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ABSTRACT

This paper investigates the inconsistencies present in peer review by analysing the evaluation patterns of reviewers involved in

an educational award in the Arab Gulf Country States. A statistical approach was used to assess the degree of variation in scores

assigned to 270 manuscripts reviewed by three different groups of reviewers. The study revealed significant differences in the

evaluations, suggesting that at least two reviewers often showed discrepancies in their assessments despite using the standard-

ised evaluation form. The observed discrepancies appear to reflect underlying complexities related to reviewer perspectives and

evaluation standards, highlighting challenges in achieving uniformity across assessments. Additionally, it proposes a model to

enhance peer review consistency, including methods for score adjustment and calibration to mitigate reviewer differences. The

goal is to offer practical recommendations for improving the fairness, transparency and reliability of peer review systems, con-

tributing to the ongoing development of academic publishing practices. For audiences beyond the academic community includ-

ing publishers, editors and academic librarians, these findings show how practical statistical tools can strengthen peer review

and build greater trust in academic publishing.

1 | Introduction

The peer review process plays a crucial role in academic pub-
lishing, ensuring the integrity, quality and validity of research.
However, discrepancies among reviewers have raised concerns
regarding the objectivity and reliability of manuscript evalua-
tions. These discrepancies can manifest in various ways, such
as conflicting recommendations, divergent assessments of man-
uscript quality and inconsistent interpretations of research sig-
nificance. As a result, evaluation scores or rankings may vary
significantly. Differences in reviewer expertise, subjective inter-
pretations of research importance and inconsistent expectations
regarding methodological rigor often contribute to this variabil-
ity (Bornmann et al. 2010).

Understanding the origins of these inconsistencies is criti-
cal to improving the review process and promoting a more

transparent academic environment. Discrepancies make it dif-
ficult for authors to receive clear feedback on how to improve
their work, potentially leading to frustration when their work
is subjected to inconsistent scrutiny. Bornmann et al. (2010)
found that inter-rater reliability in peer review is often low, in-
dicating the inherently subjective nature of the process. They
recommend standardised review forms and explicit criteria to
enhance consistency.

Reviewer bias significantly contributes to inconsistencies in
the peer review process. Lee et al. (2013) identified that biases
related to gender, institutional affiliation and country of or-
igin persist in peer reviews. Additionally, Smith et al. (2023)
highlight that, although peer review plays a pivotal role in sci-
entific progress and career development, it frequently places
authors from historically marginalised groups at a disadvan-
tage. Their analysis of 312,740 manuscripts from 31 studies

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,

provided the original work is properly cited.

© 2025 The Author(s). Learned Publishing published by John Wiley & Sons Ltd on behalf of ALPSP.

Learned Publishing, 2026; 39:¢2033
https://doi.org/10.1002/leap.2033

1of 8


https://doi.org/10.1002/leap.2033
https://doi.org/10.1002/leap.2033
https://orcid.org/0000-0003-1531-278X
mailto:
mailto:malarfaj@kfu.edu.sa
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fleap.2033&domain=pdf&date_stamp=2025-11-24

Summary

Peer review often exhibits not able inconsistency, with
considerable variation in how reviewers evaluate the
same manuscript.

Discrepancies may arise from variations in reviewer
expertise, subjective biases, and differing expectations
regarding research quality.

Implementing structured and standardized review
measures can help minimize subjectivity.

Blending narrative comments with numerical scores
supports evaluations that balance rigor with depth.

Statistical calibration methods can help adjust re-
viewer scores to better reflect objective evaluation
standards.

Using anchor scores or incorporating a third review-
er's assessment can enhance comparability across
reviewers and strengthen the reliability of the review
process.

The study's limitations—including the scope of the da-
taset, potential unexamined biases, and partial testing
of calibration approaches—highlight important direc-
tions for future research.

found that authors from Asia, non-English-speaking coun-
tries and regions with lower Human Development Indices
tended to receive worse review outcomes, including lower ac-
ceptance rates.

While anonymous review methods can help reduce some of
these biases, they do not eliminate all potential sources of par-
tiality. Grimaldo et al. (2018) further demonstrated that editors’
personal preferences can influence final decisions, leading to
discrepancies between reviewers' recommendations and edito-
rial outcomes. This underscores the need for clearer and more
consistent editorial guidelines to ensure fairness and reliability
in the review process.

Diverse academic backgrounds and theoretical preferences
further contribute to variability in peer review outcomes.
A technically focused reviewer may prioritise methodolog-
ical rigor, while a more generalist reviewer might emphasise
broader implications. Forsberg et al. (2022) argue that this ab-
sence of a unified evaluative perspective can hinder construc-
tive feedback and reduce the overall quality of evaluations. For
novice reviewers, as well as those from different linguistic or
cultural backgrounds, interpreting and responding to reviewer
feedback can be particularly challenging.

