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Abstract

This dissertation describes an advisor-advisee network in economics and studies the

effects of that network on academic publication and dissemination of research subjects in the

field of economics. I constructed an advisor-advisee network consisting of 5,283 economists

who are either authors of articles published in five general-interest journals in economics (the

American Economic Review, Econometrica, the Journal of Political Economy, the Quarterly

Journal of Economics, and the Review of Economic Studies) from 1990 to 2010 or who were

advisors of these authors during their graduate studies.

In the first chapter, I analyze the effect of the advisor-advisee network on academic

papers’ publication process. I first study whether an author’s paper has a higher probability

of publication in a journal if an editor of that journal was the author’s graduate thesis

advisor, in other words, if the author has an advisor-advisee connection with the journal. I

assume that two aspects of an advisor-advisee connection can affect a paper’s publication

process: (1) editors’ bias in favor of or against their advisees (bias effect) and (2) editors’

better information about their advisees’ papers (information effect). Using a dataset of

papers published in the five journals mentioned above over the period from 1990 to 2010, I

find that the probability that an author’s paper is published in a journal with an advisor-

advisee connection is 174% higher than the probability of publication of the paper in a

journal without such a connection. The driving force behind this phenomenon appears to

be the tendency of authors whose advisors become editors to write higher quality papers

than other authors rather than the bias or the information effect. The bias effect and the

information effect tend to work in opposite directions, and in the aggregate they do not

change a paper’s probability of publication. However, these effects do impact the quality

of published papers. Papers published in a journal with an advisor-advisee connection are

cited more often than other papers, supporting that the information effect is at work. I

cannot exclude the possibility that the bias effect, either positive or negative, also exists in
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addition to the information effect. However, in any case, the combined effect of information

and bias increase publication of higher quality papers.

In the second chapter, I report descriptive measures and analyze the properties of the

advisor-advisee network. The analyzed features include the degree, the level of clustering,

the size of the giant component of the network, and the average distance between two

economists in the network. The measures indicate that the advisor-advisee network satisfies

the “small-world” property, implying that the distance between any two economists in the

network is small relative to the size of the network, while local clustering is high. I also

fit the dynamic network formation model developed by Jackson and Rogers (2007) to the

data and find that about half of the links are formed by random meeting and the rest are

formed by preferential attachment. Therefore, the advisor-advisee network has a “rich-get-

richer” property. Lastly, I test which characteristics of advisors have an impact on the

number of advisees in the network. An advisor who has published a paper in one of the

five journals mentioned above tends to have more advisees in the network than an advisor

with no publication in the five journals. Having been an editor of one of the five journals

also has a significant positive effect on the number of advisees. These results imply that

advisors with good research skills are more successful in helping their advisees to develop

research skills than are other advisors.

In the third chapter, I study the effect of the advisor-advisee network on the spread of

research subjects in economics. The dissemination of research subjects is traced through

JEL codes of the articles published from 1991 to 2010 in the five journals mentioned above.

I analyze how an economist’s position in the advisor-advisee network, measured by his or

her “centrality” in the network, is related to the volume of future published research on

a subject similar to the economist’s paper after the economist’s paper is published. To

the extent that two economists’ level of proximity in the advisor-advisee network is related

to the level of similarity of their research interests and styles, an author’s position in the

network partially reflects the size and characteristics of the group of economists affected

by the author’s publication. I consider various centrality measures that lead to different

interpretations. After an economist either with high degree centrality or with high diffusion

centrality with short time periods for diffusion publishes a paper, the number of published
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papers on similar research subjects decreases in the following year. This result implies

that immediately following a paper’s publication, publication of papers with very similar

research subject to that of the previous paper is reduced. If an economist either with high

closeness centrality or with high decay centrality with low decay rate publishes a paper, the

volume of publications on similar research subjects increases two or three years after the

initial publication. This result can be interpreted as indicating that when an author working

on a rather general research subject that can be addressed in various fields of economics

publishes a paper, subsequent publication on the subject increases significantly two or three

years after the initial paper’s publication. These findings suggest that the dissemination

pattern of research subjects has a connection with the structure of the advisor-advisee

network.

Primary Advisor: Robert A. Moffitt

Secondary Advisor: Jorge Balat
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Chapter 1

The Effect of Advisor-Advisee

Networks on Academic

Publications

1.1 Introduction

Social networks have a significant and far-reaching influence on how an agent develops and

evolves at all levels of his or her life. In particular, a network affects how one finds a position

in society and performs in the role.1 On the other hand, such influence from a network on

its individual members alters their behavior, thereby affecting the welfare of the entire

society composed of such networks.2 Social networks can also shape agents’ incentives, as

the agents may seek their own interest using their ties in the network.3

The world of economists is not an exception to such features. An economist’s network

has substantial and lasting influences throughout the course of his or her career. A network

1Calvó-Armengol and Zenou (2005) describe the properties of a job matching equilibrium depending on
the network size when workers can find a job either directly or through their personal contacts. For empirical
analyses on job searching through social networks, see Topa (2001) and Bentolila et al. (2010).

2Calvó-Armengol and Jackson (2004, 2007) provide a theoretical model analyzing the effect of a social
connection on an individual’s employment and the resulting inequality among different groups. See also
Coleman et al. (1957) for the diffusion of a medical innovation, and see Conley and Udry (2010) for the
diffusion of a new agricultural technology.

3Jackson and Schneider (2011) document the effect of social networks on taxi drivers’ moral hazard
problem. Bandiera et al. (2009) analyze a farm manager’s incentive when he or she has a connection to
some of the farm workers, using data from a fruit farm in the United Kingdom.
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can affect an economist’s job placement as a rookie, and how he or she evolves into an

established researcher through collaborations with colleagues in the network. The research

output of the economist, in turn, contributes to the evolution of economics.

This paper studies the effects of academic networks on economists’ academic publica-

tions. Publishing one’s work in high-quality academic journals largely determines a re-

searcher’s success in academia, and thus is a primary goal for many economists. Most

journals in business and economics adopt the peer-review process, meaning that when an

economist submits his or her paper, other economists evaluate the paper and recommend

to the editors whether or not to accept it. Thus, the editor who is assigned an author’s

submission is likely to be an economist in a similar field of study as the author. Given

that they are economists probably working in similar areas, the author and the editor are

also likely to have a social connection in a network. Then, a natural question that arises

is whether having a connection with an editor increases the chances of having one’s work

published in the editor’s journal. If the answer is yes, then subsequent analysis should

consider why this is the case, and whether it is beneficial for the world of economists.

Such questions have been previously asked and addressed in the contexts of some selected

networks, most notably colleague networks and coauthor networks in economics. In my

study, I focus on the advisor-advisee network, and ask whether which journal an economist

publishes in is affected by whether the economist’s thesis advisor during his or her graduate

study is an editor of the journal. Addressing this question in the advisor-advisee network is

not only a novel contribution in that this network has received relatively little attention, but

is also interesting in its own right. The uniqueness of a network formed through teaching and

guiding a student sets it apart from other networks, and the extensiveness and persistence of

an academic advisor’s influence on the career of an economist is unquestionable. Moreover, it

fits the described setting of editors and authors working in similar fields. Given their unique

relationship in which the advisor guides the advisee, or the advisee chooses a particular

advisor based on his or her interests, the similarity is endogenously present. Moreover,

helping his or her advisee to gain a reputation by publishing the advisee’s paper improves

the editor’s reputation as an advisor. Hence, it is reasonable to think that an editor has

a stronger incentive to make a biased decision for his or her advisees than for his or her

2



coauthors or colleagues. These features of an advisor-advisee network provide a natural

environment to study the questions raised in the previous paragraph.

The construction of the dataset used for analysis is also consistent with the points

just made. The dataset is constructed from publications in five general-interest economics

journals: the American Economic Review (AER), Econometrica, the Journal of Political

Economy (JPE), the Quarterly Journal of Economics (QJE), and the Review of Economic

Studies (REStud). Since general-interest journals cover a wide range of subjects, they

usually have multiple editors with expertise in different fields. When an editor’s colleague

submits a paper to the journal, the paper would not be reviewed by that editor unless

the colleague’s and the editor’s fields of research coincide. In this case, it would be more

difficult for the editor to have direct control over the acceptance decision for the paper. An

advisor and his or her advisee, however, usually work in the same field. In other words, the

generality of the five journals makes it easier for an advisor and his or her advisee to be

matched.

Theoretical Model. In this study, I construct a mathematical model that describes

the publication process of a paper as sequential decisions by the author of the paper and the

journal editor, and a possibly repeated process after rejections. In the model, the author

decides a journal to which he or she submits the paper. Then, the editor makes the decision

on whether to accept the paper based on a noisy signal about the quality of the paper.

I allow for the presence of bias, which affects the probability of acceptance apart from

the quality of the paper. Bias can, in principle, be positive or negative, and how bias affects

the probability of acceptance depends on which one it is. If the editor has a positive bias in

favor of his or her advisee, the editor will use a lower quality threshold of acceptance for his

advisee’s paper than for other papers. On the other hand, if the editor, worried about his or

her reputation as a fair evaluator, has a negative bias against his or her advisee, the editor

will use a higher quality threshold of acceptance. However, even if there is no bias, another

possibility is that the editor is more informed about the quality of his or her advisee’s work

than about other economists’ papers, so the signal on the quality of the advisee’s paper is

more accurate to an editor who is an advisor. Thus, when an economist writes a paper of

acceptable quality for publication, the probability of acceptance is higher for the editor’s

3



advisee. However, if the economist’s paper is of a low quality, the acceptance probability

for the paper is lower than those of other papers. The first effect above is called the “bias”

effect of the network, and the second is the “information” effect.

As defined here, “bias” can include what are ordinarily called “taste” effects. An advisor

and advisee are likely to have a similar style of work, and to be part of the same “camp” of

the discipline. To some extent, this means that different editors have different definitions

of quality. The measure of quality used in the empirical work will measure the influence of

the work in the discipline as a whole, not within camps. Therefore, if an editor advantages

his or her advisee’s paper because of taste, that will not be reflected in quality and hence

will fall into the bias category.

The model assumes that when the author of a paper decides to which journal he or she

will submit a paper, the author considers the two network effects, the bias effect and the

information effect, and have some idea of whether his paper has a higher or lower probability

of acceptance by journal if an editor of the journal was his or her advisor. The purpose of

the present study is to examine the influence of the two network effects on the publication

process of a paper. This study tests if the network effects cause changes in which journal

an author’s paper is published in, and also examines the implication of the network effects

on the quality of published articles.

In addition to the network effects, a third factor may affect a paper’s publication process.

The editor’s advisee may write papers of higher quality than do other economists. Being

an advisee of an economist of an editor’s caliber suggests that the advisee himself or herself

may write better papers than do other economists. In this case, the advisee may have

more papers published in the editor’s journal because of the better quality of the papers

and not because of the network effects. As I do not observe the quality of submitted but

unpublished papers (see below), this third factor causes an endogeneity issue in estimating

the network effects. The endogeneity as defined here is that the difference in publication

probabilities of a paper across journals can be a result of higher quality papers being written

by authors whose advisors are journal editors, whereas the goal is to determine whether

“bias” or “information” are at work instead. The possibility of endogeneity is controlled

for in the empirical work described below.
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The model assumes that rejected papers are submitted elsewhere. The decision on where

to submit a rejected paper is assumed to be influenced by the exact same factors outlined

above for an initial submission. At every stage, there are factors influencing the author’s

choice of journal submission. If the author’s work has a higher probability of being accepted

by a journal if an editor of the journal is his or her advisor at the first stage, it will also

have a higher probability at the second stage (there is nothing in the model that says that

the first submission will always be to the journal where an editor is an advisor). Through

a sequence of submission and rejection events, it is assumed that the paper is eventually

published.

Empirical and Econometric Work. To study whether an economist has a higher pub-

lication probability in a journal if an editor of the journal was the economist’s thesis advisor

during his or her graduate study, and to analyze the influence of the network effects, I con-

structed a novel dataset that consists of 4,186 economists. These economists have published

at least one article in at least one of the five general-interest journals from 1990 to 2010.

I traced the 4,186 economists’ publication record in the five journals over 21 years from

1990 to 2010. I collected their advisor information from various sources, including the ac-

knowledgement page of their dissertations, their curriculum vitae, their early publications,

and through direct inquiries via email. For a published paper, I assume a two-year lag

between the review process and the actual publication. Hence, the editors in my sample

are economists who were the (executive) editors of any of the five journals at some point

between 1988 and 2008. A total of 99 editors comprise my sample.

It is important to emphasize that the dataset has information only on final publication

outlet, but has no information on submissions. As noted above, the interpretation given to

the data is that each publication is the end of a possible sequence of events. In addition,

because only papers published in the set of five journals over the 21 years are considered,

the publication probability in a journal being modeled here is the probability that, given a

paper published in one of these journals in one of these years, the paper is published in the

journal in question. For the remainder of this chapter, I will use “publication probability

in a journal” to denote the probability as described above. The theoretical model discussed

above is carefully constructed to model not whether a paper is published at all, but rather
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which journal a paper is published in. The empirical analysis tests, given a published paper

in the five journals during the 21 years, whether the probability that the paper appears in

a journal with an advisor-advisee connection is higher than the probability of being in a

journal without such a connection.

Using this dataset, I first measure the relative journal publication probabilities of all

the authors who have published in the five journals over the 21 year time period by a linear

probability model, that is, by the ordinary least squares method. The estimation result

shows that an economist’s publication probability in a journal is higher by 174% if his or

her thesis advisor during the economist’s graduate study is an editor of the journal. The

difference in probability is statistically significant.

The unobserved quality of a paper is likely to be positively correlated with both its

realization of publication and the paper being written by an editor’s advisee. Therefore,

a dummy variable regressor that indicates whether an economist is an editor’s advisee

is endogenous. The well-known method of instrumental variables is used to address the

endogeneity. The instruments used for identification are a set of variables that capture

whether a future editor was affiliated with an economist’s graduate program when the

economist was a graduate student.

These variables discriminate between authors who never had the opportunity to have

an advisor as an editor–because no faculty member who later became an editor was on

their faculty at the time they were a graduate student–and authors who did have such a

person on their faculty. Here, I control for graduate school fixed effects, so the instrumental

variables discriminate authors who went to the same graduate program but at different

times. Some of the authors from the same graduate program were there when there was

a future editor on the faculty, whereas the others were in the program when there were

no future editors on the faculty. The results from instrumental variable regressions by the

two stage least squares (TSLS) method, with the graduate program fixed effects controlled,

changes the effect of having an advisor-editor from significantly positive in the OLS results

to an insignificant coefficient. This implies that the tendency for an editor’s advisee to write

papers of systematically better quality than do competing economists is the main source of

the higher publication probability of the editor’s advisee.
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However, this result does not imply that the two network effects, the bias effect and

the information effect, are both zero. The result only means that, if they are nonzero,

they cancel out. Each of them could still have a significant impact. This is especially

the case because the two effects tend to change a paper’s publication probability in a

journal with an advisor-advisee connection in the opposite directions. If there is positive

bias, for example, the logical implication of the model, as discussed above, is that the

quality threshold of acceptance goes down and lower average quality papers are accepted.

However, if the information effect is at work, only high-quality papers are accepted because

the editor’s superior information allows him or her to recognize low-quality papers and

reject them. One factor increases the probability of acceptance for low quality papers, and

the other decreases the probability of acceptance for low quality papers, having the average

publication probability unchanged.

In order to take a closer look at the role of the network effects in the publication process

of a paper, I use citation counts of published papers as a measure of quality. Citation counts

are well known to have many drawbacks, such as the problem that they are affected by the

size of the subfield in question, that they are affected by taste and “camp” factors, and that

sometimes papers that have problems get high citations. However, even with their flaws,

they are the best measure of quality we have. I collected the citation counts data for 5,730

papers published in the five journals during the 21 years from the Social Sciences Citation

Index. The regression analysis result with the citation counts shows that papers written

by authors whose advisors become an editor of one of the five journals during the research

period tend to have higher citation counts than the papers written by other authors in the

sample. This result complements the findings from the OLS and TSLS estimations.

In addition, a paper written by a journal editor’s advisee and published in the journal

during the editor’s tenure is cited even more often. This finding suggests that a paper

written by an editor’s advisee and published in the editor’s journal is likely to have higher

quality than papers without such a connection with the editor. This, therefore, supports

the information story, as I noted above. The only qualification to this interpretation is that

it is possible for there to be a negative bias effect in addition to the information effect, as

the effects of bias and information cannot be separated in my empirical analysis, where the
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negative bias would affect the quality of published papers in the same direction as the infor-

mation effect. Also, the results are not inconsistent with the existence of positive bias. In

this case, the results simply suggest that the information effect is stronger than the positive

bias effect. In any case, the results imply that the existence of advisor-advisee connections

generates positive outcome in the sense that the connections increase publication of high

quality papers.

Several previous studies address questions similar to those examined in this paper. La-

band and Piette (1994) and Medoff (2003) tested whether articles written by economists

with connections to editors are cited more often than articles without such connections.

Laband and Piette (1994) covered articles published in 1984 in 28 economics journals, in-

cluding the five journals in my sample, while Medoff (2003) focused on articles published

in 1990 in six journals, the five journals in this study plus the International Economics

Review. They both found that articles with connections to an editor had higher citation

counts. The two papers define “connection” differently, but both include the connection

in the colleague network in their definitions, and neither considers the connection in the

advisor-advisee network. Moreover, they do not examine whether economists with a con-

nection to an editor of a journal publish more articles in the journal. They take it as a

given.

The work of Brogaard et al. (2014) is closest to this paper, but they studied the effects

of a colleague network on academic publication. Brogaard et al. (2014) covered more than

50,000 articles published in 30 different journals since 1955. Their estimation results using

the entire dataset show that an editor’s colleagues publish more papers in the editor’s journal

during his or her tenure, and that the papers written by the editor’s colleagues have higher

citation counts than the other papers. When they focus only on the five general-interest

journals I consider in this paper, however, all the significant effects disappear. A journal

editor’s colleagues neither publish more papers in the journal, nor are their papers cited

more often. As previously mentioned, this is because an editor of a general-interest journal

does not review his or her colleagues’ papers unless they work in the same research field.

On the other hand, an advisor and his or her advisee usually work in the same research

field, so the effect of the advisor-advisee network on an economist’s publication outcome is
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significant despite the fact that my sample also consists of the same five general-interest

journals.

Section 1.2 describes a theoretical model that provides testable implications. Section 1.3

explains how the dataset is constructed, and Section 1.4 introduces an empirical model and

variables used for estimation. Section 1.5 reports the test results regarding whether a journal

editor’s advisee has a higher probability of publication in the journal. The influence of the

network effects are estimated in Section 1.6. Further empirical analysis of the citation counts

data is discussed in Section 1.7. Section 1.8 reports the outcome from a robustness check,

and Section 1.9 concludes the study. All tables are attached at the end of this chapter.

1.2 Theoretical Framework

1.2.1 Model Setup

Suppose that there exist n journals, {1, 2, · · · , n}, and that an author wants to publish

an academic paper in one of them. First, the author decides on a journal to which he will

submit the paper. He is not allowed to submit the paper to multiple journals simultaneously.

After the paper is submitted to journal j ∈ {1, 2, · · · , n}, the editor of the journal decides

whether to accept and publish the submitted paper in her journal. For simplicity, I assume

each journal has only one editor in this section.4 Throughout this study, male pronouns are

used to refer to an author, and female pronouns are used to refer to an editor.

An advisor-advisee connection between an author and an editor is defined as existing if

the editor was the author’s thesis advisor during the author’s graduate study. As editorship

of a journal rotates over time, the group of authors with advisor-advisee connections with

the journal also changes over time. In the model, author i is one of two types, i ∈ {C,D}.

The first type is an author whose advisor becomes an editor of a journal at some point in

time after the author receives his graduate degree. Therefore, the author has an advisor-

4The journals in my data set have 4.62 editors per year on average. When a paper is submitted to
a journal, the paper is assigned to an editor, and in general, she decides whether to accept the paper
independently from other editors. Also, a submitted paper is assigned to an editor who works in similar
fields of study to the paper. As an advisor and an advisee often share similar research interests, if an author
submits a paper to a journal at which the author’s advisor is an editor, it is likely that the paper is processed
by the author’s advisor.
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advisee connection with one of the n journals at some point in time. This type of author is

denoted by i = C. The other type, i = D, is an author who never has an advisor-advisee

connection with any of the journals at any point in time.

When an author of type i ∈ {C,D} writes a paper, the paper’s uncertain true quality is

denoted by qi. The true quality qi is normally distributed with the mean q̄i and the variance

τ2
i . I assume that the ex-ante expected quality of a paper written by a type C author is

weakly higher than the expected quality of a type D author’s paper. In other words,

q̄C ≥ q̄D. An economist selected to be an editor of a journal is often one who has been writing

influential papers. If we believe that being trained by such an outstanding economist during

graduate studies helps an author to write better papers, all else equal, a type C author who

was an advisee of such an outstanding economist would tend to write papers with higher

quality than a type D author, on average. In addition, an economist who becomes an editor

of a journal at some point in time has often been affiliated with distinguished graduate

programs. Therefore, being an advisee of such an economist means that the author himself

was a graduate student in one of the distinguished graduate programs. If these authors

have a higher intrinsic ability, they may produce better-quality papers than other authors.

In this regard, I assume q̄C ≥ q̄D. This assumption models the possibility of a systematic

difference in the quality of papers written by the different types of authors.

A paper’s true quality, qi, is defined as representing the overall impact of the paper on

economics research, so the true quality is revealed only after the paper is published. Even

the paper’s authors and editors do not know its true quality until the paper is published.

They just separately receive noisy signals about the true quality. I assume that the true

quality of a paper is derived from certain properties for which every economist has the same

preference. If an economist thinks a paper is of a higher quality than another paper, all

other economists agree on that. The quality can then be interpreted as representing the

properties that economists commonly agree on, with less chance of drastic differences of

opinion, such as its novelty and innovativeness.

However, it is also true that economists have different preferences for other traits, such

as a paper’s stance in addressing a research question (for instance, freshwater economics

vs. saltwater economics), estimation strategy (for example, reduced form estimation vs.
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structural estimation), or assumptions made in the paper, which are matters of research

style and orientation.

In this study, an economist’s preference for these traits is called “taste” of the economist.

Unfortunately, my data do not allow me to identify empirically the effect of taste on papers’

publication process, but I introduce the effect of taste in the theoretical model for generality

of the model. A paper’s acceptance probability in a given journal increases as the paper is

more aligned with the journal editor’s taste. A paper’s suitability for the taste of journal j’s

editor is denoted by tj . When an author writes a paper, he knows {t1, t2, · · · , tn} without

uncertainty, and there exists journal j∗ such that tj∗ > tj for all j 6= j∗. A paper’s true

quality and its suitability for the journal editor’s taste are independent.

Finally, the existence of an advisor-advisee connection with an editor of a journal also

affects an author’s publication probability in that journal in two ways. The two effects of an

advisor-advisee connection on a paper’s publication probability in a journal with an advisor-

advisee connection is referred to as network effects. The first effect is the “bias” effect.

An editor may want to be favorable to her advisee, which would increase the acceptance

probability of the advisee’s paper in the editor’s journal, independent from the paper’s

quality. This is the “positive bias effect.” There could also be “negative bias effect.” If an

editor is concerned that accepting her advisee’s paper can potentially hurt her reputation

of being a fair evaluator, she may be reluctant to accept her advisees’ papers in her journal,

again independent from their qualities.

Although they are separately modeled in this theoretical framework, the bias effect and

the previously mentioned “taste” effect can be very closely linked. As an advisor and her

advisee tend to have a similar style of research, it is likely that an editor’s advisee writes a

paper that is well-aligned with the editor’s taste. If this tendency is sufficiently common, it

can be difficult to separate the bias effect and the taste effect conceptually. The bias effect

and the taste effect are separately modeled in this section because it is still possible that

an author who does not have an advisor-advisee connection with an editor writes a paper

that matches the editor’s taste well. However, as mentioned above, I do not have data to

separately identify the bias effect and the taste effect. Hence, if it is true that an author

has a higher tj if his advisor is journal j’s editor, it would imply a higher positive bias effect
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empirically.

The second network effect is the “information effect.” As an editor is likely to know

her advisees’ strengths and weaknesses, the editor’s assessment of a paper’s uncertain true

quality can be more accurate when evaluating her advisees’ papers than when evaluating

other economists’ papers. Formally, it is modeled so that an editor receives a more accurate

signal about the quality of her advisees’ papers than about the quality of other economists’

papers.

Studying how these network effects, the bias effect and the information effect, influence

a paper’s publication process, and whether the existence of the network effects is beneficial

for economic research as a whole, are the main research questions of this paper.

The publication of an academic paper in a journal is determined by sequential decisions

of the author and an editor of the journal. First, the author chooses a journal to which he

submits a paper. After the paper is submitted to a journal, the editor of the journal decides

whether or not to accept the paper. If a paper is rejected, it is resubmitted, and the same

model described below is applied again to the paper’s publication process.

1.2.2 The Editor’s Decision

The sequential process is mostly easily explained by starting with the Editor’s Decision.

A paper submitted to journal j by an author of type i is characterized by its properties

in four dimensions, (Aj , i, sj , tj), from the perspective of the editor of journal j. The first

dimension, Aj , indicates whether the paper’s author has an advisor-advisee connection with

the editor of journal j. If the editor of journal j was the author’s thesis advisor during the

author’s graduate studies, Aj is 1. Otherwise, Aj is 0.

The second property, the author’s type i ∈ {C,D}, indicates whether the author’s Aj′ is

equal to one for any journal j′ at any point in time. The author’s type i is an author-specific

property that does not vary across journals and over time. If a paper has Aj = 1 for journal

j, it also has i = C. However, a paper with i = C does not necessarily imply Aj′ = 1 for

journal j′. It may be that the C-type author has Aj = 1 for some j in a given year, but

Aj′ = 0 for other j′s in the year. Also, there are years during which a type C author does

not have an advisor-advisee connection with any of the journals.
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The third property of a paper, sj , refers to a noisy signal that the editor of journal j

receives about the unobserved true quality of the paper, qi. As previously mentioned, neither

an editor nor the author of the paper knows qi before the paper is published. Instead, each

party separately receives a noisy signal about the true quality. The signal can be interpreted

as an editor’s or an author’s subjective evaluation of the quality of a paper. The editor’s

signal on the true quality of a paper is given by sj = qi + εAj , where εAj is the noise in the

signal. The noise is independent of the true quality qi, and is normally distributed with a

mean 0 and variance σ2
Aj

. Therefore, sj becomes a normal random variable with a mean q̄

and variance τ2
i + σ2

Aj
.

The standard deviation of the noise, σAj , depends on the existence of an advisor-advisee

connection, Aj ∈ {0, 1}. I assume σ1 = σ0/λ, where λ measures the relative accuracy of

the editor’s signal on the quality of her advisee’s paper relative to the signal on the quality

of other economists’ papers. I further assume λ ≥ 1 to model the information effect of the

advisor-advisee connections.

If the editor of journal j accepts a paper whose true quality is qi, and the suitability for

the editor’s taste is tj , the editor’s payoff from accepting the paper is assumed to be:

U(Aj , qi, tj) = bAj + tj + qi (1.1)

When the editor has an advisor-advisee connection with the author of a paper, the editor’s

payoff is affected by the editor’s bias, denoted by b, in addition to her taste and true quality

of the paper. The bias is the extra utility or disutility that the editor receives by accepting

her advisee’s paper. The positive bias effect is modeled by b > 0, while b < 0 represents the

negative bias effect.

The three properties of a paper, Aj , i, and tj , do not involve any uncertainty for the

editor of journal j or the author of the paper. However, the quality of a paper is uncertain

to both parties. Since the distribution of the noise in a signal is symmetric around the zero

mean for any author type i ∈ {C,D}, the expected true quality qi conditional on the signal

sj is equal to sj .

If the editor of journal j accepts a submitted paper (Aj , i, sj , tj), the editor’s expected
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payoff EU is determined as:

EU(Aj , sj , tj) = bAj + tj + sj (1.2)

The editor of journal j accepts a submitted paper if the expected payoff from accepting

the paper is greater than or equal to the payoff threshold Z. The editor’s decision is

summarized in the following condition:


Accept, if EU(Aj , sj , tj) = bAj + tj + sj ≥ Z

Reject, if EU(Aj , sj , tj) = bAj + tj + sj < Z

(1.3)

I further assume q̄i < Z − bAj − tj for any i, Aj , b, and tj . Therefore, a paper with average

true quality is not good enough to be accepted in any of the n journals. This assumption

implies that the n journals are high-quality journals with higher standards for acceptance

relative to other journals. As the journals considered in the empirical analysis are the top

five prestigious economics journals, it is not a strong assumption.

1.2.3 The Author’s Decision

Given an editor’s decision rule in Equation (1.3), an author decides to which journal to

submit his paper. I assume that an author’s objective is to publish his paper in one of the

n journals. If he can publish his paper, he does not care about the title of the journal in

which his paper is published. The journals considered in the empirical analysis are the top

five economics journals, which have similar levels of prestige. This assumption implies that

the author is equally happy to publish his paper in any of the top five journals. Under this

assumption, the author’s optimal action is to submit a paper to a journal with the highest

acceptance probability, conditional on his signal about the quality of the paper.

I assume that if an author’s paper is rejected by the journal with the highest conditional

acceptance probability among the n journals, then in the next period, the author submits

his paper to a journal that has the highest conditional acceptance probability among the

other n− 1 journals. The author repeats this process until his paper is published. In each
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period, the conditional acceptance probability for each journal is calculated in the same

way described below.

When he makes a submission decision, the author has perfect information on i, Aj , and

tj for each journal, but he does not know qi. Instead, the author receives a noisy signal

sw = qi + εw. The noise, εw, is normally distributed with mean 0 and variance σ2
w. The

noise is independent of qi and also of εAj , for every j. Therefore, the author’s signal is a

normal random variable with mean q̄i and variance τ2
i + σ2

w. Because editors have more

expertise and experience in evaluating the overall impact of a paper, I assume σ2
Aj
≤ σ2

w,

where Aj is either 1 or 0.

I further assume that the two signals on quality, sj and sw, are bivariate normal random

variables with the following mean µ and variance Σ, for any i and j.

µ =

q̄i
q̄i

 , Σ =

τ2
i + σ2

Aj
τ2
i

τ2
i τ2

i + σ2
w

 (1.4)

Under this assumption, the distribution of sj conditional on sw becomes:

sj |sw ∼ N

(
σ2
w

τ2
i + σ2

w

q̄i +
τ2
i

τ2
i + σ2

w

sw,
τ2
i σ

2
Aj

+ τ2
i σ

2
w + σ2

Aj
σ2
w

τ2
i + σ2

w

)
(1.5)

Then, the conditional probability of acceptance in journal j given the author’s signal sw is

the following:

CAPj(sw, Aj , b, tj , Z, σ
2
Aj
, σ2

w, τ
2
i , q̄i)

= Pr(bAj + tj + sj ≥ Z|sw)

= Pr(sj ≥ Z − bAj − tj |sw)

= 1− Φ

(Z − bAj − tj)(τ2
i + σ2

w)− (σ2
wq̄i + τ2

i sw)√
τ2
i σ

2
Aj

+ τ2
i σ

2
w + σ2

Aj
σ2
w

√
τ2
i + σ2

w

 (1.6)

where Φ is the cumulative distribution function (CDF) of a standard normal variable.

The conditional acceptance probability in journal j decreases in the threshold (Z), and

increases in the editor’s bias (b), the suitability to the editor’s taste (tj), the ex-ante expected
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quality (q̄i), and the author’s observed signal (sw).

