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Abstract

Objective: This study aims to more scientifically and accurately identify and
predict the characteristics of retracted papers, thereby better correcting research
misconduct, reducing academic fraud, and protecting the fairness of science.

Methods: Based on data from the PubPeer platform regarding questioned
papers, this study establishes a dataset of 1,792 retracted papers with complete
data after data processing and screening, analyzes the natural and comment
attributes of these retracted papers, and performs feature identification and
accuracy detection on retracted papers by constructing the PubCancel model.

Results: The PubCancel model constructed in this paper accurately and ef-
fectively mines and identifies features of retracted papers, with the accuracy of
retracted paper status verification reaching 98.24%98.24%. This method not
only has important practical significance for evaluating paper quality but also
provides researchers with a method for quickly assessing paper credibility.

Conclusion: Studying the situation of retracted papers among questioned pa-
pers on the PubPeer platform is of great significance to academic early warning
research. Applying the retracted paper feature identification model can help
journals and editors detect anomalous papers in a timely manner, standardize
paper publication and promptly retract problematic papers, and strengthen the
construction of research integrity.
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Abstract:

[Purpose] This study aims to more scientifically and accurately identify and
predict the characteristics of retracted papers, thereby better correcting research
misconduct, reducing academic fraud, and safeguarding scientific fairness.
[Methods] Based on data from papers questioned on the PubPeer platform, we
established a dataset of 1,792 retracted papers with complete data after process-
ing and screening. We analyzed the natural attributes and comment attributes
of these retracted papers and constructed a PubCancel model to identify their
features and test its accuracy.

[Results] The PubCancel model developed in this study accurately and ef-
fectively mines and identifies the characteristics of retracted papers, achieving
a 98.24% accuracy rate in verifying retraction status. This method not only
holds significant practical value for evaluating paper quality but also provides
researchers with a rapid means to assess paper credibility.

[Conclusions] Investigating retracted papers among those questioned on the
PubPeer platform is of great significance for academic early warning research.
Applying a feature recognition model for retracted papers can help journals and
editors promptly identify problematic papers, standardize publication processes,
withdraw problematic papers in a timely manner, and strengthen research in-
tegrity construction.

Keywords: Retracted papers; PubPeer; Feature recognition; Random forest;
PubCancel

Since the 18th National Congress of the Communist Party of China, the im-
plementation of the strategy for revitalizing the country through science and
education, along with advances in science and technology, has led to a continu-
ous increase in China’s total research output, with the volume of research papers
ranking at the international forefront. However, in recent years, rapid technolog-
ical progress and the swift development of information technology and artificial
intelligence have profoundly transformed research paradigms, and the number of
paper retractions has consequently increased. To purify the innovation ecosys-
tem, foster a sound research atmosphere, and maintain research norms, the
State Council issued the “Opinions on Further Strengthening Research Integrity
Construction” [1] to guide researchers and institutions in conducting scientific
research in a standardized manner. Retracting problematic papers is an effective
measure for maintaining research integrity and purifying the academic environ-
ment. As public attention to academic misconduct has grown and the number
of retracted papers has increased, research on retractions has become a hot topic
among scholars both domestically and internationally, focusing primarily on the
analysis of retraction characteristics. Current studies on retraction character-
istics mainly concentrate on data from major journal indexing platforms such
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as ScienceDirect [2], WoS [3-5], PubMed [6,7], RetractionWatch [8], CNKI [9],
and Scopus [10]. Recent trends show increasing use of multiple databases, such
as Xu Hongping’s [11] study combining CNKI, Wanfang, and VIP databases
to examine retractions in Chinese academic journals, and Yuan Zihan [12] and
Ma Linling et al. [13] combining RW and WoS databases to study retractions
in specific journals.