Subjectivity inherent in the peer review process also leads to
variations in evaluations, as reviewers may differ in their lev-
els of leniency or strictness. Tennant and Ross-Hellauer (2020)
pointed out that personal factors, such as cognitive style, prior
experiences and workload pressures, can influence reviewer
consistency. In response, journals have adopted strategies such
as using multiple reviewers with complementary expertise

and clarifying evaluation criteria to improve transparency and
accountability.

Comparative studies of peer review models highlight both ben-
efits and limitations. While double-anonymous reviews may
help reduce bias, they do not always lead to improved agree-
ment among reviewers. On the other hand, open reviews pro-
mote more thorough assessments by increasing accountability
(Bravo et al. 2019). Reviewer training programs have also been
proposed as an effective solution for enhancing review qual-
ity and consistency, with calls for standardised training across
journals (Tennant and Ross-Hellauer 2020). Additionally,
emerging approaches such as artificial intelligence offer poten-
tial in addressing reviewer inconsistencies. AI tools can assist
in performing initial quality checks and flagging inconsisten-
cies, thus easing the reviewer workload. However, Kousha and
Thelwall (2023) emphasise that AI cannot replace human judg-
ment, especially when it comes to making nuanced evaluations.

This study highlights that the ongoing discrepancies and bi-
ases in the peer review process create substantial challenges in
achieving consistent, fair and reliable evaluations. These issues
undermine the integrity of the peer review system, making it
crucial to address the underlying factors that contribute to vari-
ability in assessments to enhance the overall quality and trust-
worthiness of academic publishing.

1.1 | Research Questions

1. To what extent do reviewer evaluations differ statistically
in this peer review process?

2. Can statistical calibration and score adjustment improve
reviewer consistency?

3. How effective are anchor scores and Bayesian modelling at
mitigating reviewer discrepancies?

2 | Methodology
2.1 | Objective

This paper explores discrepancies in peer review processes by
analyzing a real case to evaluate the severity and prevalence
of this issue from a statistical standpoint. It also examines at-
tempts to address these inconsistencies and proposes a model
for enhancing the peer review system. This exploration aims to
contribute to the ongoing discussions on best practices in peer
review and the evolution of academic publishing.

2.2 | Reviewer Profile

The study included three groups of reviewers (three reviewers
per group; consisting of three males and six females), all experts
in the field of education. Each reviewer held at least the rank of
associate professor and was affiliated with different institutions,
bringing diverse educational perspectives. The reviewers had
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a minimum of 25years of expertise in education and obtained
their doctoral degrees from a mix of Western and national uni-
versities. Anonymity was preserved for all reviewers in accor-
dance with confidentiality agreements.

2.3 | The Procedure

This study examined the peer review reports of manuscripts
submitted to an educational award held biennially in the Arab
Gulf Country States. The award announces its categories 1year
in advance, giving researchers a year to submit their work. The
award committee regularly discusses the review process and the
criteria used by anonymous reviewers.

After ensuring compliance with the established guidelines,
270 manuscripts were selected for evaluation. Three review
groups, each consisting of three reviewers, were formed to as-
sess the assigned manuscripts using a metric evaluation form.
This form consists of 10 items with varying weights, assess-
ing aspects such as the title relevancy, clarity of the abstract,
innovation and creativity, theoretical framework, research
questions, sample representation, validity and reliability of
analysis tools, coherence of results and discussion and the
manuscript's theoretical significance and practical contribu-
tion. The weight of each item is different with a minimum
grade of 5, and a maximum of 15.

The designated award firm has granted the researcher approval
to use the data under an anonymity and confidentiality agree-
ment. The researcher acquired access to the electronic grading
system, which shows the electronic forms filled out by the re-
viewers, and final scores.

2.4 | Statistical Hypotheses

HO1. Thereis no statistically significant difference between the
three reviewers in the first evaluation group.

HO02. There is no statistically significant difference between the
three reviewers in the second evaluation group.

HO03. Thereis no statistically significant difference between the
three reviewers in the third evaluation group.

2.5 | Statistical Tests

To compare significant differences between grades from the
three reviewers in each of the three groups, different tests can
be administered. For this reason, two tests may be applied (a
parametric and a non-parametric test) in compliance with cer-
tain conditions.

Analysis of Variance (a one-way ANOVA) can determine if there
are significant differences among the means of the grades given
by the three reviewers. In addition, the Kruskal-Wallis test
which is a non-parametric alternative to ANOVA is ideal for
comparing medians across the three reviewers. As a result, a

pairwise test is conducted to assess statistical significance be-
tween the three reviewers within each group.

3 | Experimental Results
3.1 | Normality and Homoscedasticity

For the three evaluative groups, the assumption of normality
was checked based on the Shapiro-Wilk test (Table 1), and ho-
moscedasticity according to Levene's test (Table 2). Overall, the
three groups do not meet the normality condition, with skew-
ness or kurtosis revealed by Levene's test in some groups. Hence,
the ANOVA test is not applicable, and Kruskal-Wallis ANOVA
(non-parametric test) is suggested.