The direction of change in CAPj in response to change in the accuracy of an editor’s

signal (σAj ) depends on the author’s signal sw:


∂CAPj
∂σ2

Aj

≥ 0, if (Z − bAj − tj) + (Z − bAj − tj − q̄i)
σ2
w

τ2
i

≥ sw

∂CAPj
∂σ2

Aj

< 0, otherwise.

(1.7)

If sw is not high enough, as in the first case in Equation (1.7), when the accuracy of the

editor’s signal deteriorates (larger σ2
Aj

), the conditional probability of acceptance in journal

j increases. For an author with a high enough sw, as in the second case in Equation (1.7),

lower accuracy of the editor’s signal leads to lower conditional acceptance probability.

The information effect of an advisor-advisee connection is modeled by the assumption

σ2
1 ≤ σ2

0. Therefore, if all else are equal, an author who believes his paper is of a high quality

prefers to submit the paper to his advisor’s journal, since his advisor’s more accurate signal

boosts the conditional acceptance probability in the journal. On the contrary, an author

who thinks his paper is of a low quality prefers to submit it to a journal without an advisor-

advisee connection as the information effect hurts his probability of acceptance.

An author’s optimal choice is to submit his paper to a journal that has the highest

CAPj in Equation (1.6). This model is static in the sense that an author makes a decision

only on which of the n journals he will submit his paper, but not on in which period he

will submit the paper. In practice, an author may postpone submitting a paper if he learns

that his advisor will become an editor of a journal in the near future. This decision of when

to submit is not formally modeled in this study. However, if we assume every author has

perfect foresight, or if they at least know whether their advisors will become an editor of a

journal in the near future that is close enough for the author to postpone the submission

of his finished paper, an author’s dynamic decision of when and to which journal he will

submit his paper can be understood in the framework of the provided static model in which

an author decides on to which journal he will submit his paper.

For an author who does not have an advisor-advisee connection with any of the journals,

16



the optimal behavior is to submit it to a journal j∗ such that tj∗ > tj for all j 6= j∗. That is,

the author submits his paper to the journal where the editor’s taste is most closely aligned

with his paper among all n journals. For simplicity of the analysis, I further assume that

the value of tj∗ is constant across all authors. The highest tj available for every author is

the same.

Consider an author who has an advisor-advisee connection with a journal. As the author

has an advisor-advisee connection with a journal, the author is type C. Since most of the

authors in the sample have only one main advisor,5 I assume that there does not exist an

author who has an advisor-advisee connection with more than one journal simultaneously.

Without loss of generality, let j = 1 be the journal with which the author has an advisor-

advisee connection. I also assume that t2 > tj for j ≥ 3. That is, among the journals with

which the author does not have an advisor-advisee connection, journal 2 has the highest t.

An advisor and an advisee often share similar academic thoughts and beliefs, so an editor’s

advisee tends to write a paper well-aligned with his advisor’s taste. This implies high t1,

but I do not make a specific assumption on the relationship between t1 and t2. Using the

previously introduced notation, tj∗ = max{t1, t2} holds.

Under these assumptions, the author who has an advisor-advisee connection with journal

1 compares CAP1(sw, A1, b, t1, Z, σ
2
1, σ

2
w, τ

2
C , q̄C) and CAP2(sw, A2, b, t2, Z, σ

2
0, σ

2
w, τ

2
C , q̄C).

He submits his paper to the journal with a higher CAP . As the author has an advisor-

advisee connection with journal 1 and not with journal 2, it becomes A1 = 1 and A2 = 0.

The author’s decision rule conditional on his signal sw is given as follows, where ŝw is

5Among 4,186 economists in the sample, 3,414 economists (82%) had only one main advisor, and the rest
had two main advisors.
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the threshold for the submission decision:
Submit to journal 2, if sw < ŝw

Submit to journal 1, if sw > ŝw

Submit to either journal 1 or journal 2, if sw = ŝw

(1.8)

where A1 = 1, Aj = 0 for all j 6= 1, and t2 > tj for all j > 2.

ŝw = Z + (Z − q̄C)
σ2
w

τ2
C

+
t2v1 − (b+ t1)v0

v0 − v1

τ2
C + σ2

w

τ2
C

(1.9)

v0 =
√
τ2
Cσ

2
0 + τ2

Cσ
2
w + σ2

0σ
2
w

v1 =
√
τ2
Cσ

2
1 + τ2

Cσ
2
w + σ2

1σ
2
w =

√
τ2
C

σ2
0

λ2
+ τ2

Cσ
2
w +

σ2
0

λ2
σ2
w

Since his advisor receives a more accurate signal on the quality of his paper, if an author

believes his paper is not of a high quality, that is, if sw < ŝw, he prefers to submit the paper

to a journal with no advisor-advisee connection. In contrast, an author who believes his

paper is of a high quality chooses to submit the paper to his advisor’s journal to increase

the acceptance probability.

The submission threshold signal ŝw decreases in b, t1, and q̄C , and increases in Z and

t2. An author is more likely to submit his paper to his advisor’s journal when the advisor’s

bias (b) is greater, the paper is more aligned with the advisor’s taste (t1), and the ex-ante

expected true quality (q̄C) is higher. When the payoff threshold (Z) is higher or when the

paper’s level of alignment with the taste of journal 2 (t2) is better, the author is less likely

to submit his paper to his advisor’s journal.

The change in the submission threshold signal in response to a change in the accuracy

of the advisor’s signal depends on the relationship between t2 and b+ t1, as follows:


∂ŝw
∂λ
≥ 0, if b+ t1 ≥ t2

∂ŝw
∂λ
≤ 0, if b+ t1 ≤ t2.

(1.10)

When b+ t1 > t2, if his advisor’s signal and the other editor’s signal have the same level of

accuracy, that is, if λ = 1, an author prefers to submit his paper to the advisor’s journal
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regardless of the author’s signal sw. As λ increases, an author who wrote a paper with a

low expected quality is better off submitting it to the journal without an advisor-advisee

connection, because the advisor’s more accurate signal hurts his chances. Therefore, ŝw

increases as the accuracy of the advisor’s signal increases. On the other hand, if b+ t1 < t2

and λ = 1, an author prefers to submit his paper to the journal without an advisor-advisee

connection, regardless of his signal. If the advisor receives a more accurate signal, that is if

λ > 1, an author who received high signal benefits from submitting to the advisor’s journal.

As λ increases, the submission threshold ŝw decreases.

In summary, when b+ t1 > t2, as the accuracy of the advisor’s signal increases, the sub-

mission threshold signal goes up, which leads to a decrease in the probability of submission

to the advisor’s journal. On the other hand, the probability of submission to the advisor’s

journal increases in λ when b+ t1 < t2.

1.2.4 Publication Probability in the Journal with an Advisor-Advisee

Connection

Consider an author who has an advisor-advisee connection with journal 1. For an author to

submit his paper to his advisor’s journal, the author must receive a signal sw higher than or

equal to ŝ. After the paper is submitted to journal 1, the editor, who is the author’s advisor,

needs to observe a signal s1 that is higher than or equal to Z − b− t1 to accept the paper.

Therefore, the publication probability of the paper in journal 1, the advisor’s journal, is

given by the following equation. The function f is the probability density function of the

bivariate normal distribution with µ and Σ:

PP1(b, t1, t2, Z, λ, σ0, σw, q̄C , τC) = Pr(sw ≥ ŝw, s1 ≥ Z − b− t1) (1.11)

=

∫ ∞
ŝw

∫ ∞
Z−b−t1

f(s1, sw)ds1dsw (1.12)

where ŝw = Z + (Z − q̄C)
σ2
w

τ2
C

+
t2v1 − (b+ t1)v0

v0 − v1

τ2
C + σ2

w

τ2
C

v0 =
√
τ2
Cσ

2
0 + τ2

Cσ
2
w + σ2

0σ
2
w

v1 =
√
τ2
Cσ

2
1 + τ2

Cσ
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C
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0
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In the derivation of the publication probability, I assume that an editor does not update

her belief on the qC of a paper based on the fact the paper has been submitted to the

editor’s journal. Therefore, an author does not need to act strategically when selecting the

journal to which he will submit his paper. This assumption implies that the editors are

not affected by an author’s action of submission itself when they evaluate the quality of the

author’s paper.

Both the submission threshold, ŝw, and the acceptance threshold, Z − b − t1, decrease

in b, t1, and q̄C . Therefore, the probability of publication in the advisor’s journal increases

with the advisor’s bias (b), the level of alignment with the advisor’s taste (t1), and the

ex-ante expected true quality (q̄C). Both thresholds increase, and thus, the publication

probability in the author’s advisor’s journal decreases with the degree of alignment with

the taste of journal 2’s editor (t2) and the threshold Z.

How PP1 changes in response to the increase in the accuracy of the advisor’s signal, λ,

depends on the other parameter values.

∂PP1(b, t1, t2, Z, λ, σ0, σw, q̄C , τC)

∂λ

=
∂

∂λ

∫ ∞
ŝw(λ)

∫ ∞
Z−b−t1

f(s1, sw;λ)ds1dsw

= −
∫ ∞
Z−b−t1

f(s1, ŝw)ds1
∂ŝw
∂λ

+

∫ ∞
ŝw

∂

∂λ

[∫ ∞
Z−b−t1

f(s1, sw)ds1

]
dsw (1.13)

= −
∫ ∞
Z−b−t1

f(s1, ŝw)ds1
∂ŝw
∂λ

+

∫ ∞
ŝw

∂

∂λ

[∫ ∞
Z−b−t1

fs1|sw(s1|sw)ds1

]
fsw(sw)dsw (1.14)

where


∂ŝw
∂λ
≤ 0, if b+ t1 ≤ t2

∂ŝw
∂λ
≥ 0, if b+ t1 ≥ t2

In Equation (1.14), fs1|sw is the conditional probability density of s1 given sw, and fsw is

the marginal probability density of sw. A change in λ affects PP1 through two different

channels. First, it changes the submission threshold ŝw, which is captured by the first term

of Equations (1.13) and (1.14). Second, as shown in the second term of Equation (1.13), the

change in λ alters the density of (s1, sw), which, in turn, changes the conditional density

of s1 for a given sw. The change in the conditional density is shown in the second term of
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Equation (1.14). Therefore, the first term in Equation (1.14) measures the change in the

probability of submission to the advisor’s journal, caused by an increase in the accuracy of

the advisor’s signal. The second term is the change in the acceptance probability in the

advisor’s journal followed by the increase in the accuracy of the advisor’s signal.

The direction of the change in the submission probability in response to λ, shown by the

first term in Equation (1.14), is determined by the sign of the change in ŝw, the submission

threshold. When b + t1 < t2, the submission threshold decreases in λ, which leads to a

higher probability of submission to the advisor’s journal. On the contrary, the submission

threshold increases with the accuracy of the advisor’s signal when b + t1 > t2. Hence, the

submission probability decreases in λ in this case.

The change in the acceptance probability in response to the change in λ, captured by

the second term in Equation (1.14), also depends on the relative size of (b + t1) and t2.

Equation (1.5) implies the following conditional distribution of s1 for a given sw:

s1|sw ∼ N
(

σ2
w

τ2
C + σ2

w

q̄C +
τ2
C

τ2
C + σ2

w

sw,
τ2
Cσ

2
w + (τ2

C + σ2
w)σ2

0/λ
2

τ2
C + σ2

w

)
(1.15)

The conditional expectation increases in sw, and the conditional variance decreases in λ.

An author submits a paper to his advisor’s journal only if he observes sw ≥ ŝw. There-

fore, if a paper is submitted to the advisor’s journal, this implies that the conditional

expectation of s1 is at least E(s1|ŝw), which is given in the following equation:

E[s1|sw = ŝw] = (Z − b− t1) + {t2 − (b+ t1)} v1

v0 − v1
, where v0 > v1 > 0 (1.16)

If b + t1 ≤ t2 is the case, E(s1|sw) ≥ Z − b − t1 is true for any paper submitted to

the advisor’s journal. If λ increases, the conditional distribution of s1 given sw clusters

more around the expected value, E(s1|sw), as the increase in λ means a smaller conditional

variance of s1. For any sw ≥ ŝw, the realization of s1 ≥ Z − b− t1 becomes more likely as

λ increases, which leads to a increase in the acceptance probability.

Hence, in the case with b+ t1 ≤ t2, the publication probability in the advisor’s journal

increases in λ as both the submission probability and the acceptance probability rise with
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λ. When λ increases, the submission threshold ŝw goes down, so the submission of lower-

quality papers increases. However, as the initial submission threshold was quite high, the

added lower-quality papers are still good enough to benefit from the higher accuracy of the

advisor’s signal.

If b + t1 ≥ t2, E(s1|sw) and the acceptance threshold, Z − b − t1, have the following

relationship:


E(s1|sw) < Z − (b+ t1), if sw ∈ [ŝw, ŝw + κ)

E(s1|sw) ≥ Z − (b+ t1), if sw ≥ ŝw + κ

(1.17)

where κ = {(b+ t1)− t2}
v1

v0 − v1

τ2
C + σ2

w

τ2
C

> 0

When an author observes a signal sw between ŝw and ŝw + κ, the advisor’s expected signal

conditional on the author’s signal is below the acceptance threshold. Therefore, when λ

increases, the probability of observing s1 ≥ Z − b− t1 drops for sw ∈ [ŝw, ŝw + κ). A paper

with a low expected quality suffers from the increased accuracy of the advisor’s signal. On

the contrary, for sw ≥ ŝw + κ, observing s1 ≥ Z − b− t1 becomes more likely when λ rises.

How the overall acceptance probability changes depends on how large κ is. When

κ is large, the likelihood of observing sw ∈ [ŝw, ŝw + κ) is high. Therefore, the overall

acceptance probability is likely to decrease in the accuracy of the advisor’s signal. In

this case, both the submission probability and the acceptance probability decrease, so the

publication probability in the advisor’s journal decreases with the accuracy of the advisor’s

signal.

If κ is small, for example, when the difference between b+ t1 and t2 is small, the overall

acceptance probability increases with λ. Depending on the other parameter values, the

increasing acceptance probability can even dominate the decreasing submission probability

when λ rises. When this happens, we observe the publication probability increasing in λ.

Figure 1.1 displays the change in the probability of publication in the advisor’s journal,

PP1, in response to the change in the accuracy of the advisor’s signal, λ, for different values

of b + t1. For the numerical examples, q̄C = 0, Z = 1, t2 = 0, τC = 0.9, σw = 0.3, and
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Figure 1.1: Change in PP1 in response to change in λ for different values of b + t1, where
q̄C = 0, Z = 1, t2 = 0, τC = 0.9, σw = 0.3, and σ0 = 0.25
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σ0 = 0.25 are used. The top-left plot shows the change in PP1 in λ when b + t1 = t2 = 0.

The two other plots in the left column show the results when b + t1 is less than t2. As

previously described, PP1 increases in λ in these three cases. The plots in the right column

of Figure 1.1 show the cases in which b + t1 is greater than t2. As shown in the bottom

two plots in the right column, when the difference between b + t1 and t2 is large enough,

the probability of publication in the advisor’s journal decreases with the accuracy of the

advisor’s signal. However, when the difference between b+ t1 and t2 is small, the increasing

acceptance probability can dominate the decreasing submission probability when λ rises.

In the first plot of the second column, PP1 initially decreases in λ, but after a certain value

of λ, PP1 increases in λ as the increasing acceptance probability dominates the decreasing

submission probability.

The comparative statics analysis with respect to λ shows that the overall influence of

the information effect on an author’s probability of publication in his advisor’s journal is

determined by the relationship between b + t1 and t2. Therefore, the direction of changes

that the information effect causes on the publication probability depends on the bias effect

measured by b. In addition, the two network effects tend to change the publication proba-

bility in the opposite direction. An author’s publication probability in his advisor’s journal

increases with the advisor’s bias. The larger the advisor’s bias in favor of her advisee, the

higher the author’s publication probability in his advisor’s journal. However, when b is large

enough, the increase in information effect, represented by the rise in λ, tends to reduce the

author’s publication probability in his advisor’s journal. As the two network effects are

apt to change the author’s publication probability in his advisor’s journal in the opposite

direction, their aggregated impact on the publication probability may not be significant,

even if each of them has considerable influence on the author’s and the editor’s decisions in

a paper’s publication process.

1.2.5 The Quality of Published Papers

In addition to examining the causal effect of having an advisor-advisee connection with an

editor of a journal on an author’s publication probability in the journal, another objective

of this research is to study whether the existence of a such social connection benefits eco-
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nomics research as a whole by inducing more publication of better-quality papers. In this

subsection, I discuss the impact of the network effects on the average quality of published

papers. This analysis also generates testable implications on the existence of the network

effects and the relative size of the two network effects.

A paper published as a result of the sequential decisions by the author and the edi-

tor, as described in the previous sections, can be categorized into one of the four types,

{C1, C2, C0, D0}, depending on the author’s type, and the journal and the period in which

the paper is published.

A C-type author is one whose thesis advisor during his graduate study becomes an

editor of a journal at some point in time. During some periods, the C-type author has an

advisor-advisee connection with a journal. In those periods, the author decides whether he

will submit a paper to his advisor’s journal, which is journal 1, or to journal 2, the journal

whose tj is the highest among the n − 1 journals without an advisor-advisee connection.

However, there also exist periods in which the C-type author does not have an advisor-

advisee connection with any of the journals. Then, the author submits his paper to a

journal whose tj is the highest. Let t0 denote max{t1, t2, · · · , tn}.6 I will say that the C-

type author submits to journal 0 during periods when he does not have an advisor-advisee

connection with any of the journals.

A D-type author, who does not have an advisor-advisee connection with any of the

journals at any point in time, also submits his paper to journal 0. Journal 0 is just the

label of the journal whose tj is the highest among the n journals for a given author. Each

author would have a different journal 0. However, by an assumption made previously, the

value of t0 is the same for all authors.

Depending on the author’s type, and the journal and the period in which a paper is

published, published papers are categorized into four types, {C1, C2, C0, D0}. The first

type, C1, is a paper written by a C-type author and published in the author’s advisor’s

journal, which is journal 1. A C2-type paper is written by a C-type author and published

in a journal without an advisor-advisee connection, journal 2, even though his advisor is the

editor of journal 1. A C0-type paper is a paper written by a C-type author and published

6Previously, max{t1, t2, · · · , tn} was denoted by tj∗ . I change the notation here for ease of notations.
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in journal 0 which has the highest t. A C0-type paper is published during the period in

which the C-type author does not have an advisor-advisee connection with any of the n

journals. Hence, for this type, the network effects did not influence the paper’s publication

process. A D0-type paper is a published paper written by a D-type author.

The expected quality of published papers of each type is given as follows:

E(qC |C1) = E[qC |sw ≥ ŝw, s1 ≥ Z − b− t1] (1.18)

E(qC |C2) = E[qC |sw ≤ ŝw, s2 ≥ Z − t2] (1.19)

E(qC |C0) = E[qC |s0 ≥ Z − t0] (1.20)

E(qD|D0) = E[qD|s0 ≥ Z − t0] (1.21)

I assumed q̄C ≥ q̄D, but did not make an assumption on the variances of the true quality

of each type of author, τC and τD. If τC ≥ τD, E(qC |C0) ≥ E(qD|D0) is guaranteed. When

τC < τD, E(qC |C0) ≥ E(qD|D0) is still true if the difference between τD and τC is not too

large. The network effects do not influence the publication process of C0-type papers and

D0-type papers, because both types of papers were reviewed when the author did not have

an advisor-advisee connection with any of the journals. Hence, if the difference between

E(qC |C0) and E(qD|D0) is significant, it supports the idea that a paper written by a C-type

author and a paper written by a D-type author have a systematic difference in their quality.

If it turns out that E(qC |C0) > E(qD|D0), this implies that a paper written by a C-type

author tends to be of a higher quality than a paper written by a D-type author.

If the network effects do not exist, that is, if λ = 1 and b = 0, then an author’s submission

decision only depends on tj ’s. Some C-type authors would have t0 = t1 and the others would

have t0 = t2. Hence, there would be no difference in the expected quality of published papers

among types C1, C2, and C0. That is, E(qC |C1) = E(qC |C2) = E(qC |C0). However, if

the network effects exist, the expected quality will differ across types of papers.

If the information effect exists and the bias effect does not, that is, if λ > 1 and b = 0,

then E(qC |C1) is higher than E(qC |C0) since t0 ≥ t1. If the information effect does not

exist while the bias effect does, that is, if λ = 0 and b 6= 0, a C-type author submits to

journal 1, not to journal 2, when b + t1 ≥ t2. When λ = 0, the submission threshold is
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ŝw = −∞ for an author with b+ t1 ≥ t2, so the condition of sw ≥ ŝw for E(qC |C1) becomes

non-binding. When the positive bias effect exists while the information effect does not,

that is if b > 0 and λ = 0, b + t1 ≥ t0 is true for a C1-type paper, as b + t1 ≥ t2 and

t0 = max{t1, t2}. Therefore in this case, E(qC |C1) is lower than E(qC |C0). On the other

hand, if the negative bias effect exists while the information effect does not exist, b+ t1 ≤ t0

holds, which implies E(qC |C1) > E(qC |C0). In words, if the information effect exists while

the bias effect does not, or if the negative bias effect exists while the information effect does

not, the expected quality of a C1-type paper is higher than the expected quality of a C0-type

paper. On the contrary, if the positive bias effect exists while the information effect does

not, the expected quality of a C1-type paper is lower than the expected quality of C0-type

paper. The information effect and the negative bias effect increase the expected quality of

a paper published in a journal with an advisor-advisee connection, while the positive bias

effect decreases the expected quality of such papers. Suppose that the information effect

and the positive bias effect are both in play. In this case, E(qC |C1) > E(qC |C0) holds if the

information effect dominates the positive bias effect. If the positive bias effect dominates

the information effect, it follows that E(qC |C1) < E(qC |C0).

Because of the C-type authors’ submission decision rule caused by the information effect,

E(qC |C1) > E(qC |C2) holds. The difference between the two expected qualities becomes

greater as ŝw decreases together with (b+ t1)− t2.

If t0 = t2 is true for all authors, E(qC |C2) is lower than E(qC |C0), because only the

papers written by authors who received sw ≤ ŝw can be C2-type papers, while the author’s

signal does not matter for the C0 type. However, if an author’s paper tends to be best

aligned with his advisor’s taste, so that t1 = t0 > t2 is more likely, and if ŝw is high enough,

E(qC |C0) ≤ E(qC |C2) can happen.

As the network effects and the type of authors cause the difference in the expected

quality of published papers across different types, the influence of the network effects on

the publication process can be examined by analyzing the quality of published papers.

In addition, if E(qC |C1) is higher than the average quality of the other types of papers,

this implies that the existence of an advisor-advisee connection between an author and

an editor helps the publication of higher quality papers. Hence, the existence of such a
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social connection is beneficial for all economics research, at least in terms of causing more

publication of better-quality papers.

1.3 Data

I analyze the effect of having an advisor-advisee connection with a journal’s editor on

publishing in the journal during the editor’s tenure, using publication data between 1990

and 2010 in five general-interest economics journals: AER, Econometrica, JPE, QJE, and

REStud.

The sample consists of 4,186 economists who have published at least one article in the five

journals from 1990 to 2010 and have a doctoral degree in economics, business administration,

mathematics, or statistics. Articles that were published but not reviewed through the

usual editorial review process, such as presidential addresses, conference proceedings, and

Nobel Laureates’ lecture papers, are excluded from the sample. Short papers and notes are

counted as articles. The sample includes 5,730 published articles in the five journals during

the sample period. I do not observe submitted but rejected papers.

For every economist in the sample, I collected data on the year of doctoral degree, the

degree-awarding institution, and his graduate thesis advisors. The primary source of an

economist’s advisor information was the acknowledgement page in his dissertation. Elec-

tronic dissertations for recent graduates are available from databases such as the ProQuest

Dissertations & Theses Database, British Library EThOS, and Système Universitaire de

Documentation (Sudoc), and also from university libraries. The RePEc Genealogy and

Math Genealogy Project databases were also important sources of advisor data. For the

economists whose advisor information could not be found from these databases, I obtained

the data from various sources, including the economists’ earlier publications, CVs, acknowl-

edgement pages in the hard copies of their dissertations, and direct email inquiries.

Although the analyses focus on the five journals, I also collected the economists’ pub-

lication records in other journals to take into account their overall performance. For each

economist, I collected the economist’s publication history in all journals that are listed under

the subject category of business economics in the Social Sciences Citation Index (SSCI).
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The publication history was collected from the year in which the economist received his

doctoral degree up to the year 2010. More than 300 journals are listed under the subject of

business economics in the SSCI. For both articles published in the five journals and articles

in the other journals in the SSCI, I also collected their year-by-year citation accumulation

data and total citation counts as of September 2014 from the SSCI.

Throughout my analysis, I assume a two-year lag between the acceptance of a paper

and the actual publication of the paper. Hence, I assume a paper published in 1990 in a

journal was processed by a journal editor in 1988. Between 1988 and 2008, a total of 99

economists served as an editor of at least one of the five journals at some point. By “editor”

I mean executive editors, and not associated editors.7 I collected the affiliation history of

each editor from the beginning of her academic career and until the end of her editorship

tenure.

Table 1.1 summarizes selected statistics for 4,186 economists in the sample. In the

table, C-typeAuthor is a dummy variable for an economist that has a value of one if the

economist’s advisor has been an editor of one of the five journals during some period between

1988 and 2008. A total of 469 economists out of the 4,186 (11.20%) have C-typeAuthor =

1. The variable CumPaper 5Jn for an economist counts the number of the economist’s

articles published in the five journals during 1990–2010. The variable CumPaper SSCI is

the number of articles published in all SSCI journals during 1990–2010. The two variables

are right-skewed. The sample maximum of CumPaper 5Jn is 36, and the maximum of

CumPaper SSCI is 141. The variable GradY ear for an economist is the year in which the

economist received his doctoral degree.

Table 1.2 shows summary statistics of the editors’ tenure lengths expressed in years. If

an economist was listed as an editor for an issue of a journal in a given year, the economist

is considered an editor of the journal for the year. The average length of an editor’s tenure

is six years. The two house journals, JPE (from the University of Chicago) and QJE (from

Harvard University), show longer tenures than the other three journals.

The 4,186 authors earned their doctoral degrees from a set of 284 graduate programs.

7Precisely, “editors” refer to different groups depending on the journal. For the AER and Econometrica,
it includes “editors” and “coeditors.” For JPE, it is only “editors.” For QJE, it refers to the members of
the “board of editors.” In the case of REStud, it refers to “managing editors.”
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I ranked the graduate programs in terms of the number of authors in my sample to whom

the graduate programs awarded a degree. A total of 2,105 authors (50.3% of the 4,186

authors) were awarded their degrees from the 10 largest (in terms of having the most

authors) programs. The 30 largest programs cover 74.7% of the authors (3,129 of the 4,186

authors). Among the 284 graduate programs, 101 programs had only one author each. The

list of the 10 largest programs and the number of authors who received their degrees from

the programs are shown in Table 1.3.

The affiliation history was collected for each of the 99 economists who were editors.

Specifically, the history of each editor was collected from the span of time specific to the

editor, where the span was set to range from when her academic career began until the end

of her tenure as an editor.8 As a result, they have a combined total of 62 graduate programs

listed as their affiliations. Table 1.3 also shows the 10 graduate programs with which the

most economists who later became editors were affiliated. As the economists changed their

affiliations over time, the sum of the number of editors for the 10 programs already exceeds

99. The sum of the editors from all institutions is 224, reflecting the changes of affiliations.

An interesting observation shown in Table 1.3 is that the 10 largest programs in terms of the

number of authors and the 10 programs affiliated with the most editors have nine programs

in common.

Table 1.4 shows, on a per-year basis, the number of editors, the number of articles pub-

lished, the number of type C1 articles published, and the percentage of type C1 articles

published, for each and all of the five journals. A type C1 paper is an author’s paper pub-

lished in his advisor’s journal during the advisor’s tenure as an editor of the journal. As the

sample period is from 1990 to 2010, the statistics for the variables are constructed from 21

observations for each journal and from 105 observations for all five journals. Econometrica

has more editors per year than the other journals, and AER publishes twice as many articles

as the other journals. The two house journals, JPE and QJE, tend to publish more type C1

papers in terms of proportion. Compared to the four journals headquartered in the United

States, REStud, which is headquartered in Europe, publishes fewer type C1 papers.

8For the economists who had more than one editorship, the terminal point of the span was set as the
latest end date of tenure.
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1.4 Linear Model and Construction of Variables

To study whether the existence of an advisor-advisee connection with an editor of a journal

influences the publication probability of an author’s paper in the journal, I estimate the

following equation:

Publishedi,j,y = γ0 + γ1AdvisorEditori,j,y−2 + γ′2Xi,j,y + εi,j,y (1.22)

The unit of observation for this analysis is an author-journal-year (i, j, y) triple. Publishedi,j,y

is a dummy variable that has a value of one if author i published at least one paper in journal

j in year y. Taking into consideration a two-year lag between the acceptance and publica-

tion of a paper, AdvisorEditori,j,y−2 has a value of one if i’s advisor during the author’s

graduate study is an editor of journal j in year y − 2, and zero otherwise. The set of other

observable variables are shown as X.

If the network effects exist, they will be measured by γ1. In Section 1.2, I had discussed

the tendency of an editor’s advisee to write higher quality papers than those of authors who

never had an advisor-advisee connection with a journal editor. As the quality of submitted

papers is not observable, especially the ones that failed to be published, if a systematic

difference in the quality of papers as depending on an author’s type exists, this effect is also

captured by γ1. Since γ1 thus measures not only the network effects but also the systematic

difference in papers’ quality depending on an author’s type, estimating Equation (1.22)

involves an endogeneity problem.

To deal with the endogeneity problem, I estimate the following equation in the first

stage, and then estimate Equation (1.22) in the second stage.

AdvisorEditori,j,y−2 = δ0 + δ′1Instrumentsi,j,y + δ′2Xi,j,y + ηi,j,y (1.23)

The other covariates included as X in Equation (1.22) and Equation (1.23) are con-

structed as follows:

• CitationLagi,y: the total sum of citation counts (as of September 2014 from SSCI)

of author i’s articles published from year y − 5 to year y − 1 in business economics
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journals listed in SSCI. In estimations, log(CitationLagi,y + 1) is used.

• PublicationLagi,y: the number of author i’s articles published from year y−5 to year

y−1 in business economics journals listed in SSCI. In estimations, log(PublicationLagi,y

+1) is used.

• AcademicAgei,y: the elapsed time in years between the year when i earned his doctoral

degree and year y. Several economists published in one of the five journals prior to

earning their degrees. For such authors, I used the year they had their first publication

in one of the five journals, instead of the year of the degree, to calculate their academic

age. In estimations, log(AcademicAgei,y + 1) is used.

• EverEditori: a dummy variable that has a value of one if the author was an editor,

associate editor, or editorial board member of one of the five journals at least once

between 1988 and 2008.

• JnYr FE: fixed effect for each of 105 journal–year pairs

• Grad FE: fixed effect for each of 284 graduate programs

The variables in X, except the journal–year fixed effects, capture author i’s quality.

PublicationLag measures the author’s recent performance in terms of number of publications,

and CitationLag proxies the quality of his recent publications. EverEditor shows whether

an author was good enough to be on the editorial board of one of the five journals during

the sample period.

