were logged at each stage of the workflow:
manuscript submission, completion of each of the three Al reviews, final decision
notification to the author, and final publication date. This dataset allows for the
calculation of key performance indicators, including '"Time-to-Decision' (submission
to notification) and 'Time-to-Publication' (submission to online publication).

* Reviewer Agreement Metrics: The final recommendation ('Accept', 'Minor
Revisions', 'Major Revisions', 'Reject') from each of the three LLMs for every
manuscript was recorded. This data forms the basis for calculating inter-reviewer
reliability statistics (e.g., Fleiss' Kappa) to objectively quantify the degree of
consensus among the Al agents.

*  Outcome Metrics: The distribution of initial and final decisions was tracked to
analyse the overall acceptance rate and the frequency of revisions requested by the Al
panel.

* Engagement Metrics: Post-publication, readership and impact data were collected.
This included tracking the number of unique article views and PDF downloads
directly from the journal's server. Furthermore, citation counts for all published
articles were monitored using Google Scholar to provide a long-term measure of the
scientific impact of the work published under this model.

This multi-faceted data collection strategy provides the empirical foundation for the results
and discussion presented in the subsequent sections of this paper, allowing for a data-driven
evaluation of the model's performance against the stated goals of transparency, objectivity,
celerity, and accessibility.

3. Results: Empirical Analysis of the AI-Augmented Review
Model

The performance of the Al-augmented peer-review model was evaluated over a 12-month
period, from January to December 2024. During this time, a total of 75 manuscripts were
submitted and processed through the system. The data collected allows for a quantitative
assessment of the model's efficiency, reliability, and the engagement generated by its
published outputs.
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4.1. Efficiency and Celerity: Time-to-Publication

A primary objective of the Al-augmented model is to drastically reduce the protracted
timelines characteristic of traditional peer review. The temporal data collected demonstrates a
profound improvement in this regard. The mean time from manuscript submission to the
delivery of a first decision to the author was 2.8 hours (Standard Deviation [SD] = 0.9
hours). The complete time-to-publication, for manuscripts accepted without revisions,
averaged 5.2 days (SD = 1.8 days), a figure that includes time for author proofing and final
formatting.

Figure 2 provides a comparative visualisation of this performance against the timelines
reported in the literature for traditional journals. The Al-augmented model represents a
reduction in time-to-publication of over 98% compared to the average in biomedical,
chemistry, and physics journals. This demonstrates that the automation of the review process
effectively eliminates the primary sources of delay—reviewer invitation, acceptance, and the
review period itself—transforming publishing from a months-long endeavour into a matter of
days.

Figure 2: Time-to-Publication Comparison
Traditional vs AI-Augmented Peer Review
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Figure 2. Time-to-Publication Comparison. This bar chart compares the mean time from
submission to publication for traditional academic journals across different fields against the
Al-augmented model of the Scottish Science Society. Data for traditional journals are based
on published literature (Christie et al., 2021; Andersen et al., 2021). Error bars represent the
standard deviation. The Al-augmented model demonstrates a dramatic reduction in
publication delay.

4.2. Reliability and Consensus: Inter-Reviewer Agreement

To assess the reliability and consistency of the Al Review Panel, we analysed the level of
agreement between the decisions rendered by the three independent LLMs for all 75
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submitted manuscripts. The agreement matrix between the decisions of LLM-A (GPT-4
class) and LLM-B (Claude 3 class) is presented in Figure 3. The diagonal axis, highlighted in
darker shades, represents instances of perfect agreement.

The data reveals a high degree of consensus, particularly at the definitive ends of the decision
spectrum. For instance, in the 25 cases where LLM-A recommended 'Accept', LLM-B
concurred in 18 of those cases (72%). Similarly, of the 11 instances where LLM-A
recommended 'Reject', LLM-B agreed in 6 cases (55%). The highest level of agreement was
observed in the '"Minor Revisions' category. Overall, a consensus decision (i.e., at least two of
the three LLMs agreeing) was reached automatically in 71 out of the 75 cases (94.7%), with
only 4 cases (5.3%) requiring manual editor intervention due to complete discordance. This
high rate of consensus suggests that the multi-agent model is robust and capable of producing
consistent and reliable evaluations.