3.2 | Statistical Analysis for the First Group

The analysis conducted using the Kruskal-Wallis test revealed
statistically significant differences in the grades assigned by
the three reviewers in the first group (H=12.029, Asymp.
Sig. =0.002) (Table 3). This outcome suggests that the reviewers
evaluated the submissions inconsistently with different grading
patterns across them. In other words, these findings imply that,
despite individual variations in scoring, the overall assessment
by the reviewers highlighted a degree of no consensus in their
evaluations with respect to mean rank. Consequently, a pair-
wise analysis was conducted showing that there is a significant
difference between the first and the third reviewers (z=-2.572,
Asymp. Sig.=0.01), and between the second and the third re-
viewers (z=—3.427, Asymp. Sig.=<0.001). In contrast, there is
no significant statistical difference between the first reviewer
and the second reviewer (z=-0.624, Asymp. Sig.=0.532)
(Table 4).

3.3 | Statistical Analysis for the Second Group

The Kruskal-Wallis test revealed statistically significant dif-
ferences in the grades assigned by the three reviewers in the

TABLE1 | Tests of normality for the three groups.

Shapiro-Wilk

Groups Reviewer # Statistic df Sig.

First group Reviewer 1 (R,) 0.884 78 <0.001
Reviewer 2 (R,) 0.919 78 <0.001
Reviewer 3 (R,) 0.891 78 <0.001

Second group  Reviewer 1 (R,) 0.795 90 <0.001
Reviewer2(R,) 0711 90 <0.001

Reviewer 3 (R,) 0.955 89 0.004

Third group Reviewerl (R,) 0.930 90 <0.001

Reviewer 2 (R) 0.923 90 <0.001

Reviewer 3(R,) 0983 90  0.305
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TABLE 2 | Tests of homogeneity of variances for the first group
(Levene's test for the first group).

Levene
Groups statistic dfl df2 Sig.
First Based on 24.140 2 231 <0.001
group mean
Based on 13.492 2 231 <0.001
median
Based on 13.492 2 157.735 <0.001
median
and with
adjusted df
Based on 21.115 2 231 <0.001
trimmed
mean
Second Based on 0.763 2 266 0.467
group mean
Based on 0.031 2 266 0.970
median
Based on 0.031 2 212.187  0.970
median
and with
adjusted df
Based on 0.219 2 266 0.804
trimmed
mean
Third Based on 6.397 2 267 0.002
group mean
Based on 4.405 2 267 0.013
median

Based on 4.405 2
median
and with
adjusted df

Based on 5.611 2 267 0.004
trimmed
mean

219.157 0.013

TABLE 3 | Kruskal-Wallis for the first group.

First group

Kruskal-Wallis H 12.029
df 2
Asymp. Sig. 0.002

second group (H=72.680, Asymp. Sig.=<0.001) (Table 5).
This outcome suggests that the reviewers evaluated the sub-
missions inconsistently with different grading patterns across
them, leading to variability in their scoring. Consequently, a
pairwise analysis was carried out showing that there is a sig-
nificant difference between each two reviewers: the first and

TABLE 4 | Pairwise test for the first group.

First group R, XR, R,XR, R, XR,
Mann-Whitney U 2317.000 2076.500 2866.000
Wilcoxon W 5398.000 5157.500 5947.000
z —2.572 —3.427 —0.624
Asymp. Sig. 0.010 <0.001 0.532
(two-tailed)
TABLE 5 | Kruskal-Wallis for the second group.
First group
Kruskal-Wallis H 72.680
df 2
Asymp. Sig. <0.001
TABLE 6 | Pairwise test for the second group.
First group R, XR, R,XR, R, XR,
Mann-Whitney U 1395.500  730.500  1637.000
Wilcoxon W 2826.500 2161.500  5553.000
z -3.989 —6.919 —6.764
Asymp. Sig. (two-tailed)  <0.001 <0.001 <0.001
TABLE 7 | Kruskal-Wallis for the third group.
First group
Kruskal-Wallis H 56.975
df 2
Asymp. Sig. <0.001

the third reviewer (z=-3.989, Asymp. Sig.=<0.001), the sec-
ond and the third reviewer (z=-6.919, Asymp. Sig.=<0.001)
and the first and the second reviewer (z=-6.764, Asymp.
Sig.=<0.001) (Table 6).

3.4 | Statistical Analysis for the Third Group

The Kruskal-Wallis test indicated that there is a significant dif-
ference in the dependent variable between the reviewers in the
third group (H=56.975, Asymp. Sig.=<0.001) (Table 7). The
pairwise comparison indicated that the mean ranks of the fol-
lowing pairs are significantly different: the first and the third
reviewer (z=—7.346, Asymp. Sig. =<0.001), the second and the
third reviewer (z=-6.237, Asymp. Sig.=<0.001). In contrast,
there is no statistically significant difference in the mean rank
between the first and the second reviewer (z=-0.710, Asymp.
Sig. =0.478) (Table 8).
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TABLE 8 | Pairwise Test for the Third Group.

