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ABSTRACT

Scientific recognition is not determined by merit alone. Eminent researchers benefit disproportion-
ately from the Matthew effect, while women’s contributions are often overlooked, a phenomenon
known as the Matilda effect. This paper is the first to examine how these forces interact. We exploit
the timing of economists’ first top-five journal publications—a salient status shock—to estimate its
impact on citations to their earlier work. Male and female co-authors on the same top-five paper
experience a significant citation boost following the top-five publication, consistent with a Matthew
effect. Strikingly, the increase is larger for women only if their earlier work was less visible; when
prior awareness is high, gender differences in the Matthew effect disappear. Guided by a model of
the decision to cite, we show that this pattern is consistent with gendered differences in early-career
visibility rather than differential strategic considerations—e.g., a desire to cite well-known authors.
These findings suggest that status shocks can help correct the Matilda effect, and that gender citation

gaps evolve as information about researchers and their work accumulates.
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1 Introduction

Two well-documented phenomena—the Matthew and Matilda effects—describe how credit and merit can
deviate from one another in science. The Matthew effect refers to the self-reinforcing cycle of success
afforded to better known scientists.! The Matilda effect describes how women’s scientific contributions
are often undervalued and overlooked.? While the Matthew and Matilda effects have been extensively
studied separately, their interaction remains unexplored. In this paper, we fill the gap by investigating
whether the Matthew effect mitigates the Matilda effect once women achieve a certain level of scientific

success.

A consequence of the Matthew effect is that “a scientific contribution will have greater visibility in the
community of scientists when it is introduced by a scientist of higher rank than when it is introduced by
one who has not yet made his mark” (Merton, 1968, p. 62). Although this outcome is usually criticised
for penalising researchers who have “not yet made their marks”, it may also serve a positive function by
reducing gender disparities in the recognition awarded to those who have made their marks.

The story of Katalin Karikoé is a case in point. Karikd, a biochemist, faced years of marginalisation and
funding rejections. Despite producing ground-breaking work on in vitro-transcribed messenger RNA
(mRNA), Kariké struggled to gain recognition, secure stable funding and advance in academia (Bansal,
2023), hallmarks of the Matilda effect. That all changed during COVID-19. The global urgency of the
pandemic realigned scientific priorities and catapulted Karikd’s long-overlooked research into the centre
of vaccine development efforts. This triggered a Matthew effect that finally bestowed on Kariké the

recognition she deserved—in 2023 she won a Nobel Prize in Physiology and Medicine.

In this paper, we empirically study whether Karik6’s experience is more widespread. Our analysis focuses
on economics, a discipline marked by persistent gender disparities (Costa-Dias et al., 2024; Ginther and
Kahn, 2021; Hamermesh, 2013; Lundberg and Stearns, 2019) and consistent evidence that women’s
research is under-valued relative to men’s (see, e.g., Card et al., 2020; Hengel, Moon, and Tol, 2024;
Krawczyk and Smyk, 2016; Sarsons et al., 2021). Economics is also unique in the out-sized status
and visibility it awards to manuscripts published in its so-called “top-five” journals—i.e., the American
Economic Review (AER), Econometrica (ECA), Journal of Political Economy (JPE), Quarterly Journal
of Economics (QJE) and Review of Economic Studies (REStud).?

To study the interaction between the Matthew and Matilda effects, we apply two estimation strategies
to a comprehensive dataset covering all economists who published their first top-five article after 1985.
Our dataset includes almost 4,000 individuals, 14% of whom are women. By combining bibliometric
data from Web of Science with hand-collected CVs, the dataset provides rich information on publication
histories, citation patterns, institutional affiliations, grant funding, career milestones, seminar invitations
and demographic characteristics. The data suggest that women are now better represented at top-
ranked institutions and in prestigious editorial roles; nevertheless, they are promoted more slowly and

are awarded smaller grants, particularly at less prestigious institutions.

Our two-pronged estimation strategy first assumes that publishing in a top-five economics journal creates
a shock to perceived status and visibility that is sufficient to trigger the Matthew effect. To identify the

impact of this shock, we implement an event study that examines citations to an author’s body of research

1The term “Matthew effect” comes from a biblical passage in Matthew: “For every one who has will more be given,
and he will have abundance; but from him who has not, even what he has will be taken away” (Matthew 25:29, Revised
Standard Version).

2Margaret Rossiter coined the “Matilda effect”; she named it after the feminist and suffragist Matilda Joslyn Gage
(Rossiter, 1993).

3Publications in these journals are widely recognised as a marker of research quality, and “[flaculty meetings about
hiring, promotion, tenure, and prize committee discussions assess candidates by the number of top-five articles they have
published or have in the pipeline and the rapidity with which they were generated” (Heckman and Moktan, 2020, p. 419).
Indeed, the average economist would sacrifice half a thumb to publish in the AER (Attema, Brouwer, and van Exel, 2014)!



published before his first top-five paper in the ten-year window surrounding its publication date. Since
the quality of the earlier work is set before this publication date—and other unobserved determinants
of citations are arguably orthogonal to it—any sharp increase in citations around it plausibly signals an

exogenous shift in how the author’s work is perceived.*

To study the Matilda effect, we compare the citation trajectories of male and female co-authors on
the same top-five paper. This eliminates heterogeneity in the visibility men and women receive from
publishing for the first time in a top-five economics journal. Assuming that the per-manuscript quality of
the female co-author’s pre-top-five research is at least as high as comparable work by her male co-authors,

fewer citations to her papers suggests a Matilda effect.

We find compelling evidence of both the Matthew and Matilda effects as well as their interaction. Before
jointly co-authoring a top-five paper, women and men publish in journals of comparable quality, but
women'’s research is cited 0.5-1 fewer times each year, consistent with a Matilda effect. Afterwards,
both co-authors experience an increase in citations to this work—worth about 1-3 citations per year for
each paper—evidence of a Matthew effect. Strikingly, the Matthew effect is larger for women than it
is for men. Before their first top-five publications, female co-authors’ pre-top-five research is cited less
than their male co-authors’ pre-top-five research. Afterwards, this gender gap reverses, suggesting that

a Matthew effect at least partially offsets earlier under-recognition caused by a Matilda effect.

Our findings are robust across a variety of specifications, including among papers published in economics
and non-economics journals, among authors who solo-authored their first top-five paper, and after con-
trolling for JEL codes, number of co-authors, cited journals’ impact factors, authors’ institutional ranks,
and their pre-top-five publication counts. The Matthew effect persists in a range of citation settings and
is consistently stronger for women; however, it is specific to citations. We find no evidence that women
experience a larger post-top-five Matthew effect on promotions to professor, editorial appointments, the
numbers and dollar amounts of grants awarded, authors’ employers’ reputations and the numbers of
seminar invitations received.

To better understand the mechanisms behind our results, we develop a model of citation behaviour that
focuses on the decision of whether and when to cite previously published work by authors who later
publish a top-five paper. The model predicts the emergence of a Matthew effect—and its gendered
dimension—through three complementary channels: (i) increased awareness of an author’s earlier work
following his top-five publication (visibility /awareness); (ii) a lower threshold for relevance applied when
deciding whether to cite that work, a behaviour known as “strategic citation” (see, e.g., Rubin and Rubin,
2021); and (iii) a greater incentive to build upon that earlier work, a phenomenon we label “strategic

publication”.

As shown in Lemma 3, we can isolate the combined effects of strategic citation and strategic publication
by restricting our sample of citing papers to those whose authors were demonstrably aware of the top-five
author’s earlier work prior to his first top-five publication. The intuition is straightforward: if a citing
author was aware of the top-five author’s earlier research before her first top-five publication, but only
cited it afterwards, her citation cannot be attributed to increased visibility /awareness. Instead, it likely
reflects a shift in strategic behaviour—i.e., a relaxation of the relevance threshold (strategic citation) or
a re-evaluation of the value of building on the earlier work (strategic publication). In both cases, the
decision to cite is a direct response to the author’s change in perceived status, revealing it as the primary
mechanism behind the Matthew effect.

We implement this strategy by examining six settings that distinguish between comparable groups of

4Note that we only estimate the Matthew effect brought about by publishing a high impact paper; we do not capture
the specific impact of publishing in a top-five journal as we do not adjust for a counterfactual in which a top-five worthy
paper is published elsewhere. (See Appendix F.1 for evidence suggesting that a smaller Matthew effect is present when
authors publish in journals outside the top five.)



citing authors who are more likely (high awareness treatment) vs. less likely (low awareness counterfac-
tual) to have been familiar with an economist’s earlier work prior to his first top-five publication. In the
first setting, we focus on whether top-five authors cite one of their own earlier papers in their top-five
articles (high awareness treatment), as these self-cited papers are probably more visible to the relevant
citing literature before the top-five paper is published compared to other papers by the author that are
not self-cited (low awareness counterfactual).” In the second setting, we compare citations from citing
papers that were published in the same journal as the papers they cite (high awareness treatment) to
citing and cited papers that were published in different journals (low awareness counterfactual), on the
assumption that editors and referees draw submitting authors’ attention to related work the journal has

already published.®

In our third and fourth settings, we exploit the fact that economists who release their top-five articles
as NBER working papers or enter the academic job market as highly visible “star” candidates (high
awareness treatments) typically receive substantial attention well before their work appears in print.”
These authors’ earlier contributions are therefore likely to have been visible to peers prior to journal
acceptance, so a Matthew effect following top-five publication most likely reflects a change in the incen-
tives to cite. In contrast, when the top-five article is not disseminated through NBER or the author
is a job market candidate but not a star (low awareness counterfactual), the journal publication itself

constitutes the first major visibility shock for its author.

In our fifth and sixth settings, we exploit professional links between citing and top-five authors. The
colleagues and co-authors of a top-five author (high awareness treatment) are almost certainly aware
of his pre-existing research before his first top-five article is published. Thus, a spike in citations from
these people following the top-five publication date cannot be explained by new information, and instead
reflects a strategic response to his improved status within the profession. In contrast, researchers with
no close connection to the top-five author (low awareness counterfactual) are far more likely to learn
about his pre-existing research because the visibility shock of publishing in a top-five journal brought

attention to it.

In all counterfactual and almost all treatment environments, we find that publishing for the first time
in a top-five journal boosts citations to an authors’ previously published work. Because citing papers in
the treated environments are probably aware of this work before the top-five article was published, the
bump is evidence that they respond to its acceptance by strategically citing earlier work by the author

and/or strategically publishing papers related to it.®

Nevertheless, we find no evidence that citing authors’ strategic behaviour differs by top-five author gen-
der. Gender differences in the Matthew effect are essentially zero in all treatment environments, where
citing papers are always familiar with authors’ pre-top-five work, so the effect is caused by strategic
behaviour. In contrast, we document an obvious gender difference in every counterfactual environment,
where the Matthew effect could also be caused by better awareness as citing papers were not already
familiar with authors’ pre-top-five work. Assuming that each treatment and counterfactual pair only
differ in ways that are independent of top-five author gender, our combined results suggest that the
visibility shock of a top-five publication helps to offset an earlier Matilda effect caused by limited aware-

ness. However, when awareness of women’s research is already high, the Matthew effect confers them no

5This is especially likely to be true for economists, as they typically present and circulate pre-print versions of their
future top-five papers years before formal publication, making these papers—and any earlier work they cite—visible to
others well in advance.

6 Anticipating this, authors may also pre-emptively identify and cite related papers published in journals they intend to
submit to.

"We encourage particular caution when interpreting the results from environment four, as our samples of women in both
the treatment and counterfactual settings are small.

8The only two environments without a Matthew effect at all are: (i) citing and cited papers published in the same
journal; and (ii) citing and cited papers by co-authors. Its absence may suggest that citing authors in these settings are
less able and/or have fewer incentives to engage in strategic behaviour.



advantage relative to comparable men.

We emphasise once again that differences between high visibility treatment environments and their low
visibility counterfactual environments must be unrelated to top-five author gender in order to come to
this conclusion. Nevertheless, available evidence supports this assumption. First, gender differences in
the characteristics of citing, cited and top-five papers are roughly similar in treatment and counterfactual
environments, particularly in the first, third, fourth, fifth and sixth settings. Second, we find no evidence
that citing papers face additional incentives to behave strategically in response to a woman (vs. a man)
publishing for the first time in a top-five journal: although there is a noticeable bump in the probability
that authors are promoted to professor and named journal editors around the publication date of their

first top-five papers, gender differences on both dimensions are negligible.

Finally, our theory predicts that gender differences in the Matthew effect should: (i) cease to exist in
estimates using authors’ second top-five publication date as the event date; and (ii) re-emerge when the
event date is the date a future top-five article was released in the NBER working paper series. Our
empirical evidence supports both predictions: there are no gender differences in the Matthew effect
around the publication dates of authors’ second top-five papers; in contrast, they re-emerge around the

dates authors release their future top-five papers in the NBER working paper series.

Our findings have important implications for how visibility shapes recognition and gender equity in
research and academia. Because top-five publications disproportionately boost recognition of women’s
prior work only when that work was under-recognised, we believe shining a light on talented women can
play a powerful equalising role in science while also lifting the overall quality of its research. More broadly,
our results highlight that mechanisms like the Matthew effect are not inherently gender-neutral; they

can reinforce or offset existing disparities depending on the visibility landscape in which they operate.

This paper makes several contributions to the literature. In particular, we are the first to theoretically
and empirically examine the interaction between the Matthew and Matilda effects in shaping scientific
recognition. Prior work has documented the Matthew effect in research dissemination (Azoulay, Stuart,
and Wang, 2014), peer review (Simcoe and Waguespack, 2011), collaboration patterns (Perc, 2014) and
funding (Bol, de Vaan, and van de Rijt, 2018).° Meanwhile, a growing body of research finds gender
disparities in recognition consistent with the Matilda effect: women receive fewer prizes and awards
relative to their representation in nomination pools (Lincoln et al., 2012); grant reviewers score women’s
applications lower than they score men’s (Royal Statistical Society, 2025), which other evidence suggests
may structurally disadvantage them in later funding competitions (Fiorentin et al., 2023);'° women
are also subject to tougher evaluation standards in peer review (Alexander et al., 2023; Card et al.,
2020; Hengel, 2022; Hengel, Moon, and Tol, 2024; Krawczyk and Smyk, 2016), and tenure committees
discount their contributions to collaborative work (Sarsons et al., 2021). Our paper brings these two
strands together by offering novel evidence that processes generating cumulative advantage can mitigate

existing gender disparities in academic recognition.

Our second contribution is specific to the literature on gender disparities in citation practices—a central
mechanism through which the Matilda effect operates. Prior work consistently shows that men are
less likely than women to cite female-authored papers (Dion, Sumner, and Mitchell, 2018; Dworkin et
al., 2020; Ferber, 1986; Ferber, 1988; Koffi, 2025; Teich et al., 2022).'' We add to this research by

9Most relevant to our paper, Azoulay, Stuart, and Wang (2014) estimate the impact of the Howard Hughes Medical
Institute Investigators award on citations to 424 winning scientists’ previously published papers. Our own study comple-
ments their research by (i) incorporating a sample of researchers that is almost 10-times larger; and (ii) theoretically and
empirically analysing the gendered impact of the shock.

10Royal Statistical Society (2025) does not find a gender awarding gap for regular funding applications despite the
tendency for grant reviewers to rate women’s applications lower than men’s.

1 Among the population of research papers, men’s under-citation of female-authored papers probably (although not nec-
essarily) leads to lower per paper citation rates for women compared to men (see, e.g., Lariviére et al., 2013). Nevertheless,
some studies have observed per paper citation gaps favouring women in the (selected) population of articles published in



showing that poorer quality information about female-authored papers may partially or wholly drive

men’s under-citation of women.

