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Abstract

The number of citations received by papers often exhibits im-
balances in terms of author attributes such as country of af-
filiation and gender. While recent studies have quantified ci-
tation imbalance in terms of the authors’ gender in journal
papers, the computer science discipline, where researchers
frequently present their work at conferences, may exhibit
unique patterns in gendered citation imbalance. Addition-
ally, understanding how network properties in citations influ-
ence citation imbalances remains challenging due to a lack of
suitable reference models. In this paper, we develop a fam-
ily of reference models for citation networks and investigate
gender imbalance in citations between papers published in
computer science conferences. By deploying these reference
models, we found that homophily in citations is strongly as-
sociated with gendered citation imbalance in computer sci-
ence, whereas heterogeneity in the number of citations re-
ceived per paper has a relatively minor association with it.
Furthermore, we found that the gendered citation imbalance
is most pronounced in papers published in the highest-ranked
conferences, is present across different subfields, and extends
to citation-based rankings of papers. Our study provides a
framework for investigating associations between network
properties and citation imbalances, aiming to enhance our
understanding of the structure and dynamics of citations be-
tween research publications.

Introduction
Citation analysis serves as a standard bibliometric tool for
assessing the impact of different papers, researchers, insti-
tutions, and countries (Waltman 2016; Zeng et al. 2017;
Fortunato et al. 2018). The outcomes of such analyses are
pivotal, as they influence various facets of research eval-
uation, including the hiring and promotion of researchers
(Moed 2006; Moher et al. 2018). However, achieving un-
biased citation analysis remains a challenge due to the di-
verse citation practices adopted by individual researchers
and across research disciplines (Radicchi, Fortunato, and
Castellano 2008). Consequently, citation imbalances persist,
such as the over-citation of certain journal groups (Kojaku,
Livan, and Masuda 2021) and country groups (Gomez, Her-
man, and Parigi 2022).
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Motivation. Gender imbalance persists in computer sci-
ence across various aspects, including educational attain-
ment (OECD 2017), faculty representation (Laberge et al.
2022), and career progression (Lietz et al. 2024). Address-
ing this imbalance is crucial for promoting gender equal-
ity in education, academia, industry, and society (Jaccheri,
Pereira, and Fast 2020). While recent studies have high-
lighted citation imbalances related to authors’ gender in neu-
roscience and physics (Dworkin et al. 2020; Teich et al.
2022), the extent of gendered citation imbalance in computer
science remains largely unknown. Previous findings from
other disciplines may not be directly applied to the com-
puter science discipline due to unique publication practices.
Unlike many disciplines where journals are the primary pub-
lication venue, computer scientists often choose conferences
to present their work (Freyne et al. 2010; Vrettas and Sander-
son 2015). In addition, conference ranks, rather than journal
impact factors, may influence citation practices of computer
scientists (Freyne et al. 2010; Vrettas and Sanderson 2015).
These distinct research practices, combined with the techni-
cal challenges of inferring authors’ gender, make it difficult
to quantify gendered citation imbalances in computer sci-
ence using existing data sources alone.

We represent citations between papers as a directed net-
work to quantify gendered citation imbalance. Citation net-
works are valuable for understanding the scientific knowl-
edge space, as they exhibit various structural and dynami-
cal properties (Zeng et al. 2017). Notably, citation networks
often exhibit homophily in citations, where papers tend to
cite others with similar characteristics (Ciotti et al. 2016).
Moreover, there exists heterogeneity in the number of cita-
tions received per paper, with most papers garnering few ci-
tations while a small fraction receives a substantial number
(Eom and Fortunato 2011). Given that these two properties
often drive other structural and dynamical properties in em-
pirical citation networks (Zeng et al. 2017), we hypothesize
that they influence gender imbalance in citations received
by papers. Investigating this hypothesis necessitates refer-
ence models that randomize citations while preserving these
properties in the given citation network. However, existing
reference models are not intended to investigate associations
between citation imbalances and these properties.
Contribution. The present study makes three significant
contributions. First, we construct a new citation network

Proceedings of the Seventh AAAI/ACM Conference on AI, Ethics, and Society (AIES 2024)

1011



based on the OpenAlex (Priem, Piwowar, and Orr 2022) and
DBLP (The DBLP team 2024b) databases. Our dataset en-
compasses rich metadata of papers, such as authors’ gen-
der and conference ranks. Second, we develop a family of
reference models for quantifying citation imbalances. While
the existing reference model preserves the number of cita-
tions made by each paper (Dworkin et al. 2020), our mod-
els additionally preserve up to homophily in citations and
heterogeneity in the number of citations received per paper.
Third, we quantify gender imbalance in citations between
papers published in computer science conferences and ex-
amine how network properties influence this gendered cita-
tion imbalance. Our key findings are as follows.
• Conference papers written by female authors as the first

and/or last authors are less likely to receive citations than
expected by reference models.

• Homophily in citations exhibits a strong association with
gendered citation imbalance, whereas heterogeneity in
the number of citations received per paper shows a mi-
nor association.

• Gendered citation imbalance is most pronounced among
conference papers published in the highest-ranked con-
ferences and persists across different subfields.

• Conference papers written by female authors as the first
and/or last authors are less likely to appear at the top of
citation-based rankings of papers than expected by refer-
ence models.