PublicationLag and CitationLag are constructed from the publication records of all

journals under the subject category of business economics in SSCI. The quality of an au-

thor’s work is as important as, if not more than, the quantity. Hence, an author’s pub-

lication history in higher quality journals may matter more than the publication history

in a wide range of journals. In Section 1.8, I report the estimation results from replacing

PublicationLag and CitationLag with PublicationLag 5Jn and CitationLag 5Jn. The

latter variables are constructed from publications only in the top five journals in my sam-

ple. The replacement does not change the main results.
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In Section 1.2, I assumed that an editor’s taste captures her own preferences for a paper

along dimensions that are not captured by the quality of the paper. However, I do not have

good measures for an editor’s taste and a paper’s alignment with that taste. Given this

restriction, I include the journal–year fixed effect for each of 105 (5 journals × 21 years)

journal–year pairs in regression. The fixed effects account for the effect of a journal-specific

tendency, such as a journal’s inclination toward particular research fields. Also, by allowing

the journal-specific properties to vary year-by-year, I take into account the changes in a

journal’s characteristics due to editor rotation.

The instrument variables used in the first-stage estimation need to be correlated with

the endogenous regressor, AdvisorEditor, and uncorrelated with the unobserved quality

of a paper. To have a chance to be an advisee of an editor, an author must have been a

graduate student in a program at the time when an economist who later became an editor

was affiliated with the program. From the 99 editors’ affiliation histories before and during

their editorship tenures, I derive how many future editors were affiliated with an author’s

graduate program during his graduate studies. Specifically, for an author who earned his

doctoral degree in year y, the variable EditorFaculty counts the number of editor faculty

members who were affiliated with the author’s graduate program in year y − 2 or y − 1 (or

both). Editor faculty members refer to those faculty members who became editors of one

of the five journals at some point between 1988 and 2008.

The editors of the five journals tend to have been affiliated with distinguished graduate

programs. A strictly positive EditorFaculty implies that the author earned his degree from

a distinguished graduate program. Hence, a strictly positive EditorFaculty increases the

chances that the author himself is of high quality. Given the requirement to be uncorrelated

with the unobserved quality of a paper, EditorFaculty by itself may not be a reasonable

candidate for an instrument variable. Accordingly, I also control the graduate program

fixed effects. When the graduate program fixed effects are controlled, whether a group of

authors of similar quality who graduated from the same program had a chance to be an

editor’s advisee is determined solely by timing or luck. Hence, EditorFaculty is a valid

instrument when combined with the graduate program fixed effects.

Based on EditorFaculty, I derive EditorFacultySq = EditorFaculty2 and logEditorFaculty
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= log(EditorFaculty+1). I also construct HadEditor, a dummy variable that has a value

of one if EditorFaculty is strictly positive.

I show the TSLS estimation results, with different instrument combinations, in the

following four specifications:

• Specification (a): HadEditor

• Specification (b): EditorFaculty

• Specification (c): EditorFaculty, EditorFacultySq

• Specification (d): logEditorFaculty

As noted earlier, the sample consists of 4,186 authors. I define the year that an author

first entered academia as the year the author received his doctoral degree. For an author

who published a paper in one of the five journals before he earned the degree, I take the

year of the first publication as the year in which the author first appeared in academia. The

year that an author left academia is the year that he deceased. Over the sample period

of 1990 to 2010, I have observations for an author for the years that he was present in

academia. For each year, I have five observations for an author, one for each of the five

journals. For an author who received the degree before 1990 and was alive until 2010, I have

105 observations (21 years × 5 journals). As a result, the dataset has 341,785 observations.

Table 1.5 summarizes selected sample statistics for the 341,785 observations. In the table,

log V ariable’s are constructed as log(V ariable+1). For variables that do not vary according

to j and y, I also report sample statistics of the variables based on 4,186 authors in Table 1.6.

Among 341,785 observations, 2.84% has Published = 1, and 0.81% has AdvisorEditor = 1.

One last word of caution is that, as mentioned earlier, I only observe published papers

in the five journals during the sample period. For an observation with Publishedi,j,y = 0, I

do not know whether author i submitted a paper to journal j but the paper was rejected, or

whether the author did not submit to journal j from the beginning. It is also possible that

the author did not have a paper to submit at all. Therefore, the fact that 2.84% of 341,785

observations has Published = 1 neither means that 2.84% of submitted papers resulted in

publication nor means that the probability that a random paper is published in one of the
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five journals is 2.84%. It just means that among 341,785 observations made from 4,185

authors, 5 journals, and 21 years, 2.84% of observations involve a publication. Hence, the

probability of publication in a journal refers to the percentage proportion of observations

that involve a publication among all observations corresponding to that journal. With

this dataset, I track an author’s publication history in the five journals since he received a

graduate degree. If his publication pattern changes when his advisor becomes an editor of

one of the five journals, this may be understood as evidence of the existence of the network

effects.

1.5 Publication Probability: OLS Estimation

Before estimating the model with the two stage least squares (TSLS) method, I first es-

timate Equation (1.22) via the ordinary least squares (OLS) method. The coefficient of

AdvisorEditor estimated by the OLS indicates whether an editor’s advisee has a higher

probability of publication in the editor’s journal during her tenure.

Table 1.7 shows the OLS estimation result. Heteroskedasticity-robust standard errors

are reported in parentheses. In the table, the coefficient of AdvisorEditor is positive and

statistically significant. Thus, an economist whose thesis advisor during his graduate study

is an editor of a journal has a higher chance of publication in that journal during the

editor’s tenure. The average probability of publication from all observations is 2.86%.

The probability that an author’s paper is published in a journal with an advisor-advisee

connection is 7.72%, whereas the probability of publication in a journal without an advisor-

advisee connection is 2.82%. Therefore, the probability that an editor’s advisee publishes his

paper in the editor’s journal is 174% higher than the probability that a paper is published

in a journal without an advisor-advisee connection.9

Since the fitted value of Published is a probability of publication, the value must be

between zero and one. Of the 341,785 observations, 94.12% (321,702 observations) have

estimated values between zero and one. The rest have estimated values that are less than

9It is true that a covariate easily passes a significance test when a sample size is very large. As my sample
consists of more than 340,000 observations, the OLS estimation is not safe from the risk. However, I believe
the estimated difference between the publication probability in a journal with a connection and that without
a connection (7.72% vs. 2.82%) is also economically significant, not just statistically significant.
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zero. The table also shows R2 and adjusted R2 of the estimation, and they are less than 2%.

However, R2 and adjusted R2 are not appropriate measures of goodness of fit for a linear

probability model. As the dependent variable takes a value of either one or zero, while

the fitted value varies in a continuous fashion, R2 and adjusted R2 tend to be low. The

values of R2 and adjusted R2 are likely to be lower when the dependent variable is more

skewed. The dependent variable Published is quite skewed as only 2.84% of the 341,785

observations has Published = 1. To provide an idea on the goodness of fit of the estimated

model, I also report the “percentage of correct predictions” as an alternative measure. To

calculate the measure, I consider that the predicted outcome of Published is one if the

fitted value is greater than 0.5, and zero otherwise. This measure reports the percentage of

times the predicted outcome matches the actual value of the dependent variable. For the

OLS estimation, 97.14% of the observations obtains a correct prediction.

The logCitationLag, logPublicationLag, and EverEditor have positive and statisti-

cally significant effects on the probability of publication, as expected. The logAcademicAge

has a negative coefficient, which implies that younger authors publish more papers. This

may reflect the tendency for an economist to be more eager to publish in the early period

of his academic career to be promoted and to gain a reputation.

Estimating Equation (1.22) by OLS, however, does not control for the effect of the

unobservable paper quality. Therefore, the higher publication probability of an editor’s

advisee in the editor’s journal can be attributed to the following three factors: (1) the

bias effect, (2) the information effect, and (3) the systematic difference in papers quality

depending on author’s type, either C or D. In the remaining sections, I will analyze these

three factors’ influence on the publication process and discuss its implications.

1.6 The Network Effects: TSLS Estimation

To control for the effect of unobserved paper quality, I estimate the model using the TSLS

method. If the instruments used in the first-stage estimation are uncorrelated with paper

quality, as well as correlated with AdvisorEditor, conditional on observables, the coefficient

of AdvisorEditor in the second stage regression distinguishes the network effects from the
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effect of systematic difference in papers’ quality depending on authors’ types.

One requirement of valid instruments is that they need to be well correlated with the

endogenous regressor, AdvisorEditor. According to Bound et al. (1995) and Staiger and

Stock (1997), among many others, when the instruments are only weakly correlated with the

endogenous regressor, estimates from the TSLS estimation are biased in the same direction

as the OLS estimates. Furthermore, standard confidence intervals are wrong and tests of

significance have incorrect sizes.

To test whether the instruments are strongly correlated with the endogenous regressor,

I report the F statistic for the test of joint significance of the instruments in the first-stage

estimation. Since the errors are heteroskedastic, the reported statistics are Kleibergen-

Paap rk F instead of Cragg-Donald F statistics. The former is superior to the latter in the

presence of heteroskedasticity. When the F statistic is greater than the critical value for the

weak-identification test provided by Stock and Yogo (2005), the instruments are considered

acceptable. The critical value by Stock and Yogo (2005), based on the test size distortion

of 10% at the 5% significance level, is 16.38 when the number of excluded instruments is

one, and 19.93 when the number of excluded instruments is two.

Baum et al. (2007) state that using Kleibergen-Paap rk F statistics instead of Cragg-

Donald F statistics in the presence of heteroskedasticity is a sensible choice. However,

they also suggest a cautious comparison of Kleibergen-Paap rk F statistics and the critical

value by Stock and Yogo (2005) because the critical values are generated from simulations

assuming i.i.d. errors.

To establish more conservative inferences, I also report the Anderson-Rubin 95% con-

fidence interval (AR CI) by Anderson and Rubin (1949) and the Conditional Likelihood

Ratio 95% confidence interval (CLR CI) by Moreira (2003) for the coefficient estimate of

AdvisorEditor. These are confidence intervals for the null hypothesis that the coefficient

of AdvisorEditor is zero, and they are robust to the existence of weak instruments.10 The

two intervals are equivalent if the model is just-identified. When the model has more ex-

10Because the sample size is large, even though the significance test rejects the hypothesis of weak corre-
lation of the instruments and the endogenous regressor in the first stage estimation, it is still possible the
instruments are not well correlated with the endogenous regressor. Due to this possibility, I report AR CI
and CLR CI, which provide appropriate confidence intervals for significance tests when the instruments are
only weakly correlated with the endogenous regressor.
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cluded instruments than endogenous regressors, Andrew et al. (2006) showed that CLR CI

performs better than AR CI in terms of the power of a test. For comparison, the usual

Wald 95% confidence interval, non-robust to weak instruments, is also provided.

Valid instruments should also be uncorrelated with the error term. The test of this

requirement, called the over-identification test, can be performed only when there are more

excluded instruments than endogenous regressors. Therefore, I report the p-value of the

over-identification test based on Hansen’s J statistic whenever possible. The null hypothesis

of the test is that the instruments are uncorrelated with the error term.

Tables 1.8 and 1.9 show the TSLS estimation results from four different instrument

combinations:

• Specification (a): HadEditor

• Specification (b): EditorFaculty

• Specification (c): EditorFaculty, EditorFacultySq

• Specification (d): logEditorFaculty

The first-stage and second-stage estimation results from Specification (a) and Specification

(b) are shown in Table 1.8, and the results from Specification (c) and Specification (d) are

reported in Table 1.9.

For Specifications (a), (b), and (d), the coefficients of the instruments in the first stage

are estimated positive, as expected. This result implies that the more future editors affiliated

with an author’s graduate program when the author was a graduate student, the higher the

author’s chance of having an advisor-advisee connection with an editor. For Specification

(c), the coefficient of EditorFaculty is positive, whereas the coefficient of EditorFacultySq

is negative in the first-stage estimation. The variable AdvisorEditor concavely increases in

EditorFaculty until EditorFaculty becomes 10.82, and then decreases in EditorFaculty.

The 99th percentile of EditorFaculty is 11 and its maximum is 14. Therefore, in most of

the plausible region, AdvisorEditor is estimated to increase in EditorFaculty.

The first stage F statistics for the significance of the instruments are well above the crit-

ical value provided by Stock and Yogo (2005) for all specifications. Hence, the instruments
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for each specification appear strong enough, in terms of their significance in the first-stage

estimations.

The first stage estimations have low R2’s. However, as the dependent variable of the

first stage estimations is a dummy variable, R2 is not an appropriate measure of goodness

of fit. I report the percentage of correct predictions for each specification, and 99.19% of

observations has a correct prediction for the first stage estimations.

An interesting result in the first-stage estimation is that AdvisorEditor and logPubli-

cationLag are negatively correlated for all four specifications. This result indicates that

an author’s publication in the past five years, in all business economics journals listed in

SSCI, is negatively correlated with the chance of the author’s advisor becoming an editor

of one of the five journals. An average author in the sample published 2.43 articles in the

five journals in the 21 years from 1990 to 2010, and published 15.09 articles in other SSCI

journals during the same period. Hence, the publications in the five journals comprise a

small portion of an author’s entire publication history. The negative correlation may be

caused by the tendency that an author who publishes more work in journals other than

the five journals and fewer in the five journals is less likely to be an advisee of an editor of

the five journals. Another possible explanation for this observation is that, to increase the

chance of publication, an author with a finished paper may wait until his advisor becomes

an editor of a journal, and then submit the paper to the journal during the advisor’s tenure.

This conjecture explains the negative correlation between the author’s past publication and

AdvisorEditor.

In the second-stage estimation, the magnitude and sign of the coefficients of the covari-

ates other than AdvisorEditor remain similar to the results from the OLS estimation for

all four specifications.

The estimate of the coefficient of AdvisorEditor for Specification (a) is positive, whereas

the estimates for the other three specifications are negative. However, in all specifications,

the estimates are not statistically significant at the usual significance level. I cannot reject

the hypothesis that the coefficient of AdvisorEditor is zero. For all four specifications, the

AR CI is a subset of the Wald CI. For Specification (c), the CLR CI is shifted to the left from

the Wald CI. In all specifications, the null hypothesis that the coefficient of AdvisorEditor
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is zero is still accepted under the two methods robust to the existence of weak instruments,

since zero belongs to all the confidence intervals.

The coefficient of AdvisorEditor estimated by the TSLS method measures the influence

of the network effects on an author’s publication probability in his advisor’s journal. The

results indicate that the combination of the two network effects, the bias effect and the

information effect, does not increase the publication probability of an author’s paper in

his advisor’s journal. This implies that the higher publication probability of an editor’s

advisee observed in the OLS result is mainly driven by the systematic difference in quality

of papers written by different types of authors. An editor’s advisee tends to write higher-

quality papers on average than the other authors, so the advisee has a higher probability

of publication in his advisor’s journal than the other authors.

The TSLS estimation results show that the combination of the bias effect and the infor-

mation effect does not have a significant influence on an author’s publication probability.

However, this does not imply that each of the two network effects does not have any impact

on a paper’s publication process. As discussed at the end of Section 1.2.4, the two network

effects tend to change an author’s publication probability in his advisor’s journal in the

opposite direction. An editor’s positive bias in favor of her advisee increases the advisee’s

publication probability in the editor’s journal. However, when the bias is large enough,

that is b + t1 > t2, the information effect tends to decrease the publication probability as

the editor’s information becomes more accurate. On the contrary, when b is small, that is,

if b + t1 < t2 is the case, a smaller b, which could be a negative number representing the

negative bias effect, reduces an author’s publication probability in his advisor’s journal. In

this case, more accurate information increases the author’s publication probability in his

advisor’s journal. As the two network effects have a tendency to cancel each other, it is

possible that the aggregated network effects do not have a significant impact on an author’s

publication probability, while each of them influences a paper’s publication process.

Even if the bias effect is zero, the TSLS estimation result can still coincide with a

nonzero information effect. The TSLS estimation result states that the network effects

do not change the “average” publication probability. The information effect increases the

publication probability of a high quality paper and decreases the publication probability of
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a low quality paper. Therefore, it is possible that the information effect exists and changes

the publication probability of papers depending on their qualities, but does not alter the

“average” publication probability of papers.

Therefore, although the aggregated network effects do not change an author’s publication

probability in his advisor’s journal, this does not necessarily mean that the bias effect and

the information effect have no influence on a paper’s publication process. As discussed in

Section 1.2.5, the existence of the network effects have an impact on the quality of published

papers. In the following section, I analyze the quality of published papers, measured by their

citation counts, to shed light on the influence of the network effects on papers’ publication

process.

1.7 The Network Effects: Citation Count Analysis

1.7.1 Estimation Model and Variables

In Section 1.2.5, I discussed the influences of the network effects on the expected quality

of published papers. A published paper belongs to one of four categories, C1, C2, C0, or

D0, depending on the author’s type, and the journal and the period in which the paper is

published. Since the network effects cause a difference in the expected quality of published

papers across different types, empirical analysis of the quality of published articles will

reveal the role and implication of the network effects in a paper’s publication process.

I use the citation count of a published article as a proxy of the quality of the article.

Using citation counts to measure the quality of papers can pose some problems. First, a

paper’s citation count increases even when the paper is cited to be criticized. Second, the

citation count is often affected not only by the paper’s quality but also by the author’s

reputation. Merton (1963) points out the existence of the “Matthew effects” in science,

which describes the phenomenon wherein a researcher with an established reputation gains

more credit from their work than lesser-known researchers do. Despite these drawbacks,

the citation count is often used as a measure of a paper’s quality because it captures the

paper’s overall influence in academia, and it is difficult to find a more reasonable measure.

Using the data from 5,730 articles published in the five journals from 1990 to 2010, I
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estimate the following equation by the negative binomial regression:

E[Citationp] = Exp[α0 + α1C1p,i + α2C2p,i + α3C0p,i

+ α4C1coauthorp,i + α5C2coauthorp,i + α6C0coauthorp,i

+ α7AcademicAgep,i + α8AcademicAgeSqp,i

+ α9C AcademicAgep,i + α10C AcademicAgeSqp,i

+ α11CitationLagp,i + α12PublicationLagp,i + α13EverEditori

+ α14NumAuthorsp + α15PaperLengthp + α16LeadArticlep

+ JnY rFEp +GradFEi + JELFEp + νp,i]

(1.24)

The unit of observation is a paper-author pair (p, i). For each paper, I have as many

observations as the number of authors of the paper. The dependent variable, Citationp, is

the citation count of paper p from SSCI as of September 2014.

The variable C1p,i is a dummy variable that indicates a C1-type paper. If author i’s

paper p was published in his advisor’s journal during the advisor’s editorship tenure, the

variable has a value of one. The variable C2p,i indicates a C2-type paper. It takes a

value of one if the author’s paper p is published in a journal while he has an advisor-

advisee connection with another journal in the same period. Another dummy variable C0p,i

indicates a paper written by a C-type author and published during periods when his advisor

is not an editor of any of the journals. Therefore, a C-type author has C1 + C2 + C0 = 1.

An observation with C1 + C2 + C0 = 0 is a D0-type paper.

In the discussion of the theoretical framework, I implicitly assumed that a paper is

written by a single author. According to the data, however, a paper is written by 1.88

coauthors on average. To take into account the effect of being a coauthor of an economist

with an advisor-advisee connection with a journal editor, the dummy variables C1coauthor,

C2coauthor, and C0coauthor are introduced. C1coauthorp,i has a value of one if C1p,i = 0

and one of i’s coauthors of paper p has C1p,i′ = 1. The variable C2coauthorp,i has a value

of one if i’s coauthor of paper p has C2p,i′ = 1 while C2p,i = 0. The variable C0coauthorp,i

is constructed in a similar way.

For paper p which was published in journal j in year y, CitationLagp,i, PublicationLagp,i,
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AcademicAgep,i, and EverEditori are carried over from Section 1.4. I also include Aca-

demicAgeSq, which is the squared AcademicAge. In addition to AcademicAge and Academ-

icAgeSq, I also consider the interaction effect of being a C-type author and his academic age

on his paper’s citation counts. The variable C AcademicAge and C AcademicAgeSq are

defined as C AcademicAge = (C1 + C2 + C0) × AcademicAge and C AcademicAgeSq =

(C1 + C2 + C0)×AcademicAgeSq.11

Besides the fixed effects, the other variables included in the regression are summarized

as follows:

• NumAuthorsp: the number of authors of paper p

• PaperLengthp: the number of pages of paper p

• LeadArticlep: a dummy variable that takes a value of one if paper p is the first article

in an issue of a journal among the articles in the sample.

Aside from highly correlated with its quality, a paper’s citation count is also likely to be

high if the paper is about a subject many economists are working on. To partially control

for this effect arising from the size of economists working on the same subject as the paper,

I include Journal of Economic Literature (JEL) code fixed effects in the regression. The

JEL classification system categorizes a paper’s field of study. The system has 20 primary

categories. For example, category G represents Financial Economics, and category J is for

Labor and Demographic Economics. None of the papers in my sample lists Y, Miscellaneous

Categories, as its JEL classification, so I control for JEL code fixed effects for the set of

19 primary JEL categories. The classification system cannot map how different “camps” of

researchers who have similar style and orientation are grouped, but inclusion of those fixed

effects controls the research field specific effect on citation counts.

Table 1.10 shows the sample statistics for 10,166 observations. Among 10,166 observa-

tions, 16.03% are observations of the C-type authors. Among the observations of the C-type

authors, 16.00% of them have C1 = 1. In relation to all 10,166 observations, 2.56% of them

have C1 = 1. The average AcademicAge of all observations is 12 years. The C-type authors

11I considered interaction effects of being a C-type author and the other variables, but only the interaction
with AcademicAge and AcademicAgeSq have a statistically significant effect on a paper’s citation count.
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have a smaller mean of AcademicAge than the D-type authors. This implies that a C-type

author succeeds in publishing his paper in one of the five journals at a younger academic

age than does a D-type author. For the variables whose value is fixed for a given paper and

do not vary across its authors, Table 1.11 reports statistics based on 5,730 articles. The

average of Citation of 5,730 articles is 89.17.

Table 1.12 summarizes the citation counts of each paper type. On average, papers

written by the C-type authors tend to be cited more often than papers written by the D-

type authors. Among the C-type authors’ papers, the C1-type papers, which are published

in an author’s advisor’s journal during the advisor’s editorship tenure, have higher citation

counts. The C2-type papers have a higher citation count than the C0-type papers. This

observation implies that a C-type author’s paper published in a journal without an advisor-

advisee connection, during the period in which his advisor is an editor of another journal,

tends to be cited more often than a paper published during the period when he does not

have an advisor-advisee connection with any of the journals. This observation may also be

explained by a type of network effect. Although an author’s paper is not published in his

advisor’s journal, the fact that his advisor is an editor of a prominent journal may help the

paper be more easily recognized and cited.

1.7.2 Estimation Results

Table 1.13 shows the negative binomial estimation result of Equation (1.24). The first

column shows the estimated coefficient, the second column shows the standard error of the

estimates, and the last column shows the average marginal effect of each variable.

All three paper-type dummies, C1, C2, and C0, have positive and statistically significant

coefficients. Therefore, the papers written by C-type authors are cited more often than the

D-type authors’ papers.

The C0-type papers are the ones written by C-type authors but published during the

period when their advisors were not editors of any of the journals. Thus, the network effects

had no influence on the publication process of the C0-type papers. Hence, the positive

coefficient of the variable C0 is evidence that a C-type author tends to write higher-quality

papers than a D-type author. There is a systematic difference in the quality of papers
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written by different types of authors. This complements the results from the OLS and the

TSLS estimations.

Of the three paper-type variables, the variable C1 has the highest estimated coefficient.

An author’s paper published in his advisor’s journal during the advisor’s editorship tenure

has higher citation counts than papers published in other journals or during other periods

of time. It is not possible to separately identify the information effect and the bias effect,

but the combined network effects give rise to the publication of higher-quality papers in a

journal. One possible scenario is that the information effect and the negative bias effect

coexist, and both of them increase the citation counts of the C1-type papers. I cannot rule

out the possibility of the positive bias effect, which would lead to an author’s low-quality

paper being published in his advisor’s journal. However, the estimation results show that

even if the positive bias effect exists, the information effect dominates the positive bias

effect in terms of their effects on the quality of published articles. It is also possible that

only the information effect is at work while the bias effect does not play a role. In any case,

the estimation result suggests that an editor’s more accurate information about her advisee

results in the submission and acceptance of higher-quality papers.12

Comparing the effects of C2 and C0, the estimated coefficient of C2 is greater than that

of C0. According to the discussion in Section 1.2.5, these results imply that the submission

threshold ŝw is quite high, and that an editor’s advisee tends to write a paper better-aligned

with his advisor’s taste than with other editors’ tastes.

The variable C1coauthor has a positive and statistically significant coefficient at the 5%

significance level, while the other two coauthor variables do not. This reemphasizes that

the C1-type papers are cited more often than the other papers written by C-type authors.

Regarding the effect of an author’s academic age on citation counts, I consider the possi-

bility that the effect is nonlinear. I also test whether the two types of authors have different

effects of academic age on citation counts. Both the first-order effect and the second-order

effect are statistically significant, and the interaction effects are also statistically significant.

12If only the negative bias effect is at work and the information factor has no impact, authors would not
submit their papers to their advisors journal regardless of their signals on quality of their papers, so there
would be no C1-type papers. Hence, the existence of C1-type papers suggests that the information effect
plays a role.
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The effect for the D-type authors decreases concavely until his academic age hits 25 and

starts to increase after that. Among the D-type authors, 90% of them have academic ages

less than or equal to 25. For the C-type authors, the effect of academic age on citation

counts decreases until the age becomes 21 and starts to increase after that. Among the C-

type authors, 94% of them have academic experience less than or equal to 21 years. Since an

author is usually more motivated in the early period of his career, and also because a paper

published in early period had more time to accumulate citation counts, papers written in

the early part of an author’s career tend to have higher citation counts.

The statistically significant negative coefficient of C AcademicAge, the first-order inter-

action term, implies that being a C-type author has a greater effect on his citation counts in

the early period of his career, and this effect decreases as the author gains more experience.

For a rookie lacking much research experience, the quality of training he received during

his graduate study is an important determinant of the quality of his paper. The fact that

a C-type author was trained by a distinguished economist who later becomes an editor of

one of the five journals has a significant effect on the quality of the author’s early papers.

However, as the author gains more research experience, his experience matters more than

his graduate training. The effect of being a C-type author on the quality of the author’s

paper thus diminishes as the author gains more experience. In addition, before an au-

thor’s research agenda and style are established, evaluating the quality of his work benefits

greatly from the information advantage of the author’s advisor. As the author becomes a

more established researcher, evaluating the quality of his papers may be easier than before

and the importance of the advisor’s information advantage declines. In other words, the

role of the information effect in evaluating the quality of an author’s paper may become

less significant as the author gains more research experience. The negative coefficient of

the first-order interaction term between being a C-type author and his academic age may

reflect these conjectures.

In Table 1.13, the positive coefficients of CitationLag and EverEditor are intuitive. An

author’s number of publications in recent years (PublicationLag) does not have a statisti-

cally significant effect on the citation count of the author’s current article. A paper that

deals with a complicated problem is often written by collaboration of multiple authors, and
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tends to be long. The positive coefficients of NumAuthors and PaperLength reflect the

observation that papers tackling complicated problems have a greater influence in academia

and are cited more often. The editorial convention of placing a better-quality paper at the

beginning of a journal issue explains the positive coefficient of LeadArticle.

The difference in the average quality of each paper type, as measured by the citation

counts data, shows that the network effects exist and affect a paper’s publication decision

process. In particular, the network effects decrease the publication of poor-quality papers

and increase the publication of high-quality papers. Hence, the existence of an advisor-

advisee connection between an author and an editor brings a positive outcome, at least in

terms of the publication of good-quality articles.

1.8 Robustness Check: Publication History in the Five Jour-

nals

In the main analysis, CitationLag and PublicationLag variables are used to capture an au-

thor’s recent performance. The two variables are constructed from the author’s publication

in the previous five years in all journals listed under the subject category of business eco-

nomics in SSCI. More than 300 journals are listed in SSCI, so the variables are made from

publication records in a wide range of journals. When an economist is evaluated, however,

the quality of journals in which his papers are published also matters. A small number of

publications in high-quality journals can be more important for a researcher than many pub-

lications in mediocre journals. Hence, in this section, I show the estimation results from re-

placing CitationLag and PublicationLag with CitationLag 5Jn and PublicationLag 5Jn,

respectively. CitationLag 5Jn and PublicationLag 5Jn are constructed from an author’s

publication history in the five journals, AER, Econometrica, JPE, QJE, and REStud, instead

of all the journals listed in SSCI. Since these five journals are considered “top” journals,

the new variables measure an author’s recent performance in good quality journals.

Table 1.14 shows selected summary statistics of the new variables. The first four rows

show statistics of the new variables used for estimating Equation (1.22) and Equation (1.23).

The log V ariable is constructed as log(V ariable + 1). The statistics for CitationLag and
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PublicationLag are provided for comparison. On average, articles published in the five

journals have higher citation counts than articles published in all SSCI journals. (106.47 =

72.40/0.68 > 45.29 = 183.43/4.05). The seventh and eighth rows of Table 1.14 report the

statistics of the new variables used in estimating Equation (1.24). Again, the statistics for

CitationLag and PublicationLag are provided for comparison.

Table 1.15 shows the estimation results of Equation (1.22) and Equation (1.23) from

the OLS and the TSLS methods with CitationLag 5Jn and PublicationLag 5Jn, instead

of CitationLag and PublicationLag. For the TSLS estimations, I only report the result

from Specification (d). The results from the other three specifications are not qualitatively

different from the reported results.

The coefficient of logCitationLag 5Jn is positive and statistically significant, as the co-

efficient of logCitationLag is in the main analysis. For all specifications, logCitationLag 5Jn

has a larger effect than logCitationLag on Published and has a smaller effect on AdvisorEd-

itor. The variable logPublicationLag 5Jn, however, does not have a significant effect on

Published and AdvisorEditor for all specifications.

The coefficient of AdvisorEditor for the OLS estimation is positive and statistically

significant, as before. The coefficient of AdvisorEditor for the TSLS specification (d)

becomes positive, but it is still not statistically different from zero.

Table 1.16 shows the results from estimating Equation (1.24) by negative binomial

regression. The coefficient of CitationLag 5Jn is similar to the coefficient of CitationLag.

The coefficients of PublicationLag 5Jn have a negative sign as opposed to the coefficients

of PublicationLag, but they are not statistically significant.

The magnitudes of the coefficients of C1, C2, and C0 and their average marginal effects

are smaller than those in the main analysis. However, the order of magnitudes among the

coefficients of C1, C2, and C0 remains the same to the results from the main analysis for

both specifications.

In summary, replacing CitationLag and PublicationLag with CitationLag 5Jn and Publi-

cationLag 5Jn does not change the conclusion of the main model. The aggregated network

effects do not change an author’s publication probability in his advisor’s journal. However,

the network effects results in more publication of higher quality papers and less publication
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of lower quality papers.

1.9 Concluding Remarks

Academic researchers are evaluated based on their publications. They also make contri-

butions to academia through their publications. As such, the process of submitting and

reviewing one’s work for publication in journals is central to the long-term success of both

the individual researchers and academia as a whole. This paper sheds light on further un-

derstanding the process by examining an important and yet relatively new type of network

in the world of economists, the advisor-advisee network. Specifically, this paper asks if the

existence of an advisor-advisee connection between an editor and an author affects which

journal an author publishes his or her paper in, and studies the connection’s impact on the

quality of published papers.

These questions are addressed using a dataset consisting of 5,730 articles published in

the five general-interest journals from 1990 to 2010 and 4,186 authors of those articles.

