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ABSTRACT

Choosing the right statistical tests is essential for reliable results, but errors, like picking 
the wrong test or misinterpreting data, can easily lead to incorrect conclusions. Research 
integrity implies presenting research that is honest, clear, and uses correct statistics. 
By identifying statistical errors, artificial intelligence (AI) systems such as Statcheck and 
GRIM-Test increase the reliability of research and assist reviewers. AI helps non-experts 
analyze data, but it can be unpredictable for experts dealing with complex data analysis. 
Still, its ease of use and growing abilities show promise. Recent studies show that AI is 
increasingly helpful in research, assisting in spotting errors in methodology, citations, and 
statistical analyses. Tools like LLMs, Black Spatula, YesNoError, and GRIM-Test improve 
accuracy, but they need good data and human checks. AI has moderate accuracy overall but 
performs better in controlled settings. The Statcheck and GRIM-Test are especially good at 
spotting statistical errors. As more studies are retracted, AI offers helpful, albeit imperfect, 
support. It can speed up peer review and reduce reviewer workload, but it still has limits, 
such as bias and a lack of expert judgment. AI also brings risks like misreading results, 
ethical issues, and privacy concerns, so editors must make final decisions. To use AI safely 
and effectively, large, well-labeled datasets, teamwork across fields, and secure systems are 
required. Human oversight is always necessary to review research processes and ensure their 
reliability; humans must make the final decision and utilize AI responsibly.

Keywords: Artificial Intelligence; Publications; Statistics; Scientific Misconduct

INTRODUCTION

Research integrity (RI) refers to adherence to the ethical standards, emphasizing intellectual 
honesty and transparency across all stages of the research process. The opposite end 
entails fabrication, falsification, and plagiarism. RI allows drawing meaningful results from 
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reliable findings, maintains confidence in research, and prevents adverse impacts on the 
public.1 The inconsistent RI has been pointed out by the failure of reproducibility in scientific 
research, which has become increasingly recognized, resulting in a surge in the number of 
research retractions.2 Among the reasons for research retractions is a decline in statistical 
integrity. Statistical integrity implies obedience with the statistical code of conduct, 
which includes objectivity, accuracy of primary data, and the use of appropriate statistical 
techniques, thereby preventing the drawing of incorrect conclusions.3

The application of sound statistical tests is a vital part of original studies and meta-analyses. 
Statistical errors can lead to false-positive or false-negative interpretations during data 
analysis and influence the validity, credibility, and reproducibility of research findings. 
Common statistical errors in published research include the inappropriate use of the t-test 
and Pearson’s bivariate correlation, errors in logistic and linear regression analyses, the 
incorrect reporting of P values solely, and the incorrect reporting of medians and means 
and interquartile ranges. In meta-analyses, additional errors surface, such as inappropriate 
model selection, biased study selection, dependency, and ignoring incomplete data in 
selected studies. These errors place a burden on reviewers and journal editors when trying 
to ensure the methodological soundness of the paper at hand.4 In a literature review of 
psychology articles from 1985 to 2013, Nuijten et al.5 reported an inconsistency rate of nearly 
10.6% in the reporting of null hypotheses and P values. Unfortunately, this accelerated 
in the coronavirus disease 2019 (COVID-19) era. Jung et al.6 measured the adherence to 
methodological tools using the Cochrane risk bias tool. They detected a 32% decline in the 
adherence rate to a high methodological quality.

Artificial intelligence (AI) has been increasingly utilized in academic research for tasks 
including idea generation, content improvement, literature review support, and data analysis 
enhancement.7 This growing role presents a significant paradox.7 On one hand, tools like 
ChatGPT has been presented as a cost-free solution that could dismantle the “linguistic 
barrier,” helping non-Anglophone authors from regions with moderate to low economic 
stability achieve parity with native-speaking counterparts.8 There is now an increasing 
emphasis on the role of AI in helping with statistical review. AI has been increasingly 
utilized in academic research, including idea generation, content improvement, literature 
review support, and data analysis and management enhancement. Unfortunately, such use 
has resulted in a breach of RI. In a systematic review by Khalifa and Albadawy,9 24 studies 
were identified examining the impact of AI on academic research. While many of these 
studies highlighted AI’s usefulness, particularly in scientific writing, several raised concerns 
regarding RI and the potential for inaccuracies. This past decade has also witnessed 
the development of computational tools like GRIM-Test and Statcheck, which can scan 
submitted papers and detect internal inconsistencies with P values and means. In addition, 
language models like ChatGPT can serve as an objective critique of the methods and findings 
in papers.10,11 However, AI is essentially a machine that responds to a set of data inputs 
fed into it, which limits its role in accessing raw data not included in the submitted paper. 
In addition, complex statistical methods like Bayesian Analysis, mixed effect models, or 
survival analysis usually exceed the capacity of AI tools.

