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this context, we find that the share of self and collaborator-citations increases with the
magnitude of the k-max and women tend to have less interlinked cores of their cita-
tion networks than men (smaller k's). Interestingly, we find that women tend to have a
higher share of third-party citations while men tend to have a higher share of self and
collaborator-citations, for all k's and areas of expertise. We conduct a Blinder—Oaxaca
decomposition to better understand the citation gender gap and find that much of it
can be explained through the differences in observable characteristics (including the
k-max) between women and men.
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Introduction and motivation

Mexico frequently emerges as one of the most unequal countries across various eco-
nomic, societal, and demographic topics (Campos-Vazquez et al. 2018). Science is not
the exception where striking gender differences have been reported not only regarding
women representation in general, but specially within the highest levels of the decision-
making ladder (Lloyd 2018; Sandoval-Romero and Lariviére 2020; Rodriguez Mira-
montes et al. 2017). In 2018, only 37% of the national researchers’ system were women,
their presence varying across fields and seniority (CONACYT 2018).

The number of citations in the evaluation and promotion of researchers has gained
importance in recent decades in which different strategies to magnify these have been
uncovered, differing significantly between genders (van den Besselaar and Sandstrém
2016; King et al. 2017; Fortunato et al. 2018; Huang et al. 2020). The academic career has
been regarded as a publish-or-perish game where a scientific contribution is measured
against the impact it creates.

In this context, Ioannidis et al. (2019) explain the need for citation metrics that are
field-adjusted, accounting for extreme self-citations and able to detect citation farms in
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which a small cluster of authors disproportionately cites each other’s papers. The strate-
gic use of self-citations to boost an author’s impact has been widely studied (Kacem et al.
2020; Van Noorden and Singh Chawla 2019; Wallace et al. 2012). For instance, King et al.
(2017) find that men self-cite 56% more than women, creating an asymmetric cumula-
tive advantage between genders.

Reciprocity between authors within their closest social circle has been less studied and
only recently has gained importance. Li et al. (2019) investigate whether authors that
present high citation reciprocity (exchange of citations between authors) outperform
their peers and find that only those in the lowest part of the citation distribution do ben-
efit from this strategy to boost their visibility.

Therefore, the issue of exploring the determinants of an author’s impact is a mix of
personal attributes and the authors’ social network. It is well established that collabora-
tion in academia is mostly beneficial for all parties since it can improve their productiv-
ity and impact through the acquisition of resources, learning of new abilities, boost of
citations, and a more lengthy career (Van Der Wal et al. 2021; Wallace et al. 2012; Fortu-
nato et al. 2018; Paraskevopoulos et al. 2021; Dorantes-Gilardi et al. 2021).

The study of real-world networks has stressed the necessity of developing centrality,
rankings, and structural organization measures to uncover complex connectivity pat-
terns usually hindered and are proven useful to characterize different network struc-
tures and configurations (Alvarez-Hamelin et al. 2005). One macro-level measure to find
interconnected links within the network is based on its k-core, defined as the maximal
set of nodes that have at least degree k within the set (Kong et al. 2019; Seidman 1983).
The concept of k-core has proven helpful in a variety of financial, biological, and com-
munity detection topics (Kong et al. 2019; Giatsidis et al. 2011; Burleson-Lesser et al.
2020; Dorantes-Gilardi et al. 2021). In practice, it is of particular interest the study of
the maximal degree k such that a k-core exists, the so-called main core and k-max, since
the nodes belonging to it are responsible for providing a “structure” to the network due
to their high relations strengths (Burleson-Lesser et al. 2020). We will only consider the
k-max throughout the paper.

In this paper, we explore whether an author’s k-max (magnitude of k) correlates with
the number of citations, once we control for other individual characteristics, such as
the number of papers, area of expertise, the average number of co-authors per paper,
career length, among others. We construct personal citation networks where the nodes
are papers and links are citations that may come from a paper of the same author (self-
citation), a paper of a co-author (collaborator-citation), or someone else (third-party
citation).

Our goal is to uncover whether a more interlinked inner core (higher k) implies more
citations. To the best of our knowledge, this is the first paper to investigate the link of
the citation networks topology through differences in the k-max to explain variations
in an author’s impact. Also, we investigate possible mechanisms that affect the k-max,
both in the magnitude of the k and some possible strategies of increasing it, such as
self-citations.

A personal network (ego network) intrinsically embeds social mechanisms and can
generate different benefits to the focal node depending on its structure. Vacca (2020)
explains that tightly-knit ego networks generate bonding social capital and may result in
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higher levels of cooperation and support among members. Unlike other networks (e.g.
biological or social), in citation networks, the links cannot be severed; they are perma-
nent, and the cost of maintaining the link (a citation) is zero once it appears. Given this
particularity, we presume that a more cohesive inner core of a personal citation network
could only benefit the focal author. Furthermore, the possible adverse effects of a highly
cohesive network, such as greater social pressure or limits on individual freedom (Vacca
2020), are not a matter of concern.

