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Citation Selectivity in Retraction Literature: A Large-Scale
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Abstract

The advancement of digital libraries and scholarly networks has
enabled systematic scrutiny of scholarly work, including the iden-
tification and correction of its failures. Among these corrective
mechanisms, retraction has been established as a safeguard for flag-
ging flawed or fraudulent publications that may severely threaten
the integrity of published literature and erode public trust in re-
search findings. Existing retraction studies primarily focus on the
reliability of a paper’s own findings and offer little insight into how
the paper engages with the literature it draws on. In this paper,
we investigate the referencing behavior of retracted papers and
formulate citation selectivity as a novel research problem theoreti-
cally grounded in motivated reasoning, where authors who shape
evidence to align with a desired conclusion may curate reference
lists that echo their own claims while under-citing equally relevant
but less convenient work. To measure such selectivity, we intro-
duce reference selectivity score to compare how closely a paper’s
cited references align with its content, against an independently
constructed pool of expected references. We construct a large-scale
dataset of 42,330 matched pairs of retracted and control papers to
characterize and compare citation selectivity of retracted papers
against their non-retracted counterparts. Evaluation results show
that retracted papers exhibit significant higher citation selectivity
than their matched controls. Further analyses reveal that the effect
holds across all major disciplines, stronger for papers retracted with
misconduct-related reasons, and has widened over the past two
decades.
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1 Introduction

The advancement of digital libraries and scholarly networks has
transformed how the scientific community discovers, tracks, and
reasons about scholarly work at scale [29, 36]. These infrastruc-
tures not only accelerate scientific discovery but also enable sys-
tematic scrutiny of the literature itself, including the identification
and correction of its failures. Among these failures, research mis-
conduct and irresponsible research practices, such as fabrication,
falsification, and plagiarism, have become a growing concern in
the scientific community [47]. Such behaviors severely threaten
the integrity of published literature and erode public trust in re-
search findings [26]. To mitigate these issues, retraction has been
established as a safeguard mechanism through which authors, jour-
nals, and institutions can flag and withdraw publications found
to be flawed, fraudulent, or otherwise unreliable [11, 15]. While
retraction serves as an important corrective mechanism for sci-
entific literature, it primarily addresses the reliability of a paper’s
own findings, and offers little insight into how the paper engages
with the related literature it draws on. In this paper, we investigate
the citation behavior of retracted papers and examine whether re-
tracted papers exhibit distinct patterns of citation selectivity against
comparable non-retracted work.

Existing studies of retraction have mainly focused on inves-
tigating the reasons for retraction and post-retraction influence
on literature [44, 48]. In particular, meta-level bibliometric indica-
tors, such as citation counts [24], author productivity [49], journal
prestige [2], and self-citation rates [37], have been widely adopted
to characterize retracted papers and to track how the scientific
community continues to engage with them after retraction. While
informative, these indicators are often agnostic of the paper con-
tent and ignore how an author selects, engages with, and situates
their work within prior literature [30]. It remains unclear whether
the same underlying behaviors that lead to a paper’s retraction
also leave a detectable trace in how that paper was written, more
importantly, in how selectively it cited the literature relevant to it.

Our work is motivated by the phenomenon that a substantial
body of work on research misconduct frames fabrication and falsi-
fication as extreme manifestations of motivated reasoning where
researchers, whether deliberately or not, shape evidence to align
with a desired conclusion [25, 31]. We hypothesize that the same
tendency extends beyond the manipulation of data to the curation
of a retracted paper’s reference list. Under this view, an author
engaged in motivated reasoning would be inclined to cite literature
that corroborates their claims while under-citing equally relevant
but less convenient work, such as foundational studies, adjacent
findings, or results that complicate or contradict their own [13].
As such, the reference list of such a compromised publication (e.g.,
retracted paper) should look less like a representative sample of its
intellectual neighborhood and more like an echo of the paper itself.
We refer to this pattern as citation selectivity.
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Figure 1: Overview of citation selectivity analysis

Figure 1 shows an overview of the citation selectivity analysis.
Given a focal paper (e.g., retracted or control paper), we consider
two sets of references: 1) cited references, the works a paper actu-
ally cites, and 2) expected references, a representative sample of the
paper’s broader intellectual neighborhood (e.g., foundational work,
and work reporting limitations or contradictions) constructed inde-
pendently of the paper’s own references. As shown in Figure 1a,
if a retracted paper cherry-picks its citations, its cited references
should cluster closer to the paper itself than the full set of expected
references, leaving foundational work and limitations underrep-
resented. In contrast, Figure 1b illustrates the pattern we would
expect for a non-retracted control paper, whose cited references
are more evenly distributed across its intellectual neighborhood.

To examine whether retracted papers exhibit citation selectivity,
we introduce the reference selectivity score, which quantifies cita-
tion selectivity as the difference between how closely a paper’s cited
references align with its content and how closely its expected ref-
erences align with its content. We construct a large-scale, matched
dataset of retracted papers and non-retracted control papers with
42,330 papers in each group. Evaluation results show that retracted
papers exhibit significantly higher citation selectivity than their
matched controls across all three embedding models, with the effect
consistent across disciplines, strongest among papers retracted with
misconduct-related reasons, and widening over time. We envision
that our work provides a new lens for content-aware integrity anal-
ysis in digital libraries toward understanding citation behaviors.