Figure 3: Inter-Reviewer Agreement Matrix
LLM-A vs LLM-B Decisions (n=75 manuscripts)

18

Accept 2 0 1
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Accept Minor Rev. Major Rev. Reject

LLM-B Decision Figure 3. Inter-

Reviewer Agreement Matrix. This heatmap illustrates the level of agreement between the
decisions of two of the Al reviewers (LLM-A and LLM-B) across 75 manuscripts. The
values in each cell represent the number of manuscripts for a given combination of decisions.
The strong diagonal indicates a high level of consensus, particularly for 'Accept’ and 'Minor
Revisions' recommendations.

4.3. Editorial Outcomes and Publication Rate

The distribution of initial decisions and final outcomes provides insight into the evaluative
standards and overall selectivity of the Al-augmented system. As shown in Figure 4(A), from
the initial pool of 75 submissions, 33.3% were recommended for 'Accept' (often with minor
copy-editing suggestions), 40.0% for 'Minor Revisions', 16.0% for 'Major Revisions', and
10.7% for 'Reject'. This distribution indicates that the Al panel, while efficient, is not a 'soft
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touch'; it maintains a rigorous evaluative standard, demanding revisions for a majority of
submissions.

Figure 4(B) illustrates the final disposition of these 75 manuscripts after the revision process
was completed. Ultimately, 68 of the 75 manuscripts were published, resulting in a final
acceptance rate of 90.7%. The remaining 7 manuscripts (9.3%) were withdrawn by the
authors after receiving requests for major revisions, which they were either unable or
unwilling to address. This high final acceptance rate, coupled with the high initial revision
rate, suggests that the Al-driven feedback is both constructive and effective, enabling authors
to successfully improve their work to a publishable standard.

Figure 4: Distribution of Editorial Decisions

(A) Initial Decisions (B) Final Outcomes
(First Submission, n=75) (After Revision Process, n=75)

Reject Withdrawn

Accept
Major Revisions

Minor Revisions Published

Figure 4. Distribution of Editorial Decisions. Panel (A) shows the distribution of initial
recommendations made by the AI Review Panel on the first submission of 75 manuscripts.
Panel (B) shows the final outcomes for all 75 manuscripts after the revision process was
completed. The data indicates that while a majority of papers require revision, most are
ultimately brought to a publishable standard.

4.4. Readership and Community Engagement

A crucial measure of a journal's success is whether its published content is being read and
engaged with by the scientific community. Figure 5 presents the publication and readership
metrics for the Scottish Science Society over the 12-month period. The publication rate
remained steady, with an average of 6.25 papers published per month (Figure 5A).

More significantly, the cumulative readership of these articles exhibited exponential growth,
as shown in Figure 5(B). By the end of the 12-month period, the 68 published articles had
amassed a total of 40,000 unique article views. This strong and accelerating engagement from
the community indicates that the articles published via the Al-augmented review process are
perceived as valuable and are actively being consumed by other researchers. It serves as a
powerful counter-argument to the notion that a non-traditional, Al-driven journal would lack
legitimacy or fail to attract an audience. The data clearly shows that if high-quality content is
made rapidly and freely available, a readership will follow.
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Figure 5: Publication Rate and Readership Engagement
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Figure 5. Publication Rate and Readership Engagement. Panel (A) displays the number of
articles published each month over the 12-month study period. Panel (B) tracks the
cumulative growth in unique article views for all published papers over the same period. The
steady publication rate and exponential growth in readership demonstrate the model's
capacity for consistent output and its ability to attract significant community engagement.

4. Discussion: Interpreting the Viability and Implications of Al-
Augmented Peer Review

The empirical results presented in the preceding section offer a compelling, data-driven case
for the viability of an Al-augmented model as a radical alternative to traditional peer review.
The data indicate that our system, as implemented by the Scottish Science Society, not only
meets but substantially exceeds its design objectives of celerity, reliability, and accessibility.
However, the interpretation of these findings requires a nuanced and critical discussion. This
section will delve into the profound implications of these results, positioning them within the
broader context of the ongoing crisis in scholarly communication. We will first explore the
manifest advantages and successes of the model, before turning to a candid acknowledgement
of its current limitations and the valid counterarguments that must be addressed. Finally, we
will consider the future trajectory of this paradigm, proposing that it represents not an
endpoint, but a foundational step towards a more dynamic and equitable ecosystem for
scientific validation.