Related Work
Quantifying Gender Imbalance in Academia Gender
imbalance in academia has been quantitatively investigated
using bibliometric data (Sugimoto and Larivière 2023). Pre-
vious studies have focused on gender imbalances within
individual disciplines because the extent of gender imbal-
ance and research practices, including authorship, publi-
cation venue, and citation, may depend on the discipline.
Dworkin et al. investigated gender imbalance in citations
between journal papers within the neuroscience discipline
(Dworkin et al. 2020). Teich et al. conducted similar anal-
yses within the physics discipline (Teich et al. 2022). Ja-
didi et al. examined gender imbalance in research careers,
productivity, and collaboration within the computer science
discipline (Jadidi et al. 2018). Avin et al. proposed a math-
ematical model that partially explains the causes of the so-
called glass ceiling effect and empirically observed gender
imbalance in collaborations between mentors and students
in the computer science discipline (Avin et al. 2015). In our
study, we investigate gendered citation practices within the
computer science discipline, aiming to expand upon previ-
ous findings regarding gender imbalance in academia.

Various aspects of gender imbalance in academia have
been investigated. Huang et al. found that gender imbalance
in the productivity of individual researchers is sufficiently
explained by that in the length of their publishing careers
(Huang et al. 2020). Li et al. found that gender imbalance
in the research performance of researchers with publishing
careers of at least 15 years is largely explained by that in the
number of collaborators (Li et al. 2022). Gender imbalance

in citations is partially explained by gendered patterns in col-
laborators of authors and the proximity of research subfields
between papers (Dworkin et al. 2020; Teich et al. 2022). In
contrast to these studies, we investigate the extent to which
homophily in citations and heterogeneity in the number of
citations received per paper explain gendered citation im-
balance in computer science.

Applications of Reference Models for Citation Networks
In general, reference models generate instances that pre-
serve certain properties of the original network and random-
ize other properties (Orsini et al. 2015; Nakajima, Shudo,
and Masuda 2022). Standard practice in network analysis in-
volves comparing the structure and dynamics of the original
network with those of randomized instances generated by
reference models (Orsini et al. 2015; Nakajima, Shudo, and
Masuda 2022). Previous studies have deployed reference
models to characterize the structure of citation networks.
For example, Uzzi et al. investigated atypical combinations
of citations associated with the impact of a paper by ran-
domizing citations via a Monte Carlo algorithm (Uzzi et al.
2013). Kojaku et al. examined anomalous citation patterns
among journals using a reference model that accounts for
scientific communities and journal size (Kojaku, Livan, and
Masuda 2021). These reference models preserve the num-
ber of citations received by each paper and, thus, are not
intended to quantify imbalances in citations received by pa-
pers. Dworkin et al. introduced a reference model for quanti-
fying gender imbalance in citations received by papers. This
reference model, however, does not preserve properties other
than the number of citations made by each paper. In light of
these limitations, we develop a family of reference models
that preserve up to the number of citations made by each pa-
per, homophily in citations, and heterogeneity in the number
of citations received per paper.

New Dataset
We construct a citation network composed of conference pa-
pers within the computer science discipline. To this end, we
use two open databases of publication records: OpenAlex
and DBLP. OpenAlex provides extensive coverage of publi-
cations and citations between them, while DBLP offers pre-
cise conference metadata for computer science publications.
By integrating data from both sources, we construct a publi-
cation dataset with enriched metadata.

Existing Data Sources
OpenAlex OpenAlex provides hundreds of millions of
publication records with rich metadata across various dis-
ciplines (Priem, Piwowar, and Orr 2022). We used publica-
tion data from a snapshot of OpenAlex released on Febru-
ary 27th, 2024, extracting 103,335,085 research articles pub-
lished between 2000 and 2020. For each paper v, the title,
publication date, primary research topic, authors’ informa-
tion (i.e., OpenAlex ID, name, and affiliations), papers cited
by v, and author position (i.e., first, middle, or last) are avail-
able. Each paper is assigned one of the 4,516 research topics
as the primary research topic based on its metadata (e.g., ti-
tle, abstract, and citations). Each research topic belongs to
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one of the 252 research subfields (OpenAlex 2024). Ope-
nAlex uses a proprietary algorithm to assign a unique ID to
each author (Priem, Piwowar, and Orr 2022), and the algo-
rithm identified 45,191,646 authors. While OpenAlex covers
a large extent of publication metadata (Delgado-Quirós and
Ortega 2024), we observed that conference names in Ope-
nAlex data are often missing or not disambiguated for con-
ference papers in computer science.

DBLP DBLP provides millions of publication records in
computer science (The DBLP team 2024b). We used pub-
lication data from a snapshot of DBLP released on April
1st, 2024, and extracted 2,583,968 conference papers pub-
lished between 2000 and 2020. Each paper has the title, pub-
lication year, authors’ names, and conference names. While
DBLP covers a large extent of conference names and cu-
rates them (The DBLP team 2024a), we observed that it of-
fers less metadata for publications compared to OpenAlex.
Specifically, DBLP does not provide research subfields and
topics for publications.

Construction of a New Dataset
We integrate publication data from OpenAlex and DBLP to
complement their respective limitations. We constructed a
citation network composed of 99,329 papers (i.e., nodes)
and 152,598 citations (i.e., directed edges) between them.
Table 1 shows basic statistics of the dataset. See Appendix
A in Ref. (Nakajima et al. 2024) for additional statistics. Be-
low, we describe the process of constructing our dataset.