We summarize the key contributions of this work as follows:

e We formulate citation selectivity in retraction literature as
anovel research problem grounded in motivated reasoning,
extending digital libraries’ role from tracking retractions
to detecting selective citation behavior.

e We introduce reference selectivity score, a content-aware
metric that quantifies how much more semantically aligned
a paper’s cited references are with the paper itself than with
an independently constructed expected reference pool.

e We construct a large-scale dataset with matched retracted
and control papers, to be released to support future research
on scholarly integrity in the digital library community.

o Evaluation results show that retracted papers exhibit signifi-
cantly higher citation selectivity than the matched controls.

Anon.

2 Related Work

2.1 Research Misconduct and Retraction

Research misconduct, as defined by the Office of Science and Tech-
nology Policy (OSTP), encompasses fabrication, falsification, and
plagiarism (FFP), as well as other questionable research practices
that compromise the integrity of scientific literature [34, 46]. To pre-
serve the integrity of scientific literature, publishers employ retrac-
tions to formally notify the scientific community when published
findings are deemed unreliable [4, 16]. Recent data show an overall
increase in retraction rates over the past two decades, highlighting
the importance of understanding trends and developments in re-
traction research [17]. A substantial amount of work characterizes
retracted papers through meta-level bibliometric analysis, including
citation counts [24], author productivity [49], journal ranking [2],
self-citation patterns [37], and temporal [1] and disciplinary char-
acteristics [48]. Other studies examine the retraction process itself,
documenting the limited transparency of retraction notices [38],
the prevalence of misconduct among retraction causes [20], and the
continued citation of papers after retraction [46]. However, existing
work primarily focuses on properties of retracted papers as a whole
or on post-retraction engagement. The citation behavior within a
paper, namely how it selects and situates itself in prior literature,
remains largely unexamined.

2.2 Motivated Reasoning in Science

Our work draws on the theory of motivated reasoning, which refers
to the tendency of individuals to process and select evidence in
ways that favor a desired conclusion rather than accuracy [25].
Kunda’s foundational work shows that directional goals bias the
beliefs and evidence that people access and treat as relevant [25]. In
the scientific domain, motivated reasoning has been studied primar-
ily on the side of evidence consumption, e.g., how prior attitudes
shape the acceptance or rejection of scientific consensus [31]. On
the production side, a line of work frames research misconduct as
an extreme manifestation of motivated cognition. Nosek et al. [28]
argue that professional incentives produce motivated reasoning
whose extreme form is the fabrication or alteration of results, and
empirical analyses of misconduct cases document thinking errors
[12] and rationalizations [9] among researchers found to have fab-
ricated or falsified data. However, whether motivated reasoning
shapes how authors engage with related literature remains largely
unexplored [27]. In this work, we introduce a measure of citation
selectivity to empirically examine whether motivated reasoning
leaves a detectable pattern in the reference lists of retracted papers.

2.3 Citation Behavior and Reference Analysis

Our work also contributes to the broader study of citation behavior
and biases in reference selection. Prior research has investigated
citation bias, the tendency to preferentially cite studies with posi-
tive or supportive results [7, 14, 39]. For example, Greenberg [19]
showed how selective citation can create unfounded authority for
a claim in a biomedical citation network. Urlings et al. [42] con-
firmed that positive results are cited substantially more often than
negative ones. Beyond bias toward outcomes, citation studies have
examined self-citation [21, 22], perfunctory citation [5], and the
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rhetorical functions that references serve [40]. However, existing
studies often characterize citation bias within a single claim net-
work or discipline, and assess bias against the outcomes of citable
studies rather than against what a paper could plausibly have cited
[14, 32]. In contrast, our work quantifies citation selectivity at the
level of an individual paper’s reference list by comparing it against
an independently constructed expected reference pool, and evaluate
this measure across disciplines and retraction reasons at scale.

3 Data

In this section, we describe the dataset we collected to support
our analysis of citation selectivity in retracted and non-retracted
papers. We first construct two groups of papers, namely a retraction
group and a control group, to enable a systematic comparison of
citation behavior across these two groups. For each focal paper in
both groups, we retrieve its actual reference list and construct its
expected reference pool. We show an overview of the data collection
pipeline in Figure 2 and elaborate on each step below.

Retra.cti%l -_— - -— Retracti
T 5/ oo o - etraction
Watch » - '.Q '-Q Group
Each record: - - i
. DpoI e ! Y =
T3 i Non-retracted paper from the 1 =
itle 1 y Ji !
. Author 1 : same ?/e_n_Lie__y_ear |'ssueI B
. v H H H
: ear 3 3 T
Control
Retraction Q Q oo Q Group
Database
(a) Paper retrieval
S OpenAlex Paper Abstract
\p
Q Semantic Scholar @ @ eee @
—_—
Focal Bibliographic
Paper Databases Cited References
(Retraction
or Control
Group) s CONNECTED
@® ° PAPERS oeoe
Literature Expected References

Exploration Tool

(b) Reference retrieval

Figure 2: Data collection pipeline

3.1 Paper Retrieval

3.1.1 Retraction Group. As illustrated in Figure 2a, we first retrieve
a list of historically retracted papers from the Retraction Watch
Database [41], a comprehensive and continuously updated reposi-
tory that tracks retractions across scholarly disciplines. As of 2026,
the database comprises over 70,000 retraction records, each anno-
tated with metadata such as the Digital Object Identifier (DOI), title,
authors and affiliations, retraction reason and date, and original
publication venue. We use this database to identify retracted papers,
defined as follows.