TABLE 9 | Raw and adjusted scores for a random selected case.

First group R, XR, R,XR, R, XR, Item # R,, R, R, R, R,
Mann-Whitney U 650.500 919.000 3802.000 11 5 6 6 5.84 5.06
Wilcoxon W 2135.500 2404.000 7897.000 12 8 6 9 7.94 5.06
4 —7.346 —6.237 -0.710 13 7 9 10 7.24 9.26
Asymp. Sig. <0.001 <0.001 0.478 14 10 8 6 9.34 7.86
(two-tailed) 15 5 7 10 584 646
16 4 6 8 5.14 5.06

17 6 8 8 6.54 7.86

3.5 | Calibration and Score Adjustment 8 ; < < 794 366
3.5.1 | Role of Mean Deviation in Calibration 19 8 6 7 7.94 5.06
110 5 8 8 5.84 7.86

Calibration aims to align scores to a true underlying scale by
correcting for biases, inconsistencies, or systematic errors. Mean
Deviation adjustment as a calibration tool smooths out score
variations by adjusting values closer to the mean, assuming de-
viations may result from random noise or systematic reviewer
biases.

In the context of item response theory or test development,
differential item functioning (DIF) identifies situations where
different groups of respondents have varied probabilities of an-
swering an item correctly, despite having the same underlying
ability. In the context of peer reviews, this concept can be ap-
plied to adjust for reviewer expertise differences. By recognising
how a reviewer's background or domain knowledge influences
their evaluations, adjustments can be made to ensure more eq-
uitable assessments.

3.5.2 | Normalisation (Jacobson 2001)

Adjusts each reviewer's scores based on their mean and stan-
dard deviation relative to the group to reduce grader bias and
scale differences, complementing other calibration techniques.
Incorporating this approach can further improve consistency by
calibrating reviewers’ scoring scales before aggregation, com-
plementing the linear equating and mean deviation adjustments
discussed earlier. This approach aligns with the goal of creating
a fair, comparable evaluation framework when multiple review-
ers assess the same items.

3.5.3 | Equating Between R, (Reviewer 1) and R,
(Reviewer 2)

An adjustment based on the reviewer's score can be made by
evaluating their ‘relative position’ in relation to the mean and
standard deviation. Specifically, an item score from R, (review-
er's 1 raw score) is considered equivalent to a score from R,
(Reviewer's 2 raw score—reference form) if both scores are the
same number of standard deviations above or below the group's
mean. This holds true for scores that are one standard deviation
above or below the mean, and similarly for other score values. If
we plot data points for every possible raw score, they will align
along a slanted line.

Linear equating and its adjustment can be expressed through sim-
ple mathematical formulas. The definition of linear equating can
be stated as follows: if X represents a score on R, and Y represents
a score on R, , then X and Y are equivalent for a group of item
scores where the means and standard deviations are computed for
that group. Solving this equation provides a formula to adjust any
raw score from R . The adjusted scores on R, will have the same
mean and standard deviation as R, scores on the R, scale. Since
the means and standard deviations within the group are constants
for all items, the linear equating adjustment consists simply of
multiplying the score of R, by a constant and adding another con-
stant. However, when applying this formula, if the R, raw score is a
whole number, the adjusted score is almost never a whole number.
If the raw scores are only whole numbers, the adjusted score will
not match any possible score on the reference scale (R,,). In such
cases, interpolation is required to convert the raw scores to the ref-
erence scale (Livingston 2014).

Let's apply this approach to a peer review scenario by selecting
a random manuscript graded by one of the three groups. In the
context of linear equating, we can describe the relationship be-
tween scores from two different reviewers (X for R, and Yfor R,)
in two directions: equating X to Y and equating Y to X. Here's
what each case means:

+ Equating X to Y: This converts a score on the R, scale to its
equivalent on the R, scale.

+ Equating Y to X: This converts a score on the R, scale to its
equivalent on the R, scale.

Both methods adjust for differences in the means and standard
deviations of the two scales, making the scores comparable and
ensuring fairness in the equating process.

In this example (Table 9), a random case was selected from one
of the three groups. The grading of the 10 items showed that the
frequency of the difference score (D) between R, and R, where
D<2,was 1(0.1), indicating a low consensus between the two
reviewers. However, when adjusted scores were applied, the fre-
quency of D<2 increased to 7 (0.7), indicating a stronger con-
sensus between the reviewers.
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3.5.4 | Anchor According to R,

To address this challenge and ensure more accurate score con-
versions, anchor points or known reference scores (such as R,)
can be utilised to establish a clear connection between the two
forms. These anchor points help mitigate the ‘in-between score
problem’ by providing a consistent and reliable comparison be-
tween the raw and reference scales.

Anchor points are specific scores or benchmarks selected from
both test forms, ensuring that even when an exact match is not
feasible, scores are adjusted as closely as possible. The anchor
point R, serves as a crucial reference for aligning the two score
distributions, reducing potential distortions or biases in the
equating process. By incorporating anchor points like R, the
conversion of raw scores into equivalent scores on the reference
form becomes more accurate and reliable, alleviating the effects
of discrepancies or rounding issues that may arise during the
raw-to-scale conversion.

