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Objective: Thisstudy investigates the role of large language models (LLMs) in detecting
logical fallacies during the peer-review process, aiming to improve the accuracy,
transparency, and reliability of scientific publications. Additionaly, the research
evaluates the potential of LLMs to reduce the workload on human reviewers and
standardize evaluation practices.

Method: The research involved a series of experiments designed to evaluate the ability
of advanced language models, such as ChatGPT (versions 4 and ol), to identify and
classify logical falacies, solve reasoning problems, and analyze academic texts of
varying lengths and complexities. Standard datasets, including the ElecDeb2060 dataset
and logic questions from the Iranian Ph.D. Entrance Exam, were used. Classical machine
learning models, including Support Vector Machine (SVM) and Random Forest, were
employed as baseline comparisons. Advanced optimization techniques and zero-shot
|earning approaches were applied to prepare the language models for the analyses.
Results: The results demonstrated the exceptional performance of advanced language
models, particularly ChatGPT o1, which achieved 98.1% accuracy in detecting logical
fallacies and 100% accuracy in solving logic problems from the Ph.D. Entrance Exam. In
contrast, classical machine learning models, such as SVM and Random Forest, recorded
significantly lower accuracies of 48% and 49%, respectively. Other advanced models,
such as Mistral and LLama, exhibited moderate performances, with accuracies ranging
from 76% to 78.5% in identifying logical fallacies. For longer and more complex texts,
ChatGPT 01 maintained 100% accuracy in identifying and naming fallacies, while other
models demonstrated reduced capabilities, with accuracies below 50%.

In addition to their accuracy, the advanced LLMs displayed a remarkable ability to
analyze complex arguments, identify subtle logical errors, and provide structured
feedback. These features highlight their potential for improving both the efficiency and
the quality of the peer-review process by reducing human error and offering detailed,
objective evaluations.

Conclusion: Large language models, particularly ChatGPT o1, have shown substantial
potential to redefine traditional peer-review practices. These models can enhance the
speed, precision, and transparency of evaluations, thereby supporting the publication of
high-quality research articles. By identifying logical fallacies and cognitive biases, they
offer structured feedback that aids authorsin refining their work and ensures the integrity
of scientific literature. However, human reviewers remain essential asfinal arbitersin the
process, ensuring a balanced integration of Al's analytical capabilities with human
expertise. This synergy can pave the way for a more robust, efficient, and transparent
peer-review system, fostering progressin scientific research.
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Introduction
The peer-review process is a cornerstone of scientific research, designed to ensure the

quality, rigor, and integrity of academic publications. However, this process often suffers from
limitations such as human error, cognitive biases, and inconsistency among reviewers. Logical
fallacies—errors in reasoning that undermine the validity of arguments—frequently go
unnoticed, compromising the quality of scientific discourse. This study investigates the role of
Large Language Models (LLMs) in automating the detection of logical falacies during the
peer-review process, aiming to enhance the accuracy, transparency, and reliability of
evaluations. Additionally, the study explores the potential of LLMs to reduce the workload of
human reviewers and standardize assessment practices.

Method
This research adopts a design science research methodology to develop, evaluate, and refine

Al-based tools tailored for logical fallacy detection. The design science framework by Peffers
et a. (2007) providesthe structural foundation, encompassing problem identification, objective
definition, artifact design, evaluation, and dissemination. This methodologica approach
ensures that the study systematically addresses the challenges posed by logical fallaciesin peer
review and delivers actionable insights.

The experimental design is structured into three phases. Thefirst phase evaluates the ability
of LLMsto identify and classify logical fallacies using a standard dataset, ElecDeb2060, which
comprisesfallaciesfrom U.S. presidential debates spanning 60 years. The second phase focuses
on solving logic problems from the Iranian Ph.D. Entrance Exam to test the critical reasoning
capabilities of the models. The third phase examines the models performance in anayzing
academic texts of varying lengths and complexities, designed to simulate real-world peer-
review scenarios. A variety of models were employed, including state-of-the-art LLMs such as
ChatGPT-4 and o1, as well as traditiona machine learning models like Support Vector
Machines (SVM) and Random Forest, which serve as baselines. These models underwent
optimization and zero-shot learning to enhance their ability to analyze text without prior
domain-specific training. Performance metrics such as accuracy, F1 scores, and qualitative
feedback were used to compare the models.

