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ABSTRACT

1

Citation count is a popular index for assessing scientific papers.
However, it depends on not only the quality of a paper but also various factors, such as conventionality, journal, team size, career age,
and gender. Here, we examine the extent to which the conventionality of a paper is related to its citation count by using our measure,
topic disparity. The topic disparity is the cosine distance between a
paper and its discipline on a neural embedding space. Using this
measure, we show that the topic disparity is negatively associated
with citation count, even after controlling journal impact, team size,
and the career age and gender of the first and last authors. This
result indicates that less conventional research tends to receive
fewer citations than conventional research. The topic disparity can
be used to complement citation count and to recommend papers
at the periphery of a discipline because of their less conventional
topics.

Citations have been used to evaluate articles, individual researchers,
and organizations [1–3]. The assessments are based on the perspective that high-quality research receives more citations than
low-quality research [4]. However, citations also vary by team size,
gender, journal, career age, and conventionality. Large teams are
likely to receive more citations compared to small teams [5–7], and
female-authored papers tend to be less cited than male-authored
papers [8–10]. Articles published in prestigious journals receive
considerably more citations than second-tier journals [11–14]. Author’s seniority also tends to increase citation counts in several
disciplines [15, 16]. In addition, papers with highly conventional
pairs tend to receive more citations than papers with unconventional pairs [17]. Papers with new pairs have greater chances of
being highly cited but also have higher variances of citations [18],
suggesting that novel research would be both risky and impactful.
Among the factors above, we focus on conventionality and suggest an alternative approach to quantifying conventionality by
leveraging a neural embedding method that represents scientific
texts as vectors [19]. Our measure is called topic disparity and based
on actual texts rather than journal pairs. The topic disparity is
defined as the cosine distance between a paper and its discipline
on a vector space. Hence, the smaller the topic disparity is, the
more conventional a paper is. We show that the topic disparity is
negatively correlated with citation count, even team size, journal
impact, and the career age and gender of the first and last authors
are considered.
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INTRODUCTION

2 DATA AND METHODS
2.1 Microsoft Academic Graph
We retrieve journal articles published in 2019 from Microsoft Academic Graph (MAG; accessed on November 2, 2021). MAG is discontinued on December 31, 2021 and migrated to OpenAlex afterwards. MAG provides hierarchical discipline information of each
article [21], namely “Field of Study (FoS)” ranging from Level 0
(Highest) to Level 5 (Lowest). Level 0 and Level 1 codes are named
as fields and disciplines hereafter. A paper can belong to multiple
fields and disciplines. There are 19 fields: Art, Biology, Business,
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Figure 1: A UMAP [20] projection of 49 discipline vectors and the vectors of their 464,343 papers. Each small and large points
correspond to a paper and a selected discipline, respectively.
Chemistry, Computer Science, Economics, Engineering, Environmental Science, Geography, Geology, History, Materials Science,
Mathematics, Medicine, Philosophy, Physics, Political Science, Psychology, and Sociology.

2.2

one field. However, eight disciplines – “Algorithm”, “Art History”,
“Cancer Research”, “Control Theory”, “Environmental Planning”,
“Humanities”, “Industrial Organization”, and “Optoelectronics” –
are one of the top three disciplines for two different fields. Hence,
our analysis actually examines 49 unique disciplines.

Topic disparity

For each paper, we convert the concatenation of title and abstract
into real-valued vectors by using SPECTER [19], a transformerbased machine learning model trained on scientific citations. We
define the discipline vector 𝑉 𝑗 as the mean vector of papers that
belong to discipline 𝑗 as follows,
Í
𝑉𝑗 =

𝑖 𝑣𝑖,𝑗
,
𝑁𝑗

(1)

where 𝑁 𝑗 is the total number of papers in discipline 𝑗 and 𝑣𝑖,𝑗 is
the embedding vector of paper 𝑖 in discipline 𝑗. We assumed that
𝑉 𝑗 is the overall theme of discipline 𝑗.
The vector representations of papers and disciplines allow us to
calculate 𝐷 the topic disparity of a paper from its discipline. We
define 𝐷𝑖,𝑗 as the cosine distance between the vector of paper 𝑖 and
the vector of discipline 𝑗 to which 𝑖 belongs. We limit our analysis
to the top three disciplines (Level 1 FoS) for each field (Level 0 FoS)
with respect to the number of papers. As we have 19 fields, 57 unique
disciplines are expected to be selected if a discipline belongs to only