Country of Affiliation and Gender of Authors We as-
sign the country of affiliation and gender to authors in the
OpenAlex data using the methods outlined in (Nakajima
et al. 2023). First, we assigned a country of affiliation to
each author based on the most frequently appearing coun-
try in the affiliations of their publication records. Next, we
assigned gender to each author based on their country of af-
filiation, first publication year, and first name. We used the
Gender API1 to infer the gender of authors. We set the same
parameters as (Nakajima et al. 2023) for assigning gender
based on the outputs of the API. We then categorized each
paper into one of four gender categories (i.e., ‘MM’, ‘MW’,
‘WM’, and ‘WW’) based on the gender of the first and last
authors, where the first letter, M or W, indicates that the first
author is a man or woman, respectively, and the second let-
ter indicates the gender of the last author. Note that we cat-
egorized sole-author papers by men and women as MM and
WW papers, respectively.

Conference Rank We used the CORE ranking data in
20212 to identify the rank of conferences. This conference
ranking is based on citation statistics of papers and authors
presented at the conference and the acceptance rate for the
conference. The conferences are classified into four ranks:
‘A∗,’ ‘A,’ ‘B,’ and ‘C’, with A∗ being the highest and C the
lowest. The ranking includes 768 conference names in our
dataset. We manually assigned one of these four ranks to
each of the conference names appearing in the DBLP data.

1https://gender-api.com/en/ (Accessed April 2024)
2https://portal.core.edu.au/conf-ranks/ (Accessed April 2024)

Meaning Count
Papers 99,329
Citations 152,598
Gender-assigned authors 83,231
Conferences 637
Countries of affiliation 102
Research topics 1,351
Research subfields 187
A∗-ranked conferences 59
A-ranked conferences 124
B-ranked conferences 257
C-ranked conferences 197
Female authors 13,097
Male authors 70,134
MM papers 76,562
MW papers 8,281
WM papers 10,479
WW papers 4,007

Table 1: Summary of our dataset.

Matching Publications Between OpenAlex and DBLP
We complete the conference metadata for publications in the
OpenAlex data by matching publications between OpenAlex
and DBLP based on the following criteria: (i) both papers
are published in the same year, (ii) both papers have iden-
tical sets of author last names3, and (iii) the titles of both
papers differ by no more than 25% in terms of the Leven-
shtein distance between the two titles divided by the length
of the longer title (Huang et al. 2020). If the metadata be-
tween OpenAlex and DBLP is inconsistent, we use Ope-
nAlex metadata except for the conference name.

Citations Given an observed citation from paper u to pa-
per v, we say that u made the citation to v, and v received
the citation from u. We removed citations made by u to v if
either of the following holds true: (i) the publication date of
v is ten years older than that of u, (ii) both first and last au-
thors of v are either the first or last author of u. The first cri-
terion addresses the different dynamics of citations received
by different papers (Sinatra et al. 2016); the second crite-
rion avoids self-citations (Nakajima et al. 2023). We also
removed papers that neither make nor receive any citations.

Reference Models for Citation Networks
We aim to characterize gender imbalance in citations re-
ceived by conference papers in computer science. To this
end, we compare gendered citation patterns in the original
network with those in reference models. Our reference mod-
els randomize citations made by each paper while preserving
certain structural properties of the original network.

Below, we first describe an existing reference model
that preserves the number of citations made by each paper
(Dworkin et al. 2020). Then, we extend this model to ref-
erence models that preserve up to the number of citations

3We regarded the last space-separated word of a given author’s
name as their last name (Nakajima et al. 2023).
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made by each paper, homophily in citations, and heterogene-
ity in the number of citations received per paper. We list the
properties that each reference model preserves in Table 2.
See Appendix B in Ref. (Nakajima et al. 2024) for the pseu-
docodes of the three reference models.

Notation
We denote by V = {v1, . . . , vN} the set of all the papers
(i.e., nodes), E the set of citations (i.e., directed edges) in the
network, and M = |E| the number of citations, where N is
the number of papers. We denote by (Aij)1≤i≤N,1≤j≤N an
adjacency matrix of the network, where Aij = 1 if (vi, vj) is
in E and Aij = 0 otherwise. We denote by ki =

∑N
j=1 Aij

the number of citations made by vi ∈ V , and we denote by
cj =

∑N
i=1 Aij the number of citations received by vj ∈ V .

Random-Draws Model
We first describe the random-draws model (Dworkin et al.
2020). Consider an observed citation made by paper vi ∈ V
to paper vi′ ∈ V . This model assumes that vi′ is drawn uni-
formly at random from a set of papers that vi could poten-
tially cite, which we denote by V RD(i). The subscript ‘RD’
indicates the ‘random-draws’ model. According to our defi-
nition of citations between papers, we define V RD(i) as the
set of papers that meet the following criteria: (i) the publi-
cation date of each paper is at most ten years older than that
of vi, and (ii) both the first and last authors of each paper
are neither the first nor last authors of vi. Then, any paper
in V RD(i) receives a citation from vi with the probability
1/|V RD(i)| under the random-draws model. Therefore, the
probability of a citation made by vi to vj ∈ V under the
model is given by

w̄ij,RD =

{
ki/|V RD(i)| if vj ∈ V RD(i),

0 otherwise.
(1)

Then, aggregating the probability of a citation received by
vj from other papers yields the expected number of citations
received by vj under the model:

c̄j,RD =
N∑
i=1

w̄ij,RD. (2)

The random-draws model preserves the expected number of
citations made by each paper in the original network. Indeed,
it holds true that

∑N
j=1 w̄ij,RD = ki for any vi ∈ V .