Third, our study complements research exploring how uncertainty creates and exacerbates gender out-
come gaps. Prior work suggests that decision-makers discriminate less against women as they gain
information about their true performance. For instance, Bohren, Imas, and Rosenberg (2019) show that
biased beliefs about women’s ability drive initial gaps in evaluations, but they narrow as evaluators
learn more.'? Similarly, Alexander et al. (2023) find that referees produce more favourable outcomes for
female authors as they gain experience in the peer review process and learn more about the standards of
acceptance at particular journals. We add to this research by investigating how a shock in citing papers’
information affects their propensity to cite women. Our results suggest that poor quality information
drives early career citation gaps favouring men; when potential citing papers are better informed, the

gender gap disappears or reverses.

Finally, we contribute to an emerging literature on strategic behaviour in academic knowledge produc-
tion, particularly in decisions to cite and publish (Bornmann and Daniel, 2007; Franzoni, Scellato, and
Stephan, 2011; Kuhn, Younge, and Marco, 2023; Lampe, 2012; Rubin and Rubin, 2021; Seeber et al.,
2019; Siler and Lariviere, 2022). Much of this work studies how incentives, norms, and reputation con-
cerns shape citation decisions. Consistent with this research, we find that citing authors respond to
status shocks not only by becoming more aware of prior work, but also by engaging more with the work
they were already familiar with—a form of strategic behaviour. We extend the literature by showing
that citing authors with strategic motivations do not discriminate by author gender; only when they
previously lacked awareness of women’s research do their citation patterns favour female-authored pa-
pers. These results underline the importance of considering gender not only in outcomes but also in the

behavioural and informational mechanisms that shape them.

This paper proceeds in the following order. Section 2 describes the data. Section 3 identifies and
estimates the Matthew effect and its gender difference; Section 4 explores the mechanisms driving them.

Section 5 concludes.

2 Data

We create, expand and combine several datasets to form a new and comprehensive database tracking
research outputs, citations and career trajectories for every economist who published at least one full-
length, original research article between 19862015 in a “top-five” economics journal.'® From the datasets
analysed in Hengel (2022) and Hengel, Moon, and Tol (2024), we obtained basic bibliographic information
on top-five articles and biographic data on their authors. Authors’ publication histories and citations
were originally obtained from Web of Science (Clarivate, 2022); to improve accuracy, we also manually

verified and corrected these records. Information on career trajectories—including education, funding,

certain journals (see, e.g., Card et al., 2020; Hengel, Moon, and Tol, 2024). These latter gaps were likely formed because
female-authored papers were held to higher standards in the decision to publish—that is, female-authored papers were only
accepted if their quality (and hence anticipated citations) was especially high-—and this more than offset the bias in favour
of men in the decision to cite (see Hengel, Moon, and Tol, 2024, for further discussion). Interestingly, our findings provide
further nuance by suggesting that increases in information over the life-cycle of a paper can dramatically reduce the impact
of bias in the decision to cite on women’s per paper citation rates.

12Bohren, Imas, and Rosenberg (2019) build a dynamic model of evaluations to differentiate between taste-based dis-
crimination, belief-based discrimination with correct beliefs and belief-based discrimination with incorrect, biased beliefs.
Their model is ideally applied to experimental settings in which evaluators are presented with identical information about
men’s and women’s past evaluation histories. This type of experimental setting is difficult to simulate in our observational
data, as we do not know what information potential citing papers have (or could be reasonably expected to have) about
authors’ early work, especially before the quality of that work becomes common knowledge (e.g., because authors publish
other papers in top-five journals).

13We define full-length, original research articles as any non-errata/corrigenda/editorial article published with an abstract
(or in some instances a submit-accept date), excluding Papers € Proceedings issues of the American Economic Review.
See Appendix B for further details.



awards, employment and seminar invites—were retrieved by hand-collecting and digitizing CVs.

Our final database covers the entire pre-top-five publication histories of 3,929 economists; for 78 percent
of them, it also includes partial data on career trajectories. Further details on sources, coverage, collection

procedures and variable definitions are provided in Appendix B.

Figure 1 illustrates numerous stylised facts about authors’ pre-top-five publications.'* First, women
remain starkly under-represented among first-time top-five authors. Despite a modest increase in female
representation over time, the gender gap has remained large and persistent. As shown in Graph (A),
only 14 percent of authors are women; their shares range from 9 percent at FCA, 12 percent at the JPE
to 15-16 percent at the AER, QJE and REStud. Graph (B) displays women’s representation by primary
JEL code of their first top-five paper. Even in areas where women are relatively more active—such
as health, education, development, and environmental economics—their share among top-five authors
rarely exceeds 25 percent. In traditionally male-dominated fields like macroeconomics, finance, and

microeconomics, the proportion is significantly lower.

Second, gender disparities emerge not just in representation but also in career dynamics. Graphs (C)
and (D) plot counts of years and papers between authors’ first publications and their first top-five
papers, respectively. On average, women produce 2.2 fewer pre-top-five papers and publish their first
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top-five paper roughly 1.2 years earlier than men."®> More recently, both gender gaps have narrowed,
suggesting that the career trajectories of prominent female economists may be starting to resemble the

career trajectories of comparable men.

Despite publishing fewer papers before their top-five breakthrough, women’s earlier work is cited about
the same—and even slightly more in later years—and published in higher-impact venues. In Graph (E)
we plot citations per paper: in almost every year after 1995, women’s papers are cited more than men’s.'6
Graph (F) displays journal impact factors (JIF) per paper; men’s papers are published in journals with
an average impact factor 0.3 points below the average impact factor for women’s papers. Combined,

these results suggest that top-five women’s early research output is at least as strong as men’s.

Finally, co-authorship and institutional differences highlight additional dimensions of stratification. Over
time, co-author counts have increased for everyone, with no consistent gender difference (Graph (G)).
In the 1990s, papers were co-authored by 1.8 people, on average; by 2015 that figure had risen to 2.5.
Meanwhile, authors based at lower-ranked institutions tend to publish more before their top-five début

(Graph (H)).'” However, the pattern does not systematically vary by author gender.

Using the information we collected from authors’ CVs, Figure 2 presents career trajectories and profes-
sional visibility of top-five authors over the past three decades. First, women’s representation in senior
academic roles has steadily improved (see also Costa-Dias et al., 2024; Lundberg and Stearns, 2019).
Graph (A) shows that the share of female professors among top-five authors has risen across all employer
ranks, increasing from roughly 4-5 percent in 1990 to 12 percent by 2015. Meanwhile, both men and
women have gravitated toward more prestigious institutions, but the trend is especially pronounced for

women. In the early 1990s, men’s employers ranked 16 positions ahead of women’s; by 2001, women

14 Although we focus on a highly selected group of economists, many of these facts are consistent with patterns found
elsewhere (see, e.g., Ayarza and Iriberri, 2025; Costa-Dias et al., 2024; Doleac, Hengel, and Pancotti, 2021; Ductor, Goyal,
and Prummer, 2023; Funk, Iriberri, and Venus, 2025; Ginther and Kahn, 2004; Hengel, 2022; Hengel, Moon, and Tol, 2024;
Lundberg and Stearns, 2019).

150n average, men and women publish their first top-five papers 6 and 7 years after completing their PhD, respectively,
although this gap has completely closed in later years (see Figure B.3 in Appendix B.2).

16 Across all years, women’s and men’s pre-top-five journal articles are cited 69 and 72 times, respectively. Among
authors who published their first top-five paper after 1990, men’s pre-top-five articles are cited, on average, 66 times; the
corresponding figure for women is 72.

Tnstitution in Graph (H), refers to the highest ranked institution among all institutions associated to an author’s on
her first top-five paper. Institutions are annually ranked (in descending order) by the number of top-five articles affiliated
to them, smoothed over a five-year period (see Appendix B for further details).
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Figure 1: Characteristics of pre-top-five publications

Note. Graph (A) displays the total number of female and male authors published for the first time in a top-five journal
each year. Graph (B) is the share of women by the primary JEL code of their first top-five paper. Graphs (C) and (D)
are the average numbers of years and published papers between authors’ first publication and their first publication in a
top-five journal. Graphs (E) and (F) are the average number of citations and journal impact factors per pre-top-five paper.
Graph (G) shows the average number of co-authors per pre-top-five paper. Graph (H) is the average number of pre-top-five
papers by authors’ institutional rank. Time series data are five-year moving averages.
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Figure 2: Characteristics of top-five authors

Note. Graph (A) displays the percentage of top-five authors who are professors and women. Graph (B) plots employers’
average institutional rank. In Graph (C), we show the percentage of editors who are women, and in Graph (D) we plot
authors’ average number of seminar invitations. Graphs (E) and (F) show the average number and size (in thousand USD)
of grants awarded. Graphs (G) and (H) plot the percentage of authors promoted to professor and named editor before and
after their first top-five paper was published. Time series data are five-year moving averages.



were at higher ranked institutions than men (Graph (B)).®

Second, the gender gap in visibility and recognition beyond publications has also improved over time.
Graph (C) shows that women’s representation among journal editors has risen across all tiers—from 5
percent of editors of any journal 1990 (and just 3 percent of top-five editors) to 13 percent by 2015.
Similarly, men gave more seminars in earlier years, but women have since caught up, and they now give
slightly more (Graph (D)).

Third, women also win more grants, although men still surpass them in the amount awarded. Graphs
(E) and (F) plot average numbers and sizes (in thousand USD) of grants awarded to top-five authors.?"
Initially, women were awarded fewer grants than men; however, that trend reversed in 2003. By 2015,
women were winning noticeably more grants, although the dollar amounts awarded to them are generally

smaller.

Finally, career milestones tend to occur later for women. Graphs (G) and (H) plot the shares of authors
who were promoted to professor and named journal editor, respectively, before vs. after their first top-five
publication. Men are more likely to hold these roles beforehand, while women are more likely to attain
them afterwards. Notably, the professorship gap widens as institutional rank declines institutions (Graph
(G)), suggesting that women at less prestigious universities face greater barriers to early promotion—a

dynamic consistent with the Matilda effect.?!

3 The gendered Matthew effect

3.1 Conceptual framework

Top-five publications are widely regarded as signals of research quality and prestige (Heckman and
Moktan, 2020); as a consequence, the increase in visibility and status that they confer likely triggers a
Matthew effect. To study the effect, we examine citations to an author’s pre-existing work around the

date he publishes for the first time in a top-five journal.

While selection into top-five journals is clearly non-random—reflecting talent, effort, and opportunity—
the exact timing of the breakthrough is arguably orthogonal to unobserved determinants of citations to
earlier work, including quality and content. As a result, a discontinuous rise in citations to an authors’
pre-existing research following the publication of his first top-five paper likely reflects a increase in

recognition brought about by the event.

To quantify this effect, Equation (1) measures how citations to paper j, published before the top-five
paper k, change after the author ¢ publishes £ at time ¢ = 0:

A%}?tthew = E [citationso — citations;_, { citations), = citations;_1 |, (1)
where citations; is the number of citations to paper j at time ¢, and citations}t denotes the counterfactual

citation count in the absence of k.

Equation (1) relies on the assumption that citations to j would not have changed between times ¢t = —1

and ¢ = 0 had k not been published. That is, any “bump” in citations at t = 0 is attributed to the

publication of k. Under this assumption, A%Ztthew > 0 indicates a boost in recognition attributable to

18To limit the impact of outlier observations and impose ascending order, we additionally apply the log transformation
multiplied by —1 to the sample in Graph (B).

19We define top-20 journals as the economics and finance journals ranked 1-15 in Combes and Linnemer (2010), plus the
Journal of the European Economic Association and the four American Economic Journals.

20Grant amounts were converted to 2024 USD using exchange rate data from the World Bank and the U.S. Consumer
Price Index.

211n Figure B.2 (Appendix B.2), we similarly plot the percentage of each gender’s authors who were awarded a grant and
the amounts they were awarded. In contrast to Graphs (G) and (H), we observe no obvious pattern by gender.



the author’s top-five breakthrough. We interpret this as evidence of the Matthew effect—i.e., “that a
scientific contribution will have greater visibility in the community of scientists when it is introduced by
a scientist of higher rank than when it is introduced by one who has not yet made his mark” (Merton,
1968, p. 59).

The Matthew effect may arise through several channels. One possibility is that a top-five publication
improves awareness of the author’s earlier work. Before the high-profile success, some researchers may
have overlooked or undervalued an author’s previous papers simply because they were unfamiliar with
her research or unsure of its relevance; afterwards, knowledge of the author’s skill and talent increases,
drawing retrospective attention to her earlier work and increasing its citations. In a second channel, the
new publication shapes the direction of future research. For example, it may influence incoming PhD
students to pursue related topics, thereby increasing demand for citations to the author’s prior contri-
butions. Finally, a top-five publication often enhances an author’s professional standing and influence
within his field. As a result, other researchers may have stronger incentives to build on and/or cite the
author’s earlier work—especially if the author is now more likely to review submissions, serve on hiring

committees, or write tenure letters.

Equation (2) compares the Matthew effect of men and women who experience an equivalent shock from
a top-five paper k:

Matth Matth: Matth
AAijgtt R E I:AJFaktt ew jj\jkl ew | ShOCkk] 3 (2)
where shocky, captures variation in the degree of visibility or professional standing conferred by k.

Assuming shocky, is appropriately controlled for, Equation (2) is only non-zero if there are gender differ-
ences in how the publicity of a top-five paper k relates to characteristics of author i or her subsequently
cited paper j. Such differences may arise if female-authored work is systematically under-recognised due
to the Matilda effect. Alternatively, publishing a high impact paper could boost women’s citations more
than men’s if there are greater career benefits from strategically citing them—e.g., because women are

more likely than men to become journal editors after publishing a top paper.

3.2 Estimation strategy

To estimate the effects in Equations (1) and (2), we adopt an event study approach that exploits the
timing of an author’s first publication in a top-five journal as a shock to perceived status and visibility.
Specifically, we regress the annual number of citations received by author i’s previously published work
j—whose quality and contribution remains constant over the estimation period—on dummy variables

for each year surrounding the publication of his first top-five paper k:

10
citations;j; = 0 female; + Z (Bt + 1 x female;) x 1[t = t'] + ¢ shocky, + €. (3)
t/=—10

citations;;; is the number of citations received in year ¢ by paper j (excluding citations from k), published
by author 4 prior to k.?? female; is an indicator equal to one if 7 is a woman, and captures baseline
gender differences in citations. The event-time dummies 1[¢t = ] are centred on the year of the top-five
publication ¢ = 0.2% shock;, captures heterogeneity in the shock of visibility from publishing k. We
estimate Equation (3) using OLS over a window spanning the 10 years before and after k’s publication

22To ensure citations do not rise mechanically around ¢ = 0 because the top-five paper k itself cites jg, citations from k
are excluded from citations;;;.

23We normalize ¢ = 0 to the publication date of the author’s first top-five article, which we interpret as the timing of
the shock. While some researchers may become aware of the article before formal publication—through working paper
circulation, seminars, or conferences—others may only discover it afterwards. Thus, the actual timing of exposure is
heterogeneous. As a robustness check (see Section F.1), we re-estimate our event study using ¢t = —1 as the normalization
point and obtain nearly identical results, suggesting that our findings are not sensitive to the precise timing of the event.
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date, with standard errors clustered by j.

In our preferred specification, we account for shocky using fixed effects for each top-five publication;
thus, 79 compares male and female co-authors on the same top-five paper. To cover a broader sample
of authors—including those who solo-authored k—we also estimate specifications that control instead
for observable attributes of the top-five k, including its publication year, journal, number of co-authors,
citation count (asinh-transformed), and a proxy for author prominence based on the number of prior
top-five publications by the most prolific co-author.

The coefficients Sy and [y + o capture the average male and female Matthew effects defined in Equation
(1). As discussed in Section 3.1, these effects are identified under the assumption that citations to earlier
work would have remained stable at time ¢ = 0 had the top-five paper not existed. Although publishing
in a top-five journal is not random—talent, persistence and work habits all play a role—the exact timing
of the event is arguably orthogonal to unobserved determinants of citations to earlier work. As a result,
sharp changes in citations to previously published papers that coincide with ¢ = 0 are driven by the
shock of attention from publishing k rather than, e.g., changes in the content and merit of the cited

material 24

Crucially, ~; captures gender disparities in recognition patterns. Assuming that the per-unit quality of
a female co-author’s pre-top-five research is at least as high as comparable work by her male co-authors,
~; captures baseline gender disparities in recognition.?® A negative -y, suggests that women’s research is
cited less than comparable research by their male counterparts, pointing to a Matilda effect—i.e., the

under-recognition of equally meritorious work by women.