Since the k-max of our citation networks contains papers that receive at least k cita-
tions, and these may come from different sources (self, collaborator, or third-party), we
hypothesize that an author may partially have the ability to increase the k through self-
citations or if collaborators reciprocate citations as well. Nevertheless, it is worth men-
tioning that we do not imply that all self or collaborator-citations are artificially boosting
the impact or the k. For instance, an author could naturally have a large k if several of
their papers are impactful within a small community and are usually co-cited.

We would expect differences between the citation networks of early and senior-career
researchers and across fields, but it is not evident how they differ between genders,
particularly the innermost core (k-max). The present paper aims at contributing to the
research in how gender-differentiated patterns in their citation network can translate
into permanence and promotion in academia.

Moreover, we use a Blinder-Oaxaca (BO) decomposition to explain further how the k-
max and other variables contribute either positively or negatively to the citation gender
gap, in the fashion of the wage gender gap literature. Thus, we examine how much of the
gap can be explained by differences in observable characteristics or endowments (includ-
ing the k-max) and how much is due to those characteristics having different effects on
citations (coefficients). To our knowledge, this paper is the first, in the growing literature
on gender bias in academia, to apply such a decomposition approach. Thus, this study
not only contributes specifically to the gender bias literature in academia but may also
inform policy-makers to design policies targeting gender equality.

The paper is organized as follows: section "The Mexican National System of Research-
ers" explains the Mexican National System of Researchers briefly; section "Data" presents
the data and how the citation network is constructed; section "Network topology and
impact" shows the results of the relationship between an author’s networks topology and
the number of citations; section "Network topology and impact” shows some measures
that relate to the k-max and whether there are gender differences; section "Illustrative
cases} illustrates particular researchers to better understand the dynamics of citation
patterns and k-max. Finally, section "Conclusions" provides concluding comments.

The Mexican National System of Researchers

The National System of Researchers (Sistema Nacional de Investigadores, SNI) was cre-
ated in 1984 and conceived initially to mitigate the acute income loss of faculty doing
full-time research due to the economic crisis and aimed to support research activities
across the country (Sandoval-Romero and Lariviere 2020; Francisco et al. 2020). The
evaluation process to enter the SNI and be promoted relies on peer review committees
and assesses a mix of the number of publications and their impact. The SNI is divided
into five levels in which members are classified: Candidates, SNI I, SNI II, SNI III, and
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Table 1 SNl areas

Area Name

Physics, Mathematics and Earth Sciences
Biology and Chemistry

Medicine and Health

Humanities and Behavioral Sciences
Social and Economic Sciences
Biotechnology and Agricultural Sciences

~N oy AN

Engineering and Industry

Emeritus. There are seven evaluation committees depending on the researchers’ area of
expertise (Table 1).

The SNI provides a monthly monetary compensation determined by the Federal Gov-
ernment and depends solely on the level: Candidate receiving the lowest stimulus and
Emeritus the highest. This compensation serves as a salary complement and represents,
on average, 30% of the income but can represent up to 50% of it (Sandoval-Romero and
Lariviére 2020). This reward system has proven to incentivize the production of aca-
demic work. For instance, Rodriguez Miramontes et al. (2017) find that between 1991
and 2011, 83% of articles published by Mexican researchers were written by at least one
member of the SNI in that period (Sandoval-Romero and Lariviere 2020).

The evaluation periods are shorter for early-career researchers (Candidates and SNI I)
and longer for seniors (SNIs II and III); thus, the highest rescission rates are within Can-
didate (41%) and SNI I (19.3%) (Sandoval-Romero and Lariviére 2020). The first stages
of the SNI remain the bottleneck overall, but especially for women since they are mainly
represented in those levels (Appendix A).

Female presence in the SNI has increased but remains insufficient; in 2018, only 37%
active members were women' (CONACYT 2018). However, the percentage of female
researchers is heterogeneous across areas (Appendix A), ranging from 22% in Area 1
(Physics, Mathematics, and Earth Sciences) to 52% in Area 3 (Medicine and Health).
Furthermore, comparing the percentage of female researchers across levels, we observe
that it substantially decreases as the level increases, going from 44% in the lowest level
(Candidate) to 23% in the highest one (SNIT III)*

Data

We have access to public information on the researchers who were part of the Mexi-
can National System of Researchers in 2018. This database contains 28,639 researchers,
and we matched 11,039 authors to their corresponding information in the Microsoft
Academic Graph (MAG) dataset® using their full names and institution. Even though
the researchers in SNI are not randomly distributed and do not represent the whole
population of researchers in Mexico, we verified that our matched sample has the same

! There were 28,639 active SNI members in 2018, but we were able to identify the exact gender of 27,775.
2 Emeritus researchers (highest level) are not reported in the public SNI dataset.