The increasing use of AI in article submission necessitated further use by reviewers and 
editors. Several platforms have used AI to assist in the initial reviewing process and in 
facilitating peer review.12 Although this use of AI has already been established, using AI in 
proofreading methodological and statistical integrity has not been well reviewed.
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This review aims to explore the possibility of using AI tools in detecting statistical mistakes 
and errors in published research articles, with particular focus on how journal editors 
and reviewers can utilize such tools so that they become assistants in the review process. 
Ultimately, we aim to support the development of standardized criteria that can help in 
guiding decisions about article retraction or correction.

TYPES OF STATISTICAL MISTAKES AND ERRORS IN 
PUBLISHED LITERATURE
Statistical tests must be applied accurately, depending on the type of data, to yield desirable 
outcomes. Statistical analyses can be misapplied in several ways, leading to inaccurate results 
and misleading conclusions.3 Common examples include13,14:

• Errors in statistical design: inappropriate assumptions while selecting a statistical test.
• Errors in data presentation: inappropriate communication of data, either with visual 

designs, labels, or descriptions.
• Errors in data outlier treatment: inappropriate exclusion of outliers with the assumption 

of having minimal impact on results.
• Errors in the use of parametric and nonparametric tests: inappropriate use of a parametric 

test with nonparametric data or vice versa.
• Errors in the disclosure of post-hoc analyses: the analysis of data after data collection in a 

post-hoc form without disclosing such analysis.
• Errors in defining the alternative and null hypotheses.

The increasing incidence of data misuse is likely related to the lack of statistical knowledge. 
In a cross-sectional study conducted by Gore et al.15 among faculty members and students 
from various medical colleges, more than 50% of participants reported finding statistics 
difficult and struggled to describe the meaning of P values, standard deviation, and 
appropriate sample size. On the other hand, many published articles fail to discuss statistical 
assumptions, specify the exact statistics used in analysis, and employ vague terms when 
reporting statistical tests.14

In addition to misleading reporting, errors may also arise during data interpretation. 
Examples include presenting only the odds ratio instead of both the odds ratio and risk 
difference for dichotomous outcomes, as the latter improves interpretability, and failing to 
describe how missing data were handled. Moreover, interpreting I2 as an absolute measure of 
heterogeneity, similar to T2 in meta-analysis, can lead to misinterpretation.16

An example of the serious effects of data interpretation was the ‘pill scare’ in the United 
Kingdom (UK). The reporting of a two-fold increase in thrombosis events in women who 
are taking oral contraceptives, rather than reporting an increase from about 1 in 7,000 to 
2 in 7,000, resulted eventually in an increase in the pregnancy and abortion rates in the 
UK in 1995.17

Reproducibility, the ability to regenerate similar data with the same methods of analysis, 
has various types. These include reproducing experimental conclusions with either the 
same or a different analysis method, or reproducing the same conclusion with a new dataset 
if the same laboratory was used.18 With the declining rate of RI, the ability to reproduce 
medical research has gained attention in the medical community. This usually stems from 
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inappropriate study design or baseline comparisons, and miscalculation. Sometimes, 
reproducibility is not feasible given a vague description of the methodology.19