3.3 Results

Figure 3 illustrates how citations to authors’ earlier work evolve in the years before and after their
first top-five publication, separately for men and women. Two specifications are shown: Graph (A)
includes fixed effects for the top-five paper, enabling comparisons between male and female co-authors
who experience an identical visibility shock; Graph (B) instead controls for characteristics of the shocks
(e.g., co-author count, citation count, author prominence, and journal-year fixed effects). Three key

patterns emerge.

First, we find clear evidence of a Matthew effect. For both men and women, citations to earlier research
increase sharply around the year of the first top-five publication (¢ = 0). Prior to this event, 5; and 8;+:
are negative. Immediately afterwards, both coefficients turn positive and remain so for the rest of the
estimation period. Assuming citations to previously published papers just after the event window would
have evolved similarly to citations accrued just before it, this discontinuity suggests that publishing in a
top-five journal brings attention—and consequently citations—to men’s previously published work. For

male authors, this effect is worth approximately 1-2 additional citations per paper per year.

Second, we document a substantial gender gap in citations prior to the top-five publication date, con-
sistent with a Matilda effect. In the years preceding ¢ = 0, female authors receive significantly fewer
citations to their earlier work relative to comparable men. In Graph (A)—where we compare male and
female co-authors on the same top-five publication—our results suggest that women’s prior contributions

are systematically less recognised relative to work by their male co-authors. Assuming both co-authors

240ur estimates capture the Matthew effect after an author publishes a high impact paper; they do not reflect selection
into publishing a top-five paper as we do not adjust for a counterfactual in which a top-five worthy paper is published
elsewhere. Indeed, the Matthew effect and its gender difference are present—albeit much smaller in magnitude—even when
authors publish in non-top journals (see Figure F.1 in Appendix F.1).

25We assume that shocky, appropriately absorbs heterogeneity in k (e.g., manuscript quality). If this assumption fails,
then gender differences in the characteristics of high impact papers create gender differences in the attention their authors
subsequently receive.
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Figure 3: The Matilda and Matthew effects: baseline evidence and interaction

Note. Figure 3 displays 8; and ¢+ from estimating Equation (3) using OLS for all ¢t € [—10, 10], where ¢t = 0 corresponds
to the publication date of authors’ first top-five papers. In Graph (A), we account for shocky using a top-five fixed effects;
in Graph (B), we instead control for the first top-five k’s year and journal of publication (as fixed effects), co-author count,
citation count and the number of previous top-five publications by k’s most prolific co-author. Shaded areas represent 95
percent confidence intervals from standard errors clustered by jq.

produce comparable quality pre-top-five research, this evidence suggests a Matilda effect for all ¢ < 0.%°

Third, the Matthew effect is markedly larger for women (i.e., ; is positive and statistically significant
for all + > 0).27 Around the year of the top-five publication, citations to women’s earlier work increase
more sharply than citations to comparable work by men. After publication, women’s pre-top-five papers
are cited at higher rates than men’s. This reversal in the gender citation gap indicates that publishing
in a top-five journal benefits women more than men. It is consistent with a correction in informational
frictions: when women’s high-quality work is initially overlooked, a status shock like a top-five publication

can substantially increase its salience. We explore this idea further in Section 4.

We observe non-parallel trends in the citation trajectories for men’s and women’s earlier work leading up
to t = 0: women’s citation trajectories rise more steeply than men’s in the years preceding their first top-
five publication.?® As we show in Section 4, the diffusion process of information is likely delayed but more
concentrated for women. The steep rise in citations before ¢ = 0 therefore probably reflects a catch-up
process, whereby women’s prior research—initially overlooked—gains recognition more rapidly as their
visibility increases. Indeed, these pre-trends become notably flatter once we condition on environments
where knowledge diffusion is plausibly faster and more complete—such as among co-authors or when an

author’s top-five paper cites his earlier research.

Our estimates are robust to a wide range of alternative specifications and sample restrictions. Results

26In Appendix C.1, we show gender differences in citations and journal impact factors (JIFs) to pre-top-five work with
the same sample used to estimate Figure 3. Our results suggest that women’s pre-top-five papers are cited more on a
per-paper basis compared to their male top-five co-authors’ work; we find no consistent or significant gender differences
in co-authors’ pre-top-five JIFs. We also replicate Figure 3 controlling for the quantity and quality of papers j published
prior to the first top-five (Appendices C.12 and C.13); results are almost identical to those shown in Figure 3.

278, and v represent deviations from baseline gender differences in citations captured by §. In Figure 3(A), § is 0.59
(standard error 0.28); in Figure 3(B), it is -0.02 (standard error 0.12). Neither estimate is significant at traditional
thresholds.

28While we observe some pre-trends in Figure 3, this pattern is likely due to the slow diffusion of exposure—e.g., via
working paper circulation, seminar presentations and word-of-mouth—in the run-up to publishing in a top-five journal.
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are similar when we estimate Poisson models (Appendix C.3) and persist across various sub-samples
and control sets, as shown in Appendix C. Specifically, the pattern holds among authors who solo-
authored their first top-five (Appendix C.7), and in samples of cited and citing papers published in both
economics and non-economics journals (Appendices C.5, C.6, and C.7). We also obtain similar estimates
when adjusting for the first top-five’s primary and secondary JEL codes (Appendix C.11), the author’s
institutional rank at the time the first top-five is published (Appendix C.10), the author’s total number of
pre-top-five publications (Appendix C.12), and characteristics of the earlier paper, including its journal
impact factor and number of co-authors (Appendices C.13 and C.14). In all cases, results remain closely

aligned with those reported in Figure 3.

4 Decomposing the Matthew effect

4.1 Theoretical framework

In this section, we construct a simple theoretical framework to guide our interpretation of the Matthew
effect across genders observed in Figure 3. Let j, € J, denote a paper by author i, published before
his first high-impact paper k (i.e., first top-five), where ¢ = F, M denotes the gender of the author.
Additionally, let [ € £ denote a different paper (or idea for a paper) that potentially cites j,, where £ is
the Dedekind complete body of research ideas.

An article [ cites another article j, only if three conditions are met: (i) j, is sufficiently relevant to
I, (ii) the authors of I are sufficiently aware of j,, and (iii) they believe that citing j, strengthens
the publication value of their own work.?? The second and third conditions—awareness and perceived
value—can themselves depend on the visibility and perceived quality of j,, which may be shaped by
earlier citations or publications. Under these conditions, I’s decision to cite j4 is determined by Equation
(4):

1[9jgz > 9~jgz} X 1[@()\]‘91) > G| % Ajis (4)

where 1[-] is the indicator function, 6; ; is the relevance of j, to [, A; ; is a binary variable equal to one
if the authors of I are aware of jg, and ¢;();,1) captures the authors of I’s beliefs about the value of
publishing ! given their awareness of j,. The thresholds of relevance and value required for [ to cite j,

and its authors to produce and publish [ are éjgl and ¢ respectively.

We additionally assume that: (i) the perceived value of citing j, (¢1();,1)) increases with the visibility of
Jg» Aj, (e.g., via prior citations or publications); (ii) awareness of j, ();,1) and perceived value of citing
it (¢;) do not decline after the publication of the first top-five paper k; and (iii) in the absence of k, all
other citation-relevant parameters—relevance (5jgl), awareness ();,;), and perceived value (¢;)—remain
unchanged. (i) and (ii) presume that the publicity generated from the first top-five k does not reduce I’s
propensity to cite j, or its authors’ beliefs about the value of publishing. (iii) assumes that the authors’
thresholds and beliefs are stable, and any increase in the likelihood of citing j, after £’s publication is

attributable to increased awareness or perceived value driven by k.

Given these assumptions, the Matthew effect is captured by Equation (5) in Theorem 1. Theorem 1 is

proved in Appendix A.

Theorem 1. Consider iy, who authors two papers: the high impact paper k and a different (lower
impact) paper j, that was published before k. Let L,L C L denote the Dedekind complete subsets of

research ideas that existed before and after k, respectively, and assume:

Assumption 1. Equation (4) governs l’s decision to cite jq for alll € L.

29«Qufficient awareness” of jg implies that I’s authors are aware enough of jg to: (i) make the logical connection of its
relevance to [ if there is one (see Kuhn, Younge, and Marco (2023) for a discussion in the context of patent citations); and
(ii) have accurately determined that jg’s quality is high enough to warrant citation.
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Assumption 2. ¢j(Nj,1) > 0, Aj,1 < )‘jgi and ¢ < ¢7 for all [ = (I,1) where l € £ and 1 € L satisfy
05,0 ="0;,1 and ¢ = ¢r.

Assumption 3. In the absence of k, éjgl = éjgi’ b1 = ¢p and Nj,; = /\ng for all | = (L,1).

Then | € ﬁq exists for all | € L and Equation (5) is the Matthew effect for author i,:

A%atthew _ Z Mjgla (5)
el
where
M; =1 {9]-92 = 9]92} = 1[0, > 0;,1] x 1[@ Njgt) 2 d1| X Aji (6)

and ﬁ; is the subset of ﬁg where )‘jgi =1 and ¢7(1) > (Z)Z'

According to Equation (5), a positive Matthew effect is caused by three factors: (i) a decrease in éjgl
(i.e., the threshold of relevance); (ii) an increase in \; ; (i.e., awareness of j,); or (iii) an increase in ¢;,
independent of A; ; (i.e., the perceived publication value of 7). (i) captures a rise in strategic citations to
Jg after k is published; (ii) and (iii) reflect boosts in citations brought about by better and more widely
disseminated information about i’s papers—that is, either the top-five k¥ made the authors of [ more
aware of j, ();,; increased) or it caused them to positively update their beliefs about the publication

value of [ (¢; increased, conditional on \; ;), a phenomenon we refer to as “strategic publication”.?°

To compare the Matthew effects of men and women, suppose iy; and ip co-author k£ and additionally
assume that publishing a first top-five k eliminates gender differences in awareness \; ;—and, by exten-
sion, in the perceived value of citing ¢;. In other words, once k is published, citing authors [ become
equally aware of jr and jjs, and any residual gender-based differences in the perceived value of citing
either author vanish. When this assumption holds, then the gender difference in the Matthew effect is

captured by Equation (7) in Lemma 2.

Lemma 2. Suppose Theorem 1’s assumptions are satisfied for first top-five k’s co-authors ip and ipy.
Additionally assume:

Assumption 4. )\sz = )‘jMi foralll € L.

Then Equation (7) is the gender difference in the Matthew effect:

AA%atthew — Z (Mjpi - MjM[) ) (7)
lelr

where M, ; is defined in Equation (6) and L' is the set | = (Ly;,1) U (Ip,1) for a given 1.

A positive Equation (7) is potentially caused by three factors: (i) a greater propensity to strategically
cite jp after k is published; (ii) a bigger post-shock boost in strategic publications among the [ € £ that

are more relevant to jp; or (iii) less familiarity with jp before k is published, conditional on relevance.

Neither Equations (5) nor (7) specifically identify the individual impacts of strategic citations, strategic
publications and better awareness of j,; however, there are circumstances in which the former two factors
are separable from the latter. In particular, suppose we observe citations in an environment where the
citing authors [ are aware of previous papers j, before the first top-five k is published.*! A positive

Equation (5) is therefore caused by strategic citations or strategic publications by I; and a positive

30More specifically, “strategic publication” is captured by a change in qbl()\qu) after the first top-five k is published,
holding )\jgl fixed. Intuitively, it reflects the narrow desire to produce papers that will publish well.

31Lemma 3 actually makes the slightly weaker assumption that the citing authors of I’s awareness of jp and jjs is
unaffected by publication of the first top-five k—that is, either they were aware of both papers before and after the first
top-five k was published or they weren’t aware of them in either period.
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Equation (7) suggests a larger rise in strategic citations to women’s previous papers jp or a greater

increase in strategic publications among papers that are more relevant to it.
Lemma 3. Suppose the assumptions in Theorem 1 and Lemma 2 hold, and additionally assume:
Assumption 5. Nj,; = \. 7 for all lel.

= Jg

Then for all | € £, Equation (6) simplifies to

M. ;=
Jg

20,5 = 1005, > 05,0) x (1) = &1). (8)
When Lemma 3 applies, potential citing papers are already aware of j, before the top-five author
publishes her first first top-five paper k. As a result, increases in awareness \;,; cannot explain the
Matthew effect. Instead, the effect must arise from a rise in strategic citations or strategic publications.
Similarly, because the publication of the first top-five k does not alter citing paper I’s familiarity with
either jp or jyr, a stronger Matthew effect for female authors must reflect a larger increase in strategic

behaviour by citing authors [ directed toward jp.

In contrast, suppose Assumption 5 holds and A?/}ftthew = 0 and/or AA%attheW = 0. In this case, strategic
behaviour by citing paper [ either does not contribute to the Matthew effect or its gender difference, or

its component parts cancel each other out.

4.2 Estimation strategy

Lemma 3 characterises environments in which the Matthew effect is attributable entirely to strategic
behaviour by citing authors. To empirically assess the contribution of this mechanism—and its gender-
specific component—we estimate Equation (3) across environments that differ in the likelihood that a
citing paper [ was already aware of an author’s early work j, before she published her first top-five paper
k. That is, we compare citation responses in settings where awareness of j, is plausibly held constant
around k’s publication date (the high-visibility “treatment” environment) to those where the publication
event instead acts as a discovery shock (the low visibility “counterfactual”). This design isolates strategic
citation responses by shutting down the awareness channel in the high-visibility treatment setting and
comparing it to a low-visibility counterfactual that is observationally similar but retains the awareness

channel.

We start by identifying characteristics of the earlier paper j, that make it more likely that a potential
citing paper | was already aware of it before its author published his first top-five paper k. In our
first high-visibility treatment environment, we study the sub-sample of j, € J, cited by k. Given
common seminar and working paper dissemination practices in economics, the j, cited in k are more
likely to be known by a related citing paper [ in the field of economics compared to the j, that are
not cited in k. Conditional on acceptance, the peer review process at top economics journals averages
two years or more (Ellison, 2002; Hadavand, Hamermesh, and Wilson, 2024). Partially in response
to this, economists almost always publicly release working paper versions of these manuscripts several
years before publication; they also widely present pre-published work at seminars and conferences. As a
consequence, most other economists with a paper related to k will be aware of it—as well as the papers
that it cites—several years before k is actually published.?? Conversely, earlier Jg not cited in k serve as

a lower visibility counterfactual in which publication of k likely operates as a discovery shock.

In our second high-visibility treatment, we restrict our sample to citing papers [ that are published in the

same journal as the papers they cite, j;. The editors and referees at a journal where [ is under submission

32This implicitly assumes that publishing in a top-five journal is an important enough event to bring significant attention
to authors’ previously published work, regardless of its relevance to k. To justify this assumption, we note that economists
are willing to give up half a thumb to publish in the AER (Attema, Brouwer, and van Exel, 2014)!
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are probably familiar with related work that the journal has already published; consequently, they are
more likely to flag these papers to I’s authors during the review process. Anticipating this, authors may
also pre-emptively identify and cite related papers published in journals they intend to submit to (for a
discussion, see, e.g, Chorus and Waltman, 2016; Gazni and Didegah, 2021). Thus, every [ published in
the same journal as a relevant j, should have been made aware of j,—and given the opportunity to cite
it—Dbefore being published. In contrast, I’s awareness of a relevant j, is not necessarily guaranteed when

[ and j, are published in different journals.