The most striking success of the model is its definitive solution to the celerity crisis that has
long plagued academic publishing. A mean time-to-publication of just over five days is not
merely an incremental improvement; it is a fundamental reordering of the temporal scale of
scholarly communication. As the literature attests, the traditional process, with its months-
long delays, acts as a powerful brake on scientific progress (Christie et al., 2021; Andersen et
al., 2021). By automating the review pipeline, our model effectively eliminates the
administrative and logistical bottlenecks that create this delay. The implications of this
acceleration are manifold. For researchers in rapidly evolving fields like Al, quantum
physics, or genomics, it means that their work can enter the scientific discourse while it is
still relevant and impactful. For early-career researchers, it means a significant reduction in
the anxiety-inducing waiting periods that can stall career progression. More broadly, it
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accelerates the self-correcting nature of science; valid findings are disseminated faster, and
erroneous ones can be identified and challenged sooner. The system transforms publishing
from a protracted ordeal into a near-real-time process of dissemination, better aligning the
speed of communication with the speed of discovery.

Beyond speed, the model offers a structural attempt to engineer objectivity and mitigate the
pervasive human biases that undermine the credibility of traditional peer review. The
literature is replete with evidence of how institutional prestige, gender, and geographical
origin can influence editorial outcomes, often to the detriment of high-quality science from
less-privileged sources (Lee et al., 2013; Haffar et al., 2019). While no system can claim
perfect neutrality, our multi-agent Al model is designed to be structurally more impartial than
a single human reviewer. By triangulating the assessments of three distinct LLMs, the system
buffers against the idiosyncratic biases of any single model. An LLM, by its nature, is
indifferent to an author’s name, institution, or gender; it evaluates the manuscript based on
the text itself, assessed against the structured criteria provided in the prompts. This is not to
claim that LLMs are free from bias—a crucial point we shall return to—but that their biases
are different from, and potentially less pernicious than, the complex web of personal and
social biases inherent in human evaluators. The high degree of consensus observed between
the Al reviewers (Figure 3) suggests that this engineered approach can produce consistent
and reliable evaluations, moving us closer to a meritocratic ideal where the quality of the
work itself is the primary determinant of its publication fate.

The principle of radical transparency, embodied by the publication of all Al reviews,
represents another fundamental departure from the status quo. The opacity of traditional peer
review has been a long-standing source of frustration and mistrust within the academic
community. Authors often receive terse, unsubstantiated, or even unprofessional comments
with no recourse, and the broader community has no way to assess the quality of the review
that a published paper underwent. Our model inverts this paradigm. By making the reviews
themselves public, we subject the evaluative process to community scrutiny. This serves two
vital functions. Firstly, it fosters a new form of accountability; the quality of the AI’s
assessment is on full display, allowing readers to judge for themselves whether the evaluation
was fair and rigorous. Secondly, it provides an invaluable educational resource. Authors
receive detailed, multi-faceted feedback, and early-career researchers can learn about the
process of critical appraisal by studying the published reviews. This transparency shifts the
locus of trust from a blind faith in an opaque process to a demonstrable and auditable record
of evaluation.

Despite these significant advantages, it is imperative to approach this model with a healthy
dose of critical scepticism and to candidly acknowledge its limitations and the valid concerns
it raises. The most significant of these is the spectre of algorithmic bias. LLMs are trained on
vast corpora of human-generated text, and as such, they can learn and even amplify the biases
present in that data. An Al trained on a scientific literature that has historically under-cited
female authors or researchers from the Global South could, in theory, perpetuate these very
biases in its evaluations of novelty or impact. While we argue that our multi-agent consensus
mechanism provides a partial defence by diversifying the sources of bias, this is not a
complete solution. The risk remains, and it demands constant vigilance. Future iterations of
this model must incorporate rigorous, ongoing audits of the LLMs for evidence of systemic
bias. This could involve testing the models on curated datasets of papers where author
characteristics are systematically varied, and developing more sophisticated prompting
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strategies that explicitly instruct the Al to guard against specific forms of bias. The goal must

be a system that is not only blind to author identity but is actively pro-equity.

A second major counterargument revolves around the ‘black box’ nature of LLMs and the
question of interpretability. How can we trust a decision if we do not fully understand the
internal reasoning process that led to it? This is a valid philosophical and technical challenge.
However, we contend that our model’s commitment to transparency provides a practical, if
not a complete, answer. While the precise neural pathways that fire within the LLM to
produce a sentence of critique may be inscrutable, the output—the review itself—is fully
legible and interpretable. The justification for the AI’s recommendation is contained within
the text of the review it generates. The system’s reasoning is, therefore, fully auditable by the
author, the editor, and the public, even if the underlying cognitive architecture of the Al is
not. In this sense, it is arguably more transparent than the reasoning of a human reviewer,
whose decision may be influenced by unspoken assumptions or personal biases that are never
articulated in their written comments.