JCDL’26, October 13-16, 2026, Dallas, TX

DEeFINITION 1. Retracted Paper: A retracted paper is a schol-
arly publication that has been formally withdrawn from the sci-
entific record by its authors, editors, or publisher, typically due
to research misconduct, data fabrication, plagiarism, or honest er-
ror [38]. We denote a retracted paper as p”. The retraction group
R ={p], pys ... Py} is the set of all valid retracted papers in our
dataset, where N is the total number of retracted papers.

3.1.2  Control Group. To enable a fair comparison, we construct
a matched control group by sampling one non-retracted paper for
each retracted paper from the same venue (e.g., journal or con-
ference proceeding), publication year, and discipline/field. This
matching strategy controls for field-specific and temporal citation
norms that may otherwise confound the comparison [1]. Formally,
we define a control paper as follows.

DEFINITION 2. Control Paper: A control paper refers to a
non-retracted scholarly publication matched to a retracted paper
p" based on publication year, discipline, and venue, serving as a
baseline for comparing citation selectivity. We denote a control
paper as p°. The control group C = {p{,p5,...,p%} is the set of
all control papers in our dataset, where N is the total number of
control papers.

The retraction group and control group form the complete set of
focal papers ¥ = R U C, comprising 2N papers in total. For each
focal paper p € ¥, we subsequently retrieve its actual reference
list and construct its expected reference pool, as described in the
following subsection.

3.2 Reference Retrieval

For each focal paper p € ¥, we retrieve two types of references: 1)
the cited references actually cited in the paper, and 2) the expected
references representing the broader intellectual neighborhood of
the paper. As shown in Figure 2b, the reference retrieval process
consists of two steps, described as follows.

3.2.1 Cited Reference. We retrieve the cited reference (i.e., the
works actually cited in the paper) of each focal paper p € ¥ using
the Semantic Scholar Academic Graph API [23]}, an open academic
knowledge graph that provides structured metadata and reference
lists for over 200 million scholarly works. For each focal paper,
we query the API using its DOI or title, and extract the full list of
cited references. In cases where Semantic Scholar fails to retrieve
a reference list, we complement the retrieval using the OpenAlex
API [33]2, an open bibliographic catalogue that indexes over 250
million scholarly works. We denote the actual reference list of a
focal paper p as A(p) = {a1, az, .. - Ak, }, where kp is the number
of references cited by p. Papers for which a reference list could not
be retrieved from either source are excluded from .

3.2.2  Expected Reference. To construct the expected reference pool
for each focal paper, we leverage a literature exploration tool to iden-
tify works that are intellectually related to the focal paper but may
not have been directly cited by it. In particular, we use Connected
Papers®, a literature exploration tool that identifies intellectually

Uhttps://www.semanticscholar.org/product/api
2https://developers.openalex.org/
3https://www.connectedpapers.com

291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
334
335
336
337
339
340
341
342
343
344
345
346
347
348


https://www.semanticscholar.org/product/api
https://developers.openalex.org/
https://www.connectedpapers.com

359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406

JCDL’26, October 13-16, 2026, Dallas, TX

related works based on a graph-based similarity measurement algo-
rithm. Unlike a citation tree, Connected Papers surfaces works that
share an intellectual context with the focal paper without requiring
a direct citation relationship, which makes it suitable for identifying
the expected reference pool against which actual citation behav-
ior is compared. For each focal paper p € F, we retrieve the set
of papers returned by Connected Papers and denote the expected
reference pool as E(p) = {e1, ez, . .., em, }, where my, is the size of
the expected reference pool.

3.3 Dataset Summary

3.3.1 Preprocessing. Starting from retraction records in the Re-
traction Watch Database as of May 20, 2026, we apply a series of
filtering steps to obtain the final dataset. We first remove duplicated
entries and exclude papers without a retrievable DOI or without
an index entry in either Semantic Scholar or OpenAlex. We further
remove papers with invalid abstracts, including non-English ab-
stracts, abstracts fewer than 50 characters in length, and abstracts
containing only retraction notice instead of the original paper ab-
stract. Additionally, we exclude papers for which a reference list
could not be retrieved (k;, = 0) or for which Connected Papers
returned an empty expected reference pool (m, = 0). After filtering,
the retraction group R and the control group C comprise the same
number of 42,330 focal papers.

3.3.2 Summary. We summarize the statistics of the preprocessed
dataset in Table 1. On average, each focal retracted paper has 34.63
cited references and 39.80 expected references in its pool, with an
average overlap of |[A(p)NE(p)| = 2.77 papers between the two sets
of references. The control group shows a comparable profile with
an average of 48.74 cited references, 39.90 expected references, and
an overlap of 3.37, which suggests that the expected reference pool
is largely disjoint from what papers actually cite and thus provides
an independent baseline against which citation behavior can be
assessed. Notably, retracted papers cite fewer references on average
than controls (34.63 vs. 48.74) and we examine this as a potential
confounder in Section 5.6. Additionally, we report the self-citation
rate, defined as the fraction of a focal paper’s cited references that
share at least one author with the focal paper itself. On average,
retracted papers exhibit a substantially higher self-citation rate
than control papers (3.5% vs. 0.4%).