Empirical tests show that the probability that an author publishes a paper in a journal

for which the author’s advisor is an editor is higher by 174% than the probability that an

author publishes a paper in a journal without an advisor-advisee connection.

One driving force behind the higher publication probability is the likelihood that an

editor’s advisee writes papers of systematically higher quality than other economists. The

further empirical analysis using the citation counts data of published papers reveals the

influence of the information effect of the advisor-advisee network in a paper’s publication

process. A paper written by an editor’s advisee and published in the editor’s journal is

cited more often than the other papers. The results suggest that the existence of an advisor-

advisee connection between an editor and an economist helps the editor lower the possibility

of making a mistake in selecting the right papers to publish. The probability of accepting

a poor-quality paper, and the probability of rejecting a good-quality paper are reduced due

to the advisor-advisee connection. My study is inconclusive on whether a journal editor has

a bias in favor of or against her advisees. Still, even if the positive bias effect exists, it is

dominated by the information effect. Therefore, the existence of advisor-advisee connections
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between editors and authors brings positive result, at least in terms of publishing high-

quality articles.

This study uses a dataset constructed from publications in the top five economics jour-

nals. It would be interesting to study how the findings would change if similar analysis was

performed on lower-ranked journals. With lower-ranked journals, the difference between

the average quality of papers written by editors’ advisees and the average quality of papers

written by other authors would be relatively smaller. Also, if papers submitted to lower-

ranked journals have larger variation in their qualities than papers submitted to the five

journals do, the impact of the information factor on the publication process would be less

significant. Under these conjectures, I think the difference in the probability of publication

in a journal with an advisor-advisee connection and that in a journal without a connection

would be smaller for lower-ranked journals. Also, a similar logic suggests the difference in

citation counts of papers published in a journal with a connection and that of papers pub-

lished in a journal without a connection would also decrease. Of course, these conjectures

need to be tested to confirm whether they are born out by data.

In addition to the advisor-advisee network, there are other important networks in the

world of economists, such as the colleague network and the co-author network. Analyzing

the effects of various networks on academic publication and studying the differences across

the networks will be an interesting future project.
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1.10 Tables for Chapter 1

Table 1.1: Selected Information on 4,186 Economists (Observations: 4,186)

Mean Std. Dev.
1th 25th 50th 75th 99th

Pctl Pctl Pctl Pctl Pctl

C-typeAuthor (dummy) 0.1120 0.3155 0 0 0 0 1

CumPaper 5Jn 2.4288 2.7488 1 1 1 3 14

CumPaper SSCI 15.0858 13.2699 1 6 11 20 62

GradYear 1990.17 11.00 1961 1983 1992 1999 2009

C-typeAuthor is a dummy variable that has a value of one if the economist’s advisor has been
an editor of one of the five journals during some period between 1988 and 2008. CumPaper 5Jn
for an economist counts the number of the economist’s articles published in the five journals
during 1990-2010. CumPaper SSCI is the number of articles published in all SSCI journals
during 1990-2010. GradYear for an economist is the year in which the economist received his
doctoral degree.

Table 1.2: Length of Editor Tenure (years)

Mean Std. Dev.
1th 25th 50th 75th 99th

Pctl Pctl Pctl Pctl Pctl

All 5 Journals 6.06 3.57 2 4 5 6 20

AER 5.08 2.95 2 4 4 6 17

Econometrica 5.24 0.95 4 5 5 6 9

JPE 8.00 4.72 3 4.5 7 10 20

QJE 10.22 5.89 5 6 10 10 24

REStud 4.70 1.69 1 4 5 5 8

Statistics made from 99 editors. If an economist was listed as an editor for an
issue of a journal in a given year, the economist is considered an editor of the
journal for the year.
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Table 1.3: Ten Largest Authors’ Graduate Programs and Editors’ Past Affiliations

Authors’
Number of Authors

Editors’
Number of Editors

Graduate Programs Past Affiliations

MIT 380 (9.08%) U Chicago 26

Harvard 355 (8.48%) Princeton 19

U Chicago 259 (6.19%) Harvard 16

Stanford 241 (5.76%) LSE 11

UC Berkeley 189 (4.52%) Stanford 9

Princeton 168 (4.01%) Northwestern 8

Yale 165 (3.94%) MIT 7

U Minnesota 119 (2.84%) Yale 7

Northwestern 117 (2.80%) UC Berkeley 6

U Pennsylvania 112 (2.68%) U Pennsylvania 6

Numbers in parentheses in the second column are the percentages relative to the total of 4,186
authors in the sample. Numbers in the fourth column are the number of economists who was
affiliated with the graduate program and later became an editor of the five journals during some
period between 1988 and 2008. The total number of editors of the five journals between 1988
and 2008 is 99. As the economists changed their affiliations over time, the sum of the number of
editors for the 10 programs already exceeds 99. The total sum of the editors from all institutions
is 224, reflecting the changes of affiliations.
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Table 1.4: Selected Information for the Five Journals

Obs. Mean
Std. 1th 25th 50th 75th 99th

Dev. Pctl Pctl Pctl Pctl Pctl

Number of Editors per Year

All 5 Journals 105 4.62 1.47 2 3 4 6 8

AER 21 5.33 1.24 4 4 5 6 7

Econometrica 21 5.90 1.30 4 5 6 7 8

JPE 21 5.19 0.93 4 5 5 6 7

QJE 21 3.05 0.22 3 3 3 3 4

REStud 21 3.62 0.92 2 3 4 4 5

Number of Article Published in a Year

All 5 Journals 105 55.05 20.60 28 41 49 62 103

AER 21 90.52 10.39 62 88 94 96 106

Econometrica 21 57.38 10.59 46 50 54 62 92

JPE 21 43.95 7.81 30 41 45 49 56

QJE 21 43.10 5.01 38 40 42 44 58

REStud 21 40.29 8.14 25 36 40 46 57

Number of Type C1 Articles Published in a Year

All 5 Journals 105 2.38 2.33 0 0 2 4 8

AER 21 2.71 2.41 0 1 2 4 9

Econometrica 21 1.81 1.63 0 1 1 2 7

JPE 21 2.48 1.99 0 1 2 4 7

QJE 21 4.76 1.95 2 3 5 6 8

REStud 21 0.14 0.48 0 0 0 0 2

Percentage of Type C1 Articles Published in a Year

All 5 Journals 105 4.58 4.81 0 0 3.23 6.82 16.67

AER 21 2.92 2.51 0 1.10 2.30 4.40 9.57

Econometrica 21 3.24 2.95 0 1.72 2.04 3.70 11.11

JPE 21 5.29 4.00 0 2.38 5.36 8.16 14.29

QJE 21 11.07 4.42 3.77 7.50 11.63 13.64 21.05

REStud 21 0.38 1.24 0 0 0 0 4.88

Statistics calculated from 99 editors, 4,186 authors, and 5,730 articles published from
1990 to 2010 in the five journals
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Table 1.5: Sample Statistics 1 (Observations: 341,785)

Mean Std. Dev.
1th 25th 50th 75th 99th

Pctl Pctl Pctl Pctl Pctl

Published (dummy) 0.0284 0.1660 0 0 0 0 1

AdvisorEditor (dummy) 0.0081 0.0895 0 0 0 0 0

CitationLag 183.4284 406.9157 0 9 63 196 1732

logCitationLag 3.6540 2.1815 0 2.3026 4.1589 5.2832 7.4576

PublicationLag 4.0456 4.0790 0 1 3 6 18

logPublicationLag 1.3090 0.8176 0 0.6931 1.3863 1.9459 2.9444

AcademicAge 14.2158 10.3199 0 6 12 21 43

logAcademicAge 2.4253 0.8716 0 1.9459 2.5649 3.0910 3.7842

EverEditor (dummy) 0.1230 0.3284 0 0 0 0 1

EditorFaculty 1.9317 2.7058 0 0 1 3 12

EditorFacultySq 11.0529 27.0881 0 0 1 9 144

logEditorFaculty 0.7578 0.7590 0 0 0.6931 1.3863 2.5649

HadEditor (dummy) 0.5932 0.4912 0 0 1 1 1

The unit of observation is an author-journal-year (i, j, y) triple; Published: a dummy variable that has
a value of one if author i published at least one paper in journal j in year y; AdvisorEditor: a dummy
variable that has a value of one if i’s advisor is an editor of the journal j in year y − 2; CitationLag:
the total sum of citation counts (as of September 2014 from SSCI) of author i’s articles published from
year y − 5 to year y − 1 in business economics journals listed in SSCI; PublicationLag: the number
of author i’s articles published from year y − 5 to year y − 1 in business economics journals listed in
SSCI; AcademicAge: the elapsed time in years between the year when i earned his doctoral degree
and year y. For authors who published a paper in one of the five journals before they received their
degree, the year they had their first publication in one of the five journals instead of the year of the
degree is used to calculate their academic age; EverEditor: a dummy variable that has a value of one if
author i was an editor, including being an associate editor or an editorial board member, of one of the
five journals at least once between 1988 and 2008; EditorFaculty: for author i who earned his degree
in year t, EditorFaculty counts the number of faculty members who were affiliated with the author’s
graduate program in year t− 2 or t− 1 (or both) and became an editor of one of the five journals at
some point between 1988 and 2008; EditorFacultySq = EditorFaculty2; HadEditor: a dummy variable
that has a value of one if EditorFaculty is strictly positive; logVariable = log(Variable + 1).

Table 1.6: Sample Statistics 2. Author-based (Observations: 4,186)

.

Mean Std. Dev.
5th 25th 50th 75th 95th

Pctl Pctl Pctl Pctl Pctl

EverEditor (dummy) 0.1061 0.3080 0 0 0 0 1

EditorFaculty 1.9694 2.7338 0 0 1 3 12

EditorFacultySq 11.3507 27.9865 0 0 1 9 144

logEditorFaculty 0.7701 0.7621 0 0 0.6931 1.3863 2.5649

HadEditor (dummy) 0.5979 0.4904 0 0 1 1 1

The variables shown in this table are fixed for an author and do not depend on journals and
years. The sample statistics are calculated from author-based 4,186 observations. One observa-
tion is from an author.

54



Table 1.7: OLS Estimation Result (observations: 341,785)

Dependent Variable: Published

AdvisorEditor 0.04903∗∗∗

(0.00538)

logCitationLag 0.00153∗∗∗

(0.00026)

logPublicationLag 0.00819∗∗∗

(0.00072)

logAcademicAge -0.00857∗∗∗

(0.00037)

EverEditor 0.03476∗∗∗

(0.00126)

Constant 0.07973∗∗∗

(0.00613)

JnYr, Grad FE Yes

R2 0.0172

Adjusted R2 0.0161

% obs. with fitted value ∈ [0.1] 94.12%

% obs. of correct predictions 97.14%

Robust standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
% obs. of correct predictions (the percentage of correct
predictions) is shown to provide an idea on the goodness
of fit of the estimated model. To calculate the measure,
I consider that the predicted outcome of Published is
one if the fitted value is greater than 0.5, and zero oth-
erwise. This measure reports the percentage of times
the predicted outcome matches the actual value of the
dependent variable.
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Table 1.8: TSLS Estimation Results (observations: 341,785)

Specification (a) Specification (b)

2nd Stage 1st Stage 2nd Stage 1st Stage

Published AdvisorEditor Published AdvisorEditor

AdvisorEditor 0.02780 -0.00725

(0.15118) (0.09538)

logCitationLag 0.00155∗∗∗ 0.00118∗∗∗ 0.00160∗∗∗ 0.00106∗∗∗

(0.00032) (0.00015) (0.00028) (0.00015)

logPublicationLag 0.00815∗∗∗ -0.00171∗∗∗ 0.00810∗∗∗ -0.00161∗∗∗

(0.00076) (0.00037) (0.00074) (0.00037)

logAcademicAge -0.00868∗∗∗ -0.00457∗∗∗ -0.00886∗∗∗ -0.00344∗∗∗

(0.00088) (0.00023) (0.00062) (0.00023)

EverEditor 0.03485∗∗∗ 0.00417∗∗∗ 0.03500∗∗∗ 0.00444∗∗∗

(0.00139) (0.00062) (0.00131) (0.00062)

Constant 0.08026∗∗∗ 0.01908∗∗∗ 0.08114∗∗∗ 0.01820∗∗∗

(0.00713) (0.00265) (0.00657) (0.00268)

HadEditor (IV) 0.00583∗∗∗

(0.00029)

EditorFaculty (IV) 0.00225∗∗∗

(0.00014)

JnYr, Grad FE Yes Yes Yes Yes

R2 0.0183 0.0190

Adjusted R2 0.0171 0.0179

F for Joint Significance of IVs 402.79 261.59

Stock & Yogo Critical Value 16.38 16.38

AR 95% CI [-0.27, 0.32] [-0.19, 0.18]

Wald 95% CI [-0.27, 0.32] [-0.19, 0.18]

% obs. with fitted value ∈ [0.1] 94.14% 94.11%

% obs. of correct predictions 97.14% 99.19% 97.14% 99.19%

Standard errors robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01; Stock &
Yogo Critical Value indicates the critical value for the weak-identification test based on the test distortion
of 10% at the 5% significance level from Stock and Yogo (2005); AR 95% CI is the Anderson-Rubin 95%
confidence interval, and CLR 95% CI is the Moreira (2003)’s Conditional Likelihood Ratio 95% confidence
interval. The null hypothesis for the two CIs is that the coefficient of AdvisorEditor is zero. When the
model is just identified, AR CI and CLR CI are equivalent. The intervals are robust to the existence of
weak instruments; Wald 95% CI, not robust to weak instruments is provided for comparison; The null
hypothesis of the over-identication test is that the instruments are uncorrelated with the error term. The
over-identication test can be performed when there exist more instruments than endogenous regressors.
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Table 1.9: TSLS Estimation Results (continued) (observations: 341,785)

Specification (c) Specification (d)

2nd Stage 1st Stage 2nd Stage 1st Stage

Published AdvisorEditor Published AdvisorEditor

AdvisorEditor -0.06863 -0.04949

(0.08570) (0.08771)

logCitationLag 0.00167∗∗∗ 0.00106∗∗∗ 0.00165∗∗∗ 0.00108∗∗∗

(0.00028) (0.00015) (0.00027) (0.00015)

logPublicationLag 0.00800∗∗∗ -0.00165∗∗∗ 0.00803∗∗∗ -0.00170∗∗∗

(0.00074) (0.00037) (0.00074) (0.00037)

logAcademicAge -0.00918∗∗∗ -0.00323∗∗∗ -0.00908∗∗∗ -0.00329∗∗∗

(0.00057) (0.00023) (0.00059) (0.00023)

EverEditor 0.03526∗∗∗ 0.00439∗∗∗ 0.03518∗∗∗ 0.00428∗∗∗

(0.00130) (0.00062) (0.00130) (0.00062)

Constant 0.08267∗∗∗ 0.01514∗∗∗ 0.08219∗∗∗ 0.01425∗∗∗

(0.00650) (0.00269) (0.00650) (0.00267)

EditorFaculty (IV) 0.00411∗∗∗

(0.00025)

EditorFacultySq (IV) -0.00019∗∗∗

(0.00003)

logEditorFaculty (IV) 0.00820∗∗∗

(0.00034)

JnYr, Grad FE Yes Yes Yes Yes

R2 0.0193 0.0192

Adjusted R2 0.0179 0.0180

F for Joint Significance of IVs 238.3 582.57

Stock & Yogo Critical Value 19.93 16.38

AR 95% CI [-0.23, 0.09] [-0.22, 0.12]

CLR 95% CI [-0.24, 0.09]

Wald 95% CI [-0.24, 0.10] [-0.22, 0.12]

Over-ID test p-value 0.2259

% obs. with fitted value ∈ [0.1] 93.42% 93.52%

% obs. of correct predictions 97.14% 99.19% 97.14% 99.19%

Refer to the table note of Table 1.8.
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Table 1.10: Sample Statistics 3 (Observations: 10,166, C-type Observations: 1,630, D-type
Observations: 8,536)

Mean Std. Dev.
1th 25th 50th 75th 99th

Pctl Pctl Pctl Pctl Pctl

Citation 93.3967 171.0832 1 19 45 102 804

C1 (dummy) 0.0256 0.1579 0 0 0 0 1

C2 (dummy) 0.0419 0.2004 0 0 0 0 1

C0 (dummy) 0.0929 0.2902 0 0 0 0 1

C1coauthor (dummy) 0.0217 0.1458 0 0 0 0 1

C2coauthor (dummy) 0.0359 0.1861 0 0 0 0 1

C0coauthor (dummy) 0.0770 0.2666 0 0 0 0 1

AcademicAge (all) 12.1127 8.8242 0 5 10 17 38

AcademicAge (type C) 9.6479 6.5033 0 5 8 13 30

AcademicAge (type D) 12.5834 9.1260 0 6 10 18 30

CitationLag 363.5313 732.8284 0 29 133 383 3463

PublicationLag 5.5966 5.3293 0 2 4 8 24

EverEditor (dummy) 0.2897 0.4536 0 0 0 1 1

NumAuthors 2.1840 0.8255 1 2 2 3 4

PaperLength 25.2173 12.0274 3 17 24 33 57

LeadArticle 0.0887 0.2844 0 0 0 0 1

The unit of observation is a published paper-author pair (p, i); For paper p published in journal
j in year y, CitationLag, PublicationLag, AcademicAge, and EverEditor are defined in the same
way as the description in Table 1.5; Citation: citation counts of paper p as of September 2014
from SSCI; C1: a dummy variable that has a value of one If author i’s paper p was published
in his advisor’s journal during the advisor’s editorship tenure; C2: a dummy variable that has
a value of one if the author’s paper p is published in a journal while he has an advisor-advisee
connection with another journal in the same period; C0: a dummy variable indicating a paper
written by a C-type author and published during periods when his advisor is not an editor of
any of the journals; C1coauthor: a dummy variable that has a value of one if C1p,i = 0 and one
of i’s coauthors of paper p has C1p,i′ = 1; C2coauthor: a dummy variable that has a value of
one if i’s coauthor of paper p has C2p,i′ = 1 while C2p,i = 0. C0coauthor: a dummy variable
that has a value of one if i’s coauthor of paper p has C0p,i′ = 1 while C0p,i = 0
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Table 1.11: Sample Statistics 4. Paper-based (Observations: 5,730)

Mean Std. Dev.
1th 25th 50th 75th 99th

Pctl Pctl Pctl Pctl Pctl

Citation 89.1700 162.2235 1 18 43 99 762

NumAuthors 1.8824 0.7808 1 1 2 2 4

PaperLength 24.4470 11.8650 3 16 23 32 56

LeadArticle 0.0873 0.2822 0 0 0 0 1

The variables shown in this table are fixed for a paper and do not vary ac-
cording to authors. The sample statistics are calculated from paper-based 5,730
observations. One observation is from a paper.

Table 1.12: Sample Statistics 5. Citation Counts by Paper Types

Obs. Mean Std. Dev.
1th 25th 50th 75th 99th

Pctl Pctl Pctl Pctl Pctl

C1 type 260 147.5923 229.5081 1 32 77.5 158 1173

C2 type 426 124.2465 242.3181 1 28 61 128 917

C0 type 944 104.4025 174.0239 1 24.5 55.5 126 808

D0 type 8,536 88.9892 163.776 1 18 42 97 767

All 10,166 93.3967 171.0832 1 19 45 102 804

This table summarizes statistics of the citation counts of each paper type. A C-type
author is an economist whose advisor becomes an editor of one of the five journals
at some point during the sample period. An author without such property is a D-
type author. A C1-type paper is a paper written by a C-type author and published
in the author’s advisor’s journal during the advisor’s tenure as an editor. A C2-type
paper is a paper written by a C-type author and published in a journal without an
advisor-advisee connection, while the author’s advisor is an editor of another journal.
A C0-type paper is written by a C-type author and published during the period that
the author’s advisor is not an editor of any of the five journals. A D0-type paper is a
paper written by a D-type author.
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Table 1.13: Citation Analysis: Negative Binomial Regression (observations: 10,166)

Dependent Variable: Citation

Standard
Average

Coefficient
Error

Marginal

Effect

C1 0.30548∗∗∗ (0.08358) 29.362∗∗∗

C2 0.25847∗∗∗ (0.07598) 24.844∗∗∗

C0 0.20836∗∗∗ (0.07565) 20.027∗∗∗

C1coauthor 0.15036∗∗ (0.06567) 14.452∗∗

C2coauthor 0.04024 (0.05114) 3.868

C0coauthor 0.01147 (0.03646) 1.103

AcademicAge -0.02402∗∗∗ (0.00377) -2.309∗∗∗

AcademicAgeSq 0.00048∗∗∗ (0.00010) 0.046∗∗∗

C AcademicAge -0.03600∗∗∗ (0.01155) -3.460∗∗∗

C AcademicAgeSq 0.00095∗∗ (0.00040) 0.091∗∗

CitationLag 0.00023∗∗∗ (0.00002) 0.022∗∗∗

PublicationLag 0.00381 (0.00270) 0.366

EverEditor 0.18021∗∗∗ (0.02329) 17.322∗∗∗

NumAuthors 0.15990∗∗∗ (0.01258) 15.369∗∗∗

PaperLength 0.03506∗∗∗ (0.00115) 3.370∗∗∗

LeadArticle 0.30714∗∗∗ (0.03401) 29.522∗∗∗

JnYr, Grad FE Yes

JEL FE Yes

Log Likelihood -52960.80

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 1.14: Sample Statistics 6. Publication History in the Five Journals

Obs. Mean Std. Dev.
1th 25th 50th 75th 99th

Pctl Pctl Pctl Pctl Pctl

For the OLS and the TSLS Estimations

CitationLag 5Jn 341,785 72.397 231.577 0 0 0 50 1071

logCitationLag 5Jn 341,785 1.797 2.278 0 0 0 3.932 6.977

PublicationLag 5Jn 341,785 0.679 1.089 0 0 0 1 5

logPublicationLag 5Jn 341,785 0.378 0.489 0 0 0 0.693 1.792

CitationLag 341,785 183.428 406.916 0 9 63 196 1732

PublicationLag 341,785 4.046 4.079 0 1 3 6 18

For the Citation Regression

CitationLag 5Jn 10,166 177.332 417.563 0 0 18 163 2089

PublicationLag 5Jn 10,166 0.694 1.124 0 0 0 1 5

CitationLag 10,166 363.531 732.828 0 29 133 383 3463

PublicationLag 10,166 5.597 5.329 0 2 4 8 24

CitationLag 5Jn: the total sum of citation counts (as of September 2014 from SSCI) of author i’s articles
published from year y − 5 to year y − 1 in the five journals; PublicationLag 5Jn: the number of author i’s
articles published from year y − 5 to year y − 1 in the five journals; CitationLag: the total sum of citation
counts (as of September 2014 from SSCI) of author i’s articles published from year y − 5 to year y − 1
in business economics journals listed in SSCI; PublicationLag: the number of author i’s articles published
from year y − 5 to year y − 1 in business economics journals listed in SSCI
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Table 1.15: Robustness: Publication History in the Five Journals, OLS and TSLS Regres-
sions (observations: 341,785)

OLS TSLS: Specification (d)

Second Stage First Stage

Published Published AdvisorEditor

AdvisorEditor 0.04894∗∗∗ 0.07695

(0.00538) (0.08725)

logCitationLag 5Jn 0.00262∗∗∗ 0.00260∗∗∗ 0.00071∗∗∗

(0.00015) (0.00016) (0.00008)

logPublicationLag 5Jn 0.00032 0.00031 0.00037

(0.00061) (0.00061) (0.00032)

logAcademicAge -0.00497∗∗∗ -0.00483∗∗∗ -0.00328∗∗∗

(0.00035) (0.00056) (0.00023)

EverEditor 0.03503∗∗∗ 0.03493∗∗∗ 0.00368∗∗∗

(0.00126) (0.00129) (0.00063)

Constant 0.08241∗∗∗ 0.08170∗∗∗ 0.01446∗∗∗

(0.00614) (0.00649) (0.00267)

logEditorFaculty (IV) 0.00822∗∗∗

(0.00034)

JnYr, Grad FE Yes Yes Yes

R2 0.0157 0.0193

Adjusted R2 0.0146 0.0181

F for Joint Significance of IVs 585.75

Stock & Yogo Critical Value 19.93

AR 95% CI [-0.092, 0.246]

Wald 95% CI [-0.094, 0.248]

% obs. with fitted value ∈ [0.1] 97.64% 97.72%

% obs. of correct predictions 97.14% 97.14% 99.19%

Standard errors robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01; Stock
& Yogo Critical Value indicates the critical value for the weak-identification test based on the test
distortion of 10% at the 5% significance level from Stock and Yogo (2005); AR 95% CI is the Anderson-
Rubin 95% confidence interval, and CLR 95% CI is the Moreira (2003)’s Conditional Likelihood Ratio
95% confidence interval. The null hypothesis for the two CIs is that the coefficient of AdvisorEditor
is zero. When the model is just identified, AR CI and CLR CI are equivalent. The intervals are robust
to the existence of weak instruments; Wald 95% CI, not robust to weak instruments is provided for
comparison; The null hypothesis of the over-identication test is that the instruments are uncorrelated
with the error term. The over-identication test can be performed when there exist more instruments
than endogenous regressors.
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Table 1.16: Robustness: Publication History in the Five Journals, Citation Analysis
(observations: 10,166)

Dependent Variable: Citation

Standard
Average

Coefficient
Error

Marginal

Effect

C1 0.26002∗∗∗ (0.08400) 24.083∗∗∗

C2 0.21496∗∗∗ (0.07632) 19.910∗∗∗

C0 0.17527∗∗ (0.07613) 16.233∗∗

C1coauthor 0.16143∗∗ (0.06623) 14.952∗∗

C2coauthor 0.05717 (0.05152) 5.295

C0coauthor 0.01377 (0.03677) 1.275

AcademicAge -0.01650∗∗∗ (0.00367) -1.528∗∗∗

AcademicAgeSq 0.00033∗∗∗ (0.00010) 0.030∗∗∗

C AcademicAge -0.02907∗∗ (0.01159) -2.692∗∗

C AcademicAgeSq 0.00074∗ (0.00040) 0.069∗

CitationLag 5Jn 0.00024∗∗∗ (0.00003) 0.022∗∗∗

PublicationLag 5Jn -0.00917 (0.00905) -0.849

EverEditor 0.20367∗∗∗ (0.02375) 18.864∗∗∗

NumAuthors 0.16684∗∗∗ (0.01264) 15.453∗∗∗

PaperLength 0.03551∗∗∗ (0.00116) 3.289∗∗∗

LeadArticle 0.30385∗∗∗ (0.03426) 28.142∗∗∗

JnYr, Grad FE Yes

JEL FE Yes

Log Likelihood -53044.56

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Chapter 2

Measures and Properties of

Advisor-Advisee Networks in

Economics

2.1 Introduction

When one enters a new social environment, people he or she meets at the early stage of life

in the community have a significant and long-lasting impact on his or her future success

in the community. A case in point is the relationship between an advisee and his or her

advisor in a university graduate program, which can be seen as an entrance to the world

of researchers. Not only can a graduate student learn the skill set needed to succeed in the

world of researchers through the training provided by his or her advisors, but he or she can

also gain support from the advisors’ network in the search process of the student’s early job

as a rookie. On the other hand, as the advisee develops as a researcher, the advisor may

also enjoy a positive spillover from the advisee’s performance. Hence, an advisor-advisee

relationship in the world of researchers has a notable impact on both of their careers and

on the development of the research field.

In this chapter, as a first step to understanding an advisor-advisee network in the world

of researchers, I construct an advisor-advisee network in the field of economics and report
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descriptive measures and properties of the network. Coauthorship networks, another type

of network in the world of researchers, have received some attention,1 but to my knowledge

this is the first paper that studies the properties of an advisor-advisee network.

The constructed advisor-advisee network consists of 5,283 economists who are either

authors of papers published in five journals: the Americal Economic Review, Econometrica,

the Journal of Political Economy, the Quarterly Journal of Economics, and the Review of

Economic Studies, between 1990 and 2010, or advisors of the authors in graduate programs.

On average, an advisee in the network has 1.2 advisors, and an advisor in the network has

2.3 advisees in the network.

As it is constructed from a very limited set of economists, the network is hardly a rep-

resentative of the advisor-advisee relationship in the whole world of economists. However,

as the five journals are highly prestigious general-interest journals, the advisor-advisee net-

work shows the advisor-advisee relationship among influential economists. I believe the

constructed network provides a good starting point for the further study of advisor-advisee

networks.

This chapter provides an overview of the various properties of the advisor-advisee net-

work. First, the advisor-advisee network satisfies the “small-world” property, implying that

the distance between any two economists in the network is small relative to the size of the

network, and local clustering is high. This property provides an ideal environment for the

spread of information and new research ideas. This finding complements the observation of

Goyal et al. (2006). They studied coauthorship networks in economics and found that the

world of economists is an emerging small world.

Second, to get a sense of how the network was formed, I fit the dynamic network

formation model by Jackson and Rogers (2007) to the data. Their model tests how many

links in a network are formed by random meetings and how many are formed according to

preferential attachment. Link formation by random meetings means that when a new player

enters a network, every existing player in the network has the same probability of making

a link to the new player. On the contrary, when links are made by preferential attachment,

1Goyal et al. (2006) studies the coauthorship networks in economics. The coauthorship networks in
physics, biomedical research, and computer science are examined by Newman (2001a, 2001b). Newman
(2004) compares the coauthorship networks in biology, physics, and mathematics.
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an existing player with more existing links has a higher probability of forming a link with a

new player. In this case, the link formation process displays “rich-get-richer” characteristic.

When the entire network consisting of 5,283 economists are considered, 58% of the links are

formed by random meetings, and the rest are formed according to preferential attachment.

The estimation result from the most restricted subnetwork consisting of 1,383 economists

suggests that about 45% of the links are formed by random meetings and 55% are formed

according to preferential attachment. This implies that the advisor-advisee network has a

“rich-get-richer” property. An advisor with more advisees in the past tends to get additional

advisees as time passes.

Lastly, I also analyze the correlation between an advisor’s characteristics and the number

of his or her advisees in the network. An advisor who has published a paper in one of the

five journals tends to have more advisees than an advisor with no publication in the five

journals. Having been an editor of one of the five journals also has a significant positive

correlation with the number of advisees in the sample. These results imply that economists

with strong research abilities are more successful in helping their advisees to develop the

necessary abilities and skills to publish in the prestigious five journals.

Section 2 introduces terminologies and measures used to describe a network. Section 3

explains the data collection process and reports descriptive measures of the the network.

Section 4 shows that the network is a small world, and Section 5 fits the dynamic network

formation model of Jackson and Rogers (2007) to the advisor-advisee network. Section 6

examines the properties of advisors correlated with the number of advisees, and Section 7

concludes the discussion.

2.2 Framework

2.2.1 The Advisor-Advisee Network as a Directed Network

An advisor-advisee network is modeled with directed links. The set of N economists (nodes)

in the network is denoted by N = {1, 2, · · · , N}. For two economists i, j ∈ N , gij indicates

whether a direct link exists between i and j. If economist i is an academic advisee of

economist j, we have gij = 1. Otherwise, gij = 0. If gij = 1, then gji = 0 by definition. Let
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G be an N ×N matrix whose (i, j)th entry is gij . Then, (N , G) defines an advisor-advisee

network. For simplicity, I will just use G to denote the network.

For each economist i, the set of i’s advisors is defined as NO
i (G) = {j ∈ N|gij = 1},

and the out-degree of i, denoted by nOi (G), refers to the size of NO
i (G). Hence, nOi (G) is

the number of i’s advisors. The set of i’s advisees is defined as N I
i (G) = {j ∈ N|gji = 1}.