This anchor-based method provides a stronger solution, es-
pecially for large-scale assessments where precision is criti-
cal. It ensures that scores from the new form are consistently
adjusted to align with the reference form, even in the face
of challenges such as the discreteness problem. This allows
for fairer and more meaningful comparisons across different
test forms.

Let's apply this method to a peer review scenario, using the same
case presented in the table. In this example, we will consider
(D <2) when evaluating raw scores of R, and R, in relation to
the anchor scores of R, and then compare the adjusted scores of
R,, and R, with respect to R, (Table 10).

Upon reviewing the 10 items, we find that the frequency of
the difference score (D <2) between R; —R; and R, —R, is 4
(0.4) and 5 (0.5), respectively, indicating a moderate consensus
between R, and R, when considering the anchor scores of R,.
When we shift to the adjusted scores of R, and R,,, the fre-
quency of difference scores (D <2) between R;,—R, and R,,—
R, increases to 5 (0.5) and 6 (0.6), respectively. This suggests an

TABLE 10 | Raw and adjusted scores with reference to R,.

improved consensus with R, as the adjusted scores would have
incorporated the anchor reference, enhancing the alignment be-
tween the two reviewers’ assessments.

3.6 | Modelling Reviewer Expertise Using
Bayesian Model Bayesian Analysis

Assume that the difference score for an item between two
reviewers falls into one of two categories: ‘D>2’ and ‘D<2’,
where D<2 indicates consensus (C), and D>2 indicates
non-consensus (NC), with probabilities p(C) and 1-p(C),
respectively. This is a simplification, as the item reviewal of
a manuscript exists on a continuum, rather than being re-
stricted to two binary categories.

The consensus for a manuscript can be represented by the
conditional probability p(ClA), which refers to the likelihood
that the manuscript has an acceptable level of consensus (C)
among reviewers, using adjusted scores (A). According to
Bayes' theorem, this probability depends on p(C), the likeli-
hood that the manuscript will be in consensus, along with
two types of potential errors by the reviewers: p(AIC), the
probability that reviewers misclassify a NC item while using
adjusted scores, and p(RIC), the probability that reviewers
misclassify a consensus item (C) when using raw scores (R).
Bayes' theorem states:

p(ClA)=p (A| C)P(C)+p(A)
=pA| O)P(C)+{p (A] C)p(C) +p(A|NO)1—p(C))}

Reviewers must be able to identify non-consensus items and
determine which consensus items should be adjusted. We
assume that the transformation from raw scores to adjusted
scores occurs 10% of the time. This is an initial assumption,
and we will later examine various rates of occurrence (e.g.,
20%, 30%, etc.).

A maximum optimism is that reliance on adjusted scores is
100%. If, on average, 10 items are reviewed, then 10p(C) items
should be in consensus. Thus, we would expect that, for the
overall probability of 10% transformation of scores, one consen-
sus item should be adjusted. This means that the process needs
to be calibrated such that the conditional probability of adjust-
ing an item given it is a consensus item is p(AIC)=10/p(C). This
ensures that the expected number of consensus items adjusted
from the adjusted scores would be (10/p(C)) x 10p(C)=1, which
aligns with the requirement. This is referred to as the ‘optimistic
decision rule’.

Using Bayes' theorem, we can calculate the probability p (ClA),
which represents the likelihood that an item is in consen-
sus, given that it has been adjusted, under the optimistic deci-
sion rule:

Po(ClA)=0.1+{0.1+p(A : NOI - p(C))}
If a manuscript is selected at random, the probability of an item

being in consensus after adjustment would be equal to p(C).
Therefore, if the calculated probability p (ClA) of an item being

Item # R, R, R,, R,
11 5 6 6.841105 7.008
12 8 6 9.166 7.008
13 7 9 8.39 10.302
14 10 8 10.695 9.204
15 5 7 6.85 8.106
16 4 6 6.08 7.008
17 6 8 7.62 9.204
18 7 5 8.39 5.91

19 8 6 9.16 7.008
110 5 8 6.85 9.204
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in consensus, conditional on it having been adjusted, exceeds
the probability p(C) of an item being in consensus without ad-
justment, this would indicate that the review process, involv-
ing the manipulation of adjusted scores, is performing better
than chance.

4 | Discussion

This study underscores the persistent challenge of achieving con-
sensus among peer reviewers, even with standardised evaluation
forms and structured tools in place. The variability observed in
the assessments appears to be closely related to the character-
istics of the reviewers, who come from diverse academic fields
of study and institutional affiliations. While the exact nature of
this relationship remains uncertain, it is evident that differences
in expertise, academic focus and gender—factors shown in pre-
vious studies (Lee et al. 2013)—contribute to inconsistent evalu-
ations. These findings align with Schonemann'’s (1991) assertion
that peer review reliability is inherently low and influenced by
subjective criteria. However, the study's sample was confined to
manuscripts from a particular educational award in the Arab
Gulf Country States, which may limit the applicability of the
findings to other contexts.