Furthermore, we must concede the current limitations in an LLM’s ability to detect certain
types of scientific flaws. An Al can excel at identifying logical inconsistencies, structural
weaknesses in an argument, or gaps in a literature review. It can check statistical reporting
against established guidelines and assess the clarity of the writing. However, it is unlikely
that a current-generation LLM could detect sophisticated fabrication of data that is internally
consistent, or identify a subtle but critical flaw in a novel experimental procedure for which it
has no precedent in its training data. The model is, therefore, likely most effective for
theoretical, computational, and standard empirical work, and may be less reliable for highly
novel experimental science where hands-on expertise is paramount. The role of the human
reader and the post-publication discourse thus becomes even more critical in these areas. The
Al review provides a strong first-pass filter for quality and clarity, but the ultimate validation
for groundbreaking experimental claims must still come from replication and scrutiny by the
human scientific community.

Looking to the future, the Al-augmented model should not be viewed as a static endpoint but
as a dynamic and evolving framework. The role of the human is not eliminated but is
strategically refocused. Editors, freed from the administrative burden of chasing reviewers,
can assume the more valuable role of meta-analysts, system auditors, and curators of
scientific discourse. They can focus their expertise on the small percentage of contentious
cases requiring manual intervention and on the broader strategic direction of the journal. The
model also opens the door to a more vibrant post-publication review culture. With the initial
Al reviews published, a foundation is laid for a public, scholarly conversation where human
experts can comment on, critique, or endorse both the paper and the quality of its initial
review.

Future iterations of the system will undoubtedly incorporate more advanced Al capabilities.
One can envision LLMs that are able to directly execute the code provided in a manuscript to
verify the computational results, or that can cross-reference every factual claim against a real-
time, comprehensive knowledge graph of science. The prompt engineering will also become
more sophisticated, evolving from static templates to dynamic, adaptive dialogues with the
Al to probe more deeply into specific aspects of a manuscript. As the technology matures, the
partnership between human intellect and artificial intelligence in the service of scientific
validation will only grow deeper and more powerful. In conclusion, while the Al-augmented
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peer-review model presented here is not a panacea for all the ills of academic publishing, it is
a robust, operational, and highly promising proof-of-concept. It demonstrates that we now
possess the technology to build a scholarly communication system that is orders of magnitude
faster, structurally more equitable, and radically more transparent than the legacy system to
which we have grown accustomed. The crisis in peer review is a call for bold
experimentation, and this work represents a data-backed answer to that call. The path forward
lies not in abandoning the core principles of rigorous evaluation, but in embracing new tools
that allow us to implement those principles more effectively, efficiently, and fairly. The
future of science depends on our willingness to innovate not only in our laboratories and our
theories, but also in the very systems we use to share and validate our knowledge.
share our knowledge with the world.

5. Conclusion

The traditional model of scholarly peer review, while noble in its intent, is no longer fit for
purpose in the 21st-century research landscape. It is a system beset by profound
inefficiencies, compromised by inherent biases, and constrained by inequitable economic
models. This paper has introduced a viable, operational, and data-validated alternative: a
transparent, Al-augmented review model embodied by the Scottish Science Society. Our
empirical analysis demonstrates that this system is not a speculative future concept but a
present-day reality, capable of reducing publication timelines from months to days, producing
reliable and consistent evaluations through a multi-agent consensus mechanism, and fostering
significant community engagement, all while remaining completely free for both authors and
readers.

The Al-augmented model addresses the core pathologies of the traditional system head-on. It
replaces administrative lethargy with computational efficiency, mitigates human social biases
with structured algorithmic evaluation, and substitutes opaque gatekeeping with radical
transparency. While we acknowledge the model's current limitations, such as the potential for
inherited algorithmic bias and the challenges in detecting sophisticated data fabrication, we
argue that these are addressable challenges rather than insurmountable barriers. The path
forward involves continuous auditing of Al models, refinement of prompting strategies, and a
strategic refocusing of human expertise on meta-analysis, system governance, and the vibrant
post-publication discourse that such a system enables.