We next identify characteristics of a top-five author that make it more likely that her past publications
were well-known to a relevant citing paper [ before her first top-five paper k was published. In our third
treatment-counterfactual pair, we compare citations to j, by authors who disseminated k£ as an NBER
working paper prior to publication (the high-visibility treatment) with citations to j, by authors who did
not (the low-visibility counterfactual). Not only is the NBER series the most well-known and widest read
working paper series in economics, but the papers released in it receive more downloads and abstract
views than their published versions (Lusher, Yang, and Carrell, 2023).%3 As a result, k’s authors—and
consequently j,—probably received a bigger visibility boost among economists when k was released as
an NBER working paper than they did when it was actually published.

In a fourth high-visibility treatment, we study academic job market stars in economics. Each year,
graduating PhD students in economics compete for academic positions through a highly visible process
involving department “flyouts”, faculty meetings and job-market paper presentations. While all job
market candidates receive some exposure, a small number of “stars” capture a disproportionate share
of attention and are more likely to be recognised by their peers early on in their careers.®* As a result,
potential citing authors should be more aware of job market stars’ earlier work (high visibility treatment)
compared to non-stars who are also on the market (low visibility counterfactual). To identify comparable
job market candidates, we restrict the sample to authors whose first top-five paper was probably their
job-market paper—i.e., solo-authored and published no more than six years after their first paper was
published. We define candidates as “stars” if they are affiliated to institutions ranked 1-9 at the time
their top-five paper was published; authors employed at lower-ranked institutions are assumed to be

“non-stars”.?®

Finally, we exploit professional links between cited and citing authors to identify situations in which
authors’ pre-existing work is already well known to relevant citing papers when their first top-five paper
k is published. In the fifth and sixth treatments, we study citing authors who collaborate with or are
colleagues of the top-five author, respectively. We assume citing and top-five authors are colleagues if an
author of citing paper [ was affiliated with any of the institutions listed on k£ on or before I’s publication
date;?¢ they collaborate if they co-authored at least once before | was published. Professional links to a
top-five author make it highly likely that a citing author was familiar with her earlier work j, before k
was published (high visibility treatment). In contrast, citing scholars who have never worked with her

are more likely to first become aware of j, after k is published (low visibility counterfactual).

If gender differences in the Matthew effect operate mainly through increased awareness, then high vis-

ibility treatment environments should consistently reveal little or no gender difference in the Matthew

33NBER regularly sends emails summarizing its new working papers to over 50,000 subscribers to its newsletter; on
average, NBER working paper abstract pages are viewed 650,000 times every month (NBER, 2025).

34Indeed, a common worry is that “The best candidates from [top-ranked] PhD programs may end up interviewing in
so many places that they crowd out interviews and fly-outs for middle-of-the-class candidates” (Smeets, Warzynski, and
Coupé, 2006, p. 170).

35We describe our ranking methodology in Appendix C.10. We also urge additional caution when interpreting results
from the fourth environment, as the number of women who are job market candidates (either stars or non-stars) according
to our definition is very small.

36 Because Web of Science does not always map papers’ co-authors to their specific affiliations, we technically define a
citing and cited author colleague relationship to be one where the citing author is affiliated with any of the institutions
listed on the cited author’s first top-five paper.
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effect, while low visibility counterfactual environments should instead reveal large differences. To ensure
comparability between treatment and counterfactual environments, we estimate Equation (3) with fixed
effects for the top-five article k.>” Because identification in the first, third and fourth environments
rely on research dissemination norms that are specific to economics, we restrict their treatment and
counterfactual samples to the cited j, and citing ! published in economics journals; to focus the domain

colleagues to people with the most relevant work, we similar restrict fifth environment samples.

4.3 Results

Figures 4, 5 and 6 estimate Equation (3) in “treatment” and “counterfactual” environments that differ
in the degree to which citing authors were aware of economists’ earlier work before they published their
first top-five papers. Graphs in the left-hand panels are high visibility “treatment” environments; graphs
in the right-hand panels are low visibility “counterfactual” environments. As argued in Section 4.2,
Matthew effects in both environments could be caused by the strategic behaviour of citing papers, but
only in low visibility counterfactual environments could they also be caused by a lack of information.
Assuming that treatment and counterfactual environments’ only meaningful gender difference is in the
information citing papers have on women'’s earlier work, comparing the two establishes whether awareness
or strategic behaviour drive their larger Matthew effects.?®

In Figure 4 we identify high-visibility “treatment” environments using characteristics of earlier cited
paper j, that make it more likely that a potential citing paper | was already aware of it before its
author published his first top-five paper k. In our first treatment-counterfactual pair, we compare the
sub-sample of j, cited by k (Graph (A)) to the sub-sample of j, not cited by k (Graph (B)). In the
second, we compare the sub-sample of citing papers [ that are published in the same journal as the
papers they cite j;, (Graph (C)) to the sub-sample of [ and j, published in different journals (Graph
(D)). In both high-visibility treatment environments (Graphs (A) and (C)), men and women experience
similarly sized Matthew effects after their first top-five papers are published. In contrast, both low-
visibility counterfactual environments (Graphs (B) and (D)) suggest the Matthew effect is much larger
for women than it is for men. Or in other words, the visibility shock of publishing in a top-five journal
disproportionately benefits women only when awareness of their earlier work was limited; when awareness

of it is high, gender differences disappear.

Figure 5 identifies high- and low-visibility environments using characteristics of top-five authors; it sim-
ilarly suggests that women experience a greater Matthew effect because citing papers initially ignored
their research. In high-visibility treatment environments, we study authors who disseminated their first
top-five article as an NBER working paper (Graph (A)) or were job market stars (Graph (C)); our low-
visibility counterfactual environments consist of authors who did not release their first top-five paper as
an NBER working paper (Graph (B)) and job market candidates who were not stars (Graph (D)). In
treatment environments, awareness of authors’ work is already high at ¢ < 0, meaning strategic behaviour
drives the Matthew effect observed at t = 0; however, the effect does not differ by gender, suggesting
that strategic behaviour does not affect women more than men. In contrast, gender differences return in
low visibility counterfactual environments (Graphs (B) and (D)), where publishing in a top-five journal
is the biggest visibility shock authors experience. As larger Matthew effects for women are only observed

post top-five publication, they are likely caused by poor awareness of women’s research before that.

Figure 6 investigates how professional proximity shapes awareness of authors’ earlier work; it again em-

phasises that women disproportionately benefit from a Matthew effect, but only when awareness of their

37 By definition, all authors in the fourth treatment-counterfactual pair solo-authored k, preventing us from accounting
for shocky, in Equation (3) using fixed effects for k; instead, we control for k’s year and journal of publication, co-author
count and citation count (asinh).

38More specifically, we assume that any other dimension on which treatment and counterfactual environments differ is
unrelated to author gender.
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(A) High vis. treatment 1: jq cited in k (B) Low vis. counterfactual 1: jq not cited in k
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Figure 4: High vs. low visibility environments based on characteristics of j,

Note. Figure 4 displays B¢ and B¢ + ¢ from estimating Equation (3) with OLS and controlling for first top-five k fixed
effects. The top row of graphs compare the sub-sample of cited papers j4 cited in k (Graph (A)) to the sub-sample of
Jjg not cited in k (Graph (B)). The bottom row of graphs compare the sub-sample of citing papers | that are published
in the same journals as the papers they cite j4 (Graph (C)) to the sub-sample of [ and j, published in different journals
(Graph (D)). In Graphs (A) and (B), I and j4 are restricted to papers published in economics journals; in all graphs, the
estimation window is 6 years before and 10 years after k’s publication date. Shaded areas represent 95 percent confidence
intervals from standard errors clustered by jg.

research is low. Our high-visibility treatment environments consist of citations from colleagues and co-
authors, who should be more aware of authors’ research before they publish in a top-five journal (Graphs
(A) and (C)); their counterfactual environments analyse citations from less-connected researchers, for
whom prior awareness was plausibly weaker (Graphs (B) and (D)). In high-visibility treatments, there
are no gender differences in the Matthew effect—and indeed, no Matthew effect at all among citations
from co-authors.>® In contrast, citations in the low-visibility counterfactuals increase sharply around

t = 0, and the spike for women is much larger than it is for men.

Taken together, Figures 4, 5 and 6 paint a consistent picture. In settings where prior awareness is
high—whether because earlier work was directly linked to the top-five article, because it was widely
disseminated through NBER or the job market, or because potential citing papers were personally
connected to the cited author—the Matthew effect operates purely through strategic channels, and men
and women benefit equally. In contrast, when prior awareness is low, women experience significantly
larger citation increases. These results suggest that gender differences in the Matthew effect are driven

not by strategic responses to status—which appear gender-neutral—but by differential visibility in the

39The lack of a Matthew effect stands in contrast to most other settings with the exception of citations from papers
published in the same journal (Figure 4, Graph (C)). It may suggest that these settings reduce citing papers’ incentives
and/or scope to engage in strategic behaviour.
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(A) High vis. treatment 3: k is an NBER working paper (B) Low vis. counterfactual 3: k is not NBER working paper
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Figure 5: High vs. low visibility environments based on characteristics of k/k’s author

Note. Figure 5 displays 8¢ and B¢ + ¢ from estimating Equation (3) with OLS. In the top row of graphs, we compare the
citation dynamics of authors who released k as an NBER working paper (Graph (A)) to authors who did not (Graph (B)).
In the bottom row, we compare job market (JM) stars (Graph (C)) to job market candidates who were not stars (Graph
(D)). (See Section 4.2 for details on how we identify job market candidates and stars.) In the top row of graphs, we account
for shocky, using fixed effects for k; in the bottom row, we instead control for k’s year and journal of publication, co-author
count and citation count (asinh) (see Footnote 37). In all graphs, [ and j, are restricted to papers published in economics
journals, and the estimation window is 6 years before and 10 years after k’s publication date. Shaded areas represent 95
percent confidence intervals from standard errors clustered by jg.

early stages of authors’ careers. In this way, the Matthew effect interacts with the Matilda effect: it

helps correct prior under-recognition of women by advertising their overlooked work.

To conclude that greater awareness of women’s research drives their larger Matthew effects crucially
assumes no gender differences between treatment and counterfactual environments except in the infor-
mation citing papers have on women’s earlier work at t < 0. Available evidence supports this assump-
tion. Tables D.1-D.6 (Appendix D.1) report gender differences in the characteristics of citing, cited and
top-five papers across treatment and counterfactual environments. While there are meaningful gender
differences on several dimensions—e.g., journal impact factors and numbers of co-authors—their signs
and magnitudes across environments usually match, particularly in the first, third, fourth, fifth and sixth

environments.

Gender differences in citing papers’ strategic behaviour are also unrelated to selection into treatment—
that is, we find no evidence that citing papers face additional incentives to behave strategically in
response to a woman (vs. a man) publishing in a top-five journal. In Figure E.1 (Appendix E.1) we
plot the probability that men and women become editors of any journal, a top-five journal and a top-20

journal in the 10 years before and after k’s publication date. In all graphs, there is a noticeable bump
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(A) High vis. treatment 5: citations from colleagues (B) Low vis. counterfact. 5: citations from non-colleagues
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Figure 6: High vs. low visibility environments based on professional links between I’s and j,’s authors

Note. Figure 6 displays 8; and B¢ + 7+ from estimating Equation (3) with OLS and controlling for the first top-five k fixed
effects. Graphs distinguish citations received from current or former colleagues (Graph (A)) vs. non-colleagues (Graph (B))
and from co-authors (Graph (C)) vs. non-co-authors (Graph (D)). (See Section 4.2 for further details on how we identify
co-authors and colleagues.) In Graphs (A) and (B), ! and jg4 are restricted to papers published in economics journals; in all
graphs, the estimation window is 6 years before and 10 years after k’s publication date. Shaded areas represent 95 percent
confidence intervals from standard errors clustered by jg.

in this probability around t = 0; however, it does not differ by author gender for any ¢ > 0. We further
explore the impact publishing k& has on promotion to professor (Appendix E.2), the number and dollar
amount of grants awarded to authors (Appendix E.3), their employers’ reputations (Appendix E.4) and
the number of seminar invitations they receive (Appendix E.5). In all instances, we either do not observe

a Matthew effect or it does not differ by author gender.

Three key placebo checks also reinforce our conclusion that a lack of information about women’s research
causes their greater Matthew effects. In Appendix F.2 we bring the ¢t = 0 event date forward in time to
the date an author released her future first top-five article as an NBER working paper. This environment
mirrors the one in Figure 5(A), except that potential citing papers are no longer necessarily aware of the
author’s earlier work at ¢ < 0; as a result, gender differences in the Matthew effect should re-emerge.
Indeed, this is precisely what we observe: Figure F.2 suggests a citation response that is much larger for

women than it is for men.*°

In Appendix F.3, we push the ¢ = 0 event date back in time to the date authors publish their second

top-five publications. Because potential citing papers were made aware of an author’s earlier work when

40In Appendix D.2 we also reproduce Figure 4, Graphs (A) and (B) restricting the treatment and counterfactual samples
to articles by authors who did and did not release k as an NBER working paper. We only observe a gender difference in
the Matthew effect in the counterfactual environment under conditions where citing papers are not already familiar with
Jjg before k (namely, when k was not released as an working paper and did not cite jg).
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she published for the first time in a top-five journal, visibility is high when she publishes there for a
second time, and the subsequent Matthew effect will be driven by strategic channels, where men and
women are treated equally. Again, this is exactly what we find: Figure F.3 suggests no gender difference
in the Matthew effect at t = 0.

In Appendix D.5, we further estimate Equation (3) on the subsets of authors employed at institutions
ranked 1-5, 6-9, etc. Gender differences in the Matthew effect are smallest among authors at the
highest ranked institutions, consistent with the hypothesis that their faculty is exposed to more attention

compared to faculty at lower ranked institutions.

Finally, conclusions are similar when we reproduce Figures 4, 5 and 6 using Poisson models (Appendix
D.3). They also continue to hold after controlling for journal impact factors and pre-k publication counts
(Appendix D.4).

5 Conclusion

In this paper, we investigate whether the Matthew effect mitigates under-recognition of research by
women. To identify the effect, we adopt an event study approach that estimates citations to authors’
previously published papers around the date they first publish in a top-five journal; we then compare
citation trajectories for male and female co-authors on the same top-five paper. We find that: (i) before
the shock of publishing in a top-five journal, women’s research is systematically under-cited relative to
comparable research by their future male co-authors, suggesting an initial Matilda effect; and (ii) both
co-authors experience a large bump in citations around the top-five publication date—evidence of a

Matthew effect—Dbut it is especially large for women.

To better understand the mechanisms driving our results, we construct a straightforward model of the
decision to cite early research by authors who later publish a high impact paper. According to our
model, the Matthew effect and its gender difference are caused by increases in: (i) the information that
potential citing papers have about the existence and relevance of an author’s pre-top-five research; (ii)
the propensity to strategically cite this research; or (iii) the strategic value of publishing papers related
to it.

Although we cannot separately identify (i), (ii) and (iii), we can isolate the combined impact of strategic
citations and strategic publications by restricting the sample of citing papers to those that were always
aware of authors’ pre-top-five research. Intuitively, suppose citing papers are familiar with an author’s
early work before he publishes for the first time in a top-five journal, but they only cite it afterwards.
Because they were aware of this research in both periods, their second period citations are necessarily
motivated by strategic considerations related to the top-five publication (e.g., a desire to cite well-known

authors).

We apply this strategy to six plausible “treatment” environments—i.e., environments in which citing
papers were already aware of authors’ previous work before they published in top-five journals—and
compare them to their relevant counterfactual environments—i.e., otherwise identical environments in
which this condition is not met. In most treatment environments we find clear evidence of a Matthew
effect—suggesting that strategic considerations play a role in its general formation—although it never
differs by author gender. In contrast, women’s Matthew effects are always larger than men’s in coun-
terfactual environments. This pattern suggests that gender differences in the Matthew effect arise not
because citing authors respond more strategically when women gain status, but instead because they

were simply less likely to know about women’s work to begin with.*!