Results
The results of the experiments highlight the transformative potential of LLMs in detecting

logical fallacies and supporting peer review. In the first phase, ChatGPT o0l achieved an
impressive 98.1% accuracy in identifying logical fallacies in the ElecDeb2060 dataset,
significantly outperforming classical machine learning models such as SYM and Random
Forest, which achieved 48% and 49% accuracy, respectively. Other advanced models, including
Mistral and L Lama, demonstrated moderate performance with accuracies ranging between 76%
and 78.5%. In the second phase, ChatGPT 0l excelled in solving logic problems from the
Iranian Ph.D. Entrance Exam, achieving 100% accuracy. This performance not only surpassed
the baseline models but aso demonstrated the model's ability to reason critically and provide
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structured explanations for its answers. Traditiona machine learning models, by contrast,
struggled with the complexity of these problems, highlighting the limitations of conventional
approaches in handling nuanced logical reasoning tasks.

The third phase involved analyzing texts of varying lengths and complexities. ChatGPT ol
maintained 100% accuracy in identifying and naming fallacies, even in long and intricate
academic texts. Competing models showed diminished performance, with accuracies dropping
below 50% for identifying specific types of fallacies. Nonetheless, models like Mistral and
LLama showed strengths in identifying the presence and location of fallacies within texts,
achieving accuracies of 97.1% and 95.4%, respectively. This suggests that while advanced
LLMsexcel in detailed categorization, other models still offer valuein broader analytical tasks.

Beyond quantitative results, the study revealed qualitative insights into the capabilities of
LLMs. ChatGPT ol demonstrated an exceptiona ability to analyze complex arguments,
identify subtle logical errors, and provide structured, actionable feedback. This highlights its
utility not only as a diagnostic tool but also as an assistant in crafting constructive peer-review
reports. These capabilities position LLMs as critical assets in enhancing the consistency and
depth of the peer-review process.

Discussion
The findings underscore the limitations of traditional machine learning methods, which lack

the capacity to handle the linguistic and logical nuances inherent in academic texts. By contrast,
advanced LLMs, particularly ChatGPT 01, have redefined expectations for text analysis and
reasoning in peer review. These models leverage advanced architectures, such as transformer-
based networks, to analyze contextual relationships within text, enabling them to detect logical
fallacies with remarkable precision.

The success of ChatGPT ol in identifying and categorizing logical fallacies across diverse
contexts underscores its potential to address key challenges in peer review. Logical fallacies
often go unnoticed due to their subtle nature, yet their presence can significantly undermine the
validity of scientific arguments. By automating their detection, LLMs can help reviewers focus
on higher-order evaluation tasks, such as assessing methodological rigor and theoretical
contributions. However, the integration of LLMs into peer review is not without challenges.
Issues such as agorithmic bias, ethical considerations, and the need for transparency in Al
decision-making must be addressed. The study highlights the importance of explainable Al
(XAI) principles in ensuring that LLMs provide clear, interpretable justifications for their
analyses. For instance, ChatGPT o1l not only identifies fallacies but also explainsits reasoning,
making it a transparent and trustworthy tool for reviewers.

Conclusion
This study provides compelling evidence for the transformative potentia of LLMs,

particularly ChatGPT 01, in enhancing the efficiency, accuracy, and transparency of the peer-
review process. By automating the detection of logical falacies, these models reduce the
cognitive load on reviewers, mitigate the risk of human error, and promote consistency in
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evaluations. Theresults demonstrate that LL M s outperform traditional methods by a substantial
margin, offering unprecedented capabilitiesin logical reasoning and text analysis.

The implications of these findings extend beyond peer review to broader domains of
academic publishing and scientific communication. The integration of LLMs into workflows
has the potential to standardize practices, ensure methodological rigor, and uphold the integrity
of scientific literature. Moreover, the use of LLMs can democratize access to high-quality
reviews, enabling researchers from diverse backgrounds to benefit from rigorous, objective
evaluations.

Nonetheless, human reviewers remain indispensable in the peer-review process. The study
emphasi zes the importance of a synergistic approach, combining the analytical power of LLMs
with the contextual understanding and domain expertise of human reviewers. This collaboration
can foster a more robust and equitable review system, paving the way for scientific
advancements that are both rigorous and impactful.

Future research should focus on addressing the limitations identified in this study, such as
the need for domain-specific fine-tuning and the mitigation of potential biases in Al models.
Additionally, the development of frameworks for ethical Al deployment in peer review will be
critical in ensuring that these technologies are used responsibly and effectively. By continuing
to refine and integrate LLMs into scientific workflows, the academic community can unlock
new possihilities for innovation, collaboration, and knowledge dissemination.
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