The in-degree of i is defined as the size of N I
i (G) and is denoted by nIi (G). The in-

degree of i counts the number of i’s advisees. The set of all neighbors of i is defined as

Ni(G) = N I
i (G) ∪ NO

i (G). It is the set of i’s advisors and advisees. The sum of i’s out-

degree and in-degree is called the degree of i, and it is denoted by ni(G).2 The average

out-degree in a network G is nO(G) =
∑N

i=1 n
O
i (G)

N . The average of the in-degree, denoted by

nI(G), and the average of the degree, denoted by n(G), are defined similarly.

We say that a path from i to j exists, if either gij = 1 or there exists a sequence of

distinct nodes (i0, i1, · · · , ik) such that i0 = i, ik = j, and gi0i1 = gi1i2 = · · · = gik−1ik = 1.

Two economists i and j belong to the same component in the weak sense if and only if

a path from i to j exists or a path from j to i exists. If two economists i and j belong

to the same strong component, there must be a path from i to j and a path from j to

i. Throughout this paper, a component will refer to a weak component. A component is

a subnetwork in which all nodes in the subnetwork has a path among them, and none of

them has a path to or from a node outside the subnetwork. A network can have multiple

components. If there exists one large component in terms of the number of nodes in the

component and the other components are relatively small, the largest component is called

the giant component.

The distance from i to j is the length of the shortest path from i to j and is denoted

by dij(G). If a path from i to j does not exist, dij(G) is set to ∞. If a path exists between

any pair of i and j in a network G, the average distance in the network is given by

d(G) =

∑
i∈N

∑
j∈N dij(G)

N(N − 1)
, (2.1)

2For a general network G′, ni(G
′) = |Ni(G

′)| is not necessarily true. For example, if we consider a
network such that N ′ = {1, 2} and g′12 = g′21 = 1, we have n1(G′) = 2 while |N1(G′)| = |{2}| = 1. Hence,
ni(G

′) is defined by nI
i (G′) + nO

i (G′), not by the cardinality of Ni(G
′). However, for the advisor-advisee

network G, ni(G) = |Ni(G)| holds as the intersection of NO
i (G) and N I

i (G) is empty for any i ∈ N .
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where the denominator is the number of all existing paths.

The clustering coefficient of economist i measures the fraction of i’s neighbors, the

economists in Ni(G), that are directly linked to each other. The clustering coefficient

cannot be defined for an economist with 0 or 1 direct neighbors. The clustering coefficient

of i, whose degree is greater than or equal to 2, is given by

Ci(G) =

∑
j∈Ni(G)

∑
k∈Ni(G) gjk

ni(G)(ni(G)− 1)
. (2.2)

The denominator is the number of all possible paths among i’s neighbors. When G is an

advisor-advisee network, the clustering coefficient of economist i indicates the fraction of

i’s advisors and advisees who have an advisor-advisee relationship among them.

The clustering coefficient of a network G is the weighted average of each economist’s

clustering coefficient. Let N̂ denote the set of i ∈ N whose degree is greater than or equal

to 2. Then, the clustering coefficient of the network becomes the following:

C(G) =
∑
i∈N̂

ni(G)(ni(G)− 1)∑
j∈N̂ nj(G)(nj(G)− 1)

Ci(G). (2.3)

2.2.2 The Advisor-Advisee Network as an Undirected Network

In the previous subsection, I defined an advisor-advisee network as a directed network, and

introduced some measures that describe directed networks. However, it will be useful for

the purpose of analysis to derive an undirected network from the advisor-advisee network

(N , G). In this subsection, I will discuss the undirected advisor-advisee network and the

measures describing undirected networks.

A network (N̂ , Ĝ) is undirected if ĝij = 1 implies ĝji = 1 for any i, j ∈ N̂ . Starting

from the directed advisor-advisee network (N , G), the undirected advisor-advisee network

(N , G′) is constructed as follows. First, I define g′ij for each i, j ∈ N by

g′ij =


1, if gij = 1 or gji = 1

0, otherwise.

(2.4)
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Let G′ be an N × N matrix whose (i, j)th entry is g′ij . Then, (N , G′) is the “undirected

advisor-advisee network” derived from the directed network (N , G). In the network (N , G′),

we cannot tell which one is an advisor between two economists i and j such that g′ij = 1.

However, g′ij = 1 still means i and j have had an advisor-advisee relationship with each

other.

For the undirected network, we have Ni(G′) = NO
i (G′) = N I

i (G′). The cardinality of

these sets becomes the degree of i, ni(G
′). If a path from i to j exists in an undirected

network, there also exists a path from j to i. Hence, we say there exists a path between i and

j. For an undirected network, components in the weak sense are the same as components in

the strong sense, so all are referred to as simply components. The definition of the distance

between two nodes and the clustering coefficients are the same as the directed case.

In the directed advisor-advisee network G, gij = 1 implies gji = 0 for any i, j ∈ N . This

property generates the following relationships between measures for the directed network

and measures for the undirected network. For any i ∈ N , we have ni(G
′) = ni(G), since the

intersection of NO
i (G) and N I

i (G) is empty. Also, since the numerator of Equation (2.2)

from G′ is twice as high as the numerator from G, while the denominators are the same,

Ci(G
′) = 2Ci(G) holds for any i ∈ N . These relationships also lead to n(G′) = n(G) and

C(G′) = 2C(G).

2.3 Construction and Description of the Advisor-Advisee Net-

work

2.3.1 The Data Collection

The advisor-advisee network was constructed according to the following procedure. First,

I collected the set of economists that have published at least one paper during the sample

period from 1990 to 2010 in the five general-interest journals in economics: the American

Economic Review, Econometrica, the Journal of Political Economy, the Quarterly Journal

of Economics, and the Review of Economic Studies. I included authors of short papers and

notes, but excluded unrefereed papers, such as conference proceedings. The set consists of
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4,749 economists, and I call these economists “authors.”

After extracting the set of authors, I searched the authors’ thesis advisors during their

graduate studies. An economist’s advisor refers to a faculty member who supervised the

economist’s research during his or her time in the graduate program throughout the pro-

cess of developing and executing a research idea. I focused on “primary” advisors when an

author had multiple advisors. The primary source of an economist’s advisor information

was the acknowledgement page in his or her dissertation. Electronic dissertations for re-

cent graduates are available from databases such as the ProQuest Dissertations & Theses

Database, British Library EThOS, and Système Universitaire de Documentation (Sudoc),

and also from university libraries. The RePEc Genealogy and the Math Genealogy Project

databases were also important sources of advisor data. For the economists whose advisor

information could not be found from these databases, I obtained the data from various

sources, including the economists’ earlier publications, CVs, acknowledgement pages in the

hard copies of their dissertations, and direct email inquiries.

Through this process, I collected the advisor information, the institution that awarded

the graduate degree, and the year of the degree for 4,071 authors out of the 4,749. An

economist who was an advisor for an author is called an “advisor.” Each author has up

to two advisors. My sample combines the set of 4,071 authors with advisor information

and the set of advisors.3 Some authors whose advisor information is not available are still

included in the sample if they are listed as another author’s advisor. The combined sample

consists of a total of 5,283 economists.

Table 2.1 summarizes the basic information of the economists in the sample. Among the

5,283 economists in the network, 4,197 are authors and 2,062 are advisors of an author in

the network. Among 4,197 authors, 4,071 authors’ advisor information is available. Out of

4,197 authors, 976 economists are also advisors of other authors. Among 4,071 authors with

advisor information, 850 authors are also advisors of other authors. Of the 4,071 authors

with advisor information available, 3,414 have only one primary advisor, and 657 have two

advisors. The average number of advisors for an author is 1.16.

3Hence, if an author’s advisor information was not available and if the author is not an advisor of another
author, the author was dropped from the sample.
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Table 2.1: Summary of Economists in the Sample

Among 5,283 economists in the sample

Frequency

Economists who are authors 4, 197

Economists who are authors with advisor information 4, 071

Economists who are advisors 2, 062

Economists who are both advisors and authors 976

Economists who are both advisors and authors with advisor information 850

Among 4,071 authors with advisor information,

Number of advisors Frequency

1 3, 414

2 657

Total 4, 071

Figure 1 depicts a part of the advisor-advisee network. It shows the genealogy tree

whose root is Robert M. Solow. Among 5,283 economists in the sample, 304 economists

have a path to him in the direct advisor-advisee network. He has the maximum number of

paths to him in the sample. If we treat him as the first generation, the network tree shows

up to the sixth generation. There are only two economists in the sixth generation, but this

does not imply that economists in the fifth generation have few advisees. It may be that

the fifth generation has many advisees, but those advisees did not publish a paper in the

five journals during the sample period.

It should be noted that the advisor-advisee network constructed through the process

described above is far from complete. It only consists of authors who have published a

paper in one of the five journals between 1990 and 2010, and their advisors. An advisor’s

advisor is not in the network unless the former is also an author in the sample. Also, even if

an economist belongs to the network as an advisor, not all of his or her advisees are in the

network. Only the advisees who have publications in the five journals during the sample

period are in the network. In addition, the five journals are prestigious journals in which

not so many economists have an opportunity to publish.4

4According to Goyal et al. (2006), who constructed a coauthorship network in economics from publication
record in all journals available in the EconLit database, the number of authors who published a paper in a
journal listed in EconLit from 1990 to 1999 is 81,217.
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It was infeasible to construct a complete network, so I had to set boundaries for the

collection of the data. The five journals are general-interest journals that arguably cover

all the areas in economics. Also, they are highly influential journals. In this regard, I claim

that the network I constructed depicts a part of the advisor-advisee relationship among

influential researchers in various fields of economics.

2.3.2 Description of the Advisor-Advisee Network

Table 2.2 shows the measures describing the directed advisor-advisee network and the undi-

rected advisor-advisee network. The “out-degree” row in the table shows the average and

standard deviation of the out-degree of all 5,283 authors. The “out-degree of an author”

captures the number of advisors for the authors with advisor information. Among the 5,283

economists in the network, I do not have advisor information for 1,212 economists. They

are included in the network as an advisor of another economist, and their out-degree is

counted as 0 in the sample. The sample does not include their advisors because of the

truncation of the dataset, not because they had zero advisors. I calculated the average and

standard deviation of the out-degree excluding these 1,212 people, and they are reported in

the “out-degree of authors” row. The authors with advisor information have 1.16 advisors

on average. Similarly, 3,221 of the economists in the sample are authors, but not advisors,

and their in-degrees are counted as zero. When we exclude these economists, the average

in-degree is 2.29, which means that on average, one advisor has 2.29 advisees in the network.

When we consider the degree in the directed network and in the undirected network, each

economist has an average of 1.79 links in the network.

The clustering coefficient of the undirected network is twice as high as the clustering

coefficient of the directed network. The clustering coefficient is defined only for economists

who have more than one neighbor. Hence, the clustering coefficient reported in the table

are the weighted average of 1,644 economists’ clustering coefficients whose degree is greater

than one. In the case of the undirected network, the clustering coefficient says that 1.48%

of all possible advisor-advisee pairs exist among an economist’s advisors and advisees.

The total number of components in the weak sense is 825, and most of them are very

small in size. There exist 536 components in which there are only two economists, and
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160 components have three economists. However, there is also one very large component

consisting of 2,893 economists, which amounts to 54.76% of the entire sample. The sec-

ond largest component has 28 economists in it, and it is much smaller than the largest

component. Hence, a giant component exists in the advisor-advisee network.

In the directed advisor-advisee network, the number of all possible pairs of nodes in the

giant component is 8,366,556 (= 2, 893× 2, 892). However, since the links are directed, the

number of reachable pairs is only 8,455, which is about 0.1% of the total of the possible

pairs. The average distance and the maximum distance among reachable pairs are quite

small, but it is because there are only a small number of nodes that one node can reach

with directed links.

In a component of an undirected network, a node in the component can reach any

other node in the component as links are undirected. Hence, in the giant component of

the undirected advisor-advisee network, the number of unreachable pairs is zero. In the

undirected giant component, the average distance among nodes is 10.39 and the maximum

distance is 31.

The average degree in the giant component is 2.18, which is greater than the average

degree in the entire network.

2.4 The Small-World Hypothesis

The small-world network, popularly known by Milgram’s mail delivery experiment5 and the

phrase “six degrees of separation,” refers to networks that are “highly clustered, yet have

small path lengths.”6 High clustering means that many of my neighbors are neighbors to

each other. In a case with high clustering, it can be difficult to reach a node outside my

neighbors, which implies a great average path length. In a small world, however, the distance

between any two nodes in a network is small, and simultaneously, the local clustering is

high.

The small-world property matters in the world of researchers since the property could

5Milgram (1967)
6The original phrase from Watts and Strogatz (1998) is “highly clustered, like regular lattices, yet have

small characteristic path lengths, like random graphs.”
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Table 2.2: Network Statistics for the Directed and the Undirected Advisor-Advisee Network

Directed Undirected

Number of economists in the network 5,283 5,283

Number of links in the network 4,728 4,728

Average Degree (Standard Deviation)

Out-degree (obs.: 5,283) 0.8949 (0.5854)

Out-degree of authors (obs.: 4,071) 1.1614 (0.3679)

In-degree (obs.: 5,283) 0.8949 (2.3105)

In-degree of advisors (obs.: 2,062) 2.2929 (3.2360)

Degree (obs.: 5,283) 1.7899 (2.3076) 1.7899 (2.3076)

Clustering Coefficient (obs.: 1,644) 0.0074 0.0148

Number of Components (weak) 825 825

Giant Component

Size 2,893 2,893

Percentage 54.76% 54.76%

Second-largest Component

Size 28 28

Percentage 0.53% 0.53%

Components of Size Two

Number 536 536

Percentage (= 2 ∗ 536/5283) 20.29% 20.29%

In the Giant Component

Number of possible pairs 8,366,556 8,366,556

Number of reachable pairs 8,455 8,366,556

Number of unreachable pairs 8,358,101 0

Average distance among reachable pairs 2.0307 10.3874

Std. Dev. of distance among reachable pairs 1.0180 3.4862

Maximum distance among reachable pairs 6 31

Average Degree (Standard Deviation) 2.1797 (2.9761) 2.1797 (2.9761)

For comparison, the descriptive measures of the coauthorship network in the 1990s constructed by
Goyal et al. (2006) are reported here. The network consists 81,217 economists who published at least
a paper in all journals listed in the EconLit database from 1990 to 1999. The average and the standard
deviation of degree is 1.67 and 2.30, respectively. The giant component consists of 33,027 economists,
which covers 40.67% of the entire network. The second largest component has 30 economists in it.
The clustering coefficient is 0.157, and the average distance in the giant component is 9.47.

assist in the spread of information and new research topics. Goyal et al. (2006) reveals that

the coauthorship network in economics is an emerging small world. In this section, I show
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that the undirected advisor-advisee network in economics satisfies the small-world property.

A network (N̂ , Ĝ) is a small-world network if the network satisfies the following con-

ditions. In the following, (N̂GC , ĜGC) is the giant component of (N̂ , Ĝ). N̂ and N̂GC are

the size of the set N̂ and N̂GC , respectively. The conditions are adapted from Goyal et

al. (2006), who extended the conditions introduced by Watts (1999) by adding the second

condition.

1. The number of nodes is very large as compared to the average number of links: N̂ �

n(Ĝ).

2. The network is integrated; a giant component exists and covers a large share of the

population.

3. The average distance between nodes in the giant component is small: d(ĜGC) is of

the order ln(N̂GC).

4. Clustering is high: C(Ĝ)� n(Ĝ)/N̂ .

The third condition means that the average distance between nodes grows no faster than

logarithmically as the number of nodes converges to infinity. However, with an empirical

network, it is impossible to check how the average distance changes when the number of

nodes increases. Hence, the third condition is replaced with the following7:

3’. The average distance between nodes in the giant component is small:

d(ĜGC) ≈ ln(N̂GC)/ ln(n(ĜGC)).

In the new third condition, ln(N̂GC)/ ln(n(ĜGC)) is the expected average distance between

nodes of a random network that consists of N̂GC nodes and of which the average degree is

n(ĜGC). A random network, first studied by Erdös and Rényi (1959), refers to a network

in which a link between two nodes is formed when the pair is selected uniformly at random.

A random network is characterized by its short average distance between nodes relative to

the size of the network. The third condition requires that a small-world network has short

average distance between nodes as is observed in a random network.

7Watts and Strogatz (1998), Newman (2000)
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In the fourth condition, n(Ĝ)/N̂ is the expected clustering coefficient of a random

network that consists of N̂ nodes and of which the average degree is n(Ĝ). In a random

network, if there exist N̂ nodes and each node has an average of n(Ĝ) direct neighbors, the

probability that a node’s two neighbors have a link between them is n(Ĝ)/N̂ . Hence, the

fourth condition says that the clustering of a small-world network must be far greater than

the clustering of a random network of the same size and the same average degree.

The average degree in the undirected network is n(G′) = 1.79, which is much smaller

relative to the size of the network, N = 5, 283. Also, there exists a giant component that

consists of 2,893 economists and covers 54.76% of the entire nodes in the network. The

average distance in the giant component is d(ĜGC) = 10.39, which is slightly greater than

the expected average distance in the random network with the same size and the same

average degree (ln(N̂GC)/ ln(n(ĜGC)) = ln(2893)/ ln(2.1797) = 10.23. Also, the clustering

coefficient of the undirected advisor-advisee network is more than 40 times higher than

the expected clustering coefficient of the random network (C(G′) = 0.0148 > n(G′)/N =

1.7899/5283 = 0.000339).

All small-world conditions are defined in terms of relative size, so these conditions do

not provide a clear-cut way to determine whether the undirected advisor-advisee network

is a small world. Still, based on the measures for the network, it seems reasonable to say

that the undirected advisor-advisee network constructed from 5,283 influential economists

satisfies the small-world property. As mentioned before, a small-world network provides an

ideal environment for the diffusion of information and network. The relationship between

the structure of the advisor-advisee network and the dissemination of research subjects are

studied in Chapter 3.
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2.5 Fitting the Dynamic Network Formation Model of Jack-

son and Rogers (2007) to the Adivosr-Advisee Network

2.5.1 The Dynamic Network Formation Model of Jackson and Rogers

(2007)

The formation of the advisor-advisee network involves a dynamic process such that new

nodes enter the network in each period and form links to existing nodes. In this section,

I fit the dynamic network formation model proposed by Jackson and Rogers (2007)8 to

the formation of the advisor-advisee network. Jackson and Rogers (2007) assume that

when a new node enters a network, some fraction of links made between the new node and

existing nodes is formed by random meetings, which means every existing node has the same

probability of forming a link with the new node. For the rest of the links, an existing node’s

probability of making a link with the new node positively depends on his or her degree. This

method of link formation is called “preferential attachment,” as studied by Price (1976) and

Barabási and Albert (1999), among others. Jackson and Rogers (2007) introduce a model

to estimate fraction of links formed by random meetings or by preferential attachment. The

model, however, does not provide an incentive-based theory of network formation. Studying

incentives behind the link formation by random meetings or by preferential attachment is

not the purpose of their paper.

Suppose that a new node is created in each period t ∈ {0, 1, 2, · · · }, and the new node

forms m links to the existing nodes. The new node initiates the links, so the links are

directed from the new node to the existing nodes as I defined for the directed advisor-

advisee network. In this section, t denotes both the time t and the node that is newly

introduced at time t. Also, by a slight abuse of notation, let nIi (t) denote the in-degree of

the existing node i at time t > i.

A simple benchmark model that can be used to analyze the above setup is the “growing

random network model,” first studied in Erdös and Rényi (1960). The model is a dynamic

variant of the static random network model. In the growing random network model, each

8Dorogovtsev et al. (2000), Pennock et al. (2002), and Vázquez (2003) also suggest similar theoretical
models.
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existing node is selected uniformly at random to form a link with a new node. As there are

t existing nodes at time t > i ≥ m and the new node forms m links, the expected change

in the in-degree of node i at time t is given by

dnIi (t)

dt
=
m

t
. (2.5)

Another widely studied model is the “preferential attachment” model of Barabási and

Albert (1999). The preferential attachment model captures the idea that the “rich get

richer.” In this model, the probability that existing node i forms a link with a new node

depends positively on the ratio of i’s in-degree to the total in-degree in the network at time

t. At time t, the sum of the in-degrees across nodes is mt. Since the new node forms m

links, the expected change in the in-degree of node i at time t becomes

dnIi (t)

dt
= m

nIi (t)

mt
=
nIi (t)

t
, (2.6)

which indicates that a node with a higher in-degree in a period is more likely to form a new

link. Therefore, the in-degree distribution implied by the preferential attachment model

shows a fatter tail than the in-degree distribution implied by the growing random network

model. More weight is placed on very small and very large degrees compared to the random

model.

However, neither model was successful in providing a good fit for some social networks

observed in the data, such as the coauthorship network in economics shown in Goyal et al.

(2006). To address such cases, Jackson and Rogers (2007) proposed a hybrid model that

combines the growing random network model and the preferential attachment model. In

the hybrid model, the expected change in the degree of node i in period t is defined as

dnIi (t)

dt
= α

m

t
+ (1− α)

nIi (t)

t
, where α ∈ [0, 1]. (2.7)

When a new node is introduced, it forms αm links by choosing αm existing nodes randomly

and selects (1 − α)m existing nodes according to preferential attachment. When α = 1,

the hybrid model collapses to the growing random network model, and it becomes the
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preferential attachment model when α = 0.

Solving the differential equation in Equation (2.7) with the initial condition nIi (i) = n0

generates the following equation:

nIi (t) = (n0 +
α

1− α
m)

(
t

i

)1−α
− α

1− α
m. (2.8)

Let r denote the fraction of links formed by random meeting to the links formed by pref-

erential attachment. That is, r = α
1−α . Then, the cumulative distribution of in-degree, nI ,

for every t ∈ {m,m+ 1,m+ 2, · · · } derived from Equation (2.8) becomes as follows:

Ft(n
I) = 1−

(
n0 + rm

nI + rm

)1+r

. (2.9)

Equation (2.9) can be rewritten as follows by taking logs on both sides:

ln(1− F (nI)) = (1 + r)[ln(n0 + rm)− ln(nI + rm)]. (2.10)

The parameter r for a network can be estimated from Equation (2.10) by an iterative

least squares method. First, ln(1 − F (nI)) for each nI is calculated from the data. The

parameter m is set equal to the average in-degree. Then, ln(nI +r0m) is calculated for each

nI from a selected starting point r0. We estimate −(1 + r) by regressing ln(1− F (nI)) on

ln
(
nI + r0m

)
, and then update r using the estimate of −(1 + r). This process is iterated

until r converges to a fixed point r∗. The estimate of α is derived by α∗ = r∗

1+r∗ .

2.5.2 Fitting to Data

I fit the model of Jackson and Rogers (2007) to the directed advisor-advisee network and

to three subnetworks of the directed advisor-advisee network. I first fit the model to the

entire advisor-advisee network consisting of 5,283 economists. The used data and estimated

results from the entire network are summarized in the first row of Table 2.3. The table

shows the size of the network (N), the average in-degree of the network (m), the estimated

r, the derived fraction of random meeting α, and R2 from the ordinary least squares (OLS)

estimation of Equation (2.10) at the estimated r.
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Table 2.3: Fitting Jackson and Rogers (2007) to Data

N m r α R2

Entire network 5,283 0.8949 1.3992 0.5832 0.9175

All graduate programs
3,819 0.8060 1.2405 0.5537 0.9669

Degree awarded between 1986–2005

Seven graduate programs
2,010 0.9905 1.0066 0.5016 0.8855

Degree award year not restricted

Seven graduate programs
1,383 0.9270 0.8174 0.4498 0.9213

Degree awarded between 1986–2005

N : size of the network; m: average in-degree of the network observed from the data; α: fraction of
links formed by random meetings; α = r/(1+r); R2: R2 of the OLS estimation of Equation (2.10)
at the estimated value of r; The seven graduate programs are programs in Harvard University, the
Massachusetts Institute of Technology, Princeton University, Stanford University, the University
of Chicago, the University of California Berkeley, and Yale University.

When the entire network is used for estimation, the result suggests that a new node

makes 58.3% of his or her links by random meetings, and the rest are formed according to

preferential attachment.9 The R2 of the estimation is very high.

The model of Jackson and Rogers (2007) is built upon an assumption that the number

of nodes that enter the network each period is fixed over time. In the data, however, the

number of authors who received their degree in a year varies year by year. Therefore, in the

second case, I focused on authors who received their degree between 1986 and 2005. During

these 20 years, the variation in the number of authors who received their degree in a year

is relatively small. The standard deviation in the number of authors who received their

degree in a year is 55.56 when the standard deviation is calculated from the entire sample.

When only the authors who received their degree between 1986 and 2005 are considered,

the standard deviation is reduced to 20.52.

Hence, for the second specification, I constructed a subnetwork that consists of authors

who received their graduate degree between 1986 and 2005, and these authors’ advisors.

The subnetwork consists of 3,819 economists, and the average in-degree is 0.81, as reported

in the second row of Table 2.3.

The model of Jackson and Rogers (2007) also assumes that a new node can form a link

9The estimated α of the coauthorship network by Goyal et al. (2006) is 0.8246.
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with any existing nodes, but it is not the case in the formation of an advisor-advisee relation-

ship. When a graduate student chooses an advisor, it is hard, if not impossible, to choose a

faculty member outside the student’s graduate program. Hence, for the third and the fourth

specifications, I focus on authors who received their degree from the seven prestigious grad-

uate schools. The seven universities are Harvard University, the Massachusetts Institute

of Technology, Princeton University, Stanford University, the University of Chicago, the

University of California Berkeley, and Yale University. The seven programs are the seven

largest programs in terms of the number of authors, in my sample, to whom the graduate

programs awarded a degree. The seven universities also coincide with the schools that U.S.

News ranked as top seven graduate schools for economics program in 2013. An author who

received a degree from one of the seven graduate programs might have been able to go to

the other six programs if the author had wanted. The author’s choice of a graduate program

among the seven may be interpreted as a result of the author’s link formation with advisors

in the program.

In this regard, the subnetwork used for the third specification consists of authors who

received their graduate degree from one of the seven graduate programs, and these authors’

advisors. The size of the network is 2,010.

For the fourth specification, I consider an even smaller network to reduce the year-

by-year variation in the number of authors receiving degrees as well. The authors in the

subnetwork of the fourth specification are economists who received their degree from one

of the seven graduate programs in a year between 1986 and 2005. The standard deviation

in the number of authors who received their degree in a year declines from 22.25 to 7.85

when only the 20 years from 1986 to 2005 are considered. The subnetwork consists of 1,383

economists.

The fraction of nodes made from random meetings is smaller when we focus on the

seven graduate programs and when the degree-award years are restricted to 1986–2005.

The fraction of nodes made from random meetings is the smallest in the fourth network,

the most restrictive case. In the case of the fourth network, 45.0% of links are formed by

random meetings, and the rest are made according to preferential attachment. Hence, when

we only consider advisees who have published a paper in the five journals from 1990 to 2010,
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an economist who has advised more graduate students tends to have a higher probability

of having more new advisees as time passes. The “rich-get-richer” property is observed in

the dynamic formation of the advisor-advisee network.

2.6 Who Has More Advisees in the Network?

The estimation result in Section 2.5.2 shows that an economist who had more advisees in the

past is more likely to meet new advisees in the future. In this section, I study an advisor’s

characteristics correlated with his or her cumulative number of advisees in the sample. As

an advisee in the sample is an author of a paper published in the top five journals during

the sample period, the analysis in this section reveals the characteristics of advisors who

are more successful in helping their advisees develop necessary research skills to publish a

paper in those prestigious journals.

Among the 5,283 economists in the sample, 2,062 economists have advised at least one

author in the sample. Table 2.4 summarizes the sample statistics of data consisting of

2,062 advisors. The variable Advisees counts the cumulative number of advisees that an

economist has advised. Again, the variable only counts an advisor’s advisees who have

published at least one paper in one of the five journals during the sample period. It does

not count the total number of advisees. Each advisor has had 2.29 advisees in the sample

on average.

Since the advisor-advisee network was constructed from economists who published a

paper in the five journals between 1990 and 2010, one natural question is whether an

advisor who himself or herself published a paper in the five journals tends to have more

advisees relative to an advisor without a publication in the five journals. For each advisor in

the sample, the variable Author(1980–2010) has a value of one if the advisor has published

at least one paper in the five journals from 1980 to 2010. It is reasonable to think that the

advisors tend to be more experienced economists than the authors in general. Reflecting

this observation, I also included a preceding ten-year period of 1980 to 1989 to construct the

variable. About 61% of the advisors have published in the five journals during the 31 years.

Table 2.4 also compares the number of advisees across the author group (Author(1980–
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2010)=1) and the non-author group (Author(1980–2010)=0). The authors have about 1.66

more advisees on average.

For an advisor, the variable Papers(1980–2010) counts the advisor’s number of papers

published in the five journals between 1980 and 2010. An advisor who has Author(1980–

2010)=1 has a strictly positive value for Papers(1980–2010). The variable Editor(–2010)

is a dummy variable that has a value of one if the advisor was an editor of one of the

five journals some time before or during 2010.10 Editors of the five journals are influential

economists and are expected to be popular as advisors. Among the 2,062 advisors, 130 of

them had been an editor of one of the five journals, and their average number of advisees in

the sample is more than three times as high as the non-editors’ average number of advisees.

Table 2.4: Advisors’ Characteristics. Sample Statistics (Observations: 2,062)

Variables
Mean Std. Dev.

Percentile

1st 25th 50th 75th 99th

Advisees 2.2929 3.2368 1 1 1 2 18

Author(1980–2010) 0.6091 0.4881 0 0 1 1 1

Papers(1980–2010) 3.3933 5.1649 0 0 1 5 23

Editor(–2010) 0.0630 0.2431 0 0 0 0 1

AcademicAge 30.3763 11.5586 6 23 30 39 58

Obs. Mean Std. Dev. Median

Advisees if Author(1980-2010) = 1 1, 256 2.9427 3.9343 1

Advisees if Author(1980-2010) = 0 806 1.2804 1.0035 1

Advisees if Editor(-2010) = 1 130 6.3615 6.7434 4

Advisees if Editor(-2010) = 0 1, 932 2.0192 2.6373 1

It seems natural that an advisor who has stayed in the network longer has more advisees,

so I also constructed the variable AcademicAge. For 976 advisors who are also authors of

articles published in the five journals during 1990–2010, the variable is calculated as the

difference between the year in which the advisor received his or her graduate degree and

the year 2014. For 1,086 economists who are advisors but have no publication in the five

journals during 1990–2010, I do not know the year of their graduate degree. For those

10Precisely, the variable Editor(–2010) indicates whether the economist was an executive editor of one
of the five journals. For the AER and Econometrica, the variable indicates “editors” and “coeditors.” For
JPE, it indicates only “editors.” For QJE, it indicates the members of the “board of editors.” In the case
of REStud, the variable indicates “managing editors.”
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advisors, I use the earliest year of graduate degrees of the advisor’s advisees in the sample,

instead of the advisor’s year of graduate degree, to calculate the advisors’ academic age.

Hence, AcademicAge is under-measured for those 1,086 advisors.

Table 2.5 shows the effects of the advisors’ characteristics on their cumulative number of

advisees, estimated by the OLS method. The dependent variable is Advisees, which counts

an advisor’s cumulative advisees in the sample. The table summarizes the results from six

different specifications. For specifications (1), (3), and (5), Author(1980-2010), the dummy

variable that indicates whether the advisor has published in the five journals during 1980–

2010, is included in the estimation. For specifications (2), (4), and (6), Papers(1980–2010),

the number of papers the advisor has published during 1980–2010, is used.