3 Information retrieved in August of 2021.
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Table 2 Descriptive statistics

Variable Statistic All Female Male
Citations Mean 602.2 522.7 642.3
Std 877.8 623.0 979.3
Third-party citations Mean 463.1 420.1 484.8
Std 662.7 5404 7157
Collaborator citations Mean 86.6 67.5 96.2
Std 187.6 86.7 2211
Self-citations Mean 526 35.1 614
Std 97.0 51.3 112.2
No. of publications Mean 425 334 47.1
Std 369 230 41.5
k-max Mean 36 34 37
Std 1.8 16 19
Rank of affiliation institution Mean 8,964.7 8,763.7 9,066.1
Std 1,628.0 15674 1,649.0
Career length Mean 19.0 17.8 19.5
Std 79 6.9 82
Avg. co-authors per paper Mean 6.3 6.2 6.3
Std 30.0 10.1 36.0

characteristics as the SNI population, such as the proportion of women per area or
proportion of women per SNI level (Appendix A). For each author, we retrieved from
MAG the number of citations and publications and their institutional rank. An institu-
tion’s rank is a measure constructed by MAG and roughly defined as the logarithm of
the probability of an entity being “important”, where importance is calculated using its
relationships with other entities in the graph.

Considering that we are interested in the role of k-max as a determinant of success,
we only kept those researchers with at least 100 citations in the (MAG) dataset; in this
way, we obtained more dense citation networks. Researchers with fewer citations tend to
have k-max with lower k because citation distributions tend to be highly skewed, where
most authors have none or very few citations. As a result, our final baseline sample con-
sists of 2363 researchers in all areas.

It is worth noting that our final sample is not representative of the whole population
of SNI researchers since we are only considering those who have many citations (>100);
however, since the authors we identify in MAG are representative of the SNI population,
our sample of 2.3k authors should also be representative of the highly cited authors in
the SNI population. Due to this, the distribution of our sample differs from the distri-
bution of the population of SNI researchers across areas because different areas have
different citation patterns. For instance, loannidis et al. (2019) find that the median of
citations in General Arts, Humanities & Social Sciences is 28 while in Biology is 140 and
Chemistry 129. We show in Appendix C frequency tables by area and SNI level of our
sample.

As shown in Table 2, the mean number of citations in the sample is 602.2 citations,
where women have on average 119.7 fewer citations than men, and this difference is
statistically significant. We observe the same pattern when using third-party citations
(women have 64.7 fewer citations than men) and collaborator citations. Women cite
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Fraction of Women across SNI levels
Fraction of Women across Areas

Candidate SNII SNI I SNLIII - 1 2 3 4 5 6 7
(a) Levels (b) Areas
Fig. 1 Share of women across SNI Levels and Areas

their papers less relative to men, consistent with the literature (King et al. 2017). The
average number of publications is 42.5 papers, 33.4 for female researchers and 47.1
for male researchers. Moreover, women have on average a less interconnected k-max
(k = 3.4) than men (k = 3.7).

Figure 1a presents the fraction of women in each of the four SNI levels: Candidate
and levels I, IT and III. There are 49% of men at the candidate level, as opposed to 51% of
women. Thus, the higher the SNI level, the lower the representation of women. Medi-
cine and Health (Area 3) is the area of knowledge with the largest fraction of women, fol-
lowed by Humanities and Behavioral Sciences (Area 4), while Engineering and Industry
(Area 7) has the lowest fraction (Fig. 1b).

Citation networks

For each author with at least 100 citations uploaded in MAG, we construct a citation
network as follows: (i) we consider all articles where the author appears (ii) we consider
all the articles that cite at least one article of the author in question. For simplicity, we
remove the directionality of the link as we are only interested in the level of the net-
work’s interconnectivity. In this manner, the citation network is an undirected network
where nodes represent articles and links represent citations from one article to another.
We note that for every link, there must be at least one incident node representing an
article of the focal author (we do not consider citations between two articles in which
the focal author has no authorship) *.

Next, we partition the nodes into three different classes: self, collaborator, and third-
party author; depending on whether the author is part of the list of co-authors, a col-
laborator of the author is part of the list of co-authors, or none of the above, respectively.
Classes are mutually exclusive, meaning that a node can only belong to one of them; if
the paper represented by the node has the author and a collaborator as co-authors, we
consider it a self-citation.

Finally, we obtain the largest k for which there exists a k-core using the graph-tool
library (Peixoto 2014). This allows us to compute the proportion of nodes of each class in
both the complete network and the main core.

4 Only papers where we can identify the complete list of authors are considered; therefore, the citation network of an
author could be made from a subset of their citations.
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Network topology and impact

As explained above, an author’s citation network structure can be seen as the result
of citations coming from third-party authors, collaborators, and the researcher’s self-
citation behavior. Different citation behaviors could translate into a different network
topology that may have direct and indirect effects on academic impact. Therefore, our
variables of interest for each researcher are the number of citations, third-party cita-
tions, collaborator citations, and self-citations for all the papers published until August
of 2021.