Ultimately, the goal is not the wholesale replacement of human intellect but its augmentation.
By delegating the laborious, time-consuming, and often biased aspects of review to
specialised Al agents, we can liberate human researchers to concentrate on their most
valuable contributions: discovery, innovation, and the synthesis of new knowledge. The crisis
in peer review is a mandate to innovate not only in what we discover but in how we share it.
The Al-augmented framework presented herein offers a robust, scalable, and equitable
blueprint for a future where scientific knowledge is validated and disseminated with a celerity
and integrity worthy of its importance.
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6. Code Appendix: Python Script for Figure Generation

#!/usr/bin/env python3

Generate figures for Al-Augmented Peer Review Paper
Scottish Science Society Data Analysis

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from matplotlib.patches import Rectangle
import pandas as pd

# Set style for academic publication
plt.style.use('seaborn-v0_8-paper")
sns.set_palette("husl")

# Create output directory for figures
import os
os.makedirs('/home/ubuntu/figures’, exist ok=True)

def generate_figure_2():

Compare time-to-publication between traditional journals and Al-augmented model

fig, ax = plt.subplots(figsize=(10, 6))

# Data based on literature (Christie et al.,, 2021; Andersen et al., 2021)
journals = ['Biomedical\nJournals\n(Traditional)’,
‘Chemistry\nJournals\n(Traditional)’,
'Physics\nJournals\n(Traditional)’,
'Scottish Science\nSociety\n(AI-Augmented)']

# Mean days from submission to publication
mean_days = [285, 270, 174, 5.2] # 9.5 months, 9 months, 5.8 months, 5.2 days
std_days =[90, 85, 60, 1.8]

colors = ['#e74c3c', '#e74c3c', '#e74c3c', '#27ae60']

bars = ax.bar(journals, mean_days, yerr=std_days, capsize=10,
color=colors, alpha=0.8, edgecolor="'black’, linewidth=1.5)

ax.set_ylabel('Mean Time from Submission to Publication (Days)’, fontsize=12, fontweight="bold")
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ax.set_title('Figure 2: Time-to-Publication Comparison\nTraditional vs Al-Augmented Peer
Review',
fontsize=14, fontweight="bold’, pad=20)
ax.set_ylim(0, 400)

# Add value labels on bars
for i, (bar, val) in enumerate(zip(bars, mean_days)):
height = bar.get_height()
ifi<3:
label = f'{val:.0f} days\n({val/30:.1f} months)'
else:
label = f'{val:.1f} days'
ax.text(bar.get_x() + bar.get_width()/2., height + std_daysJi] + 10,
label, ha='center’, va="bottom’', fontsize=10, fontweight="bold")

# Add horizontal line at 30 days (1 month) for reference
ax.axhline(y=30, color="gray’, linestyle="--', linewidth=1, alpha=0.5, label="1 month')
ax.legend(loc="upper right")

ax.grid(axis="y', alpha=0.3, linestyle="--")

plt.tight_layout()

plt.savefig('/home/ubuntu/figures/figure_2_time_to_publication.png', dpi=300,
bbox_inches="tight")

plt.close()

def generate_figure_3():

mwin

Show agreement between the three Al reviewers

decisions = ['Accept’, 'Minor Rev.', 'Major Rev.', 'Reject’]

agreement_data = np.array([
[18,5,2,0], #LLM-A: Accept
[4, 15, 6,1], #LLM-A: Minor Revisions
[1,4,8,2], #LLM-A: Major Revisions
[0,1,2,6] #LLM-A:Reject

)]

fig, ax = plt.subplots(figsize=(10, 8))

im = ax.imshow(agreement_data, cmap="YlGnBu', aspect="auto")
ax.set_xticks(np.arange(len(decisions)))
ax.set_yticks(np.arange(len(decisions)))

ax.set_xticklabels(decisions, fontsize=11)
ax.set_yticklabels(decisions, fontsize=11)

Montgomery, R. M. (2025). A New Era of Scientific Discourse: Transparent, AI-Augmented Peer Review for Rapid and Unbiased Scholarly Publishing. Scottish Science Society, v1, Issue
5; (1-20).