These studies have explored retraction characteristics across multiple databases,
analyzing basic features (time, country, journal, discipline, etc.), citation char-
acteristics, retraction lags, and reasons for retraction, providing a basis for jour-
nals to effectively identify retracted papers. However, current research primarily
focuses on journal indexing platforms, which typically contain large paper vol-
umes but low retraction proportions, resulting in high data contingency and
bias. Moreover, such research is retrospective, only exploring data after retrac-
tion and failing to provide effective academic early warning. In contrast, Pub-
Peer, as a renowned “academic whistleblowing platform,” plays a crucial role in
discovering and identifying problematic papers and warning against academic
misconduct through its comment content. This forum questions published pa-
pers through post-publication peer review, and its data on questioned papers
can effectively mine retraction characteristics, provide early warnings for aca-
demic misconduct, and offer new research perspectives for identifying academic
misconduct. Among Chinese scholars, only Chu Jingshen [14] and Lin Yuan
et al. [15,16] have studied PubPeer papers, focusing on the overall situation of
questioned papers rather than retractions. However, do all papers questioned
on PubPeer eventually get retracted? This question has practical significance
for understanding the internal mechanisms of retractions and predicting which
problematic papers will be retracted. Therefore, to address this question, this
study conducts statistical analysis of retraction characteristic indicators on the
PubPeer platform, constructs a PubCancel model to reveal how different indica-
tors of questioned papers influence retraction, aiming to help the academic com-
munity more comprehensively understand paper retraction phenomena, more
timely and effectively detect problematic papers, achieve academic early warn-
ing effects, reduce retraction lag, maintain research integrity, and purify the
academic environment.

1.1 Research Hypothesis

Based on the potential value of PubPeer for retraction research, this study first
proposes a hypothesis: The proportion of retracted papers among questioned
papers is significantly higher than the retraction rate among papers in ordinary
databases. This study only obtains the proportion of retracted papers from the
questioned paper database, while the retraction rate for ordinary papers is based
on previous research. For example, Liu Hong et al. [2] studied retractions in
the ScienceDirect database, which contained over 10 million papers before 2011,
with only 543 retractions between 1992-2010, accounting for less than one ten-
thousandth. Chen Chaomei et al. [6] used the PubMed database to calculate
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annual retraction ratios (number of retraction notices/number of new papers
added that year) from 2001-2011, with the lowest ratio being 0.00005 in 2001 and
the highest 0.00046 in 2011. Qin Huijuan [17] analyzed papers indexed by SCI,
examining publication and retraction numbers for five countries (USA, China,
Germany, Japan, India), finding retraction rates per 10,000 papers of 0.99,
3.05, 1.13, 1.23, and 2.60 respectively. Liu Qinghai [8] used RetractionWatch to
analyze retraction ratios for major publishing countries, with the Netherlands
(3.06/10,000), India (2.76/10,000), and the USA (2.09/10,000) having the high-
est rates. Fan Shujie et al. [18] retrieved data from the Web of Science (WoS)
Core Collection, analyzing retractions in SCI-E papers, finding retraction rates
between 0.63-2.20 per 10,000 papers from 2008-2017. Zhou Zhixin et al. [19]
compared retraction characteristics between China and the USA based on WoS
data, finding retraction-to-publication ratios (total retractions/total indexed pa-
pers) of 4.1%0 (2,119/5,136,315) for China and 0.9%0 (1,541/15,715,138) for the
USA before March 31, 2020. Regarding questioned papers, this study collected
information on 25,518 papers from PubPeer’s public data up to December 2022,
finding only 10,229 papers with complete data (including retraction status) after
preprocessing. After data cleaning and screening, 1,792 papers were found to be
currently retracted, representing a retraction rate of 17.52%. The highest retrac-
tion rate among existing journal indexing platforms is WoS’s 4.1%o for China.
This demonstrates that the proportion of retracted papers among questioned
papers is significantly higher than retraction rates in ordinary databases, mak-
ing the study of retractions among questioned papers crucial for standardizing
post-publication review mechanisms and academic early warning research.

1.2 Data Sources and Processing

PubPeer is an open post-publication peer review forum where authors must
have a paper indexed by PubMed as first or corresponding author to register.
Registered scholars can comment on published papers with criticism, questions,
or suggestions, but comments require review before publication. PubMed is
a database providing biomedical literature search and abstracts, so questioned
papers on PubPeer concentrate in biomedicine [16]. Known as the “disciplinary
committee” in academia, PubPeer, along with RetractionWatch, is considered a
“dynamic duo” for academic whistleblowing, having uncovered many fraudulent
papers and becoming an important channel for identifying problematic papers.
The scholarly opinions and emotional evaluations embedded in its comments
demonstrate significant value for fraudulent paper research and retraction iden-
tification.