Schonemann (1991) also noted that peer reviewers are more
likely to reach consensus when rejecting manuscripts than
when accepting them, reflecting a bias toward negative evalu-
ations. This bias is evident in this study, where disagreements
among reviewers likely stem from differences in expertise, but
also from deeply ingrained subjective biases, such as confir-
matory bias and affiliation prestige effects. Garcia et al. (2020)
further build on this by highlighting that cognitive over-
load—due to redundancy, contradiction, or inconsistency in
the research—can exacerbate confirmatory bias. Under these
conditions, reviewers may prioritise manuscript attributes
that align with their prior beliefs, optimising their evaluation
strategy under information overload. The cost of manuscript
evaluation also plays a significant role, where high costs may
increase the likelihood of confirmatory bias. This reflects a
broader challenge in the peer review process, where review-
ers, under cognitive overload, may focus on information that
confirms their initial judgment, rather than assessing the
manuscript holistically.

The diversity of reviewers in this study, coming from different aca-
demic disciplines and institutional affiliations, suggests that such
heterogeneity naturally leads to greater variability in judgments.
Schonemann (1991) observed that the reliability of peer reviews
varies by discipline, with broader fields showing less agreement.
This observation is consistent with our study, where differing re-
viewer priorities—such as emphasis on methodological rigour-
rigor versus theoretical implications—further contribute to
conflicting assessments. Systemic biases related to institutional
prestige, geography, race and gender also contribute to uneven
scoring and reduced fairness, as highlighted by Lee et al. (2013).

Despite these discrepancies, the lack of inter-reviewer reli-
ability is not inherently harmful. In fact, some studies suggest
that such disagreements can indicate robust and thoughtful
evaluations, reflecting differing perspectives on the quality

and importance of the work. Bailar (1991) argues that striv-
ing for perfect reliability in peer review may not always be
necessary and that diversity in reviewer opinions can lead
to a more thorough and comprehensive assessment process.
Langfeldt (2001) suggests that these variations in perspectives
can be beneficial, providing different angles of critique that
strengthen the final evaluation. Schénemann (1991) also ac-
knowledges that some degree of randomness and subjective
variability is inevitable, especially at the frontiers of scientific
disciplines. The diversity in this study illustrates this reality
and shows that such disagreements can ultimately lead to
more nuanced and thorough evaluations.

To address these biases and inconsistencies, calibration meth-
ods—such as mean deviation adjustment (Jacobson 2001),
linear equating (Livingston 2014), anchor scores (Kolen and
Brennan 2014) and Bayesian modelling (Mislevy 1994)—are
essential for aligning score variations and ensuring fair compar-
isons across reviewers. These methods are designed to account
for reviewer differences, helping to improve the consistency and
reliability of peer assessments. However, the application of these
methods presents challenges. Their effectiveness can vary de-
pending on the specific context and characteristics of the peer
review process. Accurate reviewer data is crucial for successful
implementation, and continuous efforts are needed to reduce
cognitive biases through proper training. Moreover, there is a
strong need for greater transparency in the calibration process
to ensure fairness and consistency, which helps maintain trust
in the peer review system.

Schénemann (1991) highlights the importance of involving mul-
tiple reviewers per submission and providing better training to
enhance the reliability of peer reviews. Furthermore, integrat-
ing quantitative calibration methods with qualitative feedback is
essential for capturing key academic qualities, such as original-
ity and significance, as emphasised by Callaham et al. (1998).
Together, these strategies can create a more reliable, equitable
and transparent peer review system.

A key finding from this study is that when manuscripts are cho-
sen at random, the chances of reviewers agreeing after adjust-
ing their scores (p,(ClA)) are higher than when no adjustments
are made (p(C)). This supports Schonemann's (1991) suggestion
that variability in peer review could be reduced through adjust-
ments. Additionally, it aligns with Lee et al. (2013) and Bol and
Hacker (2012), who emphasised that calibration methods im-
prove the consistency and reliability of peer reviews by address-
ing inherent reviewer biases. The results of this study suggest
that using score adjustments and calibration methods not only
reduces bias but also increases consensus among reviewers, con-
tributing to a more reliable and fair peer review process, as high-
lighted by previous research on reducing reviewer discrepancies
(Bornmann et al. 2010).