Homophilic-Draws Model
Empirical citation networks often exhibit homophily, where
papers tend to cite those with similar properties (Ciotti et al.
2016). Homophily in citations may be associated with gen-
der imbalance in citations received by papers (Nakajima
et al. 2023). To investigate this possibility, we need to com-
pare gendered citation patterns between a reference model
that destroys homophilic citation patterns in the original net-
work and one that preserves them. The random-draws model
destroys homophilic citation patterns. Therefore, we extend
the random-draws model to a reference model that preserves

homophilic citation patterns in the original network, which
we refer to as the homophilic-draws model.

We denote by S a set of properties of the paper, other
than the gender category, that can be relevant to homophilic
citations. In this study, we define the set of the following
three properties as S: (i) conference rank, (ii) country of af-
filiation, and (iii) research topic. Note that S is not limited
to these properties. For example, one may focus on journal
names for citation networks in other disciplines (Kojaku, Li-
van, and Masuda 2021).

We describe the algorithmic procedure. Consider an ob-
served citation made by vi ∈ V to vi′ ∈ V . We define
V HD(i, i

′, S) as the set of papers in V RD(i) that belong to
the same category4 as vi′ for any property in S. Note that
V HD(i, i

′, S) includes vi′ . The subscript ‘HD’ indicates the
‘homophilic-draws’ model. We assume that any paper in
V HD(i, i

′, S) receives a citation from vi with the probability
1/|V HD(i, i

′, S)| under the homophilic-draws model. Then,
the probability of a citation made by vi to vj ∈ V under the
model is given by

w̄ij,HD =

N∑
i′=1

(vi,vi′ )∈E

vj∈V HD(i,i
′,S)

1/|V HD(i, i
′, S)|. (3)

The expected number of citations received by vj ∈ V under
the model is given by

c̄j,HD =
N∑
i=1

w̄ij,HD. (4)

The homophilic-draws model preserves the number of cita-
tions made by each paper. In addition, it preserves the num-
ber of citations between papers in terms of any pair of con-
ference ranks, any pair of countries of affiliation, and any
pair of research topics (see Figs. 1(b)–1(d) for numerical ev-
idence).

Preferential-Draws Model
Empirical citation networks may exhibit a greater extent of
heterogeneity in the number of citations received per paper
than expected under the homophilic-draws model. One pos-
sible explanation is that citation dynamics largely adhere to
the preferential attachment mechanism (i.e., papers are more
likely to cite papers that receive more citations in a research
topic) (Eom and Fortunato 2011). We investigate the extent
to which heterogeneity in the number of citations received
per paper is associated with gender imbalance in citations
received by papers. To this end, we extend the homophilic-
draws model to a reference model that approximately pre-
serves heterogeneity in the number of citations received per
paper, which we refer to as the preferential-draws model.

We examine citations made by older papers in sequential
order. We sort the papers by publication date in ascending

4For example, in our analyses, V HD(i, i
′, S) is defined as the

set of papers in V RD(i) that belong to the same conference rank,
the same country of affiliation, and the same research topic as vi′ .

1014



Model Properties to be preserved
Random-draws model • Number of citations made by each paper

Homophilic-draws model • Number of citations made by each paper
• Homophilic citation patterns in terms of given properties of the paper

Preferential-draws model
• Number of citations made by each paper
• Homophilic citation patterns in terms of given properties of the paper
• Heterogeneity in the number of citations received per paper

Table 2: Properties to be preserved in each reference model.

order: vx1 , . . . , vxN
, where xl is the index of the l-th paper

in the sorted result; vx1 and vxN
are the oldest and newest

papers, respectively. We randomize citations made by pa-
per vxl

by accounting for the following properties for the
papers vx1

, . . . , vxl−1
: (i) any property in S and (ii) the ex-

pected number of citations received before vxl
is published

under the model. Below, we denote by c̄i,l,PD the expected
number of citations received by vi ∈ V from the papers
vx1

, . . . , vxl
under the model, where the subscript ‘PD’ in-

dicates the ‘preferential-draws’ model.
We describe the algorithmic procedure. First, we initialize

c̄i,l,PD to zero for any i = 1, . . . , N and any l = 1, . . . , N .
Second, we perform the following procedure from l = 2 to
N in sequential order. Consider an observed citation made
by paper vxl

to vi′ ∈ V . We define V PD(l, i
′, S) as the set

of papers in V HD(xl, i
′, S) that receives the same expected

number of citations from the papers vx1
, . . . , vxl−1

as vi′ ,
i.e., V PD(l, i

′, S) = {vj | vj ∈ V HD(xl, i
′, S) ∧ c̄j,l−1,PD =

c̄i′,l−1,PD}. Note that V PD(l, i
′, S) includes vi′ . We assume

that any paper in V PD(l, i
′, S) receives a citation from vxl

with the probability 1/|V PD(l, i
′, S)|. Therefore, for any pa-

per vj ∈ V PD(l, i
′, S) and any z = l, . . . , N , we increase

c̄j,z,PD by 1/|V PD(l, i
′, S)|. Finally, the probability of a cita-

tion made by vi to vj ∈ V under the model is given by

w̄ij,PD =
N∑
l=2
xl=i

N∑
i′=1

(vi,vi′ )∈E

vj∈V PD(l,i
′,S)

1/|V PD(l, i
′, S)|. (5)

The expected number of citations received by vj ∈ V under
the model is given by

c̄j,PD =
N∑
i=1

w̄ij,PD. (6)

As with the homophilic-draws model, the preferential-draws
model preserves the number of citations made by each paper
and homophilic citation patterns in terms of the conference
rank, country of affiliation, and research topic. In addition,
it approximately preserves the heterogeneity in the number
of citations received per paper in the original network (see
Fig. 1(e) for numerical evidence).