OVERVIEW OF AI FOR STATISTICAL ANALYSIS

With AI evolution, it has also been widely used in performing statistical analysis, especially 
among less-skilled users, by providing step-by-step solutions for complex statistical 
tasks.20 Although some AI models have been fine-tuned for statistical tasks, the building of 
AI is based on training using mainly linguistic and language datasets, rather than statistical 
codes.21 When challenged with complex analyses, AI performance varies. Wetzelhütter and 
Prandner20 tested the reproducibility of published analyses by asking AI to generate the 
syntax, running the analysis, and exploring the results. Unfortunately, AI was only able to 
provide basic syntax and fragments that were tangentially related to the problem, which 
represents an issue for naïve users.22 Methodologically, this study by Wetzelhütter and 
Prandner,20 they effectively highlight AI’s current limitations, their soundness is not that 
of a large-scale validation trial.20 They demonstrate feasibility and inconsistency rather 
than providing robust performance benchmarks.20 When comparing AI to the current 
statistical programs, AI produces similar results in simple analyses such as the sample 
t-test, paired t-test, simple linear regression, and Pearson and Spearman’s correlations. 
However, discrepancies in post-hoc analyses, confidence intervals, and more complex tests 
were noted.23

Given the AI nature of training, it showed equivalent consistency of results in descriptive 
results compared to commonly used statistical packages (SAS, SPSS, and R). Notably, when 
asking AI to follow the R software, it produced better outcomes, likely because R is an 
open-source software. On the other hand, comparing AI with those packages in Intergroup 
correlational and correlational analyses showed statistical discrepancies.24

Despite all inconsistencies, AI has an exceptional user-friendliness compared to other 
packages with growing capabilities that are comparable to such programs and potentially 
competing with them in the near future.

AI PROGRAMS USED FOR DETECTING STATISTICAL 
MISTAKES AND ERRORS
Considering the growing popularity of AI tools and their increasing role in research, many 
articles have been recently published in discussion of this topic. A 2025 article published 
in Nature discussed the use of AI in reviewing errors, methodology, calculations and 
inconsistencies in the citation of papers.25 Another 2025 article in the Frontiers explored 
the use and possible risks that accompany the use of AI tools in the drafting of paper 
manuscripts and in data analysis. It also explored the use of tools like large language models 
(LLMs) in the detection of reference errors, the Black Spatula Project and YesNoError tools 
in the detection of mathematical and experimental logic errors.26 Another article shed focus 
on explaining the use of the GRIM-Test as an AI tool for the detection of statistical errors, it 
demonstrates the simplicity of the tool allowing for its use not just by skilled reviewers and 
editors, but by authors too, and it highlights the importance of using accurate raw data when 
employing the tool because it is a major factor in determining the outcome of its use.10
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EVALUATION AND VALIDATION OF AI TOOLS

Several studies evaluated the AI diagnostic accuracy. For instance, a meta-analysis by Takita 
et al.27 evaluated studies between 2018–2024, and concluded that among different AI models, 
AI had a diagnostic accuracy of 52% (95% confidence interval, 47.0–57.1%). However, 
AI error detection has not been well studied in medical practice. In a study that applied video-
assisted operating rooms (OR), AI helped in identifying vial swap errors with a sensitivity 
and specificity of 99.6% and 98.8%, respectively.28 In a less controlled setting compared to 
the OR, the AI error-reduction rate ranged from 40–55%.29 When applying AI error detection 
to medical research, various AI platforms are available to identify research-related errors, 
whether in bias detection, plagiarism, or proofreading.12 However, the exact sensitivity and 
specificity of AI research detection abilities are not documented in the literature.

Recent retractions of published papers have highlighted the types of errors that can be 
detected using AI tools if they were to be used in these studies. A 2004 systematic review 
declared poorer clinical outcomes of chronically ill patients using interactive health 
communication applications. It was later discovered that the study contained critical errors 
in data analysis that invalidated the findings.30 It is retractions like this one that highlight the 
increasing value of using AI tools as assistants in the detection of statistical and reporting 
inconsistencies.