This study selected PubPeer as the data source. By December 2022, we ob-
tained relevant information on 25,518 papers from PubPeer’s public data, in-
cluding pubpeer_{id}, title, number of question comments, journal, first au-
thor, institution, discipline, comments, retraction status, and publication date
of the last comment. The raw dataset contained natural attributes (publica-
tion year, author, discipline, journal, institution) and comment features (last
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comment date, comment count, comment content). After removing rows with
NA values, we obtained a total dataset of 10,229 papers. We retrieved paper
status information from PubPeer pages, marking papers with “RETRACTED”
status as retracted papers. The initial data were then classified into two cat-
egories: retracted papers (1,792) and non-retracted papers (8,437). Given the
diversity of retracted papers, we extracted the 1,792 retracted papers to form
a retracted paper dataset for studying their ontological and PubPeer features.
The 8,437 non-retracted papers were extracted to form a non-retracted paper
dataset, which was combined with the retracted dataset for comment feature
analysis and model accuracy testing.

1.3 Research Methods

To more comprehensively understand paper retraction phenomena and the in-
ternal mechanisms of retracted papers on PubPeer, this study collects data
on retracted papers from the platform, conducts statistical analysis of natural
and comment attributes, mines differential features between retracted and non-
retracted papers, validates these features through backward stepwise selection to
obtain an optimal subset, and uses a random forest model for feature identifica-
tion. Finally, targeted recommendations are proposed to improve management
of retracted papers. The specific methods are introduced below:

This study uses PubPeer as the data source and processes the aforementioned
1,792 retracted papers through data encoding. For non-numeric natural at-
tribute information such as discipline names, journal names, and institution
names, we use the BERT model to convert them into word vectors. For PubPeer
comment content, to understand whether a paper is being questioned and the
severity of questioning, and to determine whether subjective text leans positive
or negative, we employ attention mechanism-based sentiment polarity analysis
to convert comment text into sentiment scores between 0-1 for subsequent fea-
ture representation and identification. First, through analysis of natural and
comment attributes, we select 11 indicator features: publication year, disci-
pline, journal, journal retraction index, institution, institution retraction index,
author, number of question comments, comment sentiment score, and year of
last comment publication. The most relevant variables to the response variable
are selected to form a subset. Second, backward stepwise selection is adopted,
starting with a full model containing all 11 variables and iteratively removing
the least important variable that most adversely affects model fit, to determine
the most effective number of features for the PubCancel model using random
forest algorithm for importance ranking, followed by accuracy testing.

Random Forest Model: Random forest is a decision tree model based on
loss function minimization with three construction steps: attribute selection,
decision tree generation, and pruning. When establishing a decision tree, for
each split point, a random sample of m predictors is selected from all p predictors
as candidate variables, and the split can only use these m variables. Resampling
occurs at each split point, typically with m p, meaning the number of predictors
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considered at each split approximates the square root of the total number of
predictors.

This study uses the Gini Index as the evaluation metric to measure feature
importance. VIM represents variable importance measures, and GI represents
the Gini Index. Assuming J features and decision trees with C categories, the
steps to calculate the Gini Index score for each feature (the average change in
node splitting impurity across all trees) are as follows.

The Gini Index for node q of tree i is calculated by formula (1):

c
_ 2
Gl, = 1—2:1]3(16

where C represents the number of categories, and p_{qc} represents the pro-
portion of category c in node q, i.e., the probability that two randomly drawn
samples from node q have different class labels.