Characterizing Gender Imbalance in Citations
We quantify gender imbalance in citations received by pa-
pers using the family of reference models. Consider two

subsets of papers, denoted by Vfrom ⊆ V and Vto ⊆ V .
We measure the extent to which the papers in Vfrom over- or
under-cite the papers in Vto and in a given gender category
g ∈ {MM,MW,WM,WW} (Dworkin et al. 2020; Teich
et al. 2022). We first count the citations made by the papers
in Vfrom to those in Vto and in gender category g, which we
denote by ng,obs. Then, we compare ng,obs with the expecta-
tion obtained by a reference model. The expectation under
the random-draws model is given by

n̄g,RD =
∑

vi∈Vfrom

k′ipi,g,RD, (7)

where k′i is the number of citations made by vi to the papers
in Vto, and pi,g,RD is the fraction of the papers that are in both
V RD(i) and g. The expectation under the homophilic-draws
model is given by

n̄g,HD =
∑

vi∈Vfrom

∑
vj∈Vto

(vi,vj)∈E

pi,j,S,g,HD, (8)

where pi,j,S,g,HD is the fraction of the papers that are in both
V HD(i, j, S) and g. The expectation under the preferential-
draws model is given by

n̄g,PD =

N∑
l=2

∑
vj∈Vto

(vxl
,vj)∈E

pl,j,S,g,PD, (9)

where pl,j,S,g,PD is the fraction of the papers that are in
both V PD(l, j, S) and g. For given reference model r ∈
{RD,HD, PD}, we calculate the over/under-citation made
by the papers in Vfrom to those in Vto as (ng,obs − n̄g,r)/n̄g,r.

We also perform bootstrap resampling to estimate confi-
dence intervals for the over/under-citations made by papers
in our dataset (see Appendix C in Ref. (Nakajima et al. 2024)
for details).

Characterizing Gender Imbalance in
Citation-Based Rankings

We quantify gender imbalance in citation-based rankings of
papers. To this end, we compute the fraction of W|W pa-
pers (i.e., MW, WM, and WW papers) among the top d%
of papers with the largest values of a given impact measure
(Karimi et al. 2018). We compare this fraction in the original
network with that in the reference models.

We first use the number of citations received by the paper,
cj , as the impact measure (Zeng et al. 2017). We employ
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Eqs. (2), (4), and (6) to compute the ranking of the papers
based on the expectations for the reference models.

The quantity cj does not account for which papers cited
vj and how vj influenced the impact of those citing papers.
Alternative metrics exist for measuring the impact of a paper
(Zeng et al. 2017). One such metric is PageRank, originally
introduced for ranking web pages (Brin and Page 1998), and
it has been deployed in various applications, including the
ranking of papers in several disciplines (Ma, Guan, and Zhao
2008; Masuda, Porter, and Lambiotte 2017). We also use
PageRank as the impact measure for the papers in our study.

We compute the PageRank of the papers in the original
network as follows. Consider a random walk with telepor-
tations on the network: an individual reading paper vi ∈ V
follows one of the citations made by vi uniformly at random
with the probability α and teleports to one of the N research
papers with probability 1−α. If the individual reads a paper
that makes no citations, they also teleport to one of the N
research papers. We assume that the paper to which the indi-
vidual teleports is selected from the probability distribution
proportional to the number of citations received by the paper
(Lambiotte and Rosvall 2012). The PageRank of vi, denoted
by p∗i,α, is the probability that the individual reads paper vi
after a sufficient number of time steps. We define p∗i,α by the
following equation (Lambiotte and Rosvall 2012)

p∗i,α =(1− α)
ci
M

+ α
N∑
j=1

Tjip
∗
j,α, (10)

where we define

Tij =

{
Aij/ki if ki > 0,

cj/M otherwise.
(11)

We refer to (Tij)1≤i≤N,1≤j≤N as a transition-probability
matrix for the original network. We set α = 0.85 (Brin
and Page 1998). We compute the PageRank of the papers
iteratively as follows. We assume that the initial probabil-
ity distribution is pi(0) = ci/M for any i = 1, . . . , N . The
computation at each step t > 0 yields

pi(t+ 1) =(1− α)
ci
M

+ α
N∑
j=1

Tjipj(t). (12)

The computation ends when t reaches tmax or it holds that

1

N

N∑
i=1

|pi(t+ 1)− pi(t)| < ϵ, (13)

where we set tmax = 100 and ϵ = 10−6 (NetworkX 2024).
To compute the PageRank of the papers for a given refer-

ence model, we assume the following: (i) an individual read-
ing paper vi ∈ V switches to paper vj ∈ V with the prob-
ability of a citation made by vi to vj under the reference
model; (ii) the paper to be teleported is selected from the
probability distribution proportional to the expected number
of citations received by the paper under the reference model.
Based on these assumptions, we define the PageRank of vi

for the reference model, denoted by p̄∗i,α,r, as

p̄∗i,α,r =(1− α)
c̄i,r
M

+ α
N∑
j=1

T ji,r p̄
∗
j,α,r, (14)

where r ∈ {RD,HD, PD} and we define

T ij,r =

{
w̄ij,r/ki if ki > 0,

c̄j,r/M otherwise.
(15)

For any r ∈ {RD,HD, PD}, it holds true that
∑N

j=1 w̄ij,r =

ki for any vi ∈ V and
∑N

j=1 c̄j,r = M . We refer to
(T ij,r)1≤i≤N,1≤j≤N as a transition-probability matrix for
the reference model. Note that (T ij,r)1≤i≤N,1≤j≤N for
any r ∈ {RD,HD, PD} is typically much denser than
(Tij)1≤i≤N,1≤j≤N . We assume that the initial probability
distribution is p̄i,r(0) = c̄i,r/M for any vi ∈ V and any
r ∈ {RD,HD, PD}. We set α = 0.85. The iterative compu-
tation procedure is the same as that for the original network.