However, these same tools are not devoid of limitations in terms of their accuracy, sensitivity, 
and specificity. For example, Statcheck is limited to scanning APA-style statistics, and it 
would not be able to recognize data organized in tables. Still, according to a study that put its 
performance in comparison to manual coding, the sensitivity was found to be 85.3–100%, the 
specificity was found to be close to 96–100%, and its overall accuracy is 96–99.9% indicating 
the reliability of this tool.11 The GRIM-Test is a mathematical tool that ensures reported 
means are possible given a certain sample size. It has been proposed as a reliable tool by 
validity studies in which its sensitivity exceeded 83%, specificity was over 96%, and overall 
accuracy reached above 92%.31 Methodologically, the validation of GRIM is robust because it 
is based on a fixed mathematical principle rather than interpretive analysis.10 The soundness 
of its validation studies therefore depends on the diversity and size of the corpus of papers 
used for testing.10 A methodological weakness, as noted, is that the tool’s accuracy is entirely 
dependent on the clear and accurate reporting of statistics in the source paper.10 In addition, 
GRIM and GRIMMER (an extension of GRIM) can both be implemented in R or Python to 
detect statistical errors. This has allowed for the automation of this process, making it more 
time efficient. Nonetheless, the accuracy and sensitivity of this method are limited to the 
clear outline of the statistics in a paper, allowing the algorithm to detect the errors correctly. 
The specificity, at the same time, depends greatly on the way that the tool was built, because 
the use of either strict or oversimplified rules can cause the incorrect flagging of correct 
statistics as errors.32 Despite this available information, there is still a paucity in studies that 
sufficiently explore the extent to which these tools could be used to date.

On the other hand, research retraction has reached a ‘crisis’ level in the context of the 
pressure of publishing. Taylor and Francis had to retract 350 papers in 2022 alone, while 
Wiley retracted more than 8,000 articles in 2023.33 Among the reasons for those retractions 
are data and analysis-related retractions. In a study that collected almost 50,000 retractions 
in 2023, nearly 19–32% of those retracted articles were related to data handling and 
analysis.34,35 In the era of COVID, The Lancet journal has retracted a study about the use of 
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hydroxychloroquine in COVID, using the ‘Surgisphere’ data source, and the following analysis 
could not be validated.36

In the context of the increasing number of research retractions, few AI platforms have been 
developed to screen articles for potential retraction, which can also be used in the peer-
review process to evaluate the possibility of future retraction.37 Table 1 provides a concise 
overview of the mentioned AI tools.

A synthesis of the tools presented in Table 1 reveals distinct categories and a significant 
trade-off between specificity and scope. The tools fall into two main groups: highly 
specific algorithms (like Statcheck, GRIM, and GRIMMER) and generalist critique models 
(like LLMs).10,11

The specific algorithms offer the primary advantage of high, verifiable accuracy for 
a narrow, objective task.39 For example, the Statcheck excels at one specific thing: 
verifying the consistency between P values and their associated test statistics in 
APA format.11,38 GRIM is similarly narrow, checking the mathematical plausibility of means 
given a sample size.10,31,32 Their strength is their reliability; their weakness is their limited 
scope. They cannot, for instance, assess the appropriateness of a chosen statistical test or 
interpret data presented in tables.

LLMs represent the opposite end of this trade-off.10,11,21,23 They can provide a broad, 
qualitative critique of an entire methodology section or statistical plan, something the 
specific tools cannot.10,11,21,23 However, their methodological soundness is far less 
proven.10,11,21,23 As noted, their performance is inconsistent on complex analyses, they risk 
“hallucinating” or misinterpreting information, and their “black-box” nature makes their 
reasoning difficult to verify.40

Therefore, this review’s synthesis suggests that no single AI tool is a complete solution for 
statistical review. A robust AI-assisted workflow would not rely on one tool but would use them 
in combination: employing specific, high-accuracy tools like Statcheck and GRIM to screen for 
numerical and reporting-level errors, while cautiously using LLMs to flag potential qualitative 
issues in the study design, all of which must be confirmed by an expert human reviewer.10,11,41
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Table 1. Summarizing data
AI tool Primary function Reported accuracy  

(sensitivity/specificity)
Key limitations References

Statcheck Automatically scans reported statistics 
(APA-style) to detect inconsistencies in 
P values and test results

Sensitivity 85–100%; Specificity 
96–100%; Overall accuracy ≈ 97–99%

Limited to APA-style text; cannot 
interpret data in tables; may misread 
complex tests

11,39

GRIM-Test Checks internal consistency of 
reported means against sample size to 
verify mathematical plausibility

Sensitivity > 83%; specificity > 96%; 
overall accuracy > 92%

Requires clearly reported means and 
sample sizes; limited for non-integer or 
derived data

27,32,33

GRIMMER Extension of GRIM allowing detection 
of multiple statistical inconsistencies 
simultaneously

Comparable accuracy to GRIM; faster 
automated performance

Relies on explicit numerical reporting; 
oversimplified thresholds may cause 
false positives