Table 2.5: Number of Advisees. OLS Results (Observations: 2,062)

(1) (2) (3) (4) (5) (6)

Advisees Advisees Advisees Advisees Advisees Advisees

Author(1980–2010) 1.2045∗∗∗ 0.8019∗∗∗ 0.1991∗∗

(12.26) (7.13) (2.37)

Papers(1980–2010) 0.2732∗∗∗ 0.1894∗∗∗ 0.0815∗∗∗

(11.10) (8.12) (5.09)

Editor(–2010) 3.6687∗∗∗ 2.0583∗∗∗ 2.3938∗∗∗ 1.5604∗∗∗ 1.0342∗∗∗ 0.7340∗∗

(6.29) (4.09) (4.65) (3.37) (2.80) (2.01)

AcademicAge 0.0512∗∗∗ 0.0458∗∗∗ 0.0362∗∗∗ 0.0364∗∗∗ 0.0238∗∗∗ 0.02396∗∗∗

(8.60) (8.37) (5.89) (6.18) (6.11) (6.31)

Constant -0.2270 -0.1541 -2.5978∗∗∗ -2.1992∗∗∗ -2.3120∗∗∗ -2.1662∗∗∗

(-1.40) (-1.05) (-8.01) (-7.23) (-9.58) (-9.12)

Grad FE No No Yes Yes Yes Yes

JEL FE No No No No Yes Yes

R2 0.1790 0.3124 0.4562 0.5033 0.6921 0.7008

Adjusted R2 0.1778 0.3114 0.3678 0.4226 0.6382 0.6484

t statistics robust to heteroskedasticity in parentheses; ∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

For specifications (3), (4), (5), and (6), I include graduate program fixed effects (Grad

FE) to control for the effect from the advisors’ affiliation histories. The 4,071 authors in the

sample earned their doctoral degrees from a set of 285 graduate programs. The fixed effects

consist of 285 dummy variables, each of which represents a graduate program. I do not

know the advisors’ entire affiliation histories, but I can infer part of their affiliation history
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from their advisees’ information. If an advisor has advised two authors in the sample, and

one received a degree from Harvard, while the other earned a degree from Stanford, the

advisor has a value of one for both the Harvard and Stanford dummy variables.

For the last two specifications, I also include the Journal of Economic Literature (JEL)

classification fixed effects (JEL FE). An economist’s field of research also affects his or her

popularity as an advisor. If an economist works in a popular field of research in which many

economists are interested, he or she is likely to have many advisees.

In addition, if there exists difference across fields of economics research in terms of

volume of published papers, an advisor working in a field with a higher volume of published

papers is likely to have more advisees in the sample. Again, the advisees in the sample are

the authors of papers published in the five journals during the sample period. An advisor

and his or her advisee tend to work in the same research field. Therefore, if the advisor

works in a field with a higher volume of published papers, his or her advisees have a higher

probability of publishing a paper and being included in the sample. The JEL classification

fixed effects control for such research-field-specific effects, which might be irrelevant to an

advisor’s quality.

The JEL classification system has 20 primary categories, each of which represents a

field of economics and is denoted by a letter of alphabet. For example, code G represents

“financial economics” and code J represents “labor and demographic economics.” None of

the papers in the sample lists code Y, which represents “miscellaneous categories,” as its

JEL classifications, so I only included 19 JEL fixed effects for the set of 19 JEL primary

categories for specifications (5) and (6).

Unfortunately, I do not have data on each advisor’s publication history, unless the

advisor himself or herself is an author of a paper published in one of the five journals from

1990 to 2010. Instead, I infer an advisor’s field of research from the publication records of

his or her advisees in the five journals between 1990 and 2010. For example, if an advisor

has an advisee, where the advisee listed C and D as JEL classifications for his or her paper

published in one of the five journals during the period of 1990 to 2010, the advisor has a

value of one for both the code C and code D dummy variables. To the extent the idea that

an advisor and his or her advisees tend to work in the same research field is acceptable, I
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believe constructing the fixed effects in the way described above is reasonable.

Table 2.5 shows that having been an editor has a significant positive effect on the number

of advisees for all six specifications. As expected, senior advisors have more advisees,

cumulatively. Having at least one publication in one of the five journals increases the

number of advisees, and the number of advisees also positively depends on the advisor’s

number of published papers in the five journals. The magnitude of these effects is reduced

significantly when the graduate program fixed effects and JEL classification fixed effects are

included in the estimation, but they all remain positive and statistically significant at the

conventional significance level.

Given that two economists have similar affiliation history and similar research interest,

the estimation results in the last two columns of Table 2.5 show that an economist with

good research skills, indicated either by publishing a paper in the prestigious five journals

or by being an editor of one of the five journals, or by both, has more advisees in the

sample. As I do not have data on an advisor’s advisees who do not belong to the sample,

I cannot conclude that an advisor with good research skills has more advisees when all

advisees are considered. However, to the extent I can argue that economists with similar

affiliation history and research interest have similar responsibility in terms of how many

advisees they advise, the estimation results imply that an advisor with good research skills

is more successful in helping his or her advisees to develop such skills than other advisors.

2.7 Concluding Remarks

In this paper, I studied properties of an advisor-advisee network in economics with a sample

of 5,283 economists. Three main findings are as follows: (1) The distance between any

two economists in the network is small compared to the size of the entire network. The

advisor-advisee network satisfies the small-world property. (2) An estimation of the network

formation process following Jackson and Rogers (2007) finds that 55% of the advisor-advisee

relationship is formed by preferential attachment, and 45% is constructed from random

meetings in the most restricted case. The advisor-advisee network shows the “rich-get-

richer” property. (3) An economist who has published a paper in the five journals has
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more advisees with publication in one of the top five journals than other economists. An

economist who has been an editor of one of the five journals also has more advisees in

the sample. These observations imply that an advisor with good research skills is more

successful in helping his or her advisees to develop such skills.

All of these properties are purely empirical findings. It would be an interesting research

topic to construct an incentive-based theory that explains the patterns found in the empirical

results simultaneously, such as the rich-get-richer property in the network formation and the

tendency that an economist who has published a paper has more advisees in the network.

Also, since the advisor-advisee network is a small world, it would be also interesting to

study how the network affects the spread of research ideas in economics. This question is

addressed in Chapter 3.
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[3] Erdös, Paul, and Alfréd Rényi. 1959. “On Random Graphs.” Publicationes Math-

ematicae, 6: 290-297.
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Chapter 3

Dissemination of Research Subjects

through Advisor-Advisee Networks

3.1 Introduction

In this chapter, I study the effect of the advisor-advisee network on the dissemination of

research subjects in economics. When a researcher publishes a paper, the researcher’s in-

fluence on other researchers, in addition to the paper’s innovativeness, is one of the main

qualities that determine the volume of follow-up research on similar subject matter. In

addition to the widely used measures of a researcher’s influence, such as his or her pub-

lication and citation record, I also examine the effect of a researcher’s “position” in the

advisor-advisee network.

A node’s position in a network determines its influence on the other nodes in the network.

A node’s importance, how central the node is, in a network is measured by its centrality in

the network. The main goal of this study is to investigate how an economist’s centrality

in the advisor-advisee network by the time of his or her publication is associated with

the publication of papers on a similar research subject in the following five years. I also

investigate the distance between an author of a paper and an author of a paper written

subsequently to examine whether research subjects spread “through” the advisor-advisee

network.
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The effect of a published paper on future research can, in theory, be positive or negative.

A positive effect can occur if it motivates other researchers with similar research interest to

start working on projects with a similar research subject. But a negative effect could occur

if other researchers are discouraged from working on the subject, as publishing a paper

with a similar topic can be more difficult than it would have been prior to the publication

of the paper. It is also possible that the economist’s paper inspires other researchers to

apply the finding of the paper to their fields of economics research, which may not exactly

overlap with the economist’s subject of interest. Either positively or negatively, having

many of such researchers that are in some way affected by an economist’s paper should

mean that the economist has significant effect on the pattern of how a research subject

gains attention among economists over time. To the extent we can think of an advisor and

his or her advisee tend to share similar research interests, the proximity of two economists

in the advisor-advisee network, constructed by connecting advisees and their respective

advisors, implies that the two economists have similar research interests. In this regard,

an economist’s position in the advisor-advisee network, quantified by his or her centrality

in the network, partially measures the volume of researchers affected by the economist’s

paper.

It should be emphasized that the advisor-advisee network is only one of many networks

that a researcher is a member of. For example, there are coauthor and other collaborator

networks. Unfortunately, no information in my data on coauthor or collaborator networks

is available, so I cannot control for the effect of those networks when estimating the effects

of the advisor-advisee network. Another important network is the network of researchers

who work on the same topic and have the same “orientation” or “style” toward the research

questions of interest. The size of such a network is also likely to have an impact on the

influence of an economist’s publication on future research. Fortunately, in this case I do have

a proxy, albeit an imperfect one, for the size of that network. The Economics discipline has a

database which codes the topic of all published papers in economics journals, and it is called

the “Journal of Economic Literature (JEL) classification code.”1 I construct a variable for

1JEL has 20 primary classification categories, each of which is represented by a letter of the alphabet.
For example, category D represents the field of “microeconomics,” and J represents “labor and demo-
graphic economics.” Each primary level category has secondary and tertiary subcategories. Under category
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the number of papers published in every topic area of economics from the available data in

my sample, and I control for that variable when I estimate the impact of an economist’s

centrality in the advisor-advisee network on future research (i.e., controlling for the size of

the researchers working on the same topic as the published paper). The variable is not a

perfect proxy because the JEL classification does not capture the “orientation” or “style”

toward research questions, or whether there are different “camps” of researchers working on

the same question. However, it goes partly in the correct direction. As a sensitivity check,

I show whether the exclusion of the variable has an effect on my impact estimates of the

centralities in the advisor-advisee network on future research.

Different centrality measures exist, depending on how one defines the “importance” of a

node. The five basic centrality indices often used in the empirical research2 that studies the

effect of centrality in a network are (1) degree centrality, (2) closeness centrality, (3) decay

centrality, (4) eigenvector centrality, and (5) betweenness centrality. In addition to these

five, I also study the impact of (6) diffusion centrality, à la Banerjee et al. (2013). Degree

centrality measures a node’s importance by means of the number of direct neighbors of the

node. Closeness centrality measures how close a node is to all other nodes in a network.

Decay centrality also depends on a node’s distance to all other nodes. A node’s effect on

another node decays with respect to the distance between them for a given value of decay

parameter. When the level of decay is high, a node’s influence on other nodes located

far from the node of interest becomes insignificant. Eigenvector centrality depends on the

importance of the other nodes to which the node of interest is connected, and betweenness

centrality measures a node’s importance in terms of its role as an intermediary in a net-

work. Diffusion centrality quantifies a node’s effectiveness in transmitting information to

D, the secondary level category D1 represents “household behavior and family economics,” and the ter-
tiary category D11, under D1, represents “consumer economics: theory.” More information is available at
https://www.aeaweb.org/jel/guide/jel.php.

2Although I am not aware of any research that asks the questions studied in this chapter, there exist
papers that study the relationship between one’s centrality and his or her performance, and the effect of
one’s centrality on the diffusion of information and knowledge. To list a few, El-Khatib et al. (2015) study
the effects of a CEO’s network centrality on a firm’s M&A outcomes. By analyzing coauthorship networks
in the field of library and information science, Yan and Ding (2009) find a significant correlation between
a researcher’s centrality measures and his or her citation counts. Banerjee et al. (2013) study the diffusion
process of information about new microfinance loans in rural India and show that first-informed individual’s
centrality matters for the diffusion outcome. Susarla et al. (2012) find that centrality measures in the
YouTube subscriber network affect which videos gain attention on YouTube and the magnitude of a video’s
impact.
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other nodes in a network. The formal definitions and underlying concepts of the centrality

measures are introduced in Section 3.2.

One issue in this study is how to define two papers with “similar” research subjects. I do

not know the exact research subjects of the papers in my sample, but I have data on their

JEL classification codes. In this study, I define that two papers have a common research

subject if the two papers have the same tertiary-level JEL code. In this setting, I consider

the following three empirical models.

In the first empirical model, each tertiary-level JEL code is considered a research subject.

The questions I address in the first model are how many papers with the same JEL code

are published in the subsequent five years after an author publishes a paper with a given

JEL code, and whether the number of subsequent papers depends on the author’s centrality

measures. The papers in the sample often list more than one JEL classification code. In

this case, each JEL code of a paper is treated as a separate observation. In the first model,

I focus on tracing the year-by-year change in the number of papers for each JEL code of a

paper.

For the second model, two papers are defined as having similar research subjects if they

share at least one JEL code in common. In the third model, two papers are assumed to

have similar research subjects if they share at least two JEL codes. In the second and the

third models, the base unit of observation is a paper rather than each JEL code of a paper.

For the two models, I count the number of papers with a similar research subject, under the

definition of “similar subject” of each model, in the years following an author’s publication

of a paper.

In all three models, I control for the size of the network of people working on the same

topic with a proxy variable. The variable counts the number of papers that were published

in the same year as, and that have similar research subjects to the paper in question. I

define “having similar research subjects” differently for each model, so the definition of the

proxy variable also changes accordingly.

In the first and second model, the degree centrality and the diffusion centrality have

negative correlations with the number of subsequent papers of a research subject in the

period immediately following the publication of a preceding paper on the same subject.
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During the window of two or three years following the publication of a paper, the closeness

centrality has a positive correlation with the number of subsequent papers in the first model,

and the decay centrality with a low level of decay has a positive correlation with the number

of subsequent papers in the second model. In the third model, both the closeness centrality

and the decay centrality have positive correlations. The eigenvector centrality and the

betweenness centrality do not have significant correlations with the number of subsequent

papers in any of the models.

Given that two economists’ proximity in the advisor-advisee network represents simi-

larity of their research interest, an economist’s high degree centrality or a high diffusion

centrality with some parameter values implies that there are many researchers who share

very close research interests with the economist. On the other hand, a high closeness cen-

trality or a high decay centrality with a low level of decay can be interpreted as indicating

that the economist’s research interests are rather comprehensive and his or her research

topics are more widely studied in various fields of economics. The estimation results im-

ply that right after an economist’s article on a research subject is published, instantly it

becomes difficult for researchers who have very similar research interests to publish their

papers. However, the economist’s work inspires researchers whose research interests are not

very close to those of the publishing economist, but have some overlapping interest with

the economist. These researchers’ papers on the similar research subject to the economist’s

article get published a few years after the economist’s publication.

For each model, I also examine the distance between an author of a paper and an author

of a subsequent paper with a similar research subject, as the minimum of all possible pairwise

distances of the authors. The average minimum distance between the authors of two papers

in the advisor-advisee network is five, four, and six for the first, second, and third models,

respectively, while the average distance between any two economists in the network is 9.5.

This observation supports the idea that economists located closer to an author of a paper

in the advisor-advisee network are more likely to work on a study with a similar subject.

Hence, this observation suggests that the dissemination pattern of research subjects has a

connection with the structure of the advisor-advisee network.

The advisor-advisee network is constructed from 5,283 economists who are either authors
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of a paper published in the five general-interest journals, the American Economic Review

(AER), Econometrica, the Journal of Political Economy (JPE), the Quarterly Journal of

Economics (QJE), and the Review of Economic Studies (REStud), from 1990 to 2010, or

the academic advisors of the authors during their graduate studies. As the current JEL

classification system became effective in 1991, the sample used in this study consists of

5,439 papers published in the five journals from 1991 to 2010. Although the data of papers

published in 1990 are not used for analysis, the network is still constructed from economists

including the authors of papers published in 1990 in order to measure an economist’s influ-

ence in a fuller setting and maintain consistency with the previous chapters.

The six centrality measures are explained in detail in Section 3.2. Section 3.3 describes

the empirical models and data. Section 3.4, Section 3.5 and Section 3.6 summarize the

empirical results. Section 3.7 offers conclusions, and all tables are at the end of this chapter.

3.2 Centrality Measures

In this section, I first describe the advisor-advisee network as an undirected network and

introduce terminologies describing the network. Then, I provide definitions and interpreta-

tions of the six centrality measures: the degree, closeness, decay, eigenvector, betweenness,

and diffusion centralities.

3.2.1 Framework

In this chapter, the advisor-advisee network is modeled as an undirected network. The set

of researchers (nodes) in the network is denoted by N = {1, 2, · · · , N}. For two researchers,

i, j ∈ N , gij indicates whether there exists a direct link between i and j. If researcher i was

researcher j’s academic advisor during j’s graduate studies, or if i was j’s advisee during

i’s graduate studies, we have gij = 1. Otherwise, we have gij = 0. By definition, gij = 1

implies gji = 1. Therefore, the network is undirected in the sense that we do not know who

is the advisor and who is the advisee between i and j when we have gij = 1. Let G be an

N ×N matrix whose (i, j)th entry is gij . By definition, G has zeros on the diagonal. That

is, dii = 0 for every i ∈ N . Then, (N , G) defines the undirected advisor-advisee network.
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The degree of researcher i is the number of researchers to whom i has a direct link.

Using the above terminology, the degree of i is defined as
∑

j∈N gij . In the advisor-advisee

network, i’s degree refers to the number of i’s advisees and advisors.

We say there exists a path from i to j if either gij = 1 or there exists a sequence of

distinct nodes (i0, i1, · · · , ik) such that i0 = i, ik = j, and gi0i1 = gi1i2 = · · · = gik−1ik = 1.

Hence, the existence of a path between i and j implies that i can reach j through the

network. A pair of nodes can have multiple paths between them. The distance from i to

j is the length of the shortest path from i to j and is denoted by dij(G). The distance to

him or herself is defined as zero, dii(G) = 0, conventionally. If a path does not exist from i

to j, dij(G) is set to ∞.

Two researchers, i and j, belong to the same component if and only if there exists a path

from i to j. A component is a subnetwork in which any two nodes have a path between them

and none of the nodes has a path to a node outside the subnetwork. Hence, i’s components

refer to a set of all researchers to whom i can reach through the network. A network is

connected if there exists a path between any two nodes in the network. If a network is not

connected, there exists more than one component.

In the following subsections, I introduce the definition of the six centrality measures.

More detailed explanations are available in Jackson (2008) and Banerjee et al. (2013).

3.2.2 Degree Centrality

Degree centrality is the simplest centrality measure. The absolute degree centrality of re-

searcher i is the degree of i. As a node’s degree is the number of its direct links, the degree

centrality measures a node’s importance with respect to its immediate influence on his or

her neighbors.

The absolute measure is not effective in comparing multiple networks with different

numbers of nodes. In this case, the centrality is normalized as follows, where N is the total

number of nodes in the network:

degree centrality of i =
i’s degree

N − 1
(3.1)

100



Since the largest possible degree is N − 1 and the smallest possible degree is zero, the

normalized degree centrality becomes a number between zero and one. Throughout this

paper, degree centrality refers to normalized degree centrality.

3.2.3 Closeness Centrality

Degree centrality measures a node’s importance with respect to its direct neighbors. The

measure does not take into account a node’s indirect accessibility to the other nodes. The

closeness centrality of a node indicates how close it is to all the other nodes in a network.

The (normalized) closed centrality of node i is defined as follows3, with the convention

1/∞ = 0.

closeness centrality of i in network G =
1

N − 1

∑
j 6=i

1

dij(G)
(3.2)

As node i is closer to the other nodes, the sum of reciprocal of distance to the other nodes

becomes smaller, so the centrality is greater. In Equation (3.2), 1/(N − 1) is multiplied to

normalize the centrality to be a number between zero and one.

3.2.4 Decay Centrality

Decay centrality is a variant of closeness centrality. Decay centrality assumes that a node’s

effect on another node decays at a decay rate 1 − δ with respect to the distance between

the two nodes. The decay centrality of a node is defined as follows:

decay centrality of i in network G =
∑
j 6=i

δdij(G), where δ ∈ (0, 1) (3.3)

In the definition, δ∞ = 0 is assumed. When δ approaches 1, the decay centrality of a

node measures the size of the component to which the node belongs. As decay parameter

δ decreases, the long distance between two nodes is penalized more. For a smaller decay

parameter, the effect of nodes at a longer distance becomes insignificant.

3A more classical definition of closeness centrality is (N−1)/
∑

j∈N dij(G), as suggested by Bavelas (1950)
and described again by Freeman (1978). However, this definition is valid only for connected networks. When
a network is not connected, so if there exists node k to whom i does not have a path, i’s centrality becomes
zero (=1/∞) even if i is well connected to all other nodes. The formula in Equation (3.2) is well defined both
for connected and disconnected networks. The centrality defined in Equation (3.2) is also called Harmonic
centrality and is proposed by Rochat (2009) and Opsahl (2010).
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Unlike degree centrality, decay centrality takes into account a node’s influence on oth-

ers outside the node’s direct neighbors. Compared to closeness centrality, decay centrality

places proportionately less weight on nodes located further, depending on the decay param-

eter.

In this paper, I consider decay centrality with three decay parameters: δ = 0.25, δ = 0.5,

and δ = 0.75.

3.2.5 Eigenvector Centrality

Eigenvector centrality can be understood as a variant of degree centrality. Degree centrality

measures a node’s influence with the number of the node’s direct neighbors. The idea behind

eigenvector centrality is that not only a node’s direct neighbors, but also the neighbors’

neighbors, and their neighbors, etc., matter in measuring the node’s influence in a network.

Eigenvector centrality measures a node’s importance based on the importance of the nodes

that the node is connected to. To measure the importance of the nodes that i is connected

to, we also need to know the importance of node i. Therefore, the concept is self-referential.

Eigenvector centrality assigns a relative score to a node based on the idea that connections

to high-scoring nodes contribute more to the score of the node in question than equal

connections to low-scoring nodes.

Let Cei (G) denote node i’s eigenvector centrality in network G. The centrality of i is

proportional to the sum of the centrality of i’s direct neighbors.

λCei (G) =
∑
j∈N

gijC
e
j (G), where λ ∈ R (3.4)

Let Ce(G) be N × 1 vector whose ith entry is Cei (G). In matrix notation, Equation (3.4)

becomes the following:

λCe(G) = GCe(G). (3.5)

Hence, Ce(G) is an eigenvector of the N×N matrix G, and λ is its corresponding eigenvalue.

The standard convention is to use the eigenvector associated with the largest eigenvalue as

the centrality measure.
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3.2.6 Betweenness Centrality

The betweenness centrality of a node measures how often the node is located on the shortest

path between any two other nodes. A node that is often in between any two other nodes

is more likely to be exposed to information originating anywhere in the network and to

have control over the flow of the information. Betweenness centrality measures a node’s

importance in terms of its role as an intermediary.

The (normalized) betweenness centrality of node i in network G is defined in Equa-

tion (3.6). In the definition, 0/0 = 0 is applied.

betweenness centrality of i in network G

=
∑

j 6=i,k 6=i,j<k

number of shortest paths between j and k through i

number of shortest paths between j and k

/
(N − 1)(N − 2)

2

(3.6)

In Equation (3.6), (N − 1)(N − 2)/2 is the number of possible pairs among nodes other

than i. If the network is connected, and node i is on every shortest path for all pairs, the

betweenness centrality of i becomes one, the largest possible value.

3.2.7 Diffusion Centrality

Banerjee et al. (2013) proposed a new centrality measure, diffusion centrality, which quan-

tifies a node’s ability to diffuse information in a dynamic diffusion process. A piece of

information is initiated at node i. In period 1, node i attempts to deliver the information

to its neighbors. Each neighbor of node i independently learns the information with prob-

ability q. In period 2, node i’s neighbors who were informed in period 1 attempt to deliver

the information to each of their respective neighbors, and each attempt is successful with

probability q. In any arbitrary period t, nodes who learned the information in period t− 1

attempt to deliver the information to each of their respective neighbors. For each neighbor,

the attempt is successful with independent probability q. At period T , the expected number

of times that nodes in network G collectively have heard about the information initiated
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from node i is computed by

Cdiffusion
i (G, q, T ) =

T∑
t=1

∑
j∈N

qtgtij , (3.7)

which is node i’s diffusion centrality. The diffusion centrality of a node measures how widely

information originated from the node diffuses in a given number of time periods, T , and for

a given independent information transmission probability q. If T = 1, diffusion centrality

is proportional to degree centrality. As T → ∞, diffusion centrality becomes proportional

to eigenvector centrality.

The choice of the two parameters, q and T , are rather arbitrary. In their study of the

diffusion of microfinance in rural India, Banerjee et al. (2013) choose q to be equal to the

inverse of the largest eigenvalue of a social network in a village. In this study, I also set q

to be the inverse of the largest eigenvalue of the advisor-advisee network at a given point in

time, following Banerjee et al. (2013). The choice of T will be explained after the empirical

models are introduced in Section 3.3.

3.2.8 Centralities in the Advisor-Advisee Network

All centrality measures except the eigenvalue centrality and the betweenness centrality di-

rectly depend on a node’s distance to other nodes in the network. A node’s degree centrality

counts the number of nodes located in distance of one from the node. A node’s diffusion

centrality with parameter T depends on the number of nodes located within a distance of

T from the node. A node’s closeness centrality and decay centrality are determined by the

overall distance of the node to all the other nodes in the network. Hence, a node’s degree

centrality and diffusion centrality with a small T heavily rely on the number of nodes lo-

cated within a short distance from the node. On the other hand, the closeness centrality

and decay centrality with a high decay parameter (or a low decay rate), are determined by

the node’s distance to every other node in the network.

As an advisor and his or her advisee tend to share similar research interests and they

have a direct link in the advisor-advisee network, the level of proximity of two economists in

the advisor-advisee network can reflect the level of similarity of their research interests. In
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this regard, an economist’s high degree centrality or high diffusion centrality with a small

T in the advisor-advisee network imply that there exist many researchers who have very

similar research interests to those of the economist. On the other hand, if an economist’s

closeness centrality or decay centrality with a high decay parameter is high, it can be

interpreted that the economist’s research interests tend to lie in a comprehensive range of

subjects that are studied in various fields of economics research.

Hence, different types of centralities are correlated with different types of effects an

economist has on follow-up research of the economist’s paper. The correlation between the

volume of follow-up research of an economist’s paper and the economist’s degree centrality

or the diffusion centrality with a small T would reflect how the publication of the economist’s

paper affects researchers with very similar research interests to the economist’s interests.

The correlation between the volume of follow-up research and the closeness centrality or

decay centrality with a high decay parameter indicates whether the economist’s paper leads

to more follow-up research among a more general set of researchers. The research interests

of the more general set of researchers may not overlap as closely with the economist’s

interests, but they are still sufficiently close so that the researchers are inspired by the

economist’s paper. Analyzing the correlation between the number of follow-up research to

an economist’s paper and the economist’s various notions of centrality would shed light on

different aspects of how the publication pattern of a research subject varies over time.

3.3 Empirical Model and Data

In this paper, I assume that papers with the same tertiary-level JEL code4 share similar

research subjects. The spread of a research subject is traced by tracking the JEL codes of

research papers published in the five general-interest journals, AER, Econometrica, JPE,

QJE, and REStud, between 1991 and 2010. During the 20 years, 5,439 papers were published

in the five journals. In total, 507 tertiary-level JEL codes are used for estimation.

The question addressed in this study is when a researcher publishes a paper with a

research subject in year y, how the paper’s quality and the researcher’s influence in that

4Such as D85 (Network Formation and Analysis: Theory) and Z13 (Economic Sociology; Economic
Anthropology)
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year affect the volume of research papers with a similar research subject in year y + t. For

time lag t, I consider lags up to five years: t ∈ {1, 2, 3, 4, 5}. This study’s main interests

are the effects of a researcher’s position and importance in the advisor-advisee network,

measured by his or her network centrality, on the spread of research subjects represented

by JEL codes, and how the effects vary over time lags.

Among the 5,439 papers published in the five journals over 20 years, 4,120 papers listed

more than one JEL code. On average, a paper listed 2.34 JEL codes.5 An issue in this

setting is how to define papers with “similar” research subjects when they list more than one

JEL code. I consider three empirical models with different definitions of “similar research

subjects.”

The first model takes a JEL code-based approach. Each tertiary-level JEL code is

considered a research subject, so a paper that lists more than one JEL code is treated as

if it has more than one research subject. The question addressed in the first model is how

many papers with the same JEL code are published in subsequent years when an author

publishes a paper with a JEL code. Each JEL code of a paper is treated as a separate

observation.

The second and the third models take a paper-based approach. For the second model,

two papers are defined as having similar research subjects if they share at least one JEL

code in common. In the third model, two papers are considered to have similar research

subjects if they share at least two JEL codes in common. Under these definitions of having

similar research subjects, each model asks how many papers with similar research subjects

are published in the years following a paper’s publication.

3.3.1 Model 1: JEL Code-Based Approach

In the first model, when a paper with a JEL code is published in a year, the dependent

variable counts how many papers with the same JEL code are published in a following year.

An observation is made for each JEL code of a paper.

For each time lag t ∈ {1, 2, 3, 4, 5}, I estimate the following equation with negative

5Among the 5,439 papers, 1,417 papers listed only one JEL code, 1,940 listed two JEL codes, 1,261 listed
three, 543 listed four, 190 listed five, 71 listed six, and 17 listed seven JEL codes.
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binomial regression. The negative binomial estimation method is applied as the dependent

variable is a count variable with the variance much larger than the mean.6

E[FollowingPapersjel,y+t|Centralityi,y, Xi,y, Xp,y(+t−1), Xjel,y]

= exp[α0 + αcCentralityi,y + α′iXi,y + α′pXp,y(+t−1) + α′jelXjel,y + εi,p,jel,y+t],

where exp(εi,p,jel,y+t) ∼ Γ(1/β, β).

(3.8)

The unit of observation for the analysis is an author-paper-JEL code-year (i, p, jel, y)

quadruple. For example, if author i and author j coauthor a paper with three JEL codes,

A14, C81, and D71, and publish the paper in year y, the following six observations are

made from the paper: (i-A14), (j-A14), (i-C81), (j-C81), (i-D71), and (j-D71).

The dependent variable, FollowingPapers, varies over JEL codes (jel), year of publi-

cation (y), and time lag (t). If author i publishes paper p with JEL code jel in year y,

the variable counts the number of papers, published in year y + t, that list jel as their

JEL classification. I assume that the number of following papers are affected by author i’s

centrality at year y, author-specific properties (Xi,y), paper-specific properties (Xp,y(+t−1)),

and JEL code-specific properties (Xjel,y).

The data set consists of papers published in the five journals between 1991 and 2010,

but as I consider time lags of up to five years, the data for the last five years, from 2006

to 2010, are used only to derive FowllowingPapers. Hence, year y spans 15 years ranging

from 1991 to 2005. Among the 5,439 papers, 4,069 papers were published between 1991

and 2005.

In Section 3.4, I report the estimation results from the eight centrality measures - degree

centrality, closeness centrality, decay centrality with three different levels of decay param-

eter, eigenvector centrality, betweenness centrality, and diffusion centrality. Each of the

centrality measures is included in the estimation separately. The advisor-advisee network

continues to grow as new researchers are added to the network when they receive their

graduate degree. I traced the development of the advisor-advisee network over time, and

the variable Centralityi,y is the centrality measure of author i in the network as of year y.

6Selected sample statistics are available in Table 3.2.
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As discussed in Section 3.2.7, the diffusion centrality of a node depends on two param-

eters, q, the information transmission probability, and T , the number of time periods for

information diffusion. Following Banerjee et al. (2013), q is set to be equal to the inverse

of the largest eigenvalue of the advisor-advisee network as of year y. The average value of

q during the period from 1991 to 2005 is 0.14. With respect to T , I assume t = T for each

time lag t ∈ {1, 2, 3, 4, 5}. That is, I assume information initiated by economist i in year y

has diffused over t periods until year y+ t. I estimated the model with various values of T ,

and the estimated empirical equations tend to have the highest log likelihood value when

t = T is assumed.