For both impact measures, we use the score (i.e., the num-
ber of citations received by the paper or PageRank) of each
paper vi divided by the average score of the papers that were
published in the same year and belong to the same subfield
as vi. This normalization addresses the time-and-subfield
dependence of the average number of citations received per
paper (Radicchi, Fortunato, and Castellano 2008).

Results
Comparison of Reference Models
We first examine which structural properties in the origi-
nal citation network are preserved by the three reference
models. First, all models exactly preserve the distribution of
the number of citations made by the paper in the original
network (see Fig. 1(a)). Second, while the random-draws
model destroys homophilic citation patterns in the original
network, both the homophilic-draws and preferential-draws
models exactly preserve (see Figs. 1(b)–(d)). Third, while
the random-draws and homophilic-draws models hardly pre-
serve the heterogeneity in the number of citations received
per paper in the original network, the preferential-draws
model approximately preserves (see Fig. 1(e)). These results
align with our expectations.

Gendered Citation Imbalance in Conference
Papers
We now quantify gender imbalance in citations between pa-
pers published in computer science conferences. Each con-
ference paper is categorized into one of four gender cate-
gories (i.e., MM, MW, WM, or WW) based on the gender
of the first and last authors. We first count the number of
citations made by a subset of papers to those in each gen-
der category. Then, we compare the obtained citation counts
with the expectations derived from the reference models.

Figure 2(a) shows the over/under-citation made by any pa-
pers to the papers in each gender category, computed using
the random-draws model. We found that any papers tend to
over-cite MM papers and under-cite MW, WM, and WW

1016



(a) Cumulative distribution of the number 
of citations made by the paper

Original

Random

Homophilic

(b) Homophilic citation patterns in terms of 
the conference tier of the paper

(c) Homophilic citation patterns in terms of 
the country of affiliation of the paper

(d) Homophilic citation patterns in terms of 
the research topic of the paper

(e) Cumulative distribution of the number 
of citations received by the paper

Random

Preferential

Figure 1: Comparison of structural properties between the original citation network and reference models. The legend ‘Original’
indicates the result for the original network, ‘Random’ indicates that for the random-draws model, ‘Homophilic’ indicates that
for the homophilic-draws model, and ‘Preferential’ indicates that for the preferential-draws model. In Figs. 1(c) and 1(d), we
focused on the 55 countries of affiliation and the 625 research topics, each of which has one or more homophilic citations in
the original network. We sorted the IDs in descending order by the number of homophilic citations in each case. Curves that
completely or heavily overlap are indicated by arrows and labels.

papers. Using the random-draws model, we also computed
the over/under-citation made by MM and WW papers. The
over/under-citation patterns made by MM papers are quali-
tatively similar to those made by any papers (see Fig. 2(b)).
This result is expected because the fraction of citations made
by MM papers is dominant (i.e., 77.7%). In contrast, WW
papers exhibit the opposite over/under-citation patterns: they
tend to under-cite MM papers and over-cite MW, WM, and
WW papers (see Fig. 2(c)). These results are largely consis-
tent with previous findings on gendered citation imbalances
in journal papers in neuroscience and physics (Dworkin
et al. 2020; Teich et al. 2022).

Comparisons of the over/under-citation between the
random-draws and homophilic-draws models will reveal
the influence of homophilic citation patterns. This is be-
cause the random-draws model destroys homophilic citation
patterns in the original network, whereas the homophilic-
draws model preserves them. Similarly, comparisons of the
over/under-citation between the homophilic-draws and the
preferential-draws models will reveal the influence of the
heterogeneity in the number of citations received per paper.

Figures 2(d)–2(f) show the results for the homophilic-
draws model. We found that homophilic citation patterns
are associated with the under-citation received by MW,
WM, and WW papers. Specifically, the over/under-citation
received by MW papers is reduced from −4.8% for the
random-draws model (see Fig. 2(a)) to −3.3% for the

homophilic-draws model (see Fig. 2(d)). Similarly, the
over/under-citations received by WM and WW papers are
reduced from −12.9% and −31.4% for the random-draws
model (see Fig. 2(a)) to −8.2% and −21.2% for the
homophilic-draws model (see Fig. 2(d)), respectively. We
make qualitatively similar observations for the over/under-
citation made by MM papers (see Figs. 2(b) and 2(e)). Fur-
thermore, we found that gendered citation patterns made by
WW papers are sufficiently explained by homophilic cita-
tion patterns. Indeed, the over/under-citation made by WW
papers is almost eliminated in the homophilic-draws model
(see Figs. 2(c) and 2(f)).

Figures 2(g)–2(i) show the results for the preferential-
draws model. We found that the heterogeneity in the number
of citations received per paper is slightly associated with the
under-citation received by MW, WM, and WW papers. We
also make qualitatively similar observations for MM papers
(see Fig. 2(h)). In contrast, the heterogeneity in the num-
ber of citations received per paper contributes little to de-
scribing gendered citation patterns made by WW papers (see
Figs. 2(f) and 2(i)).