5 | Conclusion

The peer review process, while crucial for maintaining the integ-
rity and quality of academic publishing, is not without its chal-
lenges, particularly when discrepancies arise among reviewers.
The findings of this study highlight the substantial variability

Learned Publishing, 2026

7 of 8

85U8017 SUOWIWIOD) 8AITea1D) 3|edldde ays Aq peusenob afe saoiLe O ‘@SN JO S9N 10} A%eid 78U UO 48] UO (SUONIPUOD-PUR-SUB)W0D A8 Im A Iq 1 U1 |UO//:SANY) SUOTHIPUOD pUe SWB | 3U1 88S *[5202/TT/Gz] Uo ARiqiauljuo A8|iM ‘80Ul sUeiya0D Aq ££0z des|/Z00T 0T/10p/u0d A3 |m: Areiq1jeuljuoy/sdny wouy pepeojumod ‘T ‘9202 ‘/S8YTY.LT



in how different reviewers assess manuscripts, often leading to
inconsistent evaluations. This inconsistency may stem from fac-
tors such as differing expertise, subjective biases and varying
expectations regarding the quality and significance of research.
These discrepancies undermine the objectivity and reliability of
the peer review process, potentially compromising the fairness
of academic publication decisions.

To improve the accuracy and consistency of peer reviews, it is
crucial to adopt a combination of strategies. The introduction of
calibrated measures, such as the use of quantitative scores and
clear criteria within review forms, can help standardise evalu-
ations and reduce subjective biases. Furthermore, integrating
both qualitative and quantitative feedback ensures a holistic and
balanced review process, providing reviewers with a structured
framework while still allowing for nuanced commentary. The
use of statistical tools, such as mean deviation adjustment and
Bayesian modelling, offers a promising avenue for addressing
discrepancies by accounting for reviewer expertise and en-
suring that scores are aligned with a more objective standard.
Additionally, utilising anchor scores or reference points, such as
a third reviewer's ratings, can enhance the consistency of peer
evaluations, facilitating fairer comparisons between reviewers.
This method helps to mitigate the challenges posed by differing
review scales and ensures that all reviewers' assessments are
aligned on a common standard, further improving the reliability
of the peer review process.

Incorporating these improvements into the peer review system
has the potential to reduce discrepancies, foster more construc-
tive feedback and promote fairness and transparency in academic
publishing. By addressing reviewer variability through both sta-
tistical calibration and procedural adjustments, the academic
community can ensure that the peer review process remains a
robust mechanism for advancing knowledge and ensuring the
quality of scholarly work. While this study contributes valuable
insights into peer review variability and proposes ways to im-
prove fairness through calibration, the limitations regarding the
sample scope, unaddressed reviewer biases and partial evalua-
tion of calibration methods highlight areas for future research.

Author Contributions

The manuscript was written and revised entirely by Maher M. Alarfaj,
who independently conducted every aspect of the study, including its
conceptualization, design, execution, and final preparation.

Acknowledgements

During the preparation of this work, the author used ChatGPT in order
to refine the language. After using this tool/service, the author re-
viewed and edited the content as needed and takes full responsibility
for the content of the publication.

Conflicts of Interest

The author declares no conflicts of interest.

Data Availability Statement

Data sharing not applicable to this article as no datasets were generated
or analysed during the current study.

References

Bailar, J. C. 1991. “Reliability, Fairness, Objectivity, and Other
Inappropriate Goals in Peer Review.” Behavioral and Brain Sciences 14:
137-138.

Bol, L., and D. J. Hacker. 2012. “Calibration Research: Where Do We
Go From Here?” Frontiers in Psychology 3: 229. https://doi.org/10.3389/
fpsyg.2012.00229.

Bornmann, L., R. Mutz, and H. Daniel. 2010. “A Reliability-
Generalization Study of Journal Peer Reviews: A Multilevel Meta-
Analysis of Inter-Rater Reliability and Its Determinants.” PLoS One 5,
no. 12: e14331. https://doi.org/10.1371/journal.pone.0014331.

Bravo, G., F. Grimaldo, E. Lopez-Ifiesta, B. Mehmani, and F. Squazzoni.
2019. “The Effect of Publishing Peer Review Reports on Referee
Behavior in Five Scholarly Journals.” Nature Communications 10, no. 1:
322. https://doi.org/10.1038/s41467-018-08250-2.

Callaham, M. L., W. G. Baxt, J. F. Waeckerle, and R. L. Wears. 1998.
“Reliability of Reviewers' Ratings of the Quality of Peer Reviews.”
JAMA 280, no. 3: 229-230.

Forsberg, E., L. Geschwind, S. Levander, and W. Wermke. 2022.
Peer Review in an Era of Evaluation: Understanding the Practice of
Gatekeeping in Academia. Palgrave Macmillan. https://doi.org/10.1007/
978-3-030-75263-7.

Garcia, J. A., R. Rodriguez-Sanchez, and J. Fdez-Valdivia. 2020.
“Confirmatory Bias in Peer Review.” Scientometrics 123: 517-533.
https://doi.org/10.1007/s11192-020-03357-0.

Grimaldo, F., A. Marusi¢, and F. Squazzoni. 2018. “Fragments of Peer
Review: A Quantitative Analysis of the Literature (1969-2015).” PLoS
One 13, no. 2: €0193148. https://doi.org/10.1371/journal.pone.0193148.