Figure 3 summarizes the most common stated reasons for retrac-
tion across the dataset, with “investigation by journal/publisher”,
“concerns about peer review”, and “unreliable results or conclusions”
among the most frequently cited categories. Figure 4 further shows
the distribution of the retraction group across academic disciplines,
where “Medicine”, “Biology”, and “Technology” account for the
largest number of retracted papers in the dataset, consistent with
prior reports on the disciplinary distribution of retractions [48].
Figure 5 shows the distribution of retracted papers by publication
year and retraction year. Both curves remain low until the early
2000s and grow sharply thereafter, consistent with the reported
acceleration of retractions over the past two decades [17]. The
retraction-year curve trails the publication-year curve, reflecting
the delay between publication and retraction. Note that the drop
at the right end is an artifact of incomplete data for recent years
rather than an actual decline.

Anon.
Table 1: Dataset Summary

Retraction  Control
Number of papers 42,330 42,330
Publication year range 1940-2026  1940-2026
Number of disciplines 130 =*
Avg, cited reference count (k) 34.63 48.74
Avg. expected reference count (m,) 39.80 39.90
Avg. overlap |A(p) N E(p)] 2.77 3.37
Avg. self-citation rate 3.5% 0.4%

" Discipline annotations are unavailable for control papers, as these labels
originate from the Retraction Watch Database and are assigned only to
retracted publications.

Investigation by Journal/Publisher
Concerns/Issues about Peer Review

Unreliable Results and/or Conclusions
Investigation by Third Party

Concerns/Issues about Data

Concerns/Issues about Referencing/Attributions
Paper Mill

Concerns/Issues about Results and/or Conclusions
Computer-Aided or Computer-Generated Content
Other

Duplication of/in Image

Date of Article and/or Notice Unknown
Falsification/Fabrication

Investigation by Company/Institution
Concerns/Issues about Image

0 5000 10000 15000 20000
Number of Retracted Papers

Figure 3: Distribution of retracted papers across the top 15
reasons for retraction. Papers may cite multiple reasons for
retraction.

4 Methodology

In this section, we describe our methodology for measuring and
comparing citation selectivity among papers in the retraction group
and control group. An overview of the proposed methodology is
shown in Figure 6. We first encode all focal papers and their actual
and expected references into latent vector representation. We then
compute the pairwise semantic similarity between each focal pa-
per and its cited references and expected references. Based on the
average similarity scores, we derive the reference selectivity score
for each focal paper, which quantifies the degree to which a focal
paper’s cited references are more semantically aligned with itself
than its expected references. Finally, we compare the reference
selectivity scores across the retraction group and control group
and assess whether retracted papers exhibit systematically higher
citation selectivity than their matched controls.
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Figure 4: Distribution of retracted papers across the top 15
disciplines by retraction count. Papers may be classified un-
der multiple disciplines.
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Figure 5: Distribution of retracted papers by publication and
retraction year.

4.1 Latent Paper Representation

To measure the semantic similarity between a focal paper and its
references, we represent each paper as a dense vector using a pre-
trained language model (PLM). A language model is build on the
Transformer architecture [43] and pre-trained on large corpora
of text to produce dense vector representations that capture the
semantic meaning of the input text. In particular, we consider the
following three state-of-the-art pre-trained models to learn the la-
tent representation of an input paper (i.e., focal paper or reference).

o SciBERT [3]: SciBERT is a BERT-based [10] language model
pre-trained on a large corpus of scientific text spanning
multiple disciplines to capture domain-specific semantic
relationships between scientific concepts. We use the [CLS]
token embedding of the abstract as the latent representation
of an input paper.

JCDL’26, October 13-16, 2026, Dallas, TX

e MiniLM [45]: MiniLM is a lightweight and computation-
ally efficient language model distilled from a larger pre-
trained Transformer-based model to produce high-quality
text embeddings. We use the average pooling of the token
embeddings of the abstract to encode an input paper.

¢ Qwen3-Embedding [50]: Qwen3-Embedding is a decoder-
only language model trained via large-scale contrastive
learning to produce general-purpose text embeddings. We
use the last-token embedding of the abstract as the latent
representation of an input paper.

All three models are used to encode all focal papers and their
references to minimize bias introduced by the choice of language
model. A detailed comparison of results across both models is pre-
sented in Section 5. In particular, we denote the latent represen-
tation of a retracted paper p” € R and a control paper p¢ € C as
p" € R? and p¢ € RY, respectively, where d is the embedding di-
mension of the chosen model (i.e., d = 768 for SciBERT, d = 384 for
MiniLM, d = 1024 for Qwen-Embedding). Similarly, the latent repre-
sentations of a cited reference a; € A(p) and an expected reference
ej € E(p) are denoted as @; € R? and €; € RY, respectively.