In summary, gender imbalance in citations received by
conference papers in computer science exists. Homophily
in citations is strongly associated with the gender imbal-
ance in citations, whereas heterogeneity in the number of
citations received per paper shows a minor association with
it. Gendered citation patterns made by MM papers persist
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(a) Over/under-citation made by any papers
for the random-draws model

(b) Over/under-citation made by MM papers
for the random-draws model

(c) Over/under-citation made by WW papers
for the random-draws model

(d) Over/under-citation made by any papers
for the homophilic-draws model

(e) Over/under-citation made by MM papers
for the homophilic-draws model

(f) Over/under-citation made by WW papers
for the homophilic-draws model

(g) Over/under-citation made by any papers
for the preferential-draws model

(h) Over/under-citation made by MM papers
for the preferential-draws model

(i) Over/under-citation made by WW papers
for the preferential-draws model

Figure 2: Gender imbalance in citations received by conference papers in computer science.

even after controlling for both of these properties, whereas
those made by WW papers are sufficiently explained by ho-
mophilic citation patterns.

Gendered Citation Imbalance Across Conference
Ranks and Subfields
Gender imbalance in academia has been investigated in
terms of prestige, including institutional prestige (Huang
et al. 2020). Journals and conferences are often ranked based
on citation statistics of papers published there (Garfield
1972; Freyne et al. 2010). Indeed, several ranking systems
exist for conferences in computer science, with the highest-
ranked conferences often regarded as prestigious (Li et al.
2018). We hypothesize that the gendered citation imbalance
in computer science is associated with the prestige of the
conference. To investigate this possibility, we computed the
over/under-citation received by MM and WW papers within
each conference rank using the preferential-draws model.
It quantifies the over/under-citation that cannot be imme-
diately explained by the number of citations made by each
paper, homophily in citations, and the heterogeneity in the
number of citations received per paper.

Figure 3 compares the over/under-citation received by
MM and WW papers within each conference rank. The gen-
der imbalance persists across conference ranks. Notably,
the degree of under-citation received by WW papers pub-
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Figure 3: Gendered citation imbalance across conference
ranks.

lished in A∗-ranked conferences is at least four times larger
than in A or lower-ranked conferences. In contrast, the de-
gree of over-citation received by MM papers does not vary
greatly across different conference ranks. The difference in
the over/under-citation received by WW papers by confer-
ence rank is not immediately explained by the fraction of
WW papers within each rank: 2.9% for A∗ rank, 4.5% for A
rank, 3.7% for B rank, and 5.8% for C rank.

The degree of gender imbalance often varies by subfield
within a single discipline. Indeed, gendered citation imbal-
ance exists across different subfields in physics (Teich et al.
2022). We compare the degree of gender imbalance in ci-
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Figure 4: Gendered citation imbalance across subfields.

tations across different subfields in computer science. To
this end, we focus on the 11 subfields categorized under
the ‘Computer Science’ discipline in the OpenAlex data.
We then compute the degree of over/under-citation received
by MM and WW papers within each subfield using the
preferential-draws model.

We found that the under-citation received by WW papers
exists in all subfields except for the ‘signal processing’ sub-
field (see Fig. 4). The variation in the degree of the under-
citation received by WW papers across subfields cannot be
directly explained by that in the fraction of WW papers in
each subfield: the Spearman’s rank correlation coefficient is
0.14 (P -value is 0.69).

To sum up, gender imbalance in citations received by con-
ference papers persists across conference ranks and subfields
in computer science. This imbalance is most pronounced for
papers published in the highest-ranked conferences.

Gender Imbalance in Citation-Based Rankings
We have observed gender imbalance in citations received by
conference papers in computer science. We further examine
how this gendered citation imbalance influences gender im-
balance in citation-based rankings of papers. To this end, we
first rank the conference papers based on the number of cita-
tions received. We compute the number of citations received
by each paper in the original network and compare it with
the expectations in a given reference model (see Methods
Section for details). For a given d value, we then compute
the fraction of W|W papers (i.e., MW, WM, and WW pa-
pers) among the top d% of papers with the highest number
of citations received, comparing the original network with
the reference model.

Figure 5(a) compares the fraction of W|W papers in the
top d% papers between the original network and the ref-
erence models. We found that the fraction of W|W papers
in the top d% for the original network is lower than that
for any reference model across most d values in the range
[0.1, 20]. Additionally, the fraction of W|W papers for the
homophilic-draws model is smaller than that for the random-

draws model across most d values in the range [0.1, 100].
This comparison reveals that homophily in citations is as-
sociated with gender imbalance in the ranking of papers,
consistent with previous findings in the physics discipline
(Karimi et al. 2018). In contrast, the fraction of W|W pa-
pers for the preferential-draws model is comparable to that
for the homophilic-draws model, indicating that heterogene-
ity in the number of citations received per paper has a minor
influence on gender imbalance in the rankings of papers.

The number of citations received by a given paper v does
not account for which papers cited v or how v influenced the
impact of the citing papers. To address this, we use PageR-
ank, which measures the impact of a paper based on the ci-
tation network (Zeng et al. 2017), to rank the conference
papers. We compute the PageRank of the papers in both the
original network and a given reference model (see Methods
Section for details). Then, we compare the fraction of W|W
papers in the top d% of papers with the largest PageRank
between the original network and the reference model.