Our measure of network structure is the maximal value of k for which a k-core exists,
calculated using the citation network of each author. Intuitively, the k-max of the cita-
tion network captures the innermost core of highly intercited papers. In our case, due
to the construction of the network, the k-max should always contain papers authored
by the SNI member we are considering. It is not sufficient to have the highest number of
total citations to have a dense k-max (high k); several of the authors’ papers must be co-
cited simultaneously.

Our dependent variables are over-dispersed count variables that can be analyzed
either by log-transforming them and then using Ordinary Least Squares or by using a
Negative Binomial regression model without such transformation. We use both mod-
els and include controls such as productivity (logarithm of the number of papers), the
logarithm of the rank of the affiliation institution, the researcher’s area, level in the SNI,
career length® and the logarithm of the average number of co-authors per paper.

Table 3 shows the results of our estimation. As shown, independently of the model
employed, there is a positive and significant correlation between a higher k of the k-max
and the researcher’s citations (total, third-party, collaborator, and self-citations). In other
words, if the citation network of an author has a highly interconnected subnetwork, it
follows that the author is more likely to have more citations. Interestingly, the coefficient
is smaller for third-party and collaborator citations but grows for self-citations. There is
also a significant and positive correlation between the number of publications and any
type of researcher’s citations, while the correlation is negative and significant for the
rank of the affiliation institution. This last result is consistent with previous findings that
show a positive correlation between institutional prestige and the probability of becom-
ing a top-cited scientist in the long run (Li et al. 2019).

If we consider the area of knowledge, it is observed that researchers in Medicine &
Health (Area 3) and Humanities & Behavioral Sciences (Area 4) have fewer citations
consistently when compared to Engineering & Industry (Area 7, the omitted category).
This result contrasts with the results in Gonzalez-Brambila and Veloso (2007) who show
that researchers in Health Sciences receive the largest number of citations per four years
of all SNI areas among researchers that were part of the SNI from 1991 to 2002.

By SNI level, we see that researchers in the most prestigious level (SNI III) receive
between 59% and 72% more citations relative to the mean of Candidates, and SNI II
researchers between 48% and 52% more citations than Candidates. Finally, there is a

positive and significant correlation between the average number of co-authors per paper

° Career length is calculated as the time between an author’s first publication and 2021, the year at which the MAG was
consulted.
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Table 3 Effect of individual and network characteristics on In(citations) of an author

Variables  OLS Negative Binomial
W) 2 (3) (4 (5) (6) 7 8
In(citations)  In(third- In In (self- Citations  Third- Collaborator  Self-
partycit) (collaborator citations) partycit.  cit. citations
cit)
In(k-max) ~ 0.772%** 0.605%*  1.115%* 17508 0749%%  0616%* 11820 1.743%%
(0.035) (0.037) (0.049) (0.036) (0.047) (0.050) (0.058) (0.047)
In(No. Pub-  0.350%* 0310%*  0384*** 0.836™*  0300%*  0271%%*  (0329%* 0.768***
lications) 0 07) 0029 (0036) (0028) (0049 (0052  (0044) (0.048)
In(Rank of ~ —0.289*** —0.208**  —0.388%** —0228*%  —0408**  —(0398%* (517 —0.161%**
affiliation 5 73, (0.081) (0.106) (0.068) (0.085) (0.095) (0.104) (0.060)
institution)
Area 1: —0.217% —0363**  0331%* —0.064 —0.178%  —0272%%  0240%** —0.110%**
i’/‘hayti?s' (0.045) (0.052) (0.063) (0.040) (0.069) (0.079) (0.062) (0.041)
ematics
and Earth
Sciences
Area 2: —0.054 —0.114%  0.248%* —0.007 —0.065 —0.103*  0.202%* —0.008
Biology (0.041) (0.045) (0.062) (0.039) (0.049) (0.054) (0.063) (0.036)
and Chem-
istry
Area 3: —0.117%% —0.113%  —0.242%% —0227%%%  —0159%%  —0.149%*  —(238** —0.169%**
Medicine (¢ 044 (0.048) (0.073) (0.048) (0.053) (0.057) (0.069) (0.046)
and Health
Area 4: —0.267%% —0281%*  —0209* —0465%*  —0266"* —0281%*  —0.129 —0.323%**
S;S”;fg (0.078) (0.084) 0.121) (0.103) (0.095) (0.099) (0.175) (0.086)
Behavioral
Sciences
Area 5: —0.099 —0.089 —0.154 —0457%*  —0029 —0.009 —0.124 —0441%
socialand (4 og7) (0.092) (0.122) (0.096) (0.092) (0.096) (0.116) (0.076)
Economic
Sciences
Area 6; —0.097* —0.113% 0029 —0.058 —0.116*  —0118*  —0015 —0.062*
Biotech  10.041) (0.046) (0.061) (0.039) (0.046) (0.051) (0.059) (0.035)
nology and
Agri-
cultural
Sciences
Level | —0.007 0017 0.105 —0.090 —0.008 —0.011 0.121 —0.046
(0.068) (0.078) (0.094) (0.060) (0.089) (0.100) (0.094) (0.057)
Level I 0.257%** 0318 0309*** —0.034 0326 0.345** 0.320%** 0.043
0.077) (0.088) (0.106) (0.070) (0.126) (0.138) (0.107) 0.071)
Level ll 0470% 0556**  0.487%* —0072 0.627%% 0668  0587*** 0.084
(0.091) (0.103) (0.123) (0.084) (0.146) 0.157) (0.143) (0.103)
Career 0.008*** 0.010%* 0004 —0.011***  0.004* 0.005** 0.005 —0.009%**
length (0.002) (0.002) (0.003) (0.002) (0.002) (0.003) (0.003) (0.002)
In(Avg. 0.340%** 0361%*  0589%** —0.063**  0342%*  0355%%*%  (584*** —0.110%**
co-authors g o3¢, (0.037) (0.064) (0.029) (0.043) (0.046) (0.063) (0.032)
per paper)
Constant  5.765*** 5842%%%  3330%** 0655 7249 7160 4918%* 0.409
(0.676) (0.742) (0.968) 0.623) 0.798) (0.895) 0.975) (0.559)
Inalpha —1020%% 08984 —(.551%* — 15820
(0.054) (0.048) 0.037) (0.062)
Observa- 2363 2362 2334 2311 2363 2363 2363 2363
tions