The importance of feature X_j at node q of tree i is the change in Gini Index
before and after splitting, as shown in formula (2):
(@) _ (4) (4)
VIqu =GIl,—GI;” —GI;
where GI_1(i) and GI_r(i) represent the Gini Indices of the two new nodes after
splitting.
If feature X_j appears at nodes in set QQ in decision tree i, its importance in
tree i is given by formula (3):
(@) _ (4)
VIM =3 "VIM;,
q€Q

Assuming the random forest contains I trees, formula (4) gives:
N (i
VIM; = 5 Zl VIM;

Finally, all importance scores are normalized to obtain feature importance, as
shown in formula (5):
(norm) VIM;
VIM; = Jij
Zj:1 VIM,;

Feature importance reveals each feature’s impact on prediction results, aiding
feature selection and model optimization.

This study implements the random forest model using Python’s scikit-learn
library, using the most effective feature set from backward stepwise selection as
input, outputting feature importance after prediction, and calculating accuracy.
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2 Retracted Paper Feature Identification

Based on the constructed retracted paper dataset, this section analyzes the
publication years, disciplinary and journal types, and research entities of 1,792
retracted papers, conducting in-depth mining of these features to explore poten-
tial causes of retraction. Specific quantitative analyses are presented below.

2.1.1 Temporal Feature Analysis

Based on the publication years and quantities of retracted papers, we plotted the
annual distribution of retractions. [Figure 1: see original paper| shows that the
earliest retracted paper was published in 1975, with annual retraction records
since 1997. Before 2002, annual retraction numbers were stable at fewer than
4 papers. Since 2002, retraction numbers have grown dramatically, particularly
from 2015-2019, with extremely significant increases peaking at 533 retractions
in 2019. After 2019, retraction numbers show a declining trend, possibly because
papers published after 2019 have shorter publication histories and retractions
exhibit time lags. In summary, retraction publication times are not uniformly
distributed, showing an “upward trend” or “prominent period.” Based on these
temporal differences, we identify publication year as a feature that can help
predict retractions.

2.1.2 Disciplinary Feature Analysis

To examine relative retraction tendencies across disciplines, we constructed a
discipline retraction index (number of retracted papers in a discipline/total pa-
pers published in that discipline) and plotted the disciplinary distribution based
on both retraction numbers and indices. [Figure 2: see original paper] shows
that PubPeer questioned papers involve 21 disciplines. The top three disciplines
with retraction numbers exceeding one-tenth of the total are Clinical Medicine,
Molecular Biology & Genetics, and Pharmacology & Toxicology. Disciplines
with higher retraction indices are primarily Mathematics, Pharmacology & Tox-
icology, Molecular Biology & Genetics, and Clinical Medicine. Three clusters
emerge: Cluster one includes Mathematics, Psychology, and Space Science,
with fewer retractions but higher retraction indices. Mathematics shows the
highest index, with only 31 retracted papers, 18 of which came from the same
journal and were retracted for overlapping with another article. Cluster two
is the “biomedical” group, with high retraction numbers and indices, particu-
larly Pharmacology & Toxicology, Molecular Biology & Genetics, and Clinical
Medicine. This concentration occurs because PubPeer users must have PubMed-
indexed papers to register, and PubMed focuses on biomedicine. Cluster three
comprises remaining disciplines with low retraction numbers and indices. These
disciplinary differences suggest that discipline affiliation can help predict retrac-
tions, making it an important identification feature.
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2.1.3 Journal Feature Analysis

Based on journal IDs (assigned sequentially from 0 by retraction count), retrac-
tion numbers, and cumulative percentages, we plotted the journal distribution.
[Figure 3: see original paper| shows that PubPeer retractions came from 571
journals. Most journals had few retractions: 506 journals (88.6%) had fewer
than 5 retractions, while only 39 journals (6.8%) had more than 10 retractions.
These 39 journals accounted for 1,415 retractions (59.9% of the total). The
top three journals had 191, 159, and 133 retractions respectively. Investigation
revealed that high-retraction journals are primarily “predatory journals” with
large volumes, high fees, and easy acceptance, or a few journals with long-term
lax peer review or regulatory loopholes. This distribution shows significant dif-
ferences, with a few high-retraction journals coexisting with many low-retraction
ones, suggesting that journal identity can help predict retractions.