4.2 Reference Similarity

Given the latent representation p of a focal paper p € ¥, we com-
pute its average similarity to its cited references A(p) and expected
references &(p). In particular, we adopt the cosine similarity as the
similarity measure between a focal paper p and a reference paper
ri € A(p) U E(p). Formally, the reference similarity is computed
as:
cos(p,i) = b 60
[pll - 117l
The actual reference similarity between a focal paper p €
and its cited references A(p) is then computed as the mean cosine
similarity across all k, cited references:

kp
1 > o
sa(p) = 1 ) cos(p. ) @
i=1
where k, = |A(p)| is the cited reference count of focal paper p.
Similarly, the expected reference similarity between a focal paper
p and its expected references E(p) is computed as the mean cosine

similarity across all m, expected references:

1 &
sg(p) = — ) cos(p,€)) 3)
where m;, = |E(p)| is the size of the expected reference pool of
focal paper p.

4.3 Citation Selectivity Measurement

Building on the actual and expected reference similarities defined
in Equations 2 and 3, we now define the reference selectivity score
d(p) for each focal paper p € . Intuitively, if a focal paper cherry-
picks its references, its cited references should be more semantically
similar to itself than its expected references, resulting in a higher
sz (p) relative to sg (p). We formally define the reference selectivity
score as follows.
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Figure 6: Overview of methodology

DErFINITION 3. Reference Selectivity Score: The reference
selectivity score 6(p) of a focal paper p € F is the difference be-
tween its cited reference similarity s (p) and its expected reference
similarity sg(p):

3(p) =sa(p) —ss(p) 4)
A positive 5(p) indicates that the focal paper’s cited references are
on average more semantically similar to itself than its expected
references, suggesting selective citation behavior. A negative §(p)
indicates the opposite, i.e., the cited references are less topically
aligned with the focal paper than the expected reference pool.

For each retracted paper p” € R and its matched control paper
p¢ € C, we compute §(p") and §(p°), yielding two sets of reference
selectivity scores:

"={6(p") I p" eR} O
={6(r°) I p° € C} (6)
where A" and A€ are the sets of reference selectivity scores for the
retraction group and control group, respectively. These scores form

the basis for the statistical comparison described in the following
subsection.

4.4 Statistical Testing

To determine whether retracted papers exhibit systematically higher
citation selectivity than their matched control papers, we perform a
paired t-test [35] on the reference selectivity scores A” and A€. The
paired t-test is appropriate here as each retracted paper p” € R is
matched to exactly one control paper p¢ € C by venue and publica-
tion year, forming N matched pairs {(p], p; )}N For each matched
pair, we compute the difference in reference selectivity scores:

A =8(p))-6(pf), i=12...,N ™)

The paired t-test then assesses whether the mean difference A

is significantly greater than zero. Formally, we test the following
one-tailed hypotheses:

HO CHA = 0 (8)

Hl HA > 0 (9)

where pp is the population mean of A;. Hy states that there is

no difference in citation selectivity between retracted and control

papers, while H; states that retracted papers exhibit higher citation
selectivity than their matched controls, consistent with cherry-
picking behavior.

The t-statistic is computed as:

_ A
sa/VN

where A = & SN, A; is the mean difference in reference selectivity
scores, sp is the standard deviation of A;, and N is the number of
matched pairs. We reject Hy in favor of H; if the p-value is below
a significance threshold of @ = 0.05. A statistically significant
result would indicate that retracted papers exhibit systematically
higher citation selectivity than their matched controls, providing
computational evidence of selective citation behavior in retracted
literature.

(10)

5 Results

We conduct extensive experiments to study citation selectivity in
retraction literature. We organize our analysis around five research
questions, addressed in Sections 5.2 to 5.6, respectively:

e ROQ1: Do retracted papers exhibit systematically higher ci-
tation selectivity than their matched non-retracted control
papers?

e RQ2: Does the degree of citation selectivity vary with the
stated retraction reason?

e RQ3: Does the degree of citation selectivity in retracted
papers vary across academic disciplines?

e RQ4: Has the degree of citation selectivity in retracted
papers changed over time?

e RQ5: Is the observed citation selectivity robust to potential
confounding factors (i.e., self-citation rate, cited reference
count)?

5.1 Experimental Setup

Our experiments* are conducted on the preprocessed dataset de-
scribed in Section 3, including 42,330 retracted papers and the same

40ur code and dataset (with papers identified by DOI, in accordance with source
licensing terms) will be made publicly available upon acceptance of the paper.
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Figure 7: Distribution of reference selectivity score (p).

number of matched papers in the control group. We encode the ab-
stract of each focal paper, along with those of its cited and expected
references, into latent representations using the three pre-trained
language models described in Section 4.1. Specifically, we use the
open-source checkpoints allenai/scibert_scivocab_uncased,
sentence-transformers/all-MinilLM-L6-v2, and Qwen/Qwen3-
Embedding-0.6B for SciBERT, MiniLM, and Qwen3-Embedding,
respectively. Abstracts are truncated to each model’s maximum
input length, i.e., 512, 256, and 32,768 tokens for SciBERT, MiniLM,
and Qwen3-Embedding, respectively. The output embedding di-
mension for SciBERT, MiniLM, and Qwen3-Embedding are 768, 384,
and 1024, respectively. All experiments are implemented in Python
using PyTorch v2.9.0, and executed on Ubuntu 24.04.1 with four
Nvidia 6000 Ada GPUs.