2.3

Genders of the first and last authors

We use Genderize (https://genderize.io/) to infer the genders of the
first and last authors of the papers in the selected 49 disciplines.
We exclude papers of which authors are listed in alphabetical order
(3% on average). For each given name, we assign either female or
male if the probability returned from Genderize is higher than 0.7.
If not, we use the Wiki-Gendersort algorithm [22] to fill missing
genders as much as possible. Initials are removed from given names
in order to reduce noises.
Papers are then categorized into FF, FM, MF, or MM, depending
on the gender of the first and last authors. F and M stand for female
and male, respectively. For instance, if a paper is written by a female
first author and a female last author, this paper is classified as FF.
Although the proportions of these categories vary by discipline, in
total, FF and MF have smaller numbers of papers than FM and MM
(14.2% FF, 25.0% FM, 15.2% MF, 45.6% MM).
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Figure 2: The topic disparity distributions of the top three disciplines for each field in terms of the number of papers. Note
that field and discipline are the highest and the second highest “Field of Study” levels. Eight disciplines – “Algorithm”, “Art
History”, “Cancer Research”, “Control Theory”, “Environmental Planning”, “Humanities”, “Industrial Organization”, and “Optoelectronics” – which belong to two fields are shown twice in different colors.

2.4

Journal Impact

We use the average citation count as a proxy of journal impact.
The average citation count is calculated from the papers published
before 2019. For each discipline, we classify the journals into three
groups: top, middle, and low impact journals.

2.5

Quantile regression

To examine the impact of topic disparity on citation count, we build
quantile regression models for 0.50, 0.75, and 0.95 quantiles with
the explanatory features in Table 1. The 0.25 quantile regression is
not conducted as all citation counts are zero. We exclude papers of
which the gender of the first or the last author is not inferred or
the number of authors is larger than 10, in order to minimize the
impact of missing values and outliers. The papers without journal
information are also excluded. As a result, 464,343 papers from the
49 disciplines are used in the regressions.

3

RESULTS

The paper and discipline vectors are projected onto a two dimensional space by the UMAP algorithm [20] (Figure 1). Large and
small points correspond to the 49 disciplines and their 464,343 papers, respectively. Overall, the projection is consistent with existing
maps of science [23–25].
For all disciplines, the topic disparity distribution has a peak
in the middle of the value range and is right-skewed (Figure 2),
implying most papers combine the overall theme of a discipline
with some non-conventional components, while there is a small
portion of papers pursuing genuinely novel topics.

Table 1: The explanatory features of the regression models.

Feature

Description

Discipline
Journal-High

The discipline which a paper belongs to.
1 if the journal impact is in the top 33.3%
of the discipline. 0 otherwise.
1 if the journal impact is below the top 33.3%
and over the bottom 33.3 % of the discipline. 0 otherwise.
Normalized number of authors.
Normalized number of articles
written by the first author and published before 2019
Normalized number of articles
written by the last author and published before 2019
Normalized topic disparity calculated as Section 2.2
1 if the gender of the first author is male
and the gender of the last author is female. 0 otherwise.
1 if the gender of the first author is female
and the gender of the last author is male. 0 otherwise.
1 if the genders of the first author and the last author
are both female. 0 otherwise.

Journal-Mid
Team Size
Career Age-First
Career Age-Last
Disparity
MF
FM
FF

From the regressions, we find that the topic disparity is negatively correlated with citation count (𝑝 < 0.001; Table 2). This result
suggests that papers of high disparity values tend to receive less
citations than papers of low disparity values. On the other hand,
team size and the career age of both first and last author are positively associated with citation count (𝑝 < 0.001; Table 2), indicating
large teams and senior researchers tend to receive more citations.
The coefficient of the career age of the last author is higher than
the coefficient of the first author, showing that the last author’s
seniority has a greater impact on citation count. In all regressions,
the relationship between citation count and the journal impact is

WWW ’22 Companion, April 25–29, 2022, Virtual Event, Lyon, France

Munjung Kim et al.

Table 2: Quantile Regressions
(a) 0.50 quantile
Feature

Model 1

Model 2

Model 3

Model 4

Model 5

Model 6

Journal-High
Journal-Mid
Normalized Disparity
Normalized Team Size
Career Age-First
Career Age-Last
FF
FM
MF
Constant
Discipline

3.89∗∗∗ (0.035)
0.341∗∗∗ (0.037)
−0.225∗∗∗ (0.007)

3.67∗∗∗ (0.043)
0.421∗∗∗ (0.046)
−0.295∗∗∗ (0.008)
0.555∗∗∗ (0.008)

3.42***(0.039)
0.235∗∗∗ (0.041)
−0.259∗∗∗ (0.007)

3.89***(0.036)
0.371***(0.039)
−0.240∗∗∗ (0.007)

3.42***(0.039)
0.237***(0.042)
-0.259***(0.008)

−0.430∗∗ (0.138)
Yes

0.078(0.169)
Yes

0.152(0.154)
Yes

-0.161***(0.019)
-0.074***(0.015)
-0.070***(0.018)
−0.393∗∗ (0.144)
Yes

0.357***(0.007)
0.745***(0.007)
-0.031(0.020)
-0.044**(0.016)
0.040*(0.019)
0.155(0.154)
Yes