2.1.4 Institutional Feature Analysis

Based on first author institution IDs (assigned sequentially by retraction count),
retraction numbers, and cumulative percentages, we plotted the institutional
distribution. [Figure 4: see original paper| shows that PubPeer retractions
came from 1,063 institutions. While more widely distributed than journals, the
trend is similar: most institutions had few retractions, with only 27 institutions
(2.5%) having more than 10 retractions. These 27 institutions accounted for 758
retractions (32.1% of the total). High-retraction institutions are primarily med-
ical institutions (university-affiliated hospitals or provincial/military hospitals)
and well-known comprehensive universities. This institutional concentration
suggests that institution identity can help predict retractions.

2.1.5 Author Feature Analysis

We analyzed first authors of retracted papers, plotting the distribution of au-
thors by retraction count, where point (x,y) indicates y authors had x retracted
papers. [Figure 5: see original paper| shows that 1,935 first authors were in-
volved, with 1,771 (91.5%) being “first-time offenders” who had only one re-
traction. One hundred sixty-four scholars had more than one retraction, with
only 17 authors (less than 1%) having four or more retractions. This reveals
two phenomena: widespread “first-time offenders” in terms of author numbers,
but concentration among “repeat offenders” in terms of paper counts. These
differences suggest that author identity is an important feature for identifying
retractions.

2.2.1 Comment Quantity Feature Analysis

Statistical analysis of comment quantities for the 1,792 retracted papers revealed
that only 2 papers had unusually high comment counts (285 and 156 comments)
compared to others (within 30 comments). After removing these outliers, we
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found that retraction comment counts cluster densely around 3, with an aver-
age of 3.32 comments per retracted paper. For comparison, non-retracted ques-
tioned papers averaged 2.56 comments. This difference suggests that higher
comment counts can help predict retractions, making comment quantity an im-
portant feature.

2.2.2 Comment Sentiment Score Feature Analysis

Sentiment analysis of PubPeer comments produced box plots for retracted and
non-retracted papers, where higher sentiment scores indicate more negative emo-
tions. [Figure 6: see original paper| shows that retracted papers had sentiment
scores in [0.7626, 0.9998], while non-retracted papers scored in [0.5057, 0.9998].
The intervals differ significantly, with retracted papers showing higher overall
sentiment scores and more negative questioning comments. Papers with senti-
ment scores below 0.76 are less likely to be retracted. Tracking sentiment scores
can provide early warnings, making comment sentiment an important feature.

2.3.1 PubCancel Model Construction

Sections 2.1 and 2.2 identified 11 features characterizing retracted papers. We
constructed the PubCancel model to analyze these features, obtain importance
rankings, and conduct accuracy tests. The model workflow has two parts, shown
in [Figure 7: see original paper].

Part One: Backward stepwise selection validates and selects features based
on input features and the dependent variable (whether a paper is retracted),
identifying the most informative feature subset.

Part Two: Random forest model produces importance rankings for the selected
feature subset and conducts accuracy tests, training a classifier to identify re-
traction status for new papers.

2.3.2 Feature Mining

Based on the above feature analysis, we mined 11 feature variables for retracted
papers. The results show that using 5 features yields 98.27% accuracy, while
using all 11 features yields 98.24%—nearly identical. However, comparing recall
rates reveals 95.27% for the 5-feature model versus 96.36% for the full model.
Given our research goal of comprehensively identifying retracted papers, we
selected the full 11-variable model. This confirms that the most effective feature
subset contains all 11 variables, validating our mined features.

2.3.3 Feature Importance Analysis

Based on the selected features, we used random forest to determine impor-
tance. With 11 predictors, we set m=3 (approximately y11). We converted
128-dimensional vectors into numpy arrays and saved them in the dataset. The
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total dataset of 10,229 papers (1,792 retracted and 8,437 non-retracted) was ran-
domly split into 10 parts, with a 7:3 training-testing ratio. The trained random
forest classifier produced the importance rankings shown in .

** Feature Importance Ranking**

The top 6 features all relate to discipline, institution, and journal, indicating
these three factors are most important for identifying retractions, reflecting aca-
demic attention to these entities. The year of last comment has low importance
(0.01418784), likely because it only reflects the most recent comment time rather
than comprehensive comment patterns. Comment quantity also shows low im-
portance, suggesting retractions relate more to comment content and quality
than quantity. Comment sentiment score is the least important feature, indicat-
ing weak predictive power—perhaps because PubPeer comments are inherently
negative, making specific content more influential than sentiment. Though less
important, these features still contribute to prediction, requiring consideration
of multiple features rather than relying on any single one.