5.2 Reference Selectivity (RQ1)

We first study whether retracted papers exhibit systematically
higher reference selectivity than their matched non-retracted con-
trol papers. We compute the reference selectivity scores §(p") and
O(p°) for every retracted focal paper p” € R and their matched
control paper p° € C. We then perform the one-tailed paired t-test
described in Section 4.4 over all the matched pairs, with significance
threshold a = 0.05. We additionally report Cohen’s d [18] as a mea-
sure of effect size. Table 2 reports the reference selectivity score
statistics for the retraction group R and the control group C across
the three embedding models. We observe that the retraction group
exhibits a significantly higher mean reference selectivity score than
the control group across all three embedding models (p < 0.001),
with small-to-moderate effect sizes, i.e., Cohen’s d = 0.226, 0.339,
and 0.373 for SciBERT, MiniLM, and Qwen3, respectively. The gap
between group means is smallest under SciBERT (—0.032 vs. —0.049)
and larger under MiniLM (0.006 vs. —0.060) and Qwen3 (—0.003
vs. —0.055). Recall from Definition 3 that a higher §(p), whether
positive or less negative, indicates that a paper’s cited references
align more closely with the paper itself relative to its expected
reference pool. Thus, the reference lists of retracted papers consis-
tently echo the paper itself more closely than those of their matched
controls. Figure 7 shows the distribution of §(p) for both groups
across the three embedding models. While the two distributions

overlap substantially, the retraction group’s distribution is consis-
tently shifted to the right of the control group’s and consequently
reflects stronger citation selectivity in the retraction group.

Table 2: Reference selectivity score §(p) comparison between
the retraction group R and control group C. *** denotes p <
0.001.

Model Metric Retraction Control p-value

Mean 8(p) -0.032 -0.049  <0.001***
) Std §(p) 0.060 0.060 -
SABERT ) fedian 6(p) -0.026 -0.044 -
Cohen’s d 0.226 -

Mean §(p) 0.006 -0.060  <0.001***
- Std 5(p) 0.131 0.162 -
MinikM ) fedian 5(p) -0.016 -0.054 -
Cohen’s d 0.339 -

Mean 5(p) -0.003 -0.055  <0.001***
Std 5(p) 0.096 0.115 -
Qwen3  \fedian 8(p) -0.018 -0.050 -
Cohen’s d 0.373 -

5.3 Retraction Reason Analysis (RQ2)

Next, we investigate whether reference selectivity varies with the
stated reason for retraction. Since fabrication and falsification are
commonly framed as extreme manifestations of motivated reason-
ing (Section 1), we would expect papers retracted for misconduct-
related reasons to exhibit stronger citation selectivity than papers
retracted for honest error or administrative reasons. Following the
reason taxonomy of the Retraction Watch Database, we compute
the mean reference selectivity score §(p) within each reason cate-
gory and compare it against the corresponding matched controls.
Figure 8 presents the results for the top-15 most common re-
traction reasons in the dataset (a paper may cite multiple reasons).
We observe that the retraction group exhibits a higher mean §(p)
than the corresponding controls across nearly all of the top-15 re-
traction reasons and all three embedding models. Consistent with
the motivated reasoning account, the gap is most pronounced for
misconduct-related categories such as “paper mill” and “computer-
aided or computer-generated content”, where the retraction group’s
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Figure 8: Mean reference selectivity score §(p) by retraction
reason for the retraction group R and control group C.

mean J(p) is even positive under MiniLM and Qwen3-Embedding,
indicating strongly self-echoing reference lists. In contrast, the gap
is smaller for categories more associated with administrative or pro-
cedural causes, such as “objections by author(s)” and “investigation
by company/institution”.

Anon.

5.4 Cross-Discipline Comparison (RQ3)

We further examine whether the degree of reference selectivity
in retracted papers varies across academic disciplines. Using the
discipline annotations from the Retraction Watch Database, we
group retracted papers by discipline and compare the mean ref-
erence selectivity score dp of each discipline’s retracted papers
against their matched controls. As a paper may be classified under
multiple disciplines, it contributes to every discipline it was anno-
tated with. Table 3 reports the mean reference selectivity scores
for the top-15 most represented disciplines in our dataset, along
with the p-value of the paired t-test within each discipline. The
retraction group exhibits a significantly higher mean §(p) than its
matched controls in all 15 disciplines across all three embedding
models (p < 0.001), indicating that citation selectivity in retracted
papers is a cross-disciplinary phenomenon rather than an artifact
of a few retraction-heavy fields. However, the magnitude of the gap
varies across disciplines. It is largest in technology- and application-
oriented fields (e.g., Technology, Computer Science, Engineering)
where the retraction group’s mean §(p) even turns positive under
MiniLM and Qwen3-Embedding. In contrast, the gap is smaller in
biomedical disciplines (e.g., Medicine, Biology, Genetics), where
both groups remain below the expected-reference baseline.