41 Additional results in contexts where prior awareness is particularly limited sharpen this conclusion: the Matthew effect
is especially pronounced for solo-authored women’s papers (Appendix C.8) and when the top-five article represents the
first such publication for all co-authors (Appendix C.9).
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More broadly, our findings also indicate that the Matthew effect is not inherently gender-neutral.
Prestige-driven mechanisms can either reinforce or mitigate existing disparities depending on the in-
formational environment in which they operate. In settings where awareness is already high, status
gains primarily activate strategic responses and do not differentially benefit women. Where awareness
is limited, however, visibility shocks disproportionately raise awareness of women’s prior work, helping
to offset earlier under-recognition. This has implications for how citations accumulate over academic
careers. It also suggests that policies aimed at increasing early-stage visibility—such as wider dissem-
ination of working papers, inclusive seminar invitations, and institutional support for pre-publication

exposure—may be especially effective at reducing the under-recognition of women’s work.*?

But although a future Matthew effect can shine a light on women’s existing research, it cannot retroac-
tively award them the advantages and opportunities they should have been given had their talents been
appropriately recognised from the very start. Or in other words, a Matthew effect cannot revive whatever
research is lost when a Matilda effect stymies women from pursuing their best ideas. How many more
innovations would Katalin Kariké have generated had we fully appreciated and funded her word 30 years
ago? And how much faster would the field of mRNA research have developed had others been able to

build on these innovations in the intervening years?
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A  Proofs

Proof of Theorem 1. Due to the Dedekind completeness of £ and L, there exists an isomorphism that
matches each | € £ to an [ € £ that shares the same 9jg ; and gz;l. Let [ € LA',g denote the resulting ordered
pair [ = (L,1).

The difference in citations between [ and [ in the ordered pair [is:

doM, (A1)

lel,
where

M; =1 [ejgi > ‘7jgz] x1 [¢f(>\j9f) 2 (5?] XA 7= 105,02 05,0] x 1 [e(Aj,0) = di] x Nji. (A2)

Suppose k had never existed. By Assumption 3, )‘jgi = Aj, i, ¢t = ¢7 and éjgl = éjgi’ so Equation (A.1)
is zero.* Because Equation (A.1) is only non-zero if k is published, it represents the visibility Matthew

effect for author i, from publishing £.

It remains to show that Equation (A.1) is equivalent to Equation (5). Define ﬁ; as the subset of £,
where A; ;=1 and #7(1) > éi' Then, for all [ € [Z;, Equation (A.2) simplifies to Equation (6).

Now consider any [ € ﬁg \ ﬁ; Because ZA¢ [:;, either )‘jgi =0or ¢(1) < gz% Suppose first )‘jgi =0. By

assumption, A; ; < A ; =0, thus A\; ; = 0, as well. As a result, Equation (A.2) is zero.
Jgl Jgl Jgt

Suppose now )‘jgi =1 but ¢;(1) < qier Thus, 1[¢;(1) > (Z#l] = 0. Suppose \j,; = 1. Because ¢;(1) <
#r(1) < éi = ¢; (Assumption 2 and the fact that ¢, = (;NSZ for all [ € £,), 1[¢(1) > &] = 0 so
Equation (A.2) is zero. Suppose Aj,; = 0. Because ¢;(A) > 0 and ¢;(1) < ¢;(1) (Assumption 2),
#1(0) < ¢i(1) < ¢7(1) so ¢ (0) < ¢ and 1[¢y(0) > ¢y = 0; hence, Equation (A.2) is zero. Thus, Equation
(A.2) is zero for all | € £, \f’g

Because (A.2) is equal to Equation (6) for all [ € lif] and zero for all [ € £, \ EA'g, Equation (A.1) is
equivalent to Equation (5). Thus, all is proved. O

~

Proof of Lemma 2. From Theorem 1, Lp and £ exist for all [ € L. Thus, for any ZF = (leF) in Lp

there exists a corresponding Iy = (Lys>1ar) in L where Ip =1y (and vice versa).

It remains to show that I exists in some [ € £/, if and only if it also exists in some Iy € £},. Without
loss of generality, consider any l[p € L. By the definition of L7, Ajpfp =1 and gbZF(l) > ¢, From
Assumption 4, A,

Jrle )\j]\/IZF R " B R R
similarly establishes that for any iy; € L), [pr must also exist in some lp € L. This concludes the

= 1. Thus, [r must be in some v € EAM, as well. An analogous proof

proof.P [

Proof of Lemma 3. From Assumption 5, Aj,; = )‘jqi =1forallle ﬁg. Thus, Equation (6) simplifies to
Equation (8), as required. . O

2Recall that 9], 7 = 0;,1 by definition and ¢7(A) = ¢;()) by assumption.
g L L

bNote that it is not necessarily true that [, =1, for the iF and lAM that share the same .



B Data

B.1 Additional data descriptions

Pre-top-five publications. Our first database contains the entire early publication histories of every
economist who, between 1986-2015, published (for the first time) a full-length, original research article
in one of the following “top-five” economics journals: the American Economic Review, Econometrica,
Journal of Political Economy, Quarterly Journal of Economics and Review of Economic Studies. We
follow Hengel, Moon, and Tol (2024) and define “full-length, original research” as regular issue articles
published with abstracts and/or submit-accept dates. This definition excludes most book reviews, ed-
itorials, reports and non-peer-reviewed essays; it also excludes conference proceedings such as the May

issue of the American Economic Review.

Our final database contains 3,929 authors. We manually assigned each a gender based on (i) obviously
gendered given names (e.g., “James” or “Brenda”); (ii) photographs on personal or faculty websites; (iii)
personal pronouns used in text written about the individual; and (iv) by contacting the author himself

or people and institutions connected to him.

To obtain pre-top-five publication histories, we first matched authors to their Web of Science records
and downloaded the lists of publications attributed to them; with the help of a research assistant, we
subsequently manually verified and corrected these records. Unless otherwise mentioned, our dataset
of cited papers includes all English language pre-top-five: (i) manually verified (e.g., by cross-checking
an author’s CV) articles, book chapters, ete. attributed by Web of Science to an author; and (ii) peer
reviewed journal articles that Web of Science did not attribute to the author but were indexed by it and
found on the author’s CV.¢ Our final sample of pre-top-five publications contains 30,435 articles (roughly
8 articles per person). Data on these articles and the 2,133,539 articles that cite them—including journal,
publication date, number of authors, category, language, manuscript type (e.g., article or book review)
and journal impact factor—are from Web of Science (Clarivate, 2022).

Authors’ career trajectories. Our second dataset contains digitised data from authors’ CVs for 4,334
authors with a top-five paper included in the database analysed in Hengel (2022). CVs were collected by
googling all 8,187 authors analysed in Hengel (2022) and downloading (or creating) a PDF of their CV
if one could be found. With the help of a research assistant, we then digitised the following information
from each CV: education, employment, editorial positions, awards, seminars and personal information
(citizenship, date of birth, children and languages spoken). Among authors with a CV, 3,073 satisfy the
condition for inclusion in our first database—mnamely, that they published their first full-length original
research article in a top-five journal between 1986-2015. Unless otherwise mentioned, this is the sample

of authors analysed in Sections 2 and 4 and Appendix E.

“In other words, our dataset does not include non-journal-article outputs unless they were attributed to an author in the
list of publications we originally downloaded from Web of Science and the output was clearly listed on the relevant author’s
CV. (That is, we did not add a non-journal-article output to an author’s publication list if it was not already attributed to
the author by Web of Science, but we also did not remove it unless he did not actually author it.) We took this decision
because Web of Science indexes so few non-journal-article outputs to begin with—they constitute only 8.4 percent of cited
papers in our data—and including or excluding these outputs has no meaningful impact on any of the analyses presented
in this paper.



B.2 Additional summary statistics
B.2.1 Pre-k paper counts by JEL code

In Figure B.1 we present average paper counts by JEL code.d In most JEL categories, men publish more
pre-top-five papers than women. The exceptions are Q (agricultural and natural resource economics)

and N (economic history).

Z Special topics | [

R Regional, transport

Q Agriculture, env.

O Development

I

I
N History I |
M Marketing/accounting I

L Industrial org. I

K Law |

J Labour I |

| Health, welfare, edu. [

H Public I |

G Finance |

F International [

E Macroeconomics I

D Microeconomics [

C Quant. methods | I

Figure B.1: Avg. no. pre-top-5 papers, by JEL code
Note. Figure displays the average number of pre-top-five paper counts for authors by top-five paper JEL code.

dFigure B.1 excludes JEL codes A, B and P due to small samples, particularly of female authors.



B.2.2 Grants before and after first top-five

The left-hand-side graph in Figure B.2 plots the percentage of authors with a grant before and after
they publish their first top-five paper, across employer rank. The right-hand-side graph similarly plots
the amount awarded (in thousand USD). Institution refers to the author’s highest ranked institution
among all institutions attributed to him on his first top-five paper. Institutions are annually ranked (in

descending order) by the number of top-five articles affiliated to them, smoothed over a five-year period.

Unlike Graphs (G) and (H) in Figure 2, neither graph in Figure B.2 suggests an obvious pattern in the
gender composition of grants awarded before and after an author’s first top-five paper.

% authors with a grant before and after first top—5 Amount (thousand USD) before and after top—-5
O 3000 o
® ®
90
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O O
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O ? o)
O o
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@) m ©
O
O O 1000 o
O O
O
O
70 O O
o o T
1-9 10-19 20-39 40-59 60+ 1-9 10-19 20-39 40-59 60+
Top-5 author gender: @ Female @ Male Relationship to first top-5: [0 before O after

Figure B.2: Grants to authors, before and after their first top-five paper

Note. Left-hand-side graph plots the percentage of each gender’s authors who were awarded a grant before and after they
published their first top-five paper. Right-hand-side graph plots the amount awarded (in thousand USD).



B.2.3 Years since PhD

In Figure B.3 we show the distribution of the distance (in years) between an author’s first top-five
publication date and the date he obtained a PhD (Graph (A)) and by year of top-five publication
(Graph (B)). PhD year refers to the year an author obtained his first PhD.® Estimates in Graph (B) are

shown as 5-year moving averages.

(B) Distribution (A) By year of top—5 publication
0.12
-
0.09
6
0.06
5
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Top-5 author gender: I:l Female |:| Male

Figure B.3: Years between PhD and first top-five

Note. Figure shows the distance (in years) between the date an author published his first top-five paper and the date an
author obtained his PhD. Graph (A) is the distribution of this distance for men and women; Graph (B) plots their average
distances over time.

On average, women publish their first top-five paper 5 years after obtaining their PhD, while men publish
6 years after obtaining their PhD (Graph (A)). However, this gap has completely closed in recent years
(Graph (B)), suggesting that women’s publication records—or at least the publication records of very
prominent women—are starting to look more like the publication records of comparable men.

¢Some authors in our data have obtained multiple PhDs.



B.2.4 Distribution of citations to j,

In Figure B.4 we plot the distribution of total citation counts to cited papers (Graph (A)) and the
average number of citations papers receive in the years following their publication (Graph (B)). Graph
(A) suggests that male-authored j, are disproportionately likely to receive 0 or only a few citations;
female-authored j, are more commonly found in the left-tail of the distribution. In the first few years
after publication, Graph (B) suggests that women’s papers are cited more than men’s papers. However,
that pattern reverses around the 25 year mark, likely because men disproportionately authored the small
number of highly cited papers that were published before 1990 and continue to be cited year-after-year.t

(A) Distribution of citation counts (B) Citation counts earned per paper per year

3

0.03
2

0.02
1

0.01

0.00 0

0 50 100 150 200 0 20 40 60
Citation counts Years after publication

Top-5 author gender: I:l Female D Male

Figure B.4: Distribution of citations to jg

Note. Graph (A) is the distribution of total citation counts to cited papers. Graph (B) is the average number of per paper
citations earned in each year following its publication.

fRecall that every cited paper in our data was published on or before 2015.



B.2.5 Distribution of pre-k publication counts

In Figures B.5 and B.6, we plot the distributions of authors with 0, 1, 2, etc. pre-k publications. Figure
B.5 plots the distribution for all authors in the data; Figure B.6 shows the distribution among authors
who published k before 1990 and from 1991-2000, 2001-2010 and 2011-2015.

Women are disproportionately more likely to have had zero or only a few pre-top-five papers published
before k was published. Men are more common in the right-tail of the distribution.®

0.05

0 10 20 30 40

Top-5 author gender: I:I Female I:I Male

Figure B.5: Distribution of authors by pre-k publication count
Note. Figure shows the distribution of authors with 0, 1, 2, etc. pre-k publications.

€A small number of authors have a very high pre-top-five publication count (e.g., one author published 535 pre-k papers).
These are largely non-economists in fields like medicine and physics.
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Figure B.6: Figure B.5 over time

Note. Figure replicates B.5 among the set of authors whose first top-five publication was published before 1990, during
1990-1999, 2000-2009 and 2011-2015.
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C Section 3.3, robustness

C.1 Gender differences in the quality of pre-top-five work

In Tables C.1 and C.2 we regress top-five author gender on each cited paper’s cumulative citations
(asinh), raw citations and the journal impact factor (JIF) of the journal it was published in. Table C.1
is estimated exclusively on the sample used to estimate Figure 3; Table C.2 includes all pre-top-five
papers published by the author and accumulates all citations to a paper.” In columns (1), (3) and (5) we
control for fixed effects for the top-five paper—thus, results compare citations to pre-top-five papers of
male and female co-authors on the same top-five paper—as is done in Figure 3(A). Columns (2), (4) and
(6) instead control for number of authors on the top-five paper, the prominence of the most prominent
author on the top-five paper (as proxied for by total number of top-five papers) and citations (asinh) to

the top-five paper, as is done in Figure 3(B).

Both Tables C.1 and C.2 suggest that women’s papers are cited more on a per-paper basis compared to
their male top-five co-authors, although the association is weaker (and insignificant in Table C.2) when
raw citations are used as the dependent variable. Neither Table C.1 nor C.2 suggest a consistent gender

difference in the JIF of pre-top-five cited papers.

Table C.1: Gender differences in citations and JIFs to pre-top-five work, sample from Figure 3

Citations (asinh) Citations JIF
(1) (2) (3) (4) (5) (6)
Top-five author female 0.228***  (0.160*** 11.616*** 3.779* —0.155 0.065
(0.054)  (0.026)  (4.403)  (2.263)  (0.244)  (0.112)
No. top-five authors 0.031%** 1.103 0.369%**
(0.01) (0.832) (0.068)
Top-five author prominence —0.007#** —0.213 0.013*
(0.002) (0.135) (0.008)
Top-five paper citations (asinh) 0.213%** 8.948%** 0.311%**
(0.008) (0.659) (0.029)
No. obs. 29,357 29,357 29,357 29,357 28,166 28,166
R? 0.325 0.111 0.152 0.027 0.185 0.027
Top-5 f.e. v v v
Top-5 journal v v v
Top-5 year v v v
Note. Coeflicients from a regression of per-paper citations (asinh) (columns 1 and 2), raw citations (columns 3

and 4) and journal impact factors (JIFs) (columns 5 and 6) on top-five author gender. In columns (1), (3) and (5)
we control for fixed effects for the top-five paper as is done in Figure 3(A); in columns (2), (4) and (6) we control for
the numbers of co-authors on the top-five article, the prominence of the most prominent author on the top-five paper,
and the number of citations (asinh) to the top-five paper, as is done in Figure 3(B). Sample of pre-top-five papers is
restricted to the sample used to estimate Figure 3. Standard errors clustered at the cited paper level in parentheses.
kKX and * statistically significant at 1%, 5% and 10%, respectively.

hRecall that Figure 3 only includes citations to papers occurring in the ten years before and after the author’s first top-
five paper. Thus, it excludes pre-top-five papers that accumulated no citations during this 20-year window and citations
that occurred before or after this period.
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Table C.2: Gender differences in citations and JIFs to pre-top-five work, all papers and citations

Citations (asinh) Citations JIF
(1) (2) (3) (4) (5) (6)
Top-five author female 0.244***  0.180***  9.206 1.031 —0.141 0.047
(0.056)  (0.028)  (9.395)  (3.798)  (0.241)  (0.111)
No. top-five authors 0.021* —-2.133 0.367***
(0.011) (1.623) (0.066)
Top-five author prominence —0.007#** —0.360 0.013*
(0.002) (0.251) (0.008)
Top-five paper citations (asinh) 0.246%** 25.570%** 0.302%**
(0.008) (3.255) (0.029)
No. obs. 30,435 30,435 30,435 30,435 29,106 29,106
R? 0.302 0.064 0.200 0.012 0.185 0.027
Top-5 f.e. v v v
Top-5 journal f.e. v v v
Top-5 year f.e. v v 4

Note. Table is identical to Table C.1 except that the estimation sample includes all pre-top-five papers by an au-
thor and all citations to them (see Footnote h). *** ** and * statistically significant at 1%, 5% and 10%, respectively.
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C.2 Using t = —1 as the normalisation point

In Figure C.1, we replicate Figure 3 but use ¢ = —1 as the normalisation point. Results are nearly
identical to those shown in Figure 3, suggesting that our results are not sensitive to the precise timing

of the event.