Robust standard errors in parentheses
Ommited dummies are Candidate and Engineering and Industry

***p < 0.01
*p < 0.05

*p < 0.1

Page 8 of 20
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and total, third-party and collaborator citations, but the relationship becomes negative
for self-citations, independently of the model used.

We show in section "Data" that there are significant differences or gaps across female
and male researchers. Considering the results above, we can answer the differen-
tial effects of the different determinants on the academic impact of female and male
researchers. We use the logarithm of the total number of a researcher’s citations as a
measure of academic impact. Following the seminal works of Oaxaca and Blinder (1973,
1973), we use the Blinder-Oaxaca (BO) decomposition method to study the citation gap.
This method has been widely applied in economics to study gender/racial wage gaps.

We first estimate a two group-specific regression model (see Table 13 in Appendix D)
and then perform the decomposition. As shown in Table 4, the decomposition output
reports the mean predictions of the logarithm of citations for men and women and
their difference. In our sample, the mean of In(citations) is 5.976 for men and 5.882 for
women, yielding a citation gap of 0.0940. The citation gap is divided into three parts in
the first column of the decomposition output (endowments, coefficients and interaction).

The first term reflects the mean increase in women’s citations if they had the same
characteristics as men (effects due to women having different endowments). The increase
of 0.142 indicates that differences in productivity (logarithm of the number of papers),
the logarithm of the rank of the affiliation institution, the researcher’s area, level in the
SNI, career length, and the logarithm of the average number of co-authors per paper
account for about 151% the citation gap.

The second term quantifies the change in women’s citations when applying the men’s
coefficients to the women’s characteristics (effects due to those characteristics hav-
ing different influences on citations-coefficients). The overall difference in citations
decreases when applying men’s coefficients. As shown in Table 12 of Appendix D, the
average number of co-authors per paper, career length, and a higher level of SNI (relative
to Candidate) boost cites more for women than for men (i.e., the coefficients are greater
for women), which explains why when applying the coefficients of men to these fac-
tors (column 3 of Table 4) the gap decreases. The third term is the interaction term that
measures the simultaneous effect of differences in endowments and coefficients, and
is not significant. Overall, these results show that differences in endowments between
women and men explain the citation gap.

Gender differences in k-max
In section "Network topology and impact”, we explore the relationship between vari-
ous determinants of an author’s characteristics and the academic impact. In particular,
we find that a higher k of the k-max author’s citation network does have a positive and
significant association with the number of citations. Thus, if a less interconnected core
produces fewer citations, we would like to know the extent of these gender differences.
In Fig. 2, we present the probability density function of the maximal k values for which
there is a k-core (k-max), distinguishing between women and men®. We observe that

© We approximate the density f(k) from observations on k using an Epanechnikov kernel density estimator with width
one due to the integer nature of k. It is a continuous approximation of the empirical distribution of &, and in our case,
this density is almost identical if we employ a Gaussian kernel.
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Table 4 Blinder-Oaxaca decomposition