5.5 Temporal Analysis (RQ4)

We also examine whether the degree of reference selectivity in re-
tracted papers has changed over time. For each publication year, we
compute the mean reference selectivity score dp of retracted papers
and control papers published in that year. Papers published before
1980 were dropped from the analysis due to the insufficient num-
ber of retracted papers per year, which yields unstable estimates.
Figure 9 plots the mean reference selectivity score §p over time for
both groups, with shaded bands denoting +1 standard error. We
observe that the retraction group maintains a consistently higher
mean J(p) than the control group across nearly the entire studied
period under all three embedding models. The gap is modest and
noisier before 2000, where wider standard-error bands reflect the
small number of retracted papers per year (Figure 5) and becomes
clearly pronounced after 2000. Notably, the widening gap is driven
primarily by a decline in the control group’s mean §(p), while the
retraction group remains comparatively stable. This post-2000 di-
vergence coincides with the sharp growth of retractions shown
in Figure 5 and the documented rise of large-scale misconduct,
such as paper mills [8] and computer-aided or computer-generated
content [6], consistent with our reason-level analysis in Section 5.3.

5.6 Robustness Analysis (RQ5)

Finally, we examine whether the observed difference in reference
selectivity between the retraction group and the control group can
be attributed to confounding factors rather than selective citation
behavior. We consider two potential confounders suggested by the
dataset statistics in Table 1, including self-citation rate and cited
reference count.

5.6.1 Self-Citation Rate. As shown in Table 1, retracted papers
exhibit a substantially higher average self-citation rate (defined in
Section 3.3.2) than control papers (3.5% vs. 0.4%). As self-citations
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Table 3: Mean reference selectivity score 5(p) by discipline. *** denotes p < 0.001.

SciBERT MinilM Qwen3-Embedding

Discipline Retraction Control p-value Retraction Control p-value Retraction Control p-value
Medicine -0.034 -0.050 <0.001*** -0.008 -0.085 <0.001*** -0.014 -0.068 <0.001***
Biology -0.046 -0.057 <0.001*** -0.031 -0.098 <0.001*** -0.030 -0.076 <0.001***
Technology -0.026 -0.044 <0.001*** 0.048 -0.012 <0.001*** 0.025 -0.025 <0.001***
Genetics -0.051 -0.060 <0.001*** -0.032 -0.088 <0.001*** -0.034 -0.071 <0.001***
Biochemistry -0.044 -0.056 <0.001*** -0.026 -0.096 <0.001*** -0.023 -0.075 <0.001**
Computer Science -0.022 -0.042 <0.001*** 0.048 -0.014 <0.001*** 0.028 -0.026 <0.001***
Engineering -0.019 -0.042 <0.001*** 0.026 -0.031 <0.001*** 0.017 -0.042 <0.001***
Business -0.020 -0.046 <0.001*** 0.042 -0.018 <0.001*** 0.019 -0.031 <0.001***
Data Science -0.029 -0.040 <0.001*** 0.028 -0.006 <0.001*** 0.010 -0.020 <0.001***
Materials Science -0.020 -0.038 <0.001*** 0.013 -0.036 <0.001*** 0.008 -0.046 <0.001***
Environmental Sciences -0.023 -0.045 <0.001*** 0.012 -0.039 <0.001*** -0.003 -0.044 <0.001***
Education -0.034 -0.048 <0.001*** 0.055 -0.007 <0.001*** 0.025 -0.024 <0.001***
Toxicology -0.044 -0.052 <0.001*** -0.022 -0.086 <0.001*** -0.024 -0.069 <0.001"**
Chemistry -0.029 -0.047 <0.001*** -0.029 -0.081 <0.001*** -0.015 -0.069 <0.001***
Microbiology -0.045 -0.055  <0.001*** -0.035 -0.089  <0.001*** -0.036 -0.072  <0.001***
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Figure 9: Mean reference selectivity score §(p) over publication year for the retraction group R and control group C. Shaded
bands denote +1 standard error. Papers published before 1980 were dropped from the analysis due to the insufficient number of

retracted papers per year, which yields unstable estimates.

Table 4: Pearson correlation between the reference selectivity
score §(p) and potential confounding factors (self-citation
rate and cited reference count) across three embedding mod-
els for the retraction group R and control group C. All corre-
lations are significant at p < 0.001 due to the large sample size
(N = 42,330 per group). We therefore focus on magnitudes.

Self-Citation Rate Cited Reference Count

Retraction Control Retraction Control
SciBERT 0.144 0.055 -0.153 -0.122
MiniLM -0.034 0.060 -0.243 -0.206
Qwen3-
. -0.025 0.051 -0.251 -0.195
Embedding

are, by construction, likely to be semantically close to the citing
paper, a natural concern is that the higher reference selectivity score

of retracted papers merely reflects their propensity to cite their
own work. To examine this, we compute the Pearson correlation
between the self-citation rate and the reference selectivity score
d(p) within each group separately, to rule out spurious correlation
induced by group-level differences. As reported in Table 4, the
within-group correlations are weak across all three embedding
models (Jr| < 0.144) and inconsistent in sign for the retraction
group, indicating that self-citation explains little of the variance in
d(p) and cannot account for the observed group difference.

5.6.2 Cited Reference Count. Retracted papers also cite fewer ref-
erences on average than control papers (k, = 36.56 vs. 52.90). A
shorter reference list could mechanically inflate 5(p), as a smaller
set of references may be more topically concentrated around the
focal paper. As shown in Table 4, 6(p) is indeed modestly and
negatively correlated with k,. However, the correlations are of
comparable magnitude in both groups (—0.12 to —0.25), indicating a
shared mechanical tendency rather than a factor that differentiates
the two groups.
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6 Discussion
6.1 Limitations and Future Work

While this work introduces a novel, theoretically grounded lens
for examining citation behavior in retraction literature and demon-
strates its utility at scale, we acknowledge several limitations and
suggest directions for future work.