33

YesNoError Detects mathematical and 
experimental logic inconsistencies 
using algorithmic logic checks

Accuracy not standardized; performs 
best in controlled data environments

Limited published validation data; 
prone to over flagging

26

Black Spatula Identify citation and logical 
inconsistencies in manuscripts

Qualitative accuracy high in pilot 
studies; no quantitative benchmark yet

Experimental tool; dependent on text 
structure and training corpus

26

Large Language Models 
(e.g., ChatGPT)

Provides general critique of methods, 
data reporting, and statistical 
coherence

Comparable to human reviewers 
in simple analyses; inconsistent in 
complex models

Lacks access to raw data; risk of 
misinterpretation and bias

11,21,23,27



HOW AI CAN BE EMPLOYED FOR DETECTING ERRORS 
AND RETRACTING ERRONEOUS RESEARCH REPORTS 
AND META-ANALYSES

Technology companies are now signing agreements with publishers to grant them access to 
articles in machine learning. However, among those articles are retracted articles, which can 
lead to the spread of misinformation that can be disseminated quickly.33 On the other side, 
using retracted articles to train AI to help predict future or possible retractions has also been 
studied. In a study by Fletcher and Stevenson,37 who studied the precision of the AI platform 
Llama 3.2 Base Model, achieving an accuracy of 68%. Other platforms have also been used 
to detect citation accuracy, plagiarism, bias detection, and image integrity. Other AI-assisted 
tools have been used to aid in the adherence to journal-specific guidelines. These error-
detecting tools can be applied in the submission process and to screen for potential flaws in 
post-published research.12

In a world where AI is becoming an increasingly reliable assistant, journal editors and 
publishers should no longer have to review papers to detect errors manually. For example, 
the Statcheck scans the submitted papers and extracts the reported data, recalculates the 
P values, and compares the recalculated values to the values reported in the paper; then, 
based on that, it flags inconsistencies in the findings.5 GRIM uses the reported sample 
sizes and matches them to the total sum divided by the sample sizes in order to detect the 
plausibility of the reported mean values in a paper. The further automation of these tools is 
currently done by implementing them in python or R codes.10

By automating the detection of statistical errors, AI can significantly reduce the burden 
on reviewers. By detecting evident errors in papers, the role of reviewers could become 
more specialized in delving into the complex statistical and methodological faults that 
are otherwise non-detectable by AI tools; allowing for the quicker detection of papers 
that should be retracted or corrected by authors. On the long run, AI tools will prove to be 
invaluable in enhancing the integrity of published research.38

AI can be a very time-effective tool that not only saves the time of reviewers and journal 
editors but can also accelerate the review process, ensuring the completion of a larger 
number of reviews over a shorter period. In a time when the review process of submitted 
papers can take months, the use of AI tools as assistants will accelerate the process, possibly 
to weeks after submission. These tools can scan and process large amounts of text with 
objectivity, minimizing the window for human error when reviewing long papers.38

On the other hand, AI still lacks the in-depth, expert-level subject understanding that is 
required to critique articles. Additionally, AI could be trained on data sets that have existing 
biases, where AI may replicate those biases, all of which may influence the accuracy of AI in 
such tasks.38 Accordingly, the Journal of the American Medical Association (JAMA) has introduced 
specific instructions on using AI in peer review and recommended using it as an assistant.42

The research community has resisted AI for various reasons. AI can impact preserving human 
expertise; it has been suggested that the over-reliance on AI tools negatively impacts critical 
thinking, decision-making capabilities, and analytical reasoning.43 When an article gets 
retracted, it remains flagged as a retracted article and cannot be deleted from the literature, 
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putting the author’s career on the line.44 Like the use of AI in the peer-review process, AI has 
been used in reviewing already published articles. However, AI tools function differently and 
are not equal in their capabilities; thus, making it difficult to predict how AI would screen 
publications.45 Given the sensitivity of the retraction process and the potential for false 
positives when using AI to screen articles for retraction, the medical community became 
hesitant to use AI for this purpose.46

Seeing the limitless possibilities that these tools hold, however, it remains crucial to 
remember that their use should yet be limited to assist and not fully replace human power. 
A reasonable, but rather avertable concern regarding AI is the growing dependence of 
these tools in the scientific field. The limitations to their use should be decided by us, final 
decisions regarding retraction should remain in the hands of human expertise with the 
necessary experience. Human touch remains essential in the review of aspects otherwise 
undetectable by AI tools.