Table 3.1 summarizes how the network size (N) and the average of each centrality

among N nodes change over time. The total number of authors in the sample who have

published at least one paper in one of the five journals between 1991 and 2010 is 4,072.

The network size in 2005 is greater than the number of authors because the network also

includes the authors’ advisors who themselves are not one of those authors. Closeness

centrality and decay centrality increase over time as the network expands, and the other

centrality measures tend to move in the opposite direction. The table also shows q used for

calculation of diffusion centralities.

The covariates included in Xi,y as the author-specific properties are constructed as

follows.

• AcademicAgei,y: the elapsed time in years between the year when i earned his or her

doctoral degree and year y

• CitationStocki,y: the sum of citation counts, from the Social Sciences Citation Index

(SSCI), that author i earned from year y− 5 to year y− 1 for all of his or her articles

published in the five journals until y − 1

• PublicationStocki,y: the number of author i’s articles published from year y − 5 to

year y − 1 in the five journals

• Editori,y: a dummy variable that has a value of one if author i was an editor7 of one

of the five journals in year y

7Precisely, “editors” refers to different groups depending on the journal. For the AER and Econometrica,
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• GradFEi: fixed effect for each of the 240 graduate programs from which the authors

received their graduate degree

The variables CitationStock and PublicationStock are used to capture an author’s recent

influence and productivity before year y. Being an editor also implies that the author has

been an influential researcher. The variable Editor also takes into account the possibility

that an editor’s taste in research subjects affects the editor’s choice of papers to be published

in his or her journal.

Following is the list of variables included as the paper-specific properties, Xp,y(+t−1).

• Citationp,y+t−1: citation count of paper p from SSCI at the end of year y + t− 1

• LeadArticlep: a dummy variable with a value of one if paper p is the first article in

an issue of a journal

• PaperLengthp: the number of pages of paper p

• NumAuthorsp: the number of authors of paper p

• JournalFEp: fixed effects for each of the five journals

For each time lag t, Citation counts the cumulative number of times that paper p has been

cited since its publication in year y until year y+ t− 1. Hence, this variable changes over t.

The variable captures the paper’s influence until time y + t− 1. Suppose that author i has

published paper p with JEL code jel in year y, and let j be an author who subsequently

publishes a paper with the same JEL code in year y + t. As the two papers share similar

research subjects, j may have cited paper p in his or her paper. If this is the case, the

endogeneity problem could arise because FollowingPapers increases the citation count of p.

To prevent this problem, I only consider the citation counts that p earned until y + t − 1

rather than until y+t. The SSCI citation index only counts citations from published papers.

Therefore, if we consider the citation counts of p accumulated until y+ t− 1, j’s citation of

p in his or her paper published in y + t does not change the Citation of paper p.

it includes “editors” and “coeditors.” For JPE, it is only “editors.” For QJE, it refers to the members of
the “board of editors.” In the case of REStud, it refers to “managing editors.”
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The variable LeadArticle is included to reflect the editorial convention of placing a paper

of better quality at the beginning of an issue. The variables PaperLength and NumAuthors

are used to take into account the idea that influential papers tackling complicated problems

tend to be long and written by collaboration of multiple authors.

As the JEL code-specific properties (Xjel,y), I include the number of published papers

with a specific JEL code in year y, and JEL-Year fixed effects.

• ExistingPapersjel,y: the number of papers published in year y with JEL code jel

• JEL-YearFEjel,y: fixed effect of each of 285 (= 19 × 15) JEL code–year pairs. The

fixed effects are constructed from combinations of 19 primary–level JEL classifications,

such as D and Z, and 15 years from 1991 to 2005.

These variables control for the number of papers published on a topic and hence partially

proxy the size of the network of researchers working on the same question. I will report

how correlated the variable ExistingPapers is with each of the centrality measures in Sec-

tion 3.3.4. Some research subjects are particularly more (or less) popular among economists,

which leads to or is caused by more (or less) publication of papers with such research sub-

jects. The JEL code-specific properties control for normal patterns of publication of research

subjects. If some reasons other than those captured by Xi,y and Xp,y cause an increase or

decrease in publication of papers in certain research fields during a particular period of

time, the fixed effects are meant to control for such effects. My model analyzes whether an

author’s network centrality brings additional effect to the volume of subsequent papers in

a research field after these normal patterns are controlled for.

Equation (3.8) traces the year-by-year change in the number of following papers. In

addition, I also analyze how the cumulative number of papers with similar research subjects

changes over time. For this analysis, I estimate the following equation with the negative

binomial estimation method.

E(CumulativePapersjel,y+t|Centralityi,y, Xi,y, Xp,y, Xjel,y)

= exp(γ0 + γcCentralityi,y + γ′iXi,y + γ′pXp,y + γ′jelXjel,y + εi,p,jel,y+t),

where exp(εi,p,jel,y+t) ∼ Γ(1/η, η).

(3.9)
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When a paper with JEL code jel is published in year y, the dependent variable, Cumula-

tivePapers, counts the number of papers with the same JEL code published from y + 1 to

y + t for each t ∈ {1, 2, 3, 4, 5}. By definition, FollowingPapers = CumulativePapers holds

for t = 1.

All explanatory variables except Citation are carried over from Equation (3.8). The

variable Citationp,y+t−1 that changes over t cannot be used for Equation (3.9) because it

causes an endogeneity problem. Instead of Citation, Citation2014 is used. For paper p,

Citation2014p counts the number of total citations as of September 2014 from SSCI. Hence,

the variable does not change over t.

The sample for the first model consists of 15,286 observations made from 4,069 papers

published in the five journals between 1991 and 2005, 3,169 authors of those papers, and

507 tertiary-level JEL codes. Table 3.2 summarizes the selective statistics for the variables.

The first five rows in the table show the summary statistics of FollowingPapers for each

time lag t ∈ {1, 2, 3, 4, 5}. The average of FollowingPapers for any time lag t is smaller than

the average of ExistingPapers. As time passes, the average of FollowingPapers increases,

and the standard deviation also grows.

Table 3.3 shows the correlation coefficients among the centrality measures from 15,286

observations. Degree centrality, betweenness centrality, diffusion centrality, and decay cen-

trality with low decay parameter (δ = 0.25) have higher correlation among themselves.

Closeness centrality and decay centralities with higher decay parameters are relatively highly

correlated to each other. Eigenvector centrality is least correlated with the other centrality

measures, but its correlation with diffusion centrality increases in T .

3.3.2 Model 2: Paper-Based Approach, Sharing at Least One JEL Code

In the second model, two papers are defined as having similar research subjects if the two

have at least one JEL code in common. The unit of observation for this model is based on

a paper rather than each of its JEL codes. More precisely, the unit of observation is an

author-paper-year (i, p, y) triple. Hence, for a paper coauthored by two economists, only

two observations are made from the paper regardless of the number of JEL codes listed.

The estimation equations in Equation (3.8) and Equation (3.9) are carried over for
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the second model, with changes in the definition and construction of FollowingPapers in

Equation (3.8) and CumulativePapers in Equation (3.9). The definition of ExistingPapers

and JEL-YearFE also change for both equations. The definitions of the other variables

remain unaffected.

For the second model, FollowingPapersp,y+t does not vary over JEL codes. For paper

p published in year y, the variable counts the number of papers published in year y+ t that

have at least one JEL code in common with paper p. Similarly, CumulativePapersp,y+t is

the number of papers published from year y + 1 to y + t that have at least one JEL code

in common with paper p published in y. ExistingPapersp,y counts the number of papers

published in year y that have at least one JEL code in common with paper p.

The JEL code–year fixed effects, JEL-YearFE, have a value of one for all corresponding

JEL codes of a paper for a year that the paper is published. For example, if paper p

published in year 2000 lists A14, C81, and D71 as its JEL classification, the fixed effects

for (A-2000), (C-2000), and (D-2000) have a value of one for the observations for p.

The sample for the second model consists of 6,958 observations made from 4,069 papers

and 3,169 authors. Table 3.4 shows the sample statistics from the 6,958 observations.

The average of FollowingAuthors for each t is more than twice as high as that of the

corresponding variable in the first model. This is because the variable for the second

model is made from the integration of the corresponding variable in the first model over

a paper’s JEL codes. The statistics for the other variables besides FollowingAuthors,

CumulativePapers, and ExistingPapers are not significantly different from those reported

for the first model.

3.3.3 Model 3: Paper-Based Approach, Sharing at Least Two JEL Codes

In the third empirical model, two papers are defined as having similar research subjects

if they have at least two JEL codes in common. This definition is more restrictive than

that of the second model. The three variables, FollowingPapers, CumulativePapers, and

ExistingPapers, are constructed according to the new definition. As in the second model,

the unit of observation is based on a paper.

Among the 4,069 papers published in the five journals between 1991 and 2005, 1,224
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papers listed only one JEL code. These papers are dropped from the sample for the third

model. For the third model, 4,951 observations are made from 2,845 papers and 2,559

authors.

Table 3.5 summarizes the sample statistics of the variables from 4,951 observations. As

the definition of having a similar research subject is more restrictive for the third model,

the mean of ExistingPapers is less than two, and the mean of FollowingPapers for any t is

less than one. Although the mean of FollowingPapers for any t is much smaller than in the

first and the second models, the change in FollowingPapers over t shows the same pattern

as the first and the second models. FollowingPapers increases as time passes.

3.3.4 Correlation between ExistingPapers and Centrality

This chapter studies the effect of the advisor-advisee network on how research subjects

gain attention, but other types of network are also likely to be important for the spread

of research ideas among economists. As an advisor and his or her advisee tend to share

similar research interests, the group of advisors and advisees of an economist, and the

group of researchers working on the same research subjects as the economist, may have an

overlap. Also, the influence of an economist’s centrality in the advisor-advisee network on

future research following the economist’s paper can be impacted by the size of the group

of researchers working on the same research subjects as the economist. In this regard, I

control for the size of the network of researchers working on similar research subjects to

those of the economist in question with the partial proxy ExistingPapers for each model.

Table 3.6 summarizes the correlation between the ExistingPapers variable and each of

the centrality measures for the three models. In general, the correlations are small, and

they are particularly smaller for the first model which takes the JEL code-based approach.

The closeness centrality and the decay centralities have relatively higher correlations with

ExistingPapers than the other centrality measures do for all three models, but even the

highest correlation is less than 0.09. Hence, the proxy variable that partially captures

the size of the network of researchers working on a same research question is only weakly

correlated with the centrality measures in the advisor-advisee network. This implies that

there is great variation in the centrality of the advisor-advisee network even within the
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similar size of researchers working on the same subjects.

In order to test whether the exclusion of the proxy variable changes the impact esti-

mates of the centralities, I estimate Equation (3.8) with ExistingPapers dropped from the

estimations as a sensitivity check. The estimation results are reported in Section 3.5.

3.4 Estimation Results

In this section, I report the negative binomial estimation results of Equation (3.8), the

FollowingPapers equation, and Equation (3.9), the CumulativePapers equation, for each

model.

3.4.1 Model 1. JEL Code-Based Approach

Table 3.7 summarizes the estimation result from the FollowingPapers equation for each time

lag t ∈ {1, 2, 3, 4, 5} when a centrality measure is used as the only explanatory variable. Note

that each centrality measure was used separately in the estimations.8 Closeness centrality

and decay centralities with intermediate and high decay parameters, δ = 0.5 and δ = 0.75,

have statistically significant positive coefficients for all or for some t’s. The other centrality

measures either have no effect on the volume of following papers or have negative coefficients.

Table 3.8 summarizes the estimated coefficient of centrality measures when Equation (3.8),

the FollowingPapers equation, is estimated with all the other explanatory variables. Again,

each centrality measure was used in estimation separately. The coefficients of the closeness

centrality and the decay centralities with intermediate and high decay parameters decrease

compared to the results shown in Table 3.7. The positive coefficients of the these centrality

measures are no longer statistically significant at the usual significance level except the

closeness centrality in t = 3. The maintained significance of the positive effect in the t = 3

case suggests that, if an economist’s overall distance to the other economists in the net-

work is short, the economist’s publication on a research subject leads to more publications

on similar subjects three years after the economist’s publication. As an advisor and his

or her advisee tends to have similar research interest, the proximity of two economists in

8Therefore, Table 3.7 summarizes the results from a total of 5× 8 = 40 regressions.
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the advisor-advisee network implies that the two economists share similar research interest.

Note that the closeness centrality measures a node’s accessibility to all nodes in a network.

If an economist’s overall distance to the other economists in the network is short, it can

imply that he or she is interested in topics that are addressed in various fields of economics.

In this light, having a shorter distance to all the other researchers in the advisor-advisee

network makes it more likely for an economist’s publication to be followed by subsequent

papers.

Degree centrality and diffusion centralities have strong negative coefficients for t = 1 and

t = 4. Degree centrality and diffusion centrality with a small T all give more weights to closer

nodes relative to the other types of centrality measures do. High values of these centralities

for an author means that there are many economists located very close to the author in the

advisor-adivsee network. When the author publishes a paper in one of the five prestigious

journals, it may become difficult for other working papers with very similar research ideas to

the author’s paper to be published in one of the five journals. The statistically significant

negative coefficients of the degree and the diffusion centrality measures for t = 1 imply

that economists proximate to the author are hit hard by the negative effect, right after the

author’s paper is published. As proximity of two economists in the advisor-advisee network

implies their similar research interests, an economist located very close to the author is

more likely to have been working on a similar topic as the author’s. Thus, it is reasonable

that the negative effect is stronger for the economists proximate to the author.

Although many of the coefficients are not statistically significant at conventional sig-

nificance levels, every centrality measure displays similar patterns of change in coefficients

over time. The estimated coefficient of a centrality measure in the FollowingPapers equa-

tion peaks in t = 2 or t = 3. An author with high centrality is likely to be an influential

economist who writes papers of good quality. When he or she publishes a paper in one of

the five prestigious journals, it may become difficult for other working papers with similar

research topics to be published in the five journals. This conjecture explains the negative

coefficient of centrality measures for t = 1. Motivated by the author’s influential paper,

researchers start working on applications of the author’s paper or developing the author’s

paper, and these follow-up studies are published in t = 2 and especially in t = 3. The
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increased publication on the research subject in t = 2 and t = 3 lowers the publication on

the subject in t = 4. Hence, an economist’s centrality at the time of the publication of his

or her paper has a cyclical correlation over time with the volume of subsequent research on

the subject.

Table 3.9 shows the negative binomial estimation results of Equation (3.8) with the

closeness centrality. An author’s academic age (AcademicAge) decreases the number of

following papers for all time lags. For the first two years after the publication of a paper,

the paper’s influence, measured by its cumulative citation count until y + t− 1 (Citation),

has no statistically significant effect. The citation count, however, becomes effective in

later years. The variable ExistingPapers, which counts the number of papers on a research

subject published in year y, is positively correlated with the number of papers on the same

subject published in year y + t for every t. This variable, as emphasized above, proxies the

size of the network of researchers working on the similar subjects. It does, indeed, have a

very significant and positive effect on the future research impact. Interestingly, however, as

shown in Table 3.6, the correlation of this variable with the closeness centrality variable is

positive but only 0.008, which is close to zero. This implies that there is great variation in

the centrality of the advisor-advisee network even within the same total size of researchers

working on the similar subjects. Finally, the estimation results for the covariates other

than the centrality measures do not vary much across the different centrality measures

used, including ExistingPapers variable.

Table 3.10 shows the estimation result of Equation (3.9), the CumulativePapers equa-

tion, when only the effect of centrality is controlled. The closeness centrality and decay

centrality with a high decay parameter have statistically significant positive correlations

with CumulativePapers. The eigenvector centrality has a negative coefficient for any t, and

the degree centrality has a negative coefficient for t = 1. When all the other covariates are

also controlled, as shown in Table 3.11, the negative coefficient of the eigenvalue centrality

becomes statistically insignificant, while the positive coefficients of the closeness centrality

and the decay centrality with δ = 0.75 remain statistically significant at the 10% significance

level only for t = 3.

Table 3.12 shows the full estimation result of the CumulativePapers equation with the

116



closeness centrality. Again, the estimated coefficients of the other variables do not vary much

across the centrality measures used. For every t, the coefficient of the variable AcademicAge

is negative, while the coefficient of ExistingPapers is positive. A paper’s citation count

accumulated by 2014 (Citation2014) does not have a statistically significant correlation

with the cumulative number of subsequent research even for later periods (t ≥ 4).

3.4.2 Model 2. Paper-Based Approach, Sharing at Least One JEL Code

In the second model, two papers are considered to have similar research subjects if they

have at least one tertiary JEL code in common. Table 3.13 summarizes the estimated

coefficients of centrality measures when each of them is used as the only covariate of the

FollowingPapers equation, Equation (3.8). The closeness centrality and the three decay

centralities have positive and statistically significant coefficients for every t. The degree

centrality has a statistically significant negative correlation with FollowingPapers in t = 1,

t = 4, and t = 5.

Table 3.14 shows the coefficients of centrality measures when the other covariates are

also controlled. The closeness centrality loses statistical significance, but the decay central-

ities still have positive and statistically significant coefficients for some t. Particularly, the

decay centrality with high decay parameter δ = 0.75 has a statistically significant positive

correlation with FollowingPapers for t ≥ 2. The degree centrality has negative coefficients

for t = 1 and t = 5, and the diffusion centrality also has a negative coefficient in t = 1.

The change in the size of coefficients over time still shows a pattern of change similar

to that in the first model. The coefficient of each centrality is the smallest in t = 1, is

maximized either at t = 2 or t = 3, and then decreases again in t = 4 and t = 5. When

an influential author publishes a paper, the publication of papers with similar research

subjects declines initially, increases as follow-up studies are developed, and then decreases

again after these follow-up papers are published.

Table 3.15 presents the estimation results of Equation (3.8) with a decay centrality

with δ = 0.75. In the table, CitationStock, Citation, and ExistingPapers show qualitatively

similar results to those in the first model. An author’s AcademicAge still has negative

coefficients, as in the first model, but they are statistically significant at the conventional
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significance level only for t ≥ 3. An author’s PublicationStock decreases the number of

following papers, and this relationship is statistically significant at the 10% significance

level for t ≤ 3. As an economist tends to write papers with similar research subjects, if an

author has published many papers in recent years, publication of papers on similar research

subjects to the author’s interest may be reduced. The lead article of an issue of a journal

is likely to be a paper of higher quality. If a lead article is a comprehensive study of a

research idea, this may reduce publication of following papers of the same topic as the

lead article. A longer paper and a paper written by collaboration of multiple economists

increases publication of following papers. Compared to the first model of the JEL code-

based approach, the paper-specific properties appear to have more significant effect on the

number of following papers.

Table 3.16 shows the estimation result of Equation (3.9), the CumulativePapers equation,

only with a centrality measure as a regressor. The closeness centrality and the decay

centralities have positive and statistically significant coefficients for every t. The degree

centrality has a statistically significant negative coefficient for t = 1. Table 3.17 summarizes

the coefficient of centrality measures when all the other regressors of Equation (3.9) are

controlled. The degree centrality has a statistically significant negative correlation with

CumulativePapers for every t. It appears that the negative effect of the centrality on

FollowingPapers in the early period, t = 1, is prolonged until the later periods. The

decay centrality with a high decay parameter, δ = 0.75, has a positive correlation with

CumulativePapers for t ≥ 2.

Table 3.18 shows the estimation results of the CumulativePapers equation with a decay

centrality of δ = 0.75. The effects of the covariates other than the centrality and Cita-

tion2014 are qualitatively similar to the effect of them on FollowingPapers. The variable

Citation2014 has a statistically significant positive coefficient only for t = 1.

3.4.3 Model 3. Paper-Based Approach, Sharing at Least Two JEL Codes

In the third model, two papers are considered to share similar research subjects when they

have at least two JEL codes in common. A paper and its succeeding paper have much more

similar subjects in this model than in the first and the second models.
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Table 3.19 shows the estimation result of Equation (3.8), the FollowingPapers equation,

when a centrality measure is included as the only regressor. The closeness centrality and

the decay centrality with δ = 0.75 have positive and statistically significant coefficients

for every t. All centrality measures except the eigenvector centrality have statistically

significant positive coefficients for t = 3. When the other covariates are also included

in the estimation, only the closeness centrality and the decay centrality with δ = 0.75

have statistically significant positive coefficients for some t, as shown in Table 3.20. The

correlation between high centrality and FollowingPapers is maximized in t = 3, shrinks at

t = 4, and increases again in t = 5.

Table 3.21 presents the estimation result of Equation (3.8) with the decay centrality

at δ = 0.75. An author’s academic age does not have significant effect on the number of

following papers when shared similar research subjects are defined more restrictively. An

author’s role as an editor of one of the five journals at the time that his or her paper is

published increases publication of papers with a similar research topic to the editor’s paper

one year after the editor’s publication. This observation may reflect the tendency of an

editor to accept papers that coincide with his or her own research interest. The effect of

having more coauthors disappears in the third model.

Table 3.22 summarizes each centrality measure’s correlation with CumulativePapers

when a centrality measure is the only regressor in the estimation. The closeness centrality

and the decay centralities have positive and statistically significant coefficients for all or for

some t. When the other regressors are also controlled, the decay centrality with δ = 0.75

continues to have a positive and statistically significant coefficient for every t, as shown in

Table 3.23. The closeness centrality also has a statistically significant positive correlation

with CumulativePapers for t ≥ 2.

Table 3.24 shows the estimation result of Equation (3.9), the CumulativePapers equation,

with the decay centrality of δ = 0.75. Being an editor appears to have a prolonged effect on

CumulativePapers until later periods. The variable Citation2014 has a negative coefficient

for every t. A following paper in Model 3 has a research topic very similar to its preceding

paper. If the overall influence of the preceding papers, measured by Citation2014, is high,

there may be fewer published papers with very similar research topic to the influential paper
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within a few years after the publication of the influential paper.

3.4.4 Summary of Estimation Results

In each of the three models, if there is a centrality measure that has a statistically significant

positive correlation with the number of following papers, it is either the closeness centrality

or the decay centralities, especially the decay centrality with a high decay parameter. The

degree centrality and the diffusion centrality are estimated to have statistically significant

negative coefficients for the FollowingPapers equation in some period t, especially in t = 1

for the first and the second models.

The closeness centrality and the decay centrality with a high decay parameter determines

a node’s importance in a network based on its overall distance to all the other nodes in the

network. On the other hand, the degree centrality and the diffusion centrality with T = 1

determines one’s importance depending on the number of his or her direct neighbors. A

shorter distance between two economists in the advisor-advisee network represents more

similarity of the two economists’ research interests. Hence, the negative coefficients of the

degree centrality and the diffusion centrality with T = 1 in t = 1 can be understood as

indicating that when an article is published in one of the five journals, it becomes difficult

for papers with a research topic very similar to that of the published article to be published

in one of the five journals shortly after the publication of the article. However, the article

may inspire some economists who do not have very similar research interest to the article’s

author but have some overlapping interest with the author. This results in the positive

correlation of the closeness centrality or the decay centrality with a high decay parameter

with the number of subsequent papers for periods t = 2 or t = 3. After these periods, the

positive correlation shrinks or disappears.

3.5 Robustness Check: Estimations without ExistingPapers

In this section, I report the results from the estimation of Equation (3.8), the Following-

Papers equation, when the proxy variable, ExistingPaper, is dropped from the estimations.

Note again, the ExistingPaper variable proxies for the size of the network of researchers
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working on the same research subject as the economist in question. Table 3.25, Table 3.26,

and Table 3.27 summarize the estimated coefficients of centrality measures for Model 1,

Model 2, and Model 3, respectively.

Compared to the main analysis, the estimated values of the coefficients of the degree

centrality increase substantially. Also, the statistical significance of the negative coefficients

of the degree centrality for Model 1 and Model 2 disappear. Instead, the estimated values

of the coefficients of the eigenvector centrality decrease significantly, and the negative coef-

ficients of the eigenvector centrality become statistically significant for t = 1 and t = 4 in

Model 1 and Model 2, and for t = 4 in Model 3.

For Model 1, the estimated values of the coefficients of the closeness centrality also de-

crease substantially, and the positive coefficient for t = 3 is no longer statistically significant

at the 10% significance level. None of the centrality measures has a statistically significant

positive coefficient for Model 1 at the conventional significance levels. The positive co-

efficients of the decay centralities remain statistically significant for Model 2. Also, the

closeness centrality and the decay centrality with δ = 0.75 still have statistically significant

positive coefficients for t = 3. The correlation between ExistingPapers and each of the cen-

trality measures is particularly low for Model 1 as shown in Table 3.6. When ExistingPapers

is dropped from the estimation of the FollowingPapers equation, the changes in the values

of the coefficients are relatively large for Model 1 relative to the other two models.

In summary, the negative effect of the degree centrality is replaced with the negative

effect of the eigenvector centrality when ExistingPapers is dropped from the estimations.

The strong positive effects of the closeness centrality and the decay centrality with the

high decay parameter are preserved for the paper-based models. These differences from

the main regression analysis emphasize the importance of controlling for the size of the

network of researchers working on the same research subject in estimating the role of the

advisor-advisee network in the dissemination of research subjects.
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3.6 Connectivity and Distance between a Preceding Paper

and a Succeeding Paper

The analysis in the previous section shows that an economist’s centrality in the advisor-

advisee network has correlation with the volume of succeeding research. Then, one natural

question to ask is whether research subjects spread “through” the advisor-advisee network.

I examine the question by analyzing the “distance” between a paper and its subsequent

papers, where the distance is defined by the advisor-advisee network.

In this section, a paper published in year y is called a “preceding paper” and denoted

as p. Another paper published in year y + t, t ∈ {1, 2, 3, 4, 5}, which has similar research

subject with p, is called a “following paper” of p and is denoted as p′.

I define the distance between p and p′ as the minimum distance between an author

of p and an author of p′ in the advisor-advisee network. Papers are often written by a

collaboration of multiple authors. In this case, the distance between two papers is defined

by the minimum distance between all pairs of authors, one from each paper. If research

ideas actually spread through the advisor-advisee network, the distance between p and p′

should not be too great.

The mapping between p and p′ is often not one-to-one. A paper can have multiple

following papers for each t, and a following paper can have multiple preceding papers. The

distance I focus on in this case is the minimum distance between a following paper and its

preceding paper. For example, suppose that following paper p′ has two preceding papers,

p1 and p2, and its distance from p1 is 2, while its distance from p2 is 4. In this example, the

distance considered for p′ is 2. The idea behind this assumption is that even if a paper has

more than one preceding paper, the paper is affected most by the preceding paper located

closest to it.

If none of the authors of a following paper has a path to an author of any of its preceding

papers in the advisor-advisee network, the distance between the following paper and its

preceding papers is undefined. A following paper with its distance to preceding papers

defined is called a “connected” following paper. If a research idea disseminates through

the advisor-advisee network, a large portion of the following papers should be connected to
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preceding papers.

Table 3.28 summarizes the information on the distance between a following paper and

its preceding papers for each model. For each time lag t, the first three columns show the

number of following papers, the number of connected following papers, and the percentage

of connected following papers proportional to the all following papers, respectively. The

last two columns present the mean and the standard deviation of the distance between a

following paper and its preceding papers among connected following papers.

The top panel in Table 3.28 shows the information for the first model. The first model

takes the JEL code-based approach, so the distances are measured for two (paper - JEL

code) pairs. For example, if paper p′ lists three JEL codes, A14, C81, and D71, as its JEL

classification, three pairs, (p′-A14), (p′-C81), and (p′-D71), are made, and each of them is

counted as a separate observation. Among the 5,439 papers published in the five journals

between 1991 and 2010, 4,830 papers are counted as a following paper of a preceding paper

for t = 1. For the first model, these 4,830 papers make 10,034 (paper - JEL code) pairs.

Among the 10,034 pairs, 8,541 (paper - JEL code) pairs are connected to a preceding (paper

- JEL code) pair.

The second and third models take the paper-based approach, so the distance is measured

between papers, not between (paper - JEL code) pairs. As the definition of sharing similar

research subjects is more restrictive in the third model, among the 4,022 papers that listed

more than one JEL code, only 1,584 papers are counted as following papers of a preceding

paper for t = 1.

For all three models, the number of following papers decreases in t due to the truncation

in the sample. For example, the papers in the sample published before or in 1993 cannot be

following papers for t ≥ 3, as the sample consists of papers published in 1991 at the earliest

and afterward.

For the first and second models, more than 85% of the following papers are connected

to preceding papers. The mean of distances between following papers and their preceding

papers are around five for the first model and around four for the second model. In the

third model, the ratio of connected following papers is slightly lower than in the first two

models, and the average distance between a following paper and its preceding papers is
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around six.

For comparison, I also report the ratio of reachable pairs of economists in the advisor-

advisee network as of each year from 1991 to 2010 and the distance between reachable

economists in Table 3.29. The first column presents the size of the network (N) for each

year. For an undirected network with size N , the total number of possible pairs of nodes in

the network becomes N(N − 1)/2. Two economists who have a path between them in the

advisor-advisee network makes a “reachable” pair. The second column shows the percentage

of reachable pairs proportional to all possible pairs. The last two columns present the mean

and the standard deviation of distances between two nodes in a reachable pair. The ratio

of reachable pairs to all possible pairs grows over time, but the highest ratio, 32%, is still

much lower than the ratio of connected following papers to all following papers, as shown

in Table 3.29. Also, the average distance between reachable economists in the network is

around 9.5, which is much higher than those in the three models. This comparison reveals

that when an economist publishes a paper, the author of the paper’s following paper is likely

to be a researcher located closer to the economist in the advisor-advisee network, rather

than a random researcher in the network. This observation implies that the structure of

the advisor-advisee network and the dissemination process of research subjects are related.

For the first and second models, although the change over time is not significant, the

proportion of connected following papers and the mean of distances between the following

papers and their preceding papers generally increase over time. These results suggest that a

research subject spreads through the advisor-advisee network as the subject reaches authors

located farther from the preceding paper’s author as time passes.

In the third model, the proportion of the connected following papers is the highest, and

the mean of distances between a following paper and its preceding papers is the smallest

in the third period, t = 3. The main estimation result described in Section 3.4.3 is that

an author’s closeness centrality and the decay centrality with δ = 0.75 have the most

significant positive coefficients in t = 3 among all time lags considered. This result means

that an author who is located closer to other economists in the advisor-advisee network

significantly increases the publication of papers with similar research subjects three years

after the author’s publication. The smallest average distance between a following paper
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and its preceding papers in period t = 3, as observed in the bottom panel of Table 3.28

implies that the following economists who are motivated by an author with higher closeness

or decay centrality to work on a research subject in t = 3 are actually located closer to the

author in the advisor-advisee network.

For all three models, the observation made in this section indicates that an author who

writes a following paper tends to be placed closer to the author of the preceding paper than

a random economist does in the advisor-advisee network. This supports the conjecture that

the structure of the advisor-advisee network has a connection to how research subjects gain

attention and spread.

3.7 Conclusion

In this chapter, I discuss the connection of the advisor-advisee network to the spread of

research subjects in economics. I analyze how an author’s influence or importance in the

advisor-advisee network, measured by centrality indices, is correlated with the volume of

subsequent research over time. The question is addressed under three empirical models with

different definitions of having similar research subjects. In the first model, each JEL code

of a paper is considered a research subject. In the second model, two papers are defined

as having a similar research subject if they share at least one JEL code in common. In the

third model, two papers with at least two JEL codes in common are considered to have a

similar research subject.