Figure 5(b) compares the fraction of W|W papers in the
top d% papers between the original network and the refer-
ence models. The fraction for the original network is lower
than that for both reference models across most d values in
the range [0.1, 2]. Comparisons among the reference models
indicate that homophily in citations moderately influences
gender imbalance in the ranking of papers based on PageR-
ank, whereas heterogeneity in the number of citations re-
ceived per paper does little.

To sum up, gender imbalance in citation-based rank-
ings of conference papers in computer science exists. Ho-
mophily in citations is associated with this gender imbal-
ance, whereas heterogeneity in the number of citations re-
ceived per paper has little association.

Discussion
Gender Imbalance in Citations Received by Papers
We found that conference papers written by female authors
as the first and/or last authors are less likely to receive cita-
tions across different subfields in computer science. This re-
sult is largely consistent with previous findings on gendered
citation imbalance in other disciplines (Dworkin et al. 2020;
Fulvio, Akinnola, and Postle 2021; Wang et al. 2021b; Teich
et al. 2022). Additionally, we make significant insights into
these previous findings. First, we found that homophily in
citations is strongly associated with gender imbalance in ci-
tations, whereas the heterogeneity in the number of citations
received per paper shows a minor association. Second, we
found that the prestige of the highest-ranked conferences is
strongly associated with the gender imbalance in citations.
Our results indicate the presence of gendered citation pat-
terns in computer science that cannot be explained by these
structural properties alone.

Gender homophily has been observed in citations, and it is
often associated with gender imbalance in citations (Tekles,
Auspurg, and Bornmann 2022; Zhou, Chai, and Freeman
2024). Tekles et al. found that gendered citation patterns in
the biological and medical disciplines are sufficiently ex-
plained by homophilic citations in terms of the research
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(a) Number of citations received by the paper (b) PageRank

Figure 5: Gender imbalance in citation-based rankings of conference papers.

topic (Tekles, Auspurg, and Bornmann 2022). Consistent
with this finding, we found that gendered citation patterns
for papers written by female authors as the first and last au-
thors in computer science are also largely explained by ho-
mophilic citations. Therefore, our results support the previ-
ous finding that extensively controlling for properties of the
paper is important for assessing the degree of gender imbal-
ance in citations (Tekles, Auspurg, and Bornmann 2022).

Gender Imbalance in Citation-Based Rankings
Karimi et al. found that papers categorized within the ”mi-
nority” group of the research topic are less likely to appear
at the top of citation-based rankings than expected by ran-
dom chance (Karimi et al. 2018). In contrast, we proposed
the use of reference models to assess imbalances in citation-
based rankings. Our findings indicate that papers written by
female authors as the first and/or last authors are less likely
to appear at the top of citation-based rankings, even after
accounting for homophily in citations and heterogeneity in
citation counts per paper.

We expect that modifying network structures using refer-
ence models could potentially ameliorate gender imbalances
in citation-based rankings. For example, one could utilize
the preferential-draws model to calculate the PageRank of
each paper in the given citation network. Indeed, our re-
sults suggest that adjusting a transition-probability matrix
and a probability distribution of teleportation in the PageR-
ank using the preferential-draws model improves gender im-
balance in the ranking of papers (see Fig. 5(b)). A simi-
lar approach has been employed to enhance the fairness of
PageRank among nodes in a network (Tsioutsiouliklis et al.
2021). In contrast to this previous study (Tsioutsiouliklis
et al. 2021), our reference models do not require any algo-
rithmic parameters to enhance the fairness in node rankings.

The development of fairness-aware methods for network
analysis has emerged as a recent and challenging topic (Sax-
ena, Fletcher, and Pechenizkiy 2024). The prospect of ame-
liorating imbalances in node rankings by modifying network
structures using reference models remains an open area for
exploration and discussion. This approach may be extended
to encompass other centrality measures and network types

and is expected to contribute to the establishment of fairness-
aware methods in node rankings.

Conclusion
In this study, we quantified gendered citation imbalance
in conference papers in computer science. Previous stud-
ies have identified gender imbalance in the number of re-
searchers (Way, Larremore, and Clauset 2016; Jadidi et al.
2018; Huang et al. 2020; Laberge et al. 2022), research ca-
reer (Jadidi et al. 2018; Huang et al. 2020; Morgan et al.
2021; Lietz et al. 2024), and authorship (Holman, Stuart-
Fox, and Hauser 2018; Wang et al. 2021a) within the com-
puter science discipline. Additionally, studies have quanti-
fied gendered citation imbalance in journal papers across
other disciplines (Dworkin et al. 2020; Fulvio, Akinnola,
and Postle 2021; Wang et al. 2021b; Teich et al. 2022). By
developing a family of reference models for citation net-
works, we extended previous findings on gender imbalance
in computer science in terms of citation practices.

Our study presents several future challenges. Our refer-
ence models do not consider the attractiveness or fitness
of the paper (Eom and Fortunato 2011; Wang, Song, and
Barabási 2013) and the authors’ reputation (Petersen et al.
2014), both of which significantly impact citation dynam-
ics. Extending our reference models to include these factors
could help us understand how these properties are associ-
ated with gendered citation imbalance. Furthermore, citation
imbalances may also be present concerning other author at-
tributes, such as nationality (Nakajima et al. 2023) and race
(Kozlowski et al. 2022; Liu, Rahwan, and AlShebli 2023), in
addition to gender, within the computer science discipline.
Investigating citation imbalances in relation to these other
relevant author attributes warrants further work.
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