ETHICAL CONSIDERATIONS

When using AI tools, there’s going to be room for misinterpretation due to the lack of 
flexibility that these models possess. Statcheck is known to misinterpret complex statistical 
tests as errors because it relies on a predetermined model that is incapable of processing 
tests of such complexity. When errors are detected, a concise and clear explanation cannot 
always be expected, because AI tools make decisions that might be difficult to interpret. 
If, and when the decision is left on this sole interpretation, authors will be subjected to 
unjustified scrutiny that can potentially harm their reputations without a clear and concise 
explanation that could’ve otherwise been provided by the editor or reviewer.47

Ethical considerations are one of the major limitations in AI use. In the submission period, 
AI does not fulfill the authorship criteria in holding responsibilities and integrity assurance. 
Consequently, authors should disclose which part of their research was AI-assisted and hold 
the responsibility and the originality for their work.48 Disclosure is deemed unnecessary 
when AI is employed for tasks like grammatical correction.7 It is considered unethical to 
let AI produce significant parts of a paper without revealing this information.7 In addition, 
the use of AI to assist in peer review can impose a breach in confidentiality, especially when 
uploading unpublished materials into AI systems, which may expose sensitive information, 
violating the peer-review agreements.49

When applying AI in the post-publication period, there is a potential for false positives in 
identifying flaws in published research. Unfortunately, AI does not provide explanations 
for its decisions, often termed a ‘Black-Box Model’; thus, adopting such models in sensitive 
decisions such as research retraction is difficult.50 Also, the rapid evolution in AI algorithms 
makes it more challenging to depend on it at the current time. All of these have raised 
substantial ethical considerations on using AI in the post-publication checks.

In the article submission process, when editors use AI to evaluate and investigate submitted 
articles, it is their responsibility to assess the authorship and validity of the article. Similarly, 
it is the responsibility of the editors to assess the AI-reported claim about a certain article 
before it reaches the author or the public.51
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Accordingly, when ensuring that AI tools are only considered assistants in the process of 
review, the accountability for decisions regarding retraction, corrections, or expressions of 
concern remain within the hand of human expertise.52

FUTURE DIRECTIONS AND RECOMMENDATIONS

AI holds enormous potential. AI is our apprentice, absorbing the skills and patterns we feed 
into it, and so the accurate detection of errors can be improved by training the tools on 
large, accurately labeled sets of data. Given the current trends in the sensitivity of current 
AI models in detecting statistical errors in already published research, better training data 
must be generated to help facilitate quicker and more precise AI evaluation of statistical 
errors in submitted and published articles. To do that, a multidisciplinary team of computer 
scientists and engineers, statisticians, reviewers, and editors is necessary to feed into every 
aspect of the process.

AI tools might not be as reliable in the meantime, but it won’t be long before they become 
a very reliable assistant. Once a statistical AI model is developed, just like other models, 
the other concerns would remain unaddressed, including confidentiality breaches, the 
sensitivity and specificity of the model in different types of statistical errors, and providing 
explanations for AI-related decisions.

Before manuscript submission, tools can also be utilized by authors to ensure the submission 
of high-quality papers. However, in the context of clinical research, where sensitive patient 
information must remain anonymous, how safe are AI tools with such data? How can we 
ensure that information fed into such machines will never fall into public hands? Before 
such tools are allowed to review sensitive data, secure systems have to be ensured in order to 
maintain trust, ethical standards, and data privacy.52

CONCLUSIONS

AI can significantly enhance the quality of research by identifying statistical errors and 
assisting in the identification of papers that may require retraction or correction. Tools are 
available that can quickly find inconsistencies in data, making research more accurate and 
reliable while saving time for reviewers and editors. Researchers, editors, and publishers are 
encouraged to start using these tools responsibly and create clear standards for their use. 
Training and collaboration are needed to ensure AI is applied correctly and ethically. Still, 
AI can detect mistakes, it cannot fully understand context or make final ethical decisions. 
For an optimal balance, AI can serve as a supportive tool while humans perform the final 
evaluation. This collaboration enhances RI and strengthens trust in scientific publishing.
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