(A) Top—five f.e. (B) Control for shock characteristics
3
2
1
0
B
-1
-10 -5 0 5 10  -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B;+vy)
Figure C.1: Figure 3, using ¢t = —1 as the normalisation point
Note. Figure C.1 replicates Figure 3 but it uses t = —1 as the normalisation point.
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C.3 Poisson likelihood function

In Figure C.2, we reproduce Figure 3, but estimate Equation (3) using a Poisson likelihood function.
Results are very similar to those shown in Figure 3.

(A) Top—five f.e. (B) Controlling for shock characteristics
0.5 05
0.0 0.0
~05 -05 ~,
-1.0 -1.0
-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B;+y)

Figure C.2: Figure 3, Poisson likelihood function

Note. Figure C.2 replicates Figure 3 but it estimates Equation (3) using a Poisson likelihood function. Shaded areas reflect
95 percent confidence intervals from standard errors clustered by jg.
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C.4 Extensive margin

In Figure C.3, we reproduce Figure 3 but replace the dependent variable in Equation (3) with a dummy
variable equal to one if the paper was cited at all at time ¢ (and zero otherwise). We find a clear Matthew
effect around ¢ = 0 as well as a larger effect for women than men. However, the propensity to cite papers
on the extensive margin declines more rapidly, suggesting that the sustained higher citation counts for

all t > 0 observed in Figure 3 are driven by a small number of papers.

(A) Top-five f.e. (B) Controlling for shock characteristics
0.1 0.1
0.0 0.0
~—"
-0.1
-0.1
-0.2
-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B;+y)

Figure C.3: Figure 3, extensive margin

Note. Figure C.2 replicates Figure 3 but it replaces the dependent variable in Equation (3) with a dummy variable equal
to one if the paper was cited at time ¢t. Shaded areas reflect 95 percent confidence intervals from standard errors clustered

by jg-
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C.5 Cited papers published in economics vs. non-economics journals

In Figure C.4 we reproduce Figure 3 but restrict the sample to cited papers (j,) published in economics
(top row) and non-economics journals (bottom row) previous to the first top-five. The first column
shows graphs controlling for shocky using fixed effects for each top-five article k; the second column
displays graphs that instead control for k’s year and journal of publication, co-author count, citations
(asinh) and author prominence. Figure C.4 suggests that the Matthew effect and its gender difference
originally observed in Figure 3 are present among citations to papers published in both economics and

non-economics journals.

jg published in econ. journals, top-five f.e. jg published in econ. journals, control. for shock char.
3 3
2 2
1 1
0 0
\/—/ ,/
e —
-1
-1
-2
jg published in non—-econ. journals, top—five f.e. jg published in non—econ. journals, control. for shock char.
3
2
2
1 /——--/ /——"/
0 /
0
__/ -
_l R
\/
-2
-2
-3
-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B;+vy)

Figure C.4: Figure 3, j, published in economics vs. non-economics journals

Note. Figure C.4 reproduces Figure 3 on the sample of cited papers published in economics journals (top row) and non-
economics journals (bottom row).
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C.6 Citing papers published in economics vs. non-economics journals

In Figure C.5 we reproduces Figure 3 but restrict the sample to citations (I) from papers published in
economics journals (top row) and non-economics journals (bottom row). As in Figure 3, the first column
shows results controlling for shocky, using fixed effects for each top-five article; the second column instead
shows results controlling for shocky, using k’s year and journal of publication, co-author count, citations
(asinh) and author prominence. Again, we see clear evidence of a Matthew effect and its gender difference

in both subsets of citations.!

| published in econ. journals, top—five f.e. | published in econ. journals, control. for shock char.
0.5
0.5
0.0
0.0
b va R nat 7
-0.5
-0.5
| published in non—econ. journals, top-five f.e. | published in non—econ. journals, control. for shock char.
2
2
1
1 /
0
e 0
| - /
-1 /
-1
-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B;+y)

Figure C.5: Figure 3, [ published in economics vs. non-economics journals

Note. Figure C.5 reproduces Figure 3 on the sample of citing papers published in economics journals (top row) and non-
economics journals (bottom row).

iBoth the Matthew effect and its gender difference are smaller among citations from papers published in economics
journals. This is because there are fewer citations from these papers at any given ¢ compared to citations from papers
published in non-economics journals. (On average, citations from papers published in economics journals only represent
about 28 percent of total citations to a paper.)

17



C.7 Cited and citing papers published in econ. vs. non-econ. journals

In Figure C.6 we reproduce Figure 3 among the sample of cited and citing papers published in economics
(top row) and non-economics (bottom row) journals, respectively. Results are very similar to those shown
in Figures C.4 and C.5.

jg and | published in econ., top-five f.e. jg and | published in econ., control for shock char.
1.2
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jg and | published in non-econ., top—five f.e. jg and | published in non-econ., control for shock char.
3
3
2
2
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1 /—"\/
0
———— 0
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\/
-1
-2
-10 -5 0 5 10 -10 -5 0 5 10

Top-5 author gender: — Male () — Female (B;+y)

Figure C.6: Figure 3, j, and [ published in economics vs. non-economics journals

Note. Figure C.6 reproduces Figure 3 on the sample of cited and citing papers published in economics journals (top row)
and non-economics journals (bottom row).
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C.8 Solo- vs. co-authored k

In Figure C.7 we reproduce Figure 3(B) on the sample of authors with a top-five paper that was solo-
authored (left-hand side) and co-authored (right-hand side). Both graphs display clear evidence of a
Matthew effect and its gender difference.

The Matthew effect among men is similarly sized in both graphs. The Matthew effect for women, on the
other hand, is much larger among authors with solo-authored k than it is among authors with co-authored
k. Previously published papers by women with solo-authored top-five articles receive, on average, three
fewer citations per year before k is published; afterwards, they receive about three more citations a year
compared to previously published papers by men with solo-authored k. In contrast, the gendered jump
in citations is more muted among authors who co-author k—before k, women receive about one fewer

citation per paper per year compared to men; after k, they receive about 1-1.5 more citations per paper

per year.)
(A) Solo—authored top—five (B) Co-authored top—five
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Figure C.7: Figure 3(B), solo- vs. co-authored k

Note. Figure C.7 replicates Figure 3(B) on the sample of authors whose first top-five article was solo-authored (left-hand
graph) and co-authored (right-hand graph).

JWe do not replicate Figure 3(B) on the sample of authors with a top-five paper that was exclusively co-authored by
two or more authors of the same gender as only 36 women (co-authoring 28 top-five articles) satisfy this criterion.
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C.9 Comparing estimates from different collaboration patterns on k&

In Figure C.8, we reproduce Figure 3 with different top-five paper k£ collaboration patterns. In Graph
(A), we restrict the sample of top-five authors to those who co-authored k with exactly one other person
for whom k was also a first top-five publication. In Graph (B), we use the same sample used to estimate
Graph (A) but further limit it to authors who co-authored k with a member of the opposite sex.X Graph
(C) defines the estimation sample to include only authors who co-authored k with exactly one more senior
male co-author.! Graph (D) includes all authors who co-authored k with at least one more senior male
co-author. Estimates in Graphs (A), (B) and (D) account for shocky, using fixed effects for each top-five
article k; in Graph (C), we control for k’s co-author count, citation count (asinh), author prominence

and year and journal fixed effects.

In all graphs of Figure C.8, there is a noticeable Matthew effect for both men and women around ¢ = 0,
and the effect is always larger for women than it is for men. However, the gender difference is smaller
when junior co-authors are co-authoring with senior men (Graphs (C) and (D)) than it is when k is

co-authored by two junior authors (Graphs (A) and (B)).

kWe do not estimate results using the sample of junior authors who co-authored k with a member of the same sex as
there are only 15 women (co-authoring 9 top-five articles) who satisfy this criterion.

'We define seniority according to previous top-five publication counts. That is, a person with 2 previous top-five
publications is assumed to be the more senior co-author on a paper with two other co-authors, neither of whom have
previously published in a top-five journal.
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(A) 2 juniors (B) 2 juniors of different genders
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Figure C.8: Figure 3 across different collaboration patterns on k

Note. Figure C.8 replicates Figure 3 on the sample of authors whose first top-five paper was co-authored with exactly one
other first-time top-five author (Graph (A)), exactly one other first-time top-five author of the opposite sex (Graph (B)),
exactly one senior male co-author (Graph (C)) and at least one senior male co-author (Graph (D)).
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C.10 Controlling for authors’ institutional rank when £ is published

Figure C.9 reproduces Figure 3 controlling for authors’ institutional rank at the time k& was published. To
determine institutional rank, we follow the same procedure as Hengel (2022). That is, for each institution,
we count the number of top-five articles in which it was listed as an affiliation in a given year and smooth
the average over a five-year period. Institutions were then ranked on an annual basis using this figure and
grouped to create fifteen dynamic dummy variables. Institutions ranked in positions 1-9 are assigned
individual dummy variables. Those in positions 10-59 are grouped in bins of 10 to form six dummy
variables. Institutions ranked 60 or above were collectively grouped to form a final dummy variable.
When multiple institutions are associated with an author on an article, only the dummy variable of the

highest ranked institution is used.

The Matthew effect and its gender difference in Figure C.9 resemble the estimates shown in Figure 3.

(A) Top-five f.e. (B) Controlling for shock characteristics
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Top-5 author gender: — Male (B) — Female (B;+v)

Figure C.9: Figure 3, controlling for authors’ institutional rank when k is published

Note. Figure C.9 reproduces Figure 3 controlling for authors’ institutional rank at the time k was published.
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C.11 Controlling for the first top-five k’s primary and secondary JEL codes

Figure C.10 reproduces Figure 3 controlling for fixed effects for each of k’s primary (top row) and
secondary (bottom row) JEL codes. Estimates are almost identical to those shown in Figure C.10.

Control. for k's primary JEL codes, top—five f.e. Control. for k's primary JEL codes, control. for shock char.
2 2
0 0
=
__/
-2 -2
Control. for k's secondary JEL codes, top—five f.e. Control. for k's secondary JEL codes, control. for shock char
2 2
0 0
————
__/
-2 -2
-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B;+vy)

Figure C.10: Figure 3, controlling for k’s primary and secondary JEL codes

Note. Figure C.10 reproduces Figure 3, controlling for k’s primary (top row) and secondary (bottom row) JEL codes.
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C.12 Controlling for authors’ pre-first-top-five £ publication counts

In Figure C.11, we reproduce Figure 3 controlling for the total number of publications j, an author had
before he published his first top-five article, k. Both graphs in Figure C.11 very closely resemble the

graphs shown in Figure 3.

(A) Top—five f.e. (B) Controlling for shock characteristics
3 3
2 2
. 1
0
// °
_l //
-1
-2
-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B;+vy)

Figure C.11: Figure 3, controlling for authors’ total j, count when k is published

Note. Figure C.11 reproduces Figure 3, controlling for authors’ total number of pre-k publications.
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C.13 Controlling for previous paper j,’s journal impact factor

In Figure C.12, we reproduce Figure 3 controlling for cited journal impact factor (JIF).™ The visibility
Matthew effect and its gender difference are very similar to their corresponding estimates in Figure 3.

(A) Top—five f.e. (B) Controlling for shock characteristics
3 3
2 2
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1
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—_— /
-1 . —_—
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-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B;+vy)

Figure C.12: Figure 3, controlling for j,’s journal impact factor

Note. Figure C.12 reproduces Figure 3, controlling for j4’s journal impact factor.

M™Web of Science’s journal impact factor measures the frequency with which articles in a journal are cited. It is intended
to reflect the impact a journal has in its respective field.
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C.14 Controlling for previous paper j,’s number of co-authors

In Figure C.13, we reproduce Figure 3 controlling for j,’s number of co-authors. Results are very similar
to those shown in Figure 3.

(A) Top—five f.e. (B) Controlling for shock characteristics
3 3
2 2
L 1
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-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B;+vy)

Figure C.13: Figure 3, controlling for j,’s number of co-authors

Note. Figure C.13 reproduces Figure 3, controlling for the number of co-authors on each jq.
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C.15 Early vs. late top-five publication

In Figure C.14 we restrict the sample to authors with five or fewer publications before their first top-five
publication (Graph (A)) and 10 or more (Graph (B)). We see evidence of a Matthew effect and a gender
difference in the Matthew effect in both graphs. However, the gender difference is smaller among authors

who published fewer pre-top-five papers than it is among authors with more pre-top-five papers.

(A) Five or fewer jq (B) More than 10 jq
2 ~
0
/
/
-2
-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B;+vy)

Figure C.14: Early vs. late top-five publication

Note. Figure C.14 reproduces Figure 3 except Graph (A) restricts the sample to authors with five or fewer pre-k publications;
Graph (B) restricts the sample to authors with 10 or more pre-k publications.
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C.16 Including only k that are the first top-five publications for all co-authors

In Figure C.15, we replicate Figure 3 except that we include only k that are the first top-five publications
for all co-authors. (That is, we exclude authors who co-authored k with someone who had previously
published a top-five paper.) Figure C.15 suggests that, before & is published, women in this sample are
cited 1-2 fewer times relative to their male peers; afterwards, they are cited 2—4 times more. Or in other
words, the Matilda and Matthew effects are much more pronounced among authors for whom k was the
first top-five paper for all of its co-authors.

The Matilda and Matthew effects in Figure C.15 are of similar magnitude to those in Figure C.7(A),
which replicates Figure 3(B) on the sample of top-five papers that were solo-authored. Together, Figures
C.15 and C.7(A) tentatively suggest that the Matilda and subsequent Matthew effects may be larger
when the signal of publishing in a top-five journal is much clearer about the quality of women’s research
and their contributions toward it.

(A) Top—five f.e. (B) Controlling for shock characteristics
4
2
0
-2
-10 -5 0 5 10  -10 -5 0 5 10
Top-5 author gender: — Male (3) — Female (B;+yy)

Figure C.15: Figure 3, including only & that are the first top-5 for all co-authors
Note. Figure C.15 replicates Figure 3 except that it includes only k that are the first top-five publications for all co-authors.
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C.17 Excluding authors with pre-k top-five publications

A small number of authors included in the estimation sample used to generate Figure 3 actually published
a paper in a top-five journal before their first top-five publication as recorded in Hengel (2022). In most
instances, these “pre-k” top-five publications are excluded from Hengel (2022) because they are not full

length articles (e.g., short notes, corrections or book reviews).”

Below, we reproduce Figure 3 excluding authors with any pre-k top-five publication. Figure C.16 is very

similar to Figure 3.

(A) Top—five f.e. (B) Controlling for shock characteristics
3
2
1
0
. = \/
-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B¢+vy)

Figure C.16: Figure 3, excluding authors with pre-k top-five publications

Note. Figure C.16 replicates Figure 3 except that it excludes the small number of authors who published a top-five paper
before their first official full length top-five paper as registered in Hengel (2022).