3.31***(0.043)
0.293***(0.045)
-0.289***(0.008)
0.479***(0.008)
0.336***(0.007)
0.690***(0.007)
-0.044*(0.022)
-0.075***(0.018)
0.039(0.021)
0.601***(0.169)
Yes

Pseudo R2

0.082

0.085

0.087

0.082

0.087

0.089

0.360***(0.007)
0.742***(0.007)

(b) 0.75 quantile
Variable

Model 1

Model 2

Model 3

Model 4

Model 5

Model 6

Journal-High
Journal-Mid
Normalized Disparity
Normalized Team Size
Career Age-First
Career Age-Last
FF
FM
MF
Constant
Discipline

7.31∗∗∗ (0.079)
1.15∗∗∗ (0.086)
-0.442***(0.016)

6.73***(0.078)
0.888∗∗∗ (0.085)
−0.446∗∗∗ (0.016)
0.863∗∗∗ (0.015)

6.20***(0.073)
0.749***(0.079)
-0.382***(0.014)

7.31***(0.081)
1.14***(0.088)
-0.442***(0.016)

6.20***(0.073)
0.750***(0.079)
-0.386***(0.014)

−0.383(0.321)
Yes

0.693∗ (0.317)
Yes

1.01∗∗∗ (0.295)
Yes

-0.469***(0.043)
-0.264***(0.034)
-0.240***(0.040)
−0.112(0.328)
Yes

1.06***(0.010)
1.61***(0.012)
-0.110**(0.039)
-0.134***(0.031)
0.029(0.037)
1.05***(0.296)
Yes

5.84***(0.076)
0.595***(0.083)
-0.404***(0.015)
0.675***(0.014)
1.01***(0.011)
1.52***(0.013)
-0.116**(0.040)
-0.157***(0.032)
-0.004(0.038)
1.79***(0.308)
Yes

Pseudo R2

0.097

0.100

0.107

0.098

0.107

0.109

1.08***(0.010)
1.61***(0.012)

(c) 0.95 quantile
Feature

Model 1

Model 2

Model 3

Model 4

Model 5

Model6

Journal-High
Journal-Mid
Normalized Disparity
Normalized Team Size
Career Age-First
Career Age-Last
FF
FM
MF
Constant
Discipline

16.5∗∗∗ (0.322)
2.71∗∗∗ (0.355)
−0.854∗∗∗ (0.068)

15.4∗∗∗ (0.298)
2.10***(0.329)
-0.822***(0.063)
1.75∗∗∗ (0.059)

12.9***(0.253)
1.67∗∗∗ (0.279)
-0.620***(0.054)

16.3***(0.310)
2.45***(0.342)
-0.849***(0.066)

12.8***(0.256)
1.62***(0.283)
-0.611***(0.054)

1.17(1.325)
Yes

3.55∗∗ (1.23)
Yes

5.36∗∗∗ (1.05)
Yes

-1.86***(0.165)
-1.07***(0.133)
-1.08***(0.157)
2.54∗ (1.28)
Yes

4.88***(0.031)
5.15***(0.039)
-0.402**(0.137)
-0.296**(0.110)
-0.011(0.130)
5.80***(1.06)
Yes

12.2***(0.246)
1.31***(0.272)
-0.620***(0.052)
1.11***(0.048)
4.81***(0.030)
5.02***(0.038)
-0.362**(0.132)
-0.361***(0.106)
0.005(0.125)
7.00***(1.02)
Yes

Pseudo R2

0.127

0.130

0.152

0.128

0.152

0.153

*** 𝑝

4.92***(0.030)
5.14***(0.039)

< 0.001, ** 𝑝 < 0.01, * 𝑝 < 0.05

significantly positive (𝑝 < 0.001; Table 2). Hence, papers published
in high-ranked journals tend to receive more citations. The coefficient of FF is negative and significant, except Model 5 of the 0.50
quantile regression (𝑝 < 0.05; Table 2). The coefficient of FM is also
negative and significant (𝑝 < 0.01; Table 2).

4

CONCLUSION

Here, we present a method for measuring the topic disparity of a
paper by calculating the cosine distance between the paper and its
discipline in a vector space. By applying this method, we examined
the relationship between the topic disparity and citation count
while considering journal impact, team size, career age, and gender.
Our result shows that there is a negative relationship between
citation count and the topic disparity. Therefore, research papers

focusing on topics far from the main research theme of a given
discipline tend to receive fewer citations than papers dealing with
conventional topics. A potential explanation for this observation is
that areas studying less conventional topics are relatively small, so
authors may receive fewer citations [26, 27].
Our approach can be extended to investigate the relationships
between the topic disparity and other attributes in science such as
the accessibility of research papers and the demographics of authors. Moreover, with domain knowledge, the topic disparity would
provide detailed insights into a discipline and its characteristics.
We expect that the topic disparity identifies marginalized papers
and researchers developing novel perspectives.
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