Jacobson, N. 2001. “A Method for Normalizing Students’ Scores When
Employing Multiple Graders.” ACM SIGCSE Bulletin 33, no. 4: 35-38.
https://doi.org/10.1145/572139.572166.

Kolen, M. J.,, and R. L. Brennan. 2014. Test Equating, Scaling, and
Linking: Methods and Practices. Springer.

Kousha, K., and M. Thelwall. 2023. “Artificial Intelligence to Support
Publishing and Peer Review: A Summary and Review.” Learned
Publishing 37: €1570. https://doi.org/10.1002/leap.1570.

Langfeldt, L. 2001. “The Decision-Making Constraints and Processes of
Grant Peer Review, and Their Effects on the Review Outcome.” Social
Studies of Science 31: 820-841.

Lee, C.J., C. R. Sugimoto, G. Zhang, and B. Cronin. 2013. “Bias in peer
review.” Journal of the American Society for Information Science and
Technology 64, no. 1: 2-17. https://doi.org/10.1002/asi.22784.

Livingston, S. 2014. Equating Test Scores (Without IRT). Educational
Testing Services. https://www.ets.org/Media/Research/pdf/LIVIN
GSTON2ed.pdf.

Mislevy, R.J.1994. “Evidence and Inference in Educational Assessment.”
Psychometrika 59: 439-483. https://doi.org/10.1007/BF02294388.

Schonemann, P. H. 1991. “In Praise of Randomness.” Behavioral and
Brain Sciences 14, no. 1: 162-163. https://doi.org/10.1017/S0140525X0
0065973.

Smith, O., K. Davis, R. Pizza, et al. 2023. “Peer Review Perpetuates
Barriers for Historically Excluded Groups.” Nature Ecology & Evolution
7: 512-523. https://doi.org/10.1038/s41559-023-01999-w.

Tennant, J. P., and T. Ross-Hellauer. 2020. “The Limitations to Our
Understanding of Peer Review.” Research Integrity and Peer Review 5: 6.
https://doi.org/10.1186/s41073-020-00092-1.

8 of 8

Learned Publishing, 2026

85U8017 SUOWIWIOD) 8AITea1D) 3|edldde ays Aq peusenob afe saoiLe O ‘@SN JO S9N 10} A%eid 78U UO 48] UO (SUONIPUOD-PUR-SUB)W0D A8 Im A Iq 1 U1 |UO//:SANY) SUOTHIPUOD pUe SWB | 3U1 88S *[5202/TT/Gz] Uo ARiqiauljuo A8|iM ‘80Ul sUeiya0D Aq ££0z des|/Z00T 0T/10p/u0d A3 |m: Areiq1jeuljuoy/sdny wouy pepeojumod ‘T ‘9202 ‘/S8YTY.LT


https://doi.org/10.3389/fpsyg.2012.00229
https://doi.org/10.3389/fpsyg.2012.00229
https://doi.org/10.1371/journal.pone.0014331
https://doi.org/10.1038/s41467-018-08250-2
https://doi.org/10.1007/978-3-030-75263-7
https://doi.org/10.1007/978-3-030-75263-7
https://doi.org/10.1007/s11192-020-03357-0
https://doi.org/10.1371/journal.pone.0193148
https://doi.org/10.1145/572139.572166
https://doi.org/10.1002/leap.1570
https://doi.org/10.1002/asi.22784
https://www.ets.org/Media/Research/pdf/LIVINGSTON2ed.pdf
https://www.ets.org/Media/Research/pdf/LIVINGSTON2ed.pdf
https://doi.org/10.1007/BF02294388
https://doi.org/10.1017/S0140525X00065973
https://doi.org/10.1017/S0140525X00065973
https://doi.org/10.1038/s41559-023-01999-w
https://doi.org/10.1186/s41073-020-00092-1

	Enhancing Consistency in Peer Review: A Statistical Analysis of Discrepancies and Proposals for Improvement
	ABSTRACT
	Summary
	1   |   Introduction
	1.1   |   Research Questions

	2   |   Methodology
	2.1   |   Objective
	2.2   |   Reviewer Profile
	2.3   |   The Procedure
	2.4   |   Statistical Hypotheses
	2.5   |   Statistical Tests

	3   |   Experimental Results
	3.1   |   Normality and Homoscedasticity
	3.2   |   Statistical Analysis for the First Group
	3.3   |   Statistical Analysis for the Second Group
	3.4   |   Statistical Analysis for the Third Group
	3.5   |   Calibration and Score Adjustment
	3.5.1   |   Role of Mean Deviation in Calibration
	3.5.2   |   Normalisation (Jacobson 2001)
	3.5.3   |   Equating Between R1 (Reviewer 1) and R2 (Reviewer 2)
	3.5.4   |   Anchor According to R3

	3.6   |   Modelling Reviewer Expertise Using Bayesian Model Bayesian Analysis

	4   |   Discussion
	5   |   Conclusion
	Author Contributions
	Acknowledgements
	Conflicts of Interest
	Data Availability Statement
	References