2In a small number of cases, the author’s first top-five paper was not included in Hengel (2022) for other reasons, e.g.,
the first article was published before the journal began publishing abstracts. Hengel (2022) only includes full length articles
as proxied for by the existence of an abstract or submit-accept date; see Appendix 2 and Hengel (2022) for further details.
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D Section 4.3, robustness

D.1 Balance tables for treatment and counterfactual environments

Tables D.1-D.6 show gender differences in paper (and, where relevant, author) characteristics in the
treatment and counterfactual environments defined in Section 4.2. Estimates are from OLS regression
of the dependant variables (listed in the first column of each table) on dummy variables equal to one
if the author is a woman, the observation falls in the treatment category, their interaction and, unless

otherwise mentioned, fixed effects for authors’ first top-five papers.

Table D.1 reports estimates for treatment and counterfactual environments when the treatment is defined
as the pre-top-five research j, that authors’ cite in their first top-five paper k. Although female-authored
Jg are published somewhat later and in slightly higher impact journals compared to male-authored jg,
gender differences are similarly sized in both environments. No other estimates in Table D.1 significantly

differ from zero.°

Table D.1: Treatment 1, j, is cited by &k

Treatment Counterfactual Difference

Cited papers

Publication year 1.2984*** 0.8061* 0.4923
(0.3461) (0.4391) (0.3850)
No. co-authors 0.0390 —0.0384 0.0774
(0.0624) (0.0913) (0.0868)
Journal impact factor 0.4615%** 0.4659 —0.0044
(0.1416) (0.2903) (0.2920)
No. citations 1.4495 2.3164 —0.8669
(1.3211) (2.6572) (2.5264)
Citing papers
Publication year 0.2651** 0.1225 0.1426
(0.1064) (0.1377) (0.1377)
No. co-authors 0.0224 0.0377 —0.0153
(0.0185) (0.0268) (0.0261)
English language 0.0012 0.0031 —0.0019
(0.0013) (0.0022) (0.0024)
Journal article —0.0015 0.0035 —0.0050
(0.0026) (0.0035) (0.0037)
Note. Figures in the treatment and counterfactual columns are gender dif-

ferences in paper characteristics when jg4 is and is not cited by k, respectively;
figures in the last column are their differences. Estimates are from OLS regres-
sion of the variables listed in the first column on dummy variables equal to one
if the author is a woman, the observation falls in the treatment category, their
interaction and fixed effects for k. Standard errors (in parentheses) are clustered
at the level of the cited paper. *** ** and * statistically significant at 1%, 5%
and 10%, respectively.

In Table D.2, we report estimates for our second treatment-counterfactual pair, which compares citations
from citing papers [ published in the same journal as j, to citations from [ published in different jour-
nals. In contrast to Table D.1, there are several meaningful differences between environments. In both
environments, women’s cited papers are published slightly later than men’s, but the gender difference is
significantly larger in the treatment environment. Female-authored j, in the treatment environment are
also co-authored with more co-authors and cited more whereas the opposite is true in the counterfactual
environment. Relative to the counterfactual environment, the papers citing female-authored j, in the

treatment environment are published significantly later, with more co-authors and are more likely to be

°Our database of cited papers includes only English language papers published in a journal.
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Table D.2: Treatment 2: j, and [ published in the same journal

Treatment Counterfactual Difference

Cited papers

Publication year 1.7359%+* 0.7033** 1.0327#%*
(0.2135) (0.3404) (0.3116)
No. co-authors 0.2003** —0.5821* 0.7824**
(0.0830) (0.3187) (0.3420)
Journal impact factor —0.1574 0.4234 —0.5807
(0.2386) (0.4866) (0.4604)
No. citations 8.0631** 0.1475 7.9156*
(3.3492) (4.2044) (4.4652)
Citing papers
Publication year 0.3328*** 0.1574 0.1754**
(0.0841) (0.1115) (0.0699)
No. co-authors 0.1268***  —(.4782%* 0.6049**
(0.0387) (0.2528) (0.2681)
English language —0.0004 —0.0019* 0.0015*
(0.0008) (0.0010) (0.0008)
Journal article 0.0006 0.0151%* —0.0145
(0.0037) (0.0088) (0.0092)
Note. Figures in the treatment and counterfactual columns are gender dif-

ferences in paper characteristics when j, and [ are and are not published in the
same journal, respectively; figures in the last column are their differences. Es-
timates are from OLS regression of the variables listed in the first column on
dummy variables equal to one if the author is a woman, the observation falls in
the treatment category, their interaction and fixed effects for k. Standard errors
(in parentheses) are clustered at the level of the cited paper. *** ** and * sta-
tistically significant at 1%, 5% and 10%, respectively.

in English. We observe no significant differences between treatment and counterfactual environments
in cited papers’ journal impact factors and the probability that citing papers are journal articles (as
opposed to, say, book chapters).

Table D.3 reports estimates for the treatment and counterfactual environments when the treatment
restricts k to articles first released as NBER working papers. In the first panel, we show gender differences
among authors themselves.P Differences are rarely significant in the counterfactual environment; they
are larger and more often significant, conditional on treatment. Nevertheless, their signs and magnitudes
generally match; the only significant differences between the two environments is in gender differences
in co-author prominence—relative to the counterfactual environment, women in the treatment group
co-author with slightly more prominent co-authors compared to men.

The second two panels of Table D.3 show gender differences among cited and citing papers. Estimates
for treatment and counterfactual environments generally match one another. The exceptions are year
of publication and citing paper type. Relative to the treatment environment, women’s papers in the
counterfactual environment are more often cited by journal articles compared to men’s papers. Relative
to the counterfactual environment, women’s papers (and the papers that cite them) in the treatment

environment are published later than men’s papers.

Table D.4 reports estimates for the treatment and counterfactual environments when the treatment
consists of cited papers by job market stars. We observe no meaningful differences between treatment

and counterfactual environments in the characteristics of top-five papers. Relative to the counterfactual

PWe do not show similar estimates in Tables D.1, D.2, D.5 and D.6 because the treatment is defined at the cited paper
(rather than the author) level; as a result, treatment and counterfactual environments can include papers from the same
author.
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Table D.3: Treatment 3, k is an NBER working paper

Treatment Counterfactual Difference
Top-five papers
Publication year 3.0069*** 1.3340 1.6729
(0.5375) (0.9308) (1.0748)
No. co-authors 0.1300** 0.1158 0.0142
(0.0535) (0.0926) (0.1070)
No. citations —2.0763 —33.4924 31.4161
(22.7596) (39.4155) (45.5146)
Co-author prominence 1.4523*%**  —0.0101 1.4625%*
(0.2950) (0.5108) (0.5899)
No. jg —2.5381%** —1.9314 —0.6068
(0.9108) (1.5773) (1.8213)
Institutional rank —0.3791 —0.8601* 0.4810
(0.2566) (0.4489) (0.5171)
Share of AER papers 0.0771*%*  —0.0151 0.0923
(0.0291) (0.0504) (0.0581)
Share of Fconometrica papers —0.0681*%**  —0.0094 —0.0586
(0.0224) (0.0388) (0.0448)
Share of JPFE papers —0.0524** 0.0131 —0.0655
(0.0232) (0.0401) (0.0463)
Share of QJFE papers —0.0057 0.0115 —0.0171
(0.0218) (0.0377) (0.0436)
Share of REStud papers 0.0490** 0.0000 0.0490
(0.0229) (0.0397) (0.0458)
Cited papers
Publication year 1.6299***  —0.4174 2.0473%%*
(0.3838) (0.6715) (0.7735)
No. co-authors 0.0089 0.1231 —0.1142
(0.0668) (0.1409) (0.1560)
Journal impact factor 0.5514*+* 0.0803 0.4711
(0.1495) (0.3537) (0.3845)
No. citations 1.9759 —0.2123 2.1882
(1.2329) (4.6591) (4.8195)
Citing papers
Publication year 0.3630*%**  —0.1544 0.5173*
(0.1008) (0.2521) (0.2715)
No. co-authors 0.0113 0.0647 —0.0535
(0.0184) (0.0433) (0.0470)
English language 0.0020 0.0003 0.0017
(0.0013) (0.0023) (0.0026)
Journal article —0.0029 0.0062 —0.0091%*
(0.0028) (0.0040) (0.0049)

Note. Figures in the treatment and counterfactual columns are gender differences when

k is restricted to papers that are and are not released as NBER working papers, respec-
tively; figures in the last column are their differences. Estimates are from OLS regression
of the variables listed in the first column on dummy variables equal to one if the author
is a woman, the observation falls in the treatment category, their interaction and fixed ef-
fects for k (sample of cited and citing papers only). Standard errors (in parentheses) are
robust in panel 1 and clustered at the level of the cited paper in panels 2 and 3. *** **
and * statistically significant at 1%, 5% and 10%, respectively.
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environment, female-authored cited and citing papers in the treatment environment are co-authored with
more co-authors and more likely to be in English compared to male-authored cited and citing papers,
respectively. However, both differences are small. We observe no other significant differences between
environments in Table D.4.

In Tables D.5 and D.6 we report estimates for treatment and counterfactual environments when the
treatment is defined as citing papers by authors who are colleagues (Table D.5) and co-authors (Table
D.6) with the top-five author.? Among cited papers, gender differences in treatment environments
resemble gender differences in counterfactual environments. Relative to the counterfactual, treatment
environment papers citing female-authored papers are published slightly later than papers citing male-
authored papers. In Table D.6, treatment environment papers citing female-authored papers are also
co-authored with more co-authors compared to papers citing male-authored papers; the reverse is true

in the counterfactual environment. Nevertheless, all differences are small.

9We technically define a citing and cited author colleague relationship to be one where the citing author is affiliated
with any of the institutions listed on the cited author’s first top-five paper. See Section 4.2, Footnote 36 for further details.
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Table D.4: Treatment 4, k’s author is a job market star

Treatment Counterfactual Difference
Top-five papers
Publication year 4.8300** 2.6501 2.1799
(1.9168) (2.0981) (2.8418)
No. citations 2.6886 —108.2340 110.9226
(95.2480) (104.2577) (141.2156)
No. 7,4 —0.9858 —0.6398 —0.3460
(0.6102) (0.6679) (0.9046)
Institutional rank —0.4981 —0.1892 —0.3089
(0.4621) (0.5058) (0.6851)
Share of AER papers 0.2931%** 0.1139 0.1792
(0.0918) (0.1005) (0.1362)
Share of Econometrica papers —0.1041 —0.0832 —0.0208
(0.0783) (0.0858) (0.1162)
Share of JPE papers —0.0622 0.0025 —0.0647
(0.0802) (0.0878) (0.1190)
Share of QJE papers —0.0114 —0.0070 —0.0043
(0.0746) (0.0817) (0.1106)
Share of REStud papers —0.1154 —0.0261 —0.0893
(0.0900) (0.0986) (0.1335)
Cited papers
Publication year 0.1174 0.3695 —0.2521
(0.2996) (0.3303) (0.4254)
No. co-authors 0.1591 —0.2789* 0.4381**
(0.1458) (0.1578) (0.2178)
Journal impact factor —0.1221 —0.0160 —0.1061
(0.3716) (0.6153) (0.7114)
No. citations 2.8632 —1.4981 4.3613
(2.9535) (3.9503) (5.0966)
Citing papers
Publication year 0.2141 0.3815 —0.1674
(0.1706) (0.2588) (0.3125)
No. co-authors 0.0177 —0.0077 0.0254
(0.0462) (0.0612) (0.0772)
English language —0.0042 —0.0167*** 0.0125%*
(0.0039) (0.0050) (0.0067)
Journal article 0.0112 —0.0007 0.0119
(0.0070) (0.0117) (0.0143)

Note.

Figures in the treatment and counterfactual columns are gender differences among

top-five authors who were and were not job market stars, respectively; figures in the last
column are their differences. Estimates are from OLS regression of the variables listed in
the first column on dummy variables equal to one if the author is a woman, the obser-
vation falls in the treatment category, their interaction and fixed effects for k (sample of
cited and citing papers, only). Standard errors (in parentheses) are robust in panel 1 and
clustered at the level of the cited paper in panels 2 and 3. *** ** and * statistically sig-
nificant at 1%, 5% and 10%, respectively.
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Table D.5: Treatment 5: citations from colleagues

Treatment Counterfactual Difference

Cited papers
Publication year 1.1842%** 1.1664%** 0.0178
(0.3493) (0.4033) (0.3234)
No. co-authors 0.0548 —0.0419 0.0967
(0.0632) (0.1013) (0.1050)
Journal impact factor 0.4458*** 0.4899** —0.0440
(0.1482) (0.1943) (0.1859)
No. citations 1.8704 0.6943 1.1761
(1.4140) (1.8854) (1.6881)

Citing papers
Publication year 0.2185** 0.1492 0.0693
(0.1009) (0.1165) (0.0723)
No. co-authors 0.0253 0.0579** —0.0326
(0.0185) (0.0258) (0.0223)
English language 0.0019* 0.0007 0.0012
(0.0011) (0.0014) (0.0013)
Journal article —0.0014 —0.0020 0.0006
(0.0024) (0.0035) (0.0033)

Note.  Figures in the treatment and counterfactual columns are gender differ-
ences in paper characteristics when citing paper I’s author is and is not a col-
league of the top-five author, respectively; figures in the last column are their
differences. Estimates from OLS regression of the variables listed in the first col-
umn on dummy variables equal to one if the author is a woman, the observation
falls in the treatment category, their interaction and fixed effects for k. Stan-
dard errors (in parentheses) are clustered at the level of the cited paper. ***

** and * statistically significant at 1%, 5% and 10%, respectively.
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Table D.6: Treatment 6: citations from co-authors

Treatment Counterfactual Difference

Cited papers

Publication year 1.3880%** 0.9856*** 0.4024
(0.2099) (0.2859) (0.2578)
No. co-authors 0.1648** —0.2226 0.3875
(0.0834) (0.2793) (0.3005)
Journal impact factor 0.1030 —0.0501 0.1531
(0.2399) (0.3307) (0.3102)
No. citations 7.7286** 6.1783 1.5503
(3.4098) (4.2836) (3.8469)
Citing papers
Publication year 0.2675*** 0.0627 0.2048%***
(0.0799) (0.1019) (0.0677)
No. co-authors 0.1352***  —(.6381*** 0.7733***
(0.0363) (0.2114) (0.2268)
English language —0.0004 —0.0018* 0.0014
(0.0008) (0.0010) (0.0009)
Journal article 0.0043 0.0011 0.0032
(0.0036) (0.0062) (0.0052)
Note. Figures in the treatment and counterfactual columns are gender dif-

ferences in paper characteristics when citing paper I’s author has and has not
co-authored with the top-five author, respectively; figures in the last column are
their differences. Estimates from OLS regression of the variables listed in the
first column on dummy variables equal to one if the author is a woman, the ob-
servation falls in the treatment category, their interaction and fixed effects for
k. Standard errors (in parentheses) are clustered at the level of the cited paper.
Rk k% and * statistically significant at 1%, 5% and 10%, respectively.
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D.2 Treatment 1, with and without NBER k&

Figure D.1 reproduces Figure 4, Graphs (A) and (B) but restricts the treatment and counterfactual
samples to articles by authors who did (top row) and did not (bottom row) release k as an NBER

working paper.”

Consider first the graphs in row one of Figure D.1. These graphs reflect citations to j, cited by k (left-
hand-side graph) and j, not cited by k (right-hand-side graph) among the sample of authors who first
released k as an NBER working paper. As argued in Section 4.2, the act of releasing k in the NBER
series should alert potential citing papers to authors’ previously published work before k is published,
irrespective of whether that that work is cited in k. As a result, neither graph in the first row of Figure
D.1 should display a gender difference in the Matthew effect.