Variables (1) (2) (3) (4)
Overall Endowments  Coefficients Interaction
In(k-max) 0.0446*** 0.192%* 0.0117*
(0.0136) (0.0837) (0.00633)
In(No. Publications) 0.09347%** 0.0896 0.00762
(0.0151) (0.178) (0.0152)
In(Rank of affiliation institution) —0.0123** 1.456 0.00529
(0.00586) (1.360) (0.00554)
Area 1: Physics, Mathematics and Earth Sciences —0.00929 —0.0110 —0.00716
(0.00724) (0.0130) (0.00847)
Area 2: Biology and Chemistry 0.000778 —0.0131 0.00170
(0.00349) (0.0288) (0.00433)
Area 3: Medicine and Health 0.0142 —0.00586 0.00289
(0.0103) (0.0249) (0.0122)
Area 4: Humanities and Behavioral Sciences 0.00641%* 0.00589 —0.00248
(0.00320) (0.00644) (0.00299)
Area 5: Social and Economic Sciences —0.00436 0.00619 0.00380
(0.00418) (0.00536) (0.00406)
Area 6: Biotechnology and Agricultural Sciences 0.000222 —0.0248 0.00315
(0.00270) (0.0206) (0.00394)
Level | —0.00103 —0.0215 0.00277
(0.00778) (0.0944) (0.0124)
Level ll 0.0127 —0.0121 —0.00223
(0.00797) (0.0382) (0.00821)
Level Il 0.0368*** —0.00344 —0.00388
(0.0132) (0.0135) (0.0138)
Career length 0.0216** —0.107 —-0.0107
(0.00860) (0.0778) (0.00876)
In(Avg. co-authors per paper) —0.0617%** —0.0951 0.00949
(0.0116) (0.100) (0.0105)
Men 5.976%**
(0.0243)
Women 5.882%%*
(0.0303)
Difference 0.0940**
(0.0398)
Endowments 0.142%**
(0.0296)
Coefficients —0.0701**
(0.0276)
Interaction 0.0220
(0.0197)
Constant —1.526
(1.421)
Observations 2363 2363 2363 2363

Bootstrapped standard errors in parentheses (100 replications)
Ommited dummies are Candidate and Engineering and Industry
#%p <001

**p < 0.05

*p<0.1
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women tend to have less interconnected cores in their citation networks, the average
k for women is 3.4 while for men is 3.7, and the maximum value of k for women (13) is
smaller than for men (15).

Conducting a Kolmogorov-Smirnov test (Appendix B), we find evidence that the k-
max probability density distribution functions of women and men are not equal and that
women tend to have a less interlinked inner core of their citation networks than men.
Thus, if higher values of k are associated with more citations and the advantages this
entails for an author, it would mean that women would not be benefiting as much as
men through this channel, confirming the results of the Blinder-Oaxaca decomposition
(Table 4).

If women have less interlinked citation networks, we would like to investigate possible
determinants of a higher k in the k-max and whether women and men display different
patterns in these. Table 5 show the correlation matrices of the k-max magnitude and the
number of nodes and edges in both the whole network and the k-max subnetwork for
women and men, respectively. For both genders, we find a positive relationship between
the number of edges in the network and the k-max, stronger for men (0.591) than for
women (0.431). Also, there exists a positive relationship between the number of nodes
in the network and the k-max, stronger for men than for women (0.503 and 0.302, corre-
spondingly). However, we find that more interlinked cores tend to have fewer nodes and
more edges in the citation network.

Considering the type of citations an author can receive (self, collaborator and third-
party citations), we analyze how these correlate with the k-max. Our interest is to
shed light on whether an author’s strategic behavior through the increment in self-
citations and collaborator-citations can increase the k magnitude. In Table 6, we show
the correlation matrices of the k-max and the share of each type of citation out of the
total citations. We find that self-citations have the strongest positive correlation coef-
ficient with k-max and collaborator-citations to a lesser extent. Interestingly, we find
that third-party citations are negatively correlated with k-max, which may indicate
that authors able to gather more self and collaborator-citations tend to have more
total citations ultimately.
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Table 5 Correlation matrix of nodes, edges and k-max

# of nodes: network # of edges: network # of nodes: core # of edges: core k-max

WOMEN

# of nodes: network 1

# of edges: network 0.978%** 1

# of nodes: core —0.0368 —0.0390 1

# of edges: core 0.134%** 0.213%** 0.802%** 1

k-max 0.304%** 0436*** —0.264*** 0.172%** 1
MEN

# of nodes: network 1
# of edges: network 0.970%** 1

# of nodes: core 0.0640% 0.0504% 1

# of edges: core 0.378*** 0427%** 0.816*** 1

k-max 0.503%** 0.589%** —0.137%%* 0.297%** 1
*p < 0.05

**p < 0.01

***p < 0.001

Table 6 Correlation matrix of type of citations and k-max

% Self-citations % Collaborator- % Third-party k-max
citations citations
WOMEN
% Self-citations 1
% Collaborator-citations 0.142%** 1
% Third-party citations —0.655*** —0.8471%** 1
k-max 0.496*** 0.219%** —0438%** 1
MEN
% Self-citations 1
% Collaborators-citations 0.137%** 1
% Third-party citations —0.716*** —0.789*** 1
k-max 0473%%* 0.247%%* —0467%% 1
% of each type with respect to total citations
*p < 0.05
**p < 0.01
*xp < 0,001

In Fig. 3 we show k-max and type of citations in our data, considering the share of
each type with respect to the total number of citations. As seen in Table 6, there is a
positive correlation between the largest k for which there is a k-core and self-citations
and between the largest k and collaborator-citations, with a higher slope for the first
one than for the second one. On the contrary, there is a negative association between
the largest k and third-party citations. However, there is no visible difference of the
correlation coefficients between women and men.