2.3.4 Accuracy Testing

Using the feature division from 2.3.2, we trained a random forest classifier based
on feature importance. Output metrics include overall accuracy, retraction recall
(for retraction status=1), and non-retraction recall (for status=0), achieving
98.24%, 96.36%, and 98.65% respectively. The PubCancel model demonstrates
high accuracy (98.24%) with high retraction recall (96.36%), capturing most
retracted papers, and high non-retraction recall (98.65%), correctly predicting
non-retracted status. The model performs well on both metrics, providing a
viable solution for retraction status prediction.

3.1 Conclusions

Based on PubPeer data, this study collected information on questioned papers
from an open platform, mining features including publication year, discipline,
journal, institution, author, comment count, sentiment score, and last comment
year to reveal characteristics of retracted papers among questioned ones. Using
random forest, we built the PubCancel model to rank feature importance and
predict retraction status. Results demonstrate that the identified natural and
comment features are effective, improving prediction performance and proving
the validity and feasibility of this new feature combination.

3.2.1 Journal Perspective

Since retracted papers concentrate in a few high-retraction journals and
many low-retraction ones, implications for journals have two angles. For
high-retraction journals: strengthen internal quality control and review rigor
to improve publication quality. First, enhance pre-publication supervision: (1)
implement plagiarism detection during initial review, potentially using large
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model technology to examine text, images, and data; (2) improve peer review
quality through double-blind or multiple reviews; (3) strengthen final editorial
review by requiring authors to submit code, data sources, and original figures
to verify originality. Second, strengthen post-publication review to reduce
retraction lag: (1) encourage data and code sharing to enable verification
and reduce fraud risk; (2) establish academic early warning mechanisms using
platforms like PubPeer to track and verify questioned papers promptly; (3)
establish sound retraction procedures with accountability for authors, review-
ers, and editors. For low-retraction journals: maintain review standards and
quality to enhance reputation, (1) promptly address problematic papers and
issue standardized retraction notices as examples and warnings; (2) strengthen
collaboration with academic institutions through conferences and special issues
to attract high-quality papers.

3.2.2 Institutional Perspective

Since retracted papers mainly come from well-known comprehensive universities
and medical institutions (university-affiliated hospitals or provincial/military
hospitals), institutional implications have two angles. For multi-disciplinary in-
stitutions like comprehensive universities: (1) strengthen research ethics educa-
tion to improve integrity awareness among students and faculty; (2) raise paper
quality standards with stricter requirements and penalties for non-compliance;
(3) promote interdisciplinary exchange to enhance research complementarity
and innovation. For specialized institutions including medical schools, research
institutes, and hospitals: (1) increase investment in human, material, and fi-
nancial resources to strengthen discipline construction and talent development;
(2) promote academic cooperation to enhance research quality and impact; (3)
strengthen paper writing standards through training by experts; (4) enhance re-
search ethics education through case demonstrations to improve integrity aware-
ness and reduce retraction risk.

As technology, information technology, and Al develop rapidly, retraction in-
cidents increase. Retracted papers exhibit characteristic patterns in natural
attributes (temporal, disciplinary, journal, institutional, author) and comment
attributes (quantity, sentiment). Deep learning models can better identify these
features to warn against academic misconduct. This study proposes targeted
recommendations from journal and institutional perspectives to detect prob-
lematic papers more timely and effectively, maintaining research integrity and
purifying the academic environment.

Limitations include: (1) dataset constraints and subjective indicator selection,
such as not considering factors like author background or funding that may
affect retraction status; (2) platform data limitations preventing dynamic real-
time detection models. Future research should: (1) combine PubPeer questioned
paper data with retraction notices to deeply analyze retraction reasons and
propose more targeted recommendations; (2) collect retraction features from
multiple platforms to build an academic paper risk detection platform for timely
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