This is indeed what we observe. Both graphs suggest a jump in citations around ¢ = 0; however, there

is no gendered difference in that jump.

In Figure D.1‘s second row, we restrict the estimation sample to authors who did not release k as an
NBER working paper. Now, potential citing papers at t < 0 should only be aware of authors’ previously
published work when that work is cited in k. Thus, the second row of graphs in Figure D.1 should mimic
Graphs (A) and (B) of Figure 4—i.e., we should only observe a gendered difference in the Matthew affect
among j, not cited by k.

Again, this is precisely what we observe. In the counterfactual environment of the second row of graphs,

women’s Matthew effect is noticeably larger than men’s.

'Or equivalently, Figure D.1 reproduces Figure 5, Graphs (A) and (B) (i.e., treatment and counterfactual group 3) but
restricts estimation samples to jg cited (column one) and not cited (column two) by k.
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Treatment 1, only including NBER k Counterfactual 1, only including NBER k
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Figure D.1: Treatment and counterfactual group 1, with and without NBER &

Note. Graphs reproduce Figure 4, Graphs (A) and (B) but restrict the treatment and counterfactual samples to articles
by authors who did (top row) and did not (bottom row) release k as an NBER working paper.
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D.3 Poisson likelihood function

In Figures D.2, D.3 and D.4 we reproduce Figures 4, 5 and 6, respectively, but estimate Equation (3)
using a Poisson likelihood function.® Results in most figures are similar to those shown in Figures 4, 5
and 6, although Figure D.3 may suggest an insignificant gender difference in the Matthew effect among
the treatment category. However, we caution that the sample of female job market candidates (and
especially female job market stars) is very small.

(A) High vis. treatment 1. jq cited in k (B) Low vis. counterfactual 1: jq not cited in k
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Figure D.2: Figure 4, Poisson likelihood function

Note. Graphs reproduce Figure 4, except they estimate Equation (3) using a Poisson likelihood function.

SGiven small samples used to estimate Figure D.3, Graphs (C) and (D), we restrict the estimation window to 4 years
before k’s publication date.
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(A) High vis. treatment 3: k is an NBER working paper (B) Low vis. counterfactual 3: k is not NBER working paper
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Figure D.3: Figure 5, Poisson likelihood function

Note. Graphs reproduce Figure 5, except they estimate Equation (3) using a Poisson likelihood function. Given small
samples used to estimate Graphs (C) and (D), we restrict their estimation windows to 4 years before k’s publication date.
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(A) High vis. treatment 5: citations from colleagues (B) Low vis. counterfact. 5: citations from non-colleagues
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Figure D.4: Figure 6, Poisson likelihood function

Note. Graphs reproduce Figure 6, except they estimate Equation (3) using a Poisson likelihood function.
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D.4 Controlling for journal impact factors and pre-k publication counts

Figures D.5, D.6 and D.7 reproduce Figures 4, 5 and 6, respectively, except they also control for cited
papers’ journal impact factors and authors’ total pre-top-five publication counts. Results in all figures

are similar to the results reported in Figures 4, 5 and 6.
(A) High vis. treatment 1: jq cited in k (B) Low vis. counterfactual 1: jq not cited in k
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0 /\/_
-1 \/ 0.0
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(C) High vis. treatment 2: | and jg in same journal (D) Low vis. counterfactual 2: | and j, in different journals
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Figure D.5: Figure 4, controlling for evaluation histories

Note. Graphs reproduce Figure 4 controlling for the journal impact factors of cited papers and authors’ total pre-top-five
publication counts.
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(A) High vis. treatment 3: k is an NBER working paper (B) Low vis. counterfactual 3: k is not NBER working paper
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Figure D.6: Figure 5, controlling for evaluation histories

Note. Graphs reproduce Figure 5 controlling for the journal impact factors of cited papers and authors’ total pre-top-five
publication counts.
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(A) High vis. treatment 5: citations from colleagues (B) Low vis. counterfact. 5: citations from non—colleagues
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Figure D.7: Figure 6, controlling for evaluation histories

Note. Graphs reproduce Figure 6 controlling for the journal impact factors of cited papers and authors’ total pre-top-five
publication counts.
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D.5 The Matthew effect by employer rank

In Figure D.8 we display 8; and ; +~; from estimating Equation (3) on the subsets of authors employed
at institutions ranked 1-5 (Graph (A)), 6-9 (Graph (B)), etc. at the time their first top-five paper was
published. Although employment at a top-ranked institution does not guarantee wide exposure to one’s
research, it probably generates more exposure compared to employment at lower ranked institutions.
Thus, the gender gap in the visibility Matthew effect should probably be smaller at top-ranked institutions

than it is at lower-ranked institutions.*

This is indeed what we observe. The graphs in Figure D.8 suggest that the smallest gender difference
in the visibility Matthew effect is among authors employed at institutions ranked 1-9. At lower ranked

institutions, there is a larger and significant gender difference.

tFor example, many researchers affiliated to high-ranked institutions are students and/or research assistants whose
research is likely to receive less attention relative to a tenure-track professor at a somewhat lower ranked institution.
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(A) Employers ranked 1-5 (B) Employers ranked 6-9

(C) Employers ranked 10-19 (D) Employers ranked 20-29

(E) Employers ranked 30-59 (F) Employers ranked 60+

-10 -5 0 5 10 -10 -5 0 5 10

Top-5 author gender: — Male (B) — Female (B;+vy)

Figure D.8: The Matthew effect by employer rank

Note. Figure displays f; and ¢ + ~: from estimating Equation (3) controlling for k fixed effects on the subset of authors
employed at institutions ranked 1-5 (Graph (A)), 6-9 (Graph (B)), 10-19 (graph (C)), 2029 (Graph (D)), 30-59 (Graph
(E)), and 60 or higher (graph (F)). Shaded areas represent 95 percent confidence intervals from standard errors clustered
by jg-
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E Alternative outcomes

E.1 Editorships

In Figure E.1 we plot the probability that men and women become editors (as deviations from the mean)
of any journal, the top five economics journals and the top 20 economics/finance journals, where the
latter include the economics and finance journals ranked 1-15 in Combes and Linnemer (2010, p. 19),
plus the Journal of the European Economic Association and the four American Economic Journals.
The first column shows graphs controlling for fixed effects for each top-five article k; the second column
displays graphs that instead control for k’s year and journal of publication, co-author count, citations

(asinh) and author prominence.

There is a noticeable bump in the probability that men and women become top journal editors after k

is published. However, we do not observe a difference in this jump by author gender.

UWe define “editor” to include all regular issue editors, including associate editors. The top 15 journals listed in
Combes and Linnemer (2010, Table 10, p. 19) is the Quarterly Journal of Economics, American Economic Review,
Journal of Political Economy, Econometrica, Review of Economic Studies, Journal of Financial Economics, Journal of
Monetary Economics, Review of Economics and Statistics, Journal of Economic Theory, Journal of Finance, Journal of
Econometrics, Economic Journal, RAND Journal of Economics, Journal of Public Economics and Journal of International
Economics. We add to that list the American Economic Journal: Applied Economics, American Economic Journal:
Economic Policy, American Economic Journal: Macroeconomics, American Economic Journal: Microeconomics, and
Journal of the European Economics Association.
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All journals, top—five f.e. All journals, control for shock characteristics
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Figure E.1: The impact of k on editing a journal

Note. Graphs plot the probability that men and women become journal editors (as deviations from the mean) in any
journal (top row), the top five economics journals (middle row) and the top 20 economics/finance journals (bottom row)
in the 10 years before and after k’s publication date. In all graphs, 8¢ and ¢ are from estimating Equation (3) with OLS
on a dummy variable equal to one if the author was an editor of a relevant journal in a given year. Shaded areas represent
95 percent confidence intervals from robust standard errors.

48



E.2 Promotion to professor

In Figure E.2 we plot the probability that men and women are promoted to professor (as deviations
from the mean) in the ten years before and after their first top-five economics paper. The left-hand-side
graph controls for fixed effects for each top-five article k; the right-hand-side graph instead controls for

k’s year and journal of publication, co-author count, citations (asinh) and author prominence.

We observe a noticeable bump in the probability of promotion around ¢ = 0; however, this jump does
not differ by author gender.

Promotion to professor, top—five f.e. Promotion to professor, control for shock characteristics
0.9

74 74
/ /
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-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B;+y)

Figure E.2: The impact of £ on being promoted to professor

Note. Graphs plot the probability that men and women are promoted to professor (as deviations from the mean) in the
10 years before and after k’s publication date. In both graphs, 8¢ and «; are from estimating Equation (3) with OLS on a
dummy variable equal to one if the author was a professor in a given year and zero otherwise. Shaded areas represent 95
percent confidence intervals from robust standard errors.
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E.3 Grants

In Figure E.3 we plot grant counts (top row) and total dollar amounts (bottom row) by author gender
in the ten years before and after publication of k. (All estimates represent deviations from the mean.)
The first column shows graphs controlling for fixed effects for each top-five article k; the second column
displays graphs that instead control for k’s year and journal of publication, co-author count, citations

(asinh) and author prominence.

Number of grants, top—five f.e. Number of grants, control for shock characteristics
0.0 0.0
-0.2 ’ -0.2
-0.4 -0.4
-0.6 -0.6
Grant amount, top—five f.e. Grant amount, control for shock characteristics
2000 2000
/\ 1\ \ <A
0 > 0
—-2000 -2000
-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B+y)

Figure E.3: Number and size of awarded grants (in thousand USD)

Note. Top row of graphs plot the number of grants received in the 10 years before and after k’s publication date; bottom
row of graphs plot the total grant amounts received in thousand USD (adjusted for inflation to reflect 2024 dollars). S
and ¢ are from estimating Equation (3) with the relevant dependent variables using OLS and reflect deviations from the
mean. Shaded areas represent 95 percent confidence intervals from robust standard errors.

Number of grants peaks around ¢ = 0 and declines afterwards. Compared to men, women obtain fewer
grants (relative to their mean) before k is published, but we do not observe a gender difference in the
five to six years afterwards.Y We observe no obvious boost in the dollar amounts awarded at ¢t = 0 nor

do we see any evidence of a gender difference on this dimension.

VOn average women obtain slightly more grants, overall: our estimate of § from Equation (3) is 0.17 (standard error
0.04).
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E.4 Employer institutional rank

In Figure E.4 we plot the institutional rank of authors’ employers (as deviations from the mean) in the
ten years before and after publication of &k, where institutions are annually ranked (in descending order)
by the number of top-five articles affiliated to them, smoothed over a five-year period.¥ To limit the
impact of outlier observations and impose ascending order, we additionally apply the log transformation

and multiply the entire result by —1.

Employer institutional rank, top—five f.e. Employer institutional rank, control for shock characteristics
0.2 0.2
\ 0.0 -
0.0 \/
' -02 /\
-0.2
-0.4
-0.4
-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B;+vy)

Figure E.4: Institutional rank of authors’ employers

Note. Graphs plot the institutional rank of authors’ employers (as deviations from the mean) in the 10 years before and
after k’s publication date, where higher numbers correspond to higher ranked institutions. In all graphs, 8: and +; are from
estimating Equation (3) with employer institutional rank as the dependent variable using OLS. Shaded areas represent 95
percent confidence intervals from robust standard errors.

Figure E.4 suggests weak evidence that institutional rank peaks at ¢ = 0 but declines afterwards. We

observe no gender differences—in either overall means or their deviations over time—at all.

WThis ranking is identical to the one described in Appendix C.10, except that we do not aggregate institutions into 15
groups.
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E.5 Seminar invitations

In Figure E.5 we plot the number of seminars given (as deviations from the mean) in the ten years before
and after authors’ first top-five publications. The first graph controls for fixed effects for each top-five
article k; the second graph instead controls for k’s year and journal of publication, co-author count,

citations (asinh) and author prominence.

Seminar counts, top—five f.e. Seminar counts, control for shock characteristics

-2 -2
-3 -3
-10 -5 0 5 10 -10 -5 0 5 10
Top-5 author gender: — Male (B) — Female (B;+v)

Figure E.5: Seminar invitations

Note. Graphs plot the number of seminars (as deviations from the mean) given by authors before and after k’s publication
date. In all graphs, B¢ and ~; are from estimating Equation (3) with seminar counts as the dependent variable using OLS.
Shaded areas represent 95 percent confidence intervals from robust standard errors.

Figure E.5 suggests a steep increase in the number of seminars authors give before k is published and a
plateau afterwards. We observe no meaningful gender difference in seminar counts after k is published,

although women may give fewer seminars (relative to their mean) beforehand.™

*Compared to their male co-authors on k, women give 0.5 (standard error 0.17) more seminars overall according to the
regression underlying the left-hand-side graph in Figure E.5. We find no significant gender difference in average seminar
counts in the regression underlying the right-hand-side graph.
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F Alternative treatments

F.1 Publication in a non-top-five journal

In Figure F.1 we reproduce Figure 3 but set ¢ = 0 as the date of publication of one random paper
published by the author exactly five years before his first top-five paper was published, and restrict the
sample of cited papers to those published before this paper. Thus, Figure F.1 identifies the Matthew

effect and its gender difference for non-top papers.y

Figure F.1 suggests that authors experience a Matthew effect even when publishing non-top papers.
However, the effect is about half the size as the one they enjoy with their first top-five paper. The gender

difference is also much smaller.

Event is non-top-5 pub., top-five f.e. Event is non-top-5 pub., control. for shock char.
15
1.0
0.5
0.0
fT—— |y
05 ~/ \/
-1.0
-5.0 -2.5 0.0 25 50 -50 -2.5 0.0 25 5.0
Top-5 author gender: — Male (B) — Female (B;+vy)

Figure F.1: The Matthew effect for non-top publications

Note. Graphs reproduce Figure 3 but set ¢ = 0 as the date of publication of a random paper by the author published
exactly 5 years before his first top-five paper.

YFigure F.1 only shows ¢ and B¢ + 7; in the five year window before and after the chosen jy was published. This is
because the sample of authors with j, more than 10 years before their first top-five paper is small—recall ¢t = —5 in the
above graph corresponds to t = —10 in Figure 3—and ¢ = 5 is the date the first top-five paper was published.
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F.2 NBER working paper release date

In Figure F.2 we replicate Figure 3 but (a) restrict the sample to authors who initially released their

first top-five paper as an NBER working paper; (b) bring the ¢ = 0 event date forward in time to

the NBER release date; and (c) restrict the sample of previous papers j, to papers published before

k’s NBER working paper release date. This environment mirrors the one in Figure 4(A), except that

potential citing papers are no longer necessarily aware of authors’ earlier work at ¢t < 0; as a result,

gender differences in the Matthew effect should re-emerge. Indeed, this is precisely what we observe:

Figure F.2 suggests a citation response that is much larger for women than it is for men.

Event is NBER release, top—five f.e.
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Figure F.2: The Matthew effect for NBER working papers

Event is NBER release, control for shock characteristics

i

Note. Graphs reproduce Figure 3 but restrict the sample to authors who initially released k as an NBER working paper,

set t = 0 to this release date and restrict j; to papers published before ¢t = 0.
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F.3 Publication of the second top-five paper

In Figure F.3 we replicate Figure 3 but restrict the sample to authors who also published a second top-
five publication within the time period studied and set ¢ = 0 to the second top-five paper’s publication
date.” Thanks to the publicity generated from an author’s first top-five publication, potential citing
papers should already be aware of his earlier work when he publishes his second top-five paper; as a
result, Lemma 3 anticipates zero gender differences in the Matthew effect at ¢ = 0. This is indeed what

we observe: in Figure F.3, 8; + 4 closely tracks g; for most of ¢.

Event is 2nd top-five, top—five f.e. Event is 2nd top—five, control for shock char.
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Top-5 author gender: — Male (B) — Female (B;+vy)

Figure F.3: The Matthew effect when authors publish a second top-five paper
Note. Graphs reproduce Figure 3 but set t = 0 as the date an author published his second top-five paper.

“Note that we continue to only include jy published before an authors first top-five publication date.
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