6.1.1 Dataset Coverage. Our dataset includes only retracted pa-
pers with a retrievable DOI and a valid English abstract indexed in
digital bibliographic databases (e.g., Semantic Scholar, OpenAlex).
This excludes older publications, non-English literature, and papers
whose records were removed or degraded after retraction, which
may introduce coverage bias toward recent, well-indexed venues.
Consequently, our findings may not generalize to the full population
of retracted papers. Future work could extend our analysis to multi-
lingual retraction literature and incorporate additional data sources,
such as publisher records and digital preservation archives, to re-
cover papers underrepresented in current bibliographic databases.

6.1.2  Retraction as a Noisy Label. In this study, we treat retraction
as a proxy for compromised research by following common prac-
tice in retraction studies [44, 48]. However, retraction encompasses
a wide range of causes from deliberate fabrication to honest er-
ror, administrative issues, or publisher disputes, and only a subset
involves motivated reasoning and compromised research. More
importantly, such heterogeneity of retraction annotation may at-
tenuate the observed group difference in our analysis, leading to a
conservative estimate of the effect among genuinely compromised
papers. Our reason-level analysis (Section 5.3) partially addresses
this heterogeneity by examining selectivity within individual re-
traction reasons. Future work could further refine the analysis by
cross-referencing retraction records with institutional investigation
reports (e.g., ORI case files [9]) to isolate the subpopulation where
motivated reasoning is most plausible.

6.1.3  Abstract-Level Paper Representation. We encode each paper
using its abstract rather than its full text, due to the input length
limits of pre-trained language models and the limited availability of
open-access full texts at scale. Abstracts capture a paper’s central
claims but may omit the local context in which each reference is
actually cited (e.g., the citing sentence or paragraph). Our measure
therefore reflects topical alignment at the document level rather
than the rhetorical function of individual citations. We plan to
further explore the opportunities to incorporate citation contexts
from full texts in our future work.

6.1.4 Correlation is not Causation. Our analysis is observational in
the sense that a systematic difference in citation selectivity between
retracted and control papers does not establish that motivated rea-
soning causes selective citation, nor that selectivity contributes to
retraction. Unobserved confounders, such as field-specific citation
norms, author seniority, or paper-mill authorship patterns, may
drive both. Therefore, additional causality analysis, such as con-
trolling for author-level and venue-level covariates, is a valuable
direction for future work to disentangle selective citation from
confounding factors.

10

Anon.

6.2 Ethical Considerations

This work analyzes citation behavior at the population level to
advance the understanding of research integrity, and we emphasize
several ethical considerations in interpreting and applying our
findings.

6.2.1 No Individual-Level Accusations. The reference selectivity
score is a statistical signal that distinguishes groups of papers on
average. Given the modest effect size and the substantial overlap
between the two distributions, it cannot and should not be used
to infer misconduct for any individual paper or author. A high
score may arise from entirely legitimate factors, such as working
in a narrow subfield, writing a focused technical contribution, or
following discipline-specific citation norms. We therefore caution
against using our measure, or derivatives of it, as an automated
screening or accusation tool.

6.2.2 Data Privacy and Licensing. Our analysis relies exclusively
on publicly available bibliographic metadata and abstracts from the
Retraction Watch Database and online bibliographic databases (e.g.,
Semantic Scholar, OpenAlex), and involves no private or personally
sensitive information beyond what is already part of the public
scholarly record. We use and will release the data in accordance
with the licensing terms of these sources. In particular, our released
dataset will identify papers by DOI rather than redistributing copy-
righted content.

6.2.3 Responsible Use and Potential Misuse. We envision citation
selectivity as one complementary signal among many that could
assist, rather than replace, human judgment in editorial and in-
tegrity review, and any deployment in digital library infrastructure
should involve transparency about the measure’s limitations, hu-
man oversight, and due process for affected authors. Meanwhile,
we acknowledge that public release of paper-level selectivity scores
could enable harassment of authors of retracted papers, many of
whom have committed no misconduct. To mitigate this risk, we will
release aggregate statistics and code for reproducibility, and will
consider gating paper-level scores behind a research-use agreement.

7 Conclusion

In this paper, we investigate the problem of citation selectivity in
retraction literature. We formulate citation selectivity as a novel
research problem grounded in motivated reasoning and introduce
the reference selectivity score to explicitly quantify how much
more semantically aligned a paper’s cited references are with the
paper itself than with an expected reference pool. Extensive ex-
periment results on a large-scale dataset of 42,330 matched pairs
of retracted and control papers show that retracted papers exhibit
significantly higher citation selectivity than their matched controls
across all three embedding models. urther analyses demonstrate
that the effect is consistent across disciplines, most pronounced
for misconduct-related retraction reasons such as paper mills and
computer-generated content, has widened since 2000, and is robust
to self-citation and reference count as potential confounders. We
envision that this work opens a new direction for content-aware
integrity analysis in digital libraries and scholarly networks toward
understanding citation behaviors.
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