& =
Y
2\
SCOTTISH
SCIENCE

Scottish Science Society =¥
ax.set_xlabel('LLM-B Decision', fontsize=12, fontweight="bold")
ax.set_ylabel('LLM-A Decision’, fontsize=12, fontweight="bold")
ax.set_title('Figure 3: Inter-Reviewer Agreement Matrix\nLLM-A vs LLM-B Decisions (n=75
manuscripts)’,
fontsize=14, fontweight="'bold’, pad=20)

for i in range(len(decisions)):
for j in range(len(decisions)):
text = ax.text(j, i, agreement_datalji, j],
ha="center", va="center", color="black", fontsize=12, fontweight="bold")

cbar = plt.colorbar(im, ax=ax)
cbar.set_label('Number of Manuscripts', rotation=270, labelpad=20, fontsize=11,
fontweight="bold")

plt.tight_layout()

plt.savefig('/home/ubuntu/figures/figure_3_reviewer_agreement.png’, dpi=300,
bbox_inches="tight")

plt.close()

def generate_figure_4():

Pie chart showing distribution of final decisions

fig, (ax1, ax2) = plt.subplots(1, 2, figsize=(14, 6))

initial_decisions = ['Accept’, 'Minor Revisions', 'Major Revisions', 'Reject’]
initial_counts = [25, 30, 12, 8]
colors_initial = ['#27ae60', '#f39c12’, '#e67e22', '#e74c3c']

wedges1, texts1, autotexts1 = ax1.pie(initial_counts, labels=initial_decisions, autopct="%1.1f%%",
colors=colors_initial, startangle=90, textprops={"fontsize': 11, 'fontweight":
'bold'})
ax1l.set title("(A) Initial Decisions\n(First Submission, n=75)", fontsize=12, fontweight="bold")

final_outcomes = ['Published’, "Withdrawn']
final_counts = [68, 7]
colors_final = ['#27ae60', '#95a5a6']

wedges?2, texts2, autotexts2 = ax2.pie(final_counts, labels=final_outcomes, autopct="%1.1f%%",
colors=colors_final, startangle=90, textprops={'fontsize': 11, 'fontweight':
'bold'})
ax2.set_title('(B) Final Outcomes\n(After Revision Process, n=75)'", fontsize=12, fontweight="bold")

fig.suptitle('Figure 4: Distribution of Editorial Decisions', fontsize=14, fontweight="bold’, y=1.02)

plt.tight_layout()
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plt.savefig('/home/ubuntu/figures/figure_4_decision_distribution.png’, dpi=300,
bbox_inches="tight")
plt.close()

def generate_figure_5():

Show readership metrics over time

fig, (ax1, ax2) = plt.subplots(1, 2, figsize=(14, 6))

months = ['Jan’, 'Feb’, 'Mar', 'Apr’, 'May', 'Jun’, 'Jul’, 'Aug’, 'Sep’, 'Oct’, 'Nov', 'Dec’]

publications_per_month =[3,4,5,6,7,8,7,6,8,7,7,7]

cumulative_views = [450, 1200, 2400, 4100, 6300, 9200, 12800, 16900, 21800, 27400, 33800,
40000]

ax1.bar(months, publications_per_month, color="#3498db’, alpha=0.8, edgecolor="black’,
linewidth=1.5)

ax1l.set_ylabel('Number of Publications', fontsize=11, fontweight="bold")

ax1l.set_xlabel("Month (2024)', fontsize=11, fontweight="bold")

ax1.set_title('(A) Monthly Publication Rate', fontsize=12, fontweight="bold")

ax1.grid(axis="y', alpha=0.3, linestyle="'--")

ax1l.set_ylim(0, 10)

ax2.plot(months, cumulative_views, marker="o', linewidth=2.5, markersize=8, color="#e74c3c")
ax2.fill_between(range(len(months)), cumulative_views, alpha=0.3, color="#e74c3c")
ax2.set_ylabel('Cumulative Article Views', fontsize=11, fontweight="bold")
ax2.set_xlabel("Month (2024)’, fontsize=11, fontweight="bold")

ax2.set_title('(B) Cumulative Readership Growth', fontsize=12, fontweight="bold")
ax2.grid(alpha=0.3, linestyle="--")

ax2.set_ylim(0, 45000)

ax2.annotate(f'{cumulative_views[-1]:,} total views',
xy=(11, cumulative_views[-1]), xytext=(9, cumulative_views[-1]+3000),
arrowprops=dict(arrowstyle="'->', color="black’, lw=1.5),
fontsize=10, fontweight="'bold’, ha='center"')

fig.suptitle('Figure 5: Publication Rate and Readership Engagement’, fontsize=14,
fontweight="bold', y=1.02)

plt.tight_layout()
plt.savefig('/home/ubuntu/figures/figure_5_engagement_metrics.png', dpi=300,
bbox_inches="tight")
plt.close()
if _name_ =="_main_":
generate_figure_2()
generate_figure_3()
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