We explore further whether, given a k-max, there are differences between genders on
the type of cite (share) they receive. Figure 4 shows the median of each share of citations
differentiated by gender, for each k. Strikingly, for less dense citation networks (k < 3),
there are no observable differences between women and men for any type of cite.

Page 12 of 20
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However, as k increases, the gap between genders widens. Women tend to have more

third-party citations for each k. Men lean towards higher shares of self and collaborator-

citations, for each &, suggesting a higher probability of reciprocating citations.

One may argue that some areas tend to have more collaborators and many papers,

leading to more interconnected citation networks. Thus, we explore if, given an area,

there are observable gender differences in the median of each share of citations differ-

entiated by gender (Fig. 5). Area 1 (Physics, Mathematics, and Earth Sciences) has the

highest share of self and collaborator-citations and the lowest third-party citations, more

for men than women. On the contrary, Area 5 (Social and Economic Sciences) has the

lowest share of self and collaborator-citations and the highest share of third-party cita-

tions. Therefore, there are marked differences across fields in the share of type of cita-

tions that could translate in disparities in success between women and men, both within

Areas and between them.

We do not argue that all self and collaborator-citations artificially boost the magnitude

of the k-max. For instance, an author with many papers or several collaborators benefits

simply due to that. Still, this is a finding that would be worth further exploring.

Illustrative cases

This section presents an illustrative example of the relationship between highly

interconnected citation networks and the number of citations by collaborators and

third-party authors. We propose comparing two researchers with different citation

networks, looking into their citation patterns discussed in the previous sections.
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Researchers A and B are both physicists working in materials science and have 6,625
and 4,178 citations across 112 and 227 articles, respectively. The largest k for which
there is a k-core for Researcher A is 8, while this value is 5 for Researcher B. Thus, A
has more citations and a more interconnected citation network than B who has fewer
citations and a lower k-core. In Fig. 6A, we can see the difference in the intercon-
nectivity citation network of both researchers: Researcher A has a more densely con-
nected core than Researcher B.

The k-core decomposition of both authors shows that researcher A presents a more
dense network for various levels of k, meaning that articles that cite their work usually
cite several of their articles. Interestingly, the distribution of the number of citations
for researcher A, while higher, is more compact, with fewer outliers than Researcher
B (Fig. 6 B. Researcher B has only 25% of their articles with more than 13 citations,
while researcher A has 42%. However, the standard deviation of the number of cita-
tions of researchers A and B is 62 and 76, respectively, with researcher B having more
outlier articles. Moreover, researcher A publishes more often in less ranked ven-
ues than researcher B, even though they share the same field (Fig. 6C). On average,
researcher B publishes in journals with rank 7,685 while researcher A in journals with
rank 10,268.

Finally, the source of citations of both researchers is quite different. While 82.6% of cita-
tions come from third-party authors for B, A only receives 59% (Fig. 6A). Researcher A
receives 31.8% of their citations from collaborators while researcher B receives only 13.8%,
less than half the proportion by researcher A. The same pattern occurs for self-citations:
Researcher A has 8.9% while Researcher B 3.5%. These findings are consistent with our
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findings in the previous sections where a more interconnected citation network core posi-
tively correlates with self and collaborator-citations and negatively with third-party citations.

Conclusions

In this work, we study the effect of the size of interconnected nodes of an author’s
citation network and the number of citations the authors receives. We find a positive
relationship between the size of the main core in the citation network of an author (mag-
nitude of k of the k-max), a proxy for the size of their interlinked articles, and their num-
ber of citations.

We observe that more interlinked citation networks correlate with a large share of self
and collaborator-based citations, and a low share of third-party citations as a percent-
age of the total number of citations. We argue that this could serve as a mechanism to
directly or indirectly boost citations, with the caveat that it could also occur naturally in
some research areas and exceptional cases. For instance, there are notable differences
across fields in the share of citation types in which Area 1 (Physics, Mathematics, and
Earth Sciences) has the highest share of self and collaborator-based citations, as well the
lowest third-party citations, more for men than women.
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We show a statistically significant difference between the level of the interconnectivity
of men and women citation networks, where the women tend to have a less interlinked
inner cores. Thus, if women tend to have consistently less interlinked citation networks,
this could limit the permanence and promotion of women careers.

We also explore the citation gender gap through a Blinder-Oaxaca (BO) decomposi-
tion. We examine how much of the gap can be explained by differences in observable
characteristics or endowments (including k-max) and how much is due to those charac-
teristics having different effects on citations (coefficients). Our results show that differ-
ences in endowments between women and men explain much of the citation gap.

In this sense, further research could explore how citation reciprocity differs between
genders and how the topology of the citation network evolves with the career. These
would shed light on how strategic behavior, other than self-citations, affects an aca-
demic career and whether we can find significant gender-differentiated determinants.
We do not affirm that all self and collaborator-citations artificially boost the k-max. For
instance, an author with many papers or several collaborators benefits simply due to
that. However, this is a finding that would be worth further exploring.

Appendix A: SNI population and matched sample
The matched sample corresponds to all SNI researchers we identified in the MAG data
through the normalized name and institution (Tables 7, 8, 9, 10, 11, 12, 13).

Table 7 Number of researchers in each Area: matched sample and population

Area Matched sample Population
Number Share Number Share

1 1489 0.14 4199 0.15
2 1367 0.12 3469 0.12
3 2192 0.20 4602 0.17
4 1364 012 4371 0.16
5 1874 0.17 4262 0.15
6 1697 0.15 4137 0.15
7 1021 0.09 2735 0.10
Total 11,004 1.00 27,775 1.00

Table 8 Number of women and men in each area: matched sample and population

Area Matched sample Population
Women Share Men Share Women Share Men Share

1 611 041 878 0.59 1769 042 2430 0.58
2 467 0.34 900 0.66 1266 0.36 2203 0.64
3 844 0.39 1348 0.61 1841 040 2761 0.60
4 303 0.22 1061 0.78 966 022 3405 0.78
5 909 0.49 965 0.51 2113 0.50 2149 0.50
6 354 0.21 1343 0.79 935 023 3202 0.77
7 505 049 516 0.51 1424 0.52 1311 048

Total 3993 0.36 70mM 0.64 10,314 0.37 17,461 0.63
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Table 9 Number of women and men in each SNI level: matched sample and population

Level Matched sample Population

Women Share Men % Women Share Men Share
Candidate 930 045 1138 0.55 2832 044 3624 0.56
SNI 2327 037 3932 0.63 5524 038 9090 0.62
SNIHI 586 0.31 1280 0.69 1441 033 2984 0.67
SNII 150 0.18 661 0.82 517 023 1763 0.77
Total 3993 0.36 7011 0.64 10,314 0.37 17,461 0.63
Appendix B: Kolmogorov-Smirnov test for equality of k-max distribution
functions
Table 10 Kolmogorov-Smirnov test for equality of k-max distribution functions
Smaller group Largest difference p-value
Men 0.0066 0.955
Women —0.0734 0.003
Combined K-S 0.0734 0.007
Table 11 Number of women and men in each Area: sample
Area Women Share Men Share Total
1 84 0.23 275 0.77 359
2 230 037 397 0.63 627
3 202 0.50 203 0.50 405
4 34 047 39 0.53 73
5 20 0.24 64 0.76 84
6 153 0.37 265 0.63 418
7 69 0.17 328 0.83 397
Total 792 0.34 1571 0.66 2363
Appendix C: Sample by SNI Area and Level
Table 12 Number of women and men in each Level: sample
Level Women Share Men Share Total
Candidate 50 0.51 49 049 99
SNIT 506 037 874 0.63 1380
SNIHI 186 0.30 437 0.70 623
SNII 50 0.19 211 0.81 261
Total 792 0.34 1571 0.66 2363
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Appendix D: Oaxaca decomposition

Table 13 Effect of individual and network characteristics on In(citations) of an author by gender

Variables (1) (2)
In(citations) In(citations)
Men Women
In(k-max) 0.818*** 0.648***
(0.0415) (0.0611)
In(No. Publications) 0.359%** 0.332%**
(0.0340) (0.0443)
In(Rank of affiliation institution) —0.212** —0.373%**
(0.0880) (0.129)
Area 1: Physics, Mathematics and Earth Sciences —0.238%** —0.135
(0.0495) (0.104)
Area 2: Biology and Chemistry —0.0657 —0.0206
(0.0482) (0.0877)
Area 3: Medicine and Health —0.136** —0.113
(0.0553) (0.0876)
Area 4: Humanities and Behavioral Sciences —-0.217* —0.354%**
(0.119) (0.109)
Area 5: Social and Economic Sciences —0.0361 —0.281
(0.0990) (0.185)
Area 6: Biotechnology and Agricultural Sciences —0.138%** —0.00906
(0.0483) (0.0885)
Level | —0.0212 0.0124
(0.0987) (0.0936)
Level Il 0.242** 0.293%**
(0.109) (0.109)
Level Il 0.463%** 0.517%**
(0.119) (0.159)
Career length 0.00620*** 0.0122%**
(0.00230) (0.00361)
In(Avg. co-authors per paper) 0.320%** 0.379%**
(0.0459) (0.0481)
Constant 5.033%** 6.560***
(0.824) (1.192)
Observations 1,571 792
R-squared 0.606 0.536

Robust Standard errors in parentheses

Ommited dummies are Candidate and Engineering and Industry

**¥5<0.01
**p<0.05
*p<0.1
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