The centrality measures generate similar patterns of impact in the three models. When

an economist with a high degree or diffusion centrality publishes a paper, publication on

a similar research subject declines right after the paper’s publication. If an economist

with a high closeness or decay centrality publishes a paper, more publications on a similar

research subject with the paper follows about three years after the publication of the paper.

The estimation results imply that right after an economist’s article on a research subject

is published, instantly it becomes difficult for researchers who have very similar research

interests to publish their papers. However, the economist’s work inspires researchers whose

research interests are not very close to those of the publishing economist but have some
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overlapping interest with the economist. These researchers’ papers on the similar research

subject to the economist’s article get published a few years after the economist’s publication.

The analysis on the distance between a succeeding paper and its preceding papers reveals

that the author of the preceding paper and the author of the following paper are closely

located in the advisor-advisee network. This can be evidence for the fact that the structure

of the advisor-advisee network is strongly related to the dissemination of research subjects

captured by JEL codes.

Since I do not have data on the actual research subjects of papers in my sample, I infer

their research topics from their JEL classification. Collecting more accurate information on

their research subjects would facilitate a more detailed analysis. It would be also interesting

to study the question with other types of networks, such as coauthorship networks.
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3.8 Tables

Table 3.1: Average of Each Centrality Measure in the Advisor-Advisee Network over Time

Year
Network

Degree Closeness
Decay Decay Decay Eigen

Size (N) (δ = 0.25) (δ = 0.5) (δ = 0.75) -vector

1991 2,847 0.00058 0.03067 1.0267 7.7584 71.652 0.00328

1992 3,006 0.00055 0.03092 1.0558 8.1755 76.619 0.00314

1993 3,179 0.00053 0.03244 1.0982 8.8293 84.823 0.00298

1994 3,352 0.00051 0.03404 1.1427 9.5082 93.381 0.00281

1995 3,537 0.00048 0.03522 1.1825 10.1616 101.782 0.00271

1996 3,710 0.00046 0.03675 1.2170 10.7789 110.606 0.00262

1997 3,891 0.00044 0.03714 1.2377 11.1847 116.743 0.00253

1998 4,061 0.00043 0.03752 1.2655 11.6449 123.052 0.00244

1999 4,221 0.00041 0.03905 1.2981 12.2790 132.200 0.00239

2000 4,397 0.00040 0.03936 1.3251 12.7481 138.567 0.00231

2001 4,567 0.00039 0.04011 1.3541 13.3621 146.918 0.00225

2002 4,724 0.00038 0.04104 1.3834 13.9202 154.918 0.00219

2003 4,837 0.00037 0.04167 1.4093 14.3545 160.435 0.00212

2004 4,929 0.00036 0.04243 1.4267 14.6635 165.179 0.00210

2005 5,046 0.00036 0.04283 1.4428 15.0120 170.400 0.00207

Year
Between

q
Diffusion Diffusion Diffusion Diffusion Diffusion

-ness (T = 1) (T = 2) (T = 3) (T = 4) (T = 5)

1991 0.00070 0.1560 0.2623 0.4178 0.4974 0.5661 0.6128

1992 0.00065 0.1514 0.2561 0.4072 0.4833 0.5492 0.5934

1993 0.00065 0.1481 0.2530 0.4033 0.4786 0.5434 0.5866

1994 0.00065 0.1425 0.2452 0.3902 0.4612 0.5226 0.5629

1995 0.00063 0.1400 0.2426 0.3870 0.4576 0.5188 0.5588

1996 0.00064 0.1382 0.2414 0.3862 0.4570 0.5185 0.5586

1997 0.00062 0.1365 0.2394 0.3830 0.4530 0.5142 0.5539

1998 0.00060 0.1353 0.2387 0.3833 0.4537 0.5154 0.5553

1999 0.00061 0.1352 0.2397 0.3872 0.4595 0.5234 0.5647

2000 0.00059 0.1343 0.2392 0.3874 0.4602 0.5246 0.5662

2001 0.00057 0.1332 0.2380 0.3862 0.4589 0.5232 0.5647

2002 0.00057 0.1322 0.2373 0.3861 0.4593 0.5242 0.5661

2003 0.00057 0.1301 0.2345 0.3812 0.4527 0.5162 0.5567

2004 0.00058 0.1300 0.2349 0.3832 0.4556 0.5201 0.5615

2005 0.00058 0.1298 0.2351 0.3839 0.4570 0.5218 0.5636

The reported centrality measures are the average among N nodes; q used for the calculation
of diffusion centralities is equal to the inverse of the greatest eigenvalue of the advisor-advisee
network.
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Table 3.2: Model 1. Sample Statistics (15,286 observations)

Variable Mean
Standard Percentile

Deviation 25th 50th 75th

FollowingPapers (t = 1) 4.54429 4.55829 1 3 7

FollowingPapers (t = 2) 5 4.61444 1 3 7

FollowingPapers (t = 3) 5 4.76943 1 3 7

FollowingPapers (t = 4) 5 5.07538 1 3 7

FollowingPapers (t = 5) 5 5.49909 1 3 7

CumulativePapers (t = 1) 5 4.55829 1 3 7

CumulativePapers (t = 2) 9 8.60353 2 7 14

CumulativePapers (t = 3) 14 12.80479 4 10 20

CumulativePapers (t = 4) 19 17.30799 5 14 27

CumulativePapers (t = 5) 24 22.23163 7 17 35

Degree Centrality 0 0.00087 0.00022 0.00032 0.00063

Closeness Centrality 0 0.03220 0.04364 0.06536 0.07692

Decay Centrality (δ = 0.25) 2 2.16981 0.6133 1.3605 2.6515

Decay Centrality (δ = 0.5) 19 18.51188 3.4219 15.2080 29.2782

Decay Centrality (δ = 0.75) 192 140.8034 64.7615 198.5300 292.9520

Eigenvector Centrality 0 0.02684 0 0.00003 0.00098

Betweenness Centrality 0.00121 0.00330 0 0 0.00077

Diffusion Centrality (T = 1) 0.35176 0.48238 0.1343 0.1514 0.3120

Diffusion Centrality (T = 2) 0.60142 0.69225 0.2140 0.3580 0.6917

Diffusion Centrality (T = 3) 0.74858 0.99191 0.2461 0.4222 0.8367

Diffusion Centrality (T = 4) 0.87907 1.19798 0.2613 0.4681 0.9906

Diffusion Centrality (T = 5) 0.97221 1.44176 0.2704 0.5018 1.0552

AcademicAge 11.93936 8.52691 5 10 17

CitationStock 18.68082 45.24613 2 6 18

PublicationStock 0.75016 1.14271 0 0 1

Editor 0.02519 0.15670 0 0 0

Citation (t = 0) 0.45113 1.13542 0 0 1

Citation (t = 1) 2.46343 3.70726 0 1 3

Citation (t = 2) 6.22419 8.35592 2 4 8

Citation (t = 3) 11.23800 14.62485 3 7 14

Citation (t = 4) 17.20587 22.68789 5 11 21

Citation2014 115.7507 196.0737 26 59 130

LeadArticle 0.09767 0.29688 0 0 0

PaperLength 24.87956 11.55699 17 24 32

NumAuthors 2.14131 0.80189 2 2 3

ExistingPapers 5.66917 4.47620 2 4 8
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Table 3.3: Model 1. Correlation among Centrality Measures (15,286 observations)

Degree Closeness
Decay Decay Decay Eigen

(δ = 0.25) (δ = 0.5) (δ = 0.75) -vector

Degree 1 0.3056 0.7407 0.4868 0.3280 0.4184

Closeness 0.3056 1 0.6560 0.8032 0.9302 0.2704

Decay (δ = 0.25) 0.7407 0.6560 1 0.9203 0.7599 0.5886

Decay (δ = 0.5) 0.4868 0.8032 0.9203 1 0.9236 0.5033

Decay (δ = 0.75) 0.3280 0.9302 0.7599 0.9236 1 0.3242

Eigenvector 0.4184 0.2704 0.5886 0.5033 0.3242 1

Betweenness 0.8423 0.3507 0.7413 0.5484 0.3907 0.4537

Diffusion (T = 1) 0.9809 0.3158 0.7624 0.5146 0.3643 0.4158

Diffusion (T = 2) 0.9320 0.4655 0.9077 0.6980 0.5237 0.5384

Diffusion (T = 3) 0.9223 0.4564 0.9035 0.6963 0.5166 0.6099

Diffusion (T = 4) 0.8787 0.4805 0.9269 0.7367 0.5464 0.6734

Diffusion (T = 5) 0.8589 0.4675 0.9149 0.7287 0.5349 0.7234

Between Diffusion Diffusion Diffusion Diffusion Diffusion

-ness (T = 1) (T = 2) (T = 3) (T = 4) (T = 5)

Degree 0.8423 0.9809 0.9320 0.9223 0.8787 0.8589

Closeness 0.3507 0.3158 0.4655 0.4564 0.4805 0.4675

Decay (δ = 0.25) 0.7413 0.7624 0.9077 0.9035 0.9269 0.9149

Decay (δ = 0.5) 0.5484 0.5146 0.6980 0.6963 0.7367 0.7287

Decay (δ = 0.75) 0.3907 0.3643 0.5237 0.5166 0.5464 0.5349

Eigenvector 0.4537 0.4158 0.5384 0.6099 0.6734 0.7234

Betweenness 1 0.8254 0.8333 0.8378 0.8152 0.8053

Diffusion (T = 1) 0.8254 1 0.9495 0.9405 0.8959 0.8762

Diffusion (T = 2) 0.8333 0.9495 1 0.9921 0.9801 0.9626

Diffusion (T = 3) 0.8378 0.9405 0.9921 1 0.9927 0.9849

Diffusion (T = 4) 0.8152 0.8959 0.9801 0.9927 1 0.9967

Diffusion (T = 5) 0.8053 0.8762 0.9626 0.9849 0.9967 1
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Table 3.4: Model 2. Sample Statistics (6,958 observations)

Variable Mean
Standard Percentile

Deviation 25th 50th 75th

FollowingPapers (t = 1) 9.41276 7.42764 4 8 14

FollowingPapers (t = 2) 9.53219 7.57351 4 8 14

FollowingPapers (t = 3) 9.57862 7.82580 3 8 14

FollowingPapers (t = 4) 9.90170 8.24465 4 8 14

FollowingPapers (t = 5) 10.38661 8.86292 4 8 15

CumulativePapers (t = 1) 9.41276 7.42764 4 8 14

CumulativePapers (t = 2) 18.94496 14.33937 8 16 27

CumulativePapers (t = 3) 28.52357 21.47283 12 24 40

CumulativePapers (t = 4) 38.42527 29.01954 16 32 54

CumulativePapers (t = 5) 48.81187 37.15396 20 41 68

Degree Centrality 0.00063 0.00087 0.00023 0.00032 0.00063

Closeness Centrality 0.05311 0.03249 0.03453 0.06450 0.07617

Decay Centrality (δ = 0.25) 2.01311 2.12858 0.5808 1.3155 2.5700

Decay Centrality (δ = 0.5) 18.64293 18.20772 3.0160 14.4064 28.1616

Decay Centrality (δ = 0.75) 183.32000 138.92000 28.2712 187.891 281.807

Eigenvector Centrality 0.00557 0.02529 0 0.00002 0.00089

Betweenness Centrality 0.00120 0.00329 0 0 0.00075

Diffusion Centrality (T = 1) 0.34805 0.47526 0.1352 0.1514 0.3120

Diffusion Centrality (T = 2) 0.59233 0.68113 0.2139 0.3554 0.6833

Diffusion Centrality (T = 3) 0.73624 0.97218 0.2433 0.4181 0.8236

Diffusion Centrality (T = 4) 0.86261 1.17116 0.2571 0.4627 0.9621

Diffusion Centrality (T = 5) 0.95279 1.40298 0.2639 0.4937 1.0188

AcademicAge 11.92598 8.53722 5 10 17

CitationStock 17.90989 42.17992 2 6 18

PublicationStock 0.76214 1.15640 0 0 1

Editor 0.02429 0.15395 0 0 0

Citation (t = 0) 0.42440 1.02504 0 0 1

Citation (t = 1) 2.30296 3.31160 0 1 3

Citation (t = 2) 5.76876 7.36073 1 4 8

Citation (t = 3) 10.39235 12.94809 3 7 13

Citation (t = 4) 15.88617 20.09241 5 10 20

Citation2014 112.08050 188.95810 25 57 127

LeadArticle 0.08982 0.28595 0 0 0

PaperLength 23.88229 11.48549 16 23 31

NumAuthors 2.11799 0.79853 2 2 3

ExistingPapers 10.62863 7.43029 5 9 15
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Table 3.5: Model 3. Sample Statistics (4,951 observations)

Variable Mean
Standard Percentile

Deviation 25th 50th 75th

FollowingPapers (t = 1) 0.75722 1.41294 0 0 1

FollowingPapers (t = 2) 0.75419 1.38081 0 0 1

FollowingPapers (t = 3) 0.77661 1.40266 0 0 1

FollowingPapers (t = 4) 0.83417 1.55433 0 0 1

FollowingPapers (t = 5) 0.84044 1.55985 0 0 1

CumulativePapers (t = 1) 0.75722 1.41294 0 0 1

CumulativePapers (t = 2) 1.51141 2.43788 0 1 2

CumulativePapers (t = 3) 2.28802 3.51664 0 1 3

CumulativePapers (t = 4) 3.12220 4.74316 0 1 4

CumulativePapers (t = 5) 3.96263 5.94262 0 2 5

Degree Centrality 0.00063 0.00088 0.00022 0.00032 0.00063

Closeness Centrality 0.05434 0.03224 0.04344 0.06536 0.07690

Decay Centrality (δ = 0.25) 2.07517 2.18267 0.6188 1.3598 2.6342

Decay Centrality (δ = 0.5) 19.37494 18.53676 3.3930 15.2334 29.2782

Decay Centrality (δ = 0.75) 191.10610 140.52570 63.8272 198.098 291.653

Eigenvector Centrality 0.00586 0.02742 0 0.00003 0.00097

Betweenness Centrality 0.00122 0.00338 0 0 0.00077

Diffusion Centrality (T = 1) 0.35075 0.48524 0.1343 0.1514 0.3120

Diffusion Centrality (T = 2) 0.60105 0.69699 0.2144 0.3594 0.6910

Diffusion Centrality (T = 3) 0.74868 1.00254 0.2465 0.4238 0.8334

Diffusion Centrality (T = 4) 0.87998 1.21204 0.2622 0.4687 0.9873

Diffusion Centrality (T = 5) 0.97376 1.46162 0.2711 0.5028 1.0469

AcademicAge 11.94526 8.54259 5 10 17

CitationStock 18.79640 45.34983 2 6 18

PublicationStock 0.73823 1.11543 0 0 1

Editor 0.02383 0.15255 0 0 0

Citation (t = 0) 0.44153 1.08849 0 0 1

Citation (t = 1) 2.44112 3.52723 0 1 3

Citation (t = 2) 6.16017 7.88255 2 4 8

Citation (t = 3) 11.12402 13.93354 3 7 14

Citation (t = 4) 17.02444 21.61959 5 11 22

Citation2014 117.14000 200.91260 26 59 130

LeadArticle 0.09715 0.29619 0 0 0

PaperLength 24.70814 11.28431 17 24 31

NumAuthors 2.14805 0.80509 2 2 3

ExistingPapers 1.82044 1.42711 1 1 2
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Table 3.6: Correlation between ExistingPapers and Centrality

Model 1 Model 2 Model 3

Degree Centrality 0.0030 -0.0025 0.0147

Closeness Centrality 0.0081 0.0571 0.0405

Decay Centrality (δ = 0.25) 0.0039 0.0374 0.0394

Decay Centrality (δ = 0.5) 0.0062 0.0559 0.0436

Decay Centrality (δ = 0.75) 0.0139 0.0899 0.0632

Eigenvector Centrality -0.0114 -0.0054 0.0088

Betweenness Centrality -0.0003 -0.0007 0.0221

Diffusion Centrality (T = 1) 0.0052 0.0137 0.0275

Diffusion Centrality (T = 2) 0.0033 0.0179 0.0312

Diffusion Centrality (T = 3) 0.0025 0.0161 0.0292

Diffusion Centrality (T = 4) 0.0014 0.0162 0.0293

Diffusion Centrality (T = 5) 0.0005 0.0150 0.0278

Number of Observations 15,286 6,958 4,951

This table summarizes the correlation between ExistingPapers and
a centrality measure for each model. For example, the correlation
between ExistingPapers and the degree centrality is 0.003 for Model
1.

132



Table 3.7: Model 1. Following Papers – Estimated Coefficients of Centrality Measures
(Centrality Only)

Negative binomial estimation result of the following equation:

E(FollowingPapersjel,y+t|Centralityi,y) = exp[α0 + αcCentralityi,y + εi,p,jel,y+t]

Each centrality measure is included in the estimation separately.

Number of observations: 15,286

Following Following Following Following Following

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -17.242630∗ -4.884019 -2.715405 -17.783330∗ -16.114150

(-1.88) (-0.49) (-0.28) (-1.75) (-1.64)

Closeness 0.542893∗∗ 0.473111∗ 0.690909∗∗∗ 0.611131∗∗ 0.483207∗

(2.13) (1.86) (2.61) (2.25) (1.75)

Decay (δ = 0.25) -0.000029 0.004993 0.007045∗ 0.004224 0.001607

(-0.01) (1.30) (1.78) (1.03) (0.40)

Decay (δ = 0.5) 0.000525 0.000771∗ 0.001176∗∗ 0.001109∗∗ 0.000767

(1.20) (1.76) (2.56) (2.35) (1.62)

Decay (δ = 0.75) 0.000196∗∗∗ 0.000191∗∗∗ 0.000255∗∗∗ 0.000279∗∗∗ 0.000239∗∗∗

(3.38) (3.30) (4.22) (4.51) (3.78)

Eigenvector -0.899089∗∗∗ -0.721990∗∗ -0.593275∗∗ -1.167468∗∗∗ -0.989235∗∗∗

(-3.15) (-2.55) (-2.02) (-4.00) (-3.26)

Betweenness -2.576957 -1.317288 -0.352302 -3.801142 -4.006556

(-1.05) (-0.49) (-0.13) (-1.42) (-1.58)

Diffusion (T = 1) -0.012962

(-0.77)

Diffusion (T = 2) 0.005548

(0.44)

Diffusion (T = 3) 0.004648

(0.53)

Diffusion (T = 4) -0.007668

(-1.01)

Diffusion (T = 5) -0.008744

(-1.45)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.8: Model 1. Following Papers – Estimated Coefficients of Centrality Measures
(Full Model)

Negative binomial estimation result of Equation (3.8)

E(FollowingPapersjel,y+t|Centralityi,y, Xi,y, Xp,y(+t−1), Xp,y)

= exp[α0 + αcCentralityi,y + α′iXi,y + α′pXp,y(+t−1) + α′jelXjel,y + εi,p,jel,y+t]

Each centrality measure is included in the estimation separately.

Number of observations: 15,286

Following Following Following Following Following

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -17.346131∗∗ -6.314758 -3.680546 -15.253797∗ -12.390866

(-2.11) (-0.86) (-0.46) (-1.89) (-1.53)

Closeness 0.091967 0.332543 0.420270∗ 0.017206 -0.054620

(0.39) (1.48) (1.80) (0.07) (-0.23)

Decay (δ = 0.25) -0.005981∗ 0.003465 0.002137 -0.005543 -0.003687

(-1.65) (1.04) (0.62) (-1.57) (-1.02)

Decay (δ = 0.5) -0.000379 0.000583 0.000501 -0.000262 -0.000126

(-0.87) (1.40) (1.19) (-0.60) (-0.28)

Decay (δ = 0.75) -0.000001 0.000087 0.000089 -0.000003 0.000002

(-0.02) (1.58) (1.59) (-0.06) (0.03)

Eigenvector -0.157121 0.045443 0.208574 -0.257372 0.038711

(-0.53) (0.20) (0.81) (-1.09) (0.15)

Betweenness -1.858283 -1.356294 0.279366 -2.438802 -2.048557

(-0.88) (-0.75) (0.14) (-1.23) (-1.01)

Diffusion (T = 1) -0.033280∗∗

(-2.27)

Diffusion (T = 2) -0.000625

(-0.07)

Diffusion (T = 3) -0.001592

(-0.22)

Diffusion (T = 4) -0.013411∗∗

(-2.28)

Diffusion (T = 5) -0.007153

(-1.41)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.9: Model 1. Following Papers – Negative Binomial Estimation of Equation (3.8)
with Closeness Centrality

Number of observations: 15,286

Following Following Following Following Following

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Closeness 0.091967 0.332543 0.420270∗ 0.017206 -0.054620

(0.39) (1.48) (1.80) (0.07) (-0.23)

AcademicAge -0.001466∗∗ -0.001906∗∗∗ -0.002265∗∗∗ -0.002798∗∗∗ -0.003254∗∗∗

(-1.97) (-2.69) (-3.08) (-3.76) (-4.38)

CitationStock 0.000158 0.000219∗∗ 0.000146 0.000154 0.000079

(1.25) (1.99) (1.23) (1.36) (0.68)

PublicationStock -0.007558 -0.005126 -0.006346 -0.006460 -0.006909

(-1.40) (-1.00) (-1.17) (-1.19) (-1.17)

Editor 0.015965 -0.023767 0.028221 -0.009500 0.011671

(0.42) (-0.64) (0.76) (-0.27) (0.30)

Citation (t = 0) -0.000939

(-0.20)

Citation (t = 1) 0.000464

(0.29)

Citation (t = 2) 0.001262∗

(1.84)

Citation (t = 3) 0.001242∗∗∗

(3.27)

Citation (t = 4) 0.000700∗∗∗

(2.74)

LeadArticle -0.026949 -0.010365 -0.012066 -0.022310 -0.008949

(-1.34) (-0.55) (-0.60) (-1.09) (-0.42)

PaperLength 0.000895 0.000915 0.001052 0.000705 0.000808

(1.40) (1.47) (1.60) (1.07) (1.22)

NumAuthors 0.006591 0.006280 0.003668 0.013461∗ 0.012959

(0.86) (0.81) (0.47) (1.74) (1.58)

ExistingPapers 0.129093∗∗∗ 0.128958∗∗∗ 0.128243∗∗∗ 0.133834∗∗∗ 0.131155∗∗∗

(85.57) (89.37) (88.46) (88.26) (86.97)

Grad FE Yes Yes Yes Yes Yes

Journal FE Yes Yes Yes Yes Yes

JELYear FE Yes Yes Yes Yes Yes

Log Likelihood -33626.16 -33449.18 -33897.76 -34262.88 -34902.58

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.10: Model 1. Cumulative Papers – Estimated Coefficients of Centrality Measures.
(Centrality Only)

Negative binomial estimation result of the following equation:

E(CumulativePapersjel,y+t|Centralityi,y) = exp[γ0 + γcCentralityi,y + εi,jel,y+t]

Each centrality measure is included in the estimation separately.

Number of observations: 15,286

Cumulative Cumulative Cumulative Cumulative Cumulative

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -17.242630∗ -11.038011 -8.223843 -10.674587 -11.835492

(-1.88) (-1.23) (-0.93) (-1.19) (-1.33)

Closeness 0.542893∗∗ 0.507863∗∗ 0.569507∗∗ 0.580185∗∗ 0.559429∗∗

(2.13) (2.13) (2.40) (2.43) (2.33)

Decay (δ = 0.25) -0.000029 0.002524 0.004058 0.004106 0.003581

(-0.01) (0.71) (1.14) (1.14) (0.99)

Decay (δ = 0.5) 0.000525 0.000650 0.000827∗∗ 0.000900∗∗ 0.000872∗∗

(1.20) (1.58) (2.02) (2.17) (2.09)

Decay (δ = 0.75) 0.000196∗∗∗ 0.000193∗∗∗ 0.000214∗∗∗ 0.000231∗∗∗ 0.000232∗∗∗

(3.38) (3.55) (3.95) (4.24) (4.23)

Eigenvector -0.899089∗∗∗ -0.816871∗∗∗ -0.743975∗∗∗ -0.850907∗∗∗ -0.882009∗∗∗

(-3.15) (-3.26) (-2.98) (-3.41) (-3.53)

Betweenness -2.576957 -1.951910 -1.416599 -2.028540 -2.450476

(-1.05) (-0.81) (-0.59) (-0.85) (-1.03)

Diffusion (T = 1) -0.012962

(-0.77)

Diffusion (T = 2) -0.002932

(-0.26)

Diffusion (T = 3) -0.000402

(-0.05)

Diffusion (T = 4) -0.002966

(-0.45)

Diffusion (T = 5) -0.004402

(-0.80)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.11: Model 1. Cumulative Papers – Estimated Coefficients of Centrality Measures.
(Full Model)

Negative binomial estimation result of Equation (3.9)

E(CumulativePapersjel,y+t|Centralityi,y, Xi,y, Xp,y, Xp,y)

= exp[γ0 + γcCentralityi,y + γ′iXi,y + γ′pXp,y + γ′jelXjel,y + εi,p,jel,y+t]

Each centrality measure is included in the estimation separately.

Number of observations: 15,286

Cumulative Cumulative Cumulative Cumulative Cumulative

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -17.603646∗∗ -11.800752∗ -7.884540 -9.047347 -9.433847

(-2.14) (-1.71) (-1.17) (-1.34) (-1.41)

Closeness 0.090403 0.232219 0.381818∗ 0.331871 0.270626

(0.38) (1.10) (1.86) (1.62) (1.32)

Decay (δ = 0.25) -0.006034∗ -0.000906 0.001160 -0.000018 -0.000479

(-1.66) (-0.29) (0.38) (-0.01) (-0.16)

Decay (δ = 0.5) -0.000384 0.000152 0.000405 0.000304 0.000252

(-0.88) (0.39) (1.08) (0.81) (0.67)

Decay (δ = 0.75) -0.000002 0.000050 0.000083∗ 0.000072 0.000062

(-0.03) (0.97) (1.67) (1.45) (1.25)

Eigenvector -0.156500 -0.086199 0.016360 -0.061033 -0.068201

(-0.52) (-0.39) (0.07) (-0.28) (-0.33)

Betweenness -1.911587 -1.770902 -0.859400 -1.184705 -1.334258

(-0.91) (-1.01) (-0.50) (-0.70) (-0.79)

Diffusion (T = 1) -0.033709∗∗

(-2.30)

Diffusion (T = 2) -0.010895

(-1.21)

Diffusion (T = 3) -0.004000

(-0.66)

Diffusion (T = 4) -0.004357

(-0.86)

Diffusion (T = 5) -0.004108

(-1.00)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.12: Model 1. Cumulative Papers – Negative Binomial Estimation of Equation (3.9)
with Closeness Centrality

Number of observations: 15,286

Cumulative Cumulative Cumulative Cumulative Cumulative

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Closeness 0.090403 0.232219 0.381818∗ 0.331871 0.270626

(0.38) (1.10) (1.86) (1.62) (1.32)

AcademicAge -0.001449∗ -0.001890∗∗∗ -0.002254∗∗∗ -0.002496∗∗∗ -0.002787∗∗∗

(-1.95) (-2.86) (-3.50) (-3.90) (-4.37)

CitationStock 0.000152 0.000180∗ 0.000157 0.000158 0.000134

(1.21) (1.65) (1.48) (1.52) (1.29)

PublicationStock -0.007540 -0.006536 -0.006401 -0.006424 -0.006508

(-1.40) (-1.35) (-1.35) (-1.37) (-1.35)

Editor 0.014989 -0.004724 0.004331 0.003161 0.005772

(0.39) (-0.14) (0.13) (0.10) (0.18)

Citation2014 0.000026 -0.000022 -0.000002 0.000024 0.000028

(0.75) (-0.69) (-0.06) (0.82) (0.97)

LeadArticle -0.028768 -0.018731 -0.017790 -0.017918 -0.015357

(-1.43) (-1.06) (-1.01) (-1.02) (-0.87)

PaperLength 0.000794 0.000823 0.000857 0.000803 0.000847

(1.23) (1.42) (1.49) (1.39) (1.48)

NumAuthors 0.005881 0.006562 0.006030 0.008031 0.011435∗

(0.77) (0.95) (0.89) (1.20) (1.70)

ExistingPapers 0.129091∗∗∗ 0.136293∗∗∗ 0.139447∗∗∗ 0.142636∗∗∗ 0.143560∗∗∗

(85.60) (95.05) (98.47) (99.60) (100.26)

Grad FE Yes Yes Yes Yes Yes

Journal FE Yes Yes Yes Yes Yes

JELYear FE Yes Yes Yes Yes Yes

Log Likelihood -33461.26 -41828.07 -47251.26 -51345.97 -54689.07

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.13: Model 2. Following Papers – Estimated Coefficients of Centrality Measures
(Centrality Only)

Negative binomial estimation result of the following equation:

E(FollowingPapersjel,y+t|Centralityi,y) = exp[α0 + αcCentralityi,y + εi,p,jel,y+t]

Each centrality measure is included in the estimation separately.

Number of observations: 6,958

Following Following Following Following Following

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -21.518662∗∗ -7.908859 -10.953576 -24.186645∗∗ -21.850307∗

(-2.01) (-0.67) (-0.90) (-1.99) (-1.79)

Closeness 1.687912∗∗∗ 1.619673∗∗∗ 1.701236∗∗∗ 1.688203∗∗∗ 1.574876∗∗∗

(5.76) (5.50) (5.54) (5.41) (4.98)

Decay (δ = 0.25) 0.013186∗∗∗ 0.018091∗∗∗ 0.018265∗∗∗ 0.016427∗∗∗ 0.013863∗∗∗

(3.09) (4.10) (3.94) (3.48) (2.97)

Decay (δ = 0.5) 0.002682∗∗∗ 0.002904∗∗∗ 0.003106∗∗∗ 0.003129∗∗∗ 0.002784∗∗∗

(5.38) (5.80) (5.90) (5.88) (5.19)

Decay (δ = 0.75) 0.000600∗∗∗ 0.000594∗∗∗ 0.000629∗∗∗ 0.000664∗∗∗ 0.000625∗∗∗

(9.04) (8.95) (9.02) (9.40) (8.71)

Eigenvector -0.520900 -0.325478 -0.319904 -0.762003∗∗ -0.651158

(-1.54) (-0.87) (-0.80) (-2.02) (-1.59)

Betweenness -2.024356 -0.469586 -0.827711 -3.752520 -3.569629

(-0.73) (-0.15) (-0.27) (-1.21) (-1.18)

Diffusion (T = 1) 0.001878

(0.10)

Diffusion (T = 2) 0.024943∗

(1.72)

Diffusion (T = 3) 0.013099

(1.23)

Diffusion (T = 4) 0.002849

(0.32)

Diffusion (T = 5) -0.000027

(-0.00)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01;
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Table 3.14: Model 2. Following Papers – Estimated Coefficients of Centrality Measures
(Full Model)

Negative binomial estimation result of Equation (3.8)

E(FollowingPapersjel,y+t|Centralityi,y, Xi,y, Xp,y(+t−1), Xp,y)

= exp[α0 + αcCentralityi,y + α′iXi,y + α′pXp,y(+t−1) + α′jelXjel,y + εi,p,jel,y+t]

Each centrality measure is included in the estimation separately.

Number of observations: 6,958

Following Following Following Following Following

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -18.549678∗∗ -2.009716 -11.936412 -12.970370 -15.826766∗∗

(-2.38) (-0.27) (-1.42) (-1.62) (-2.02)

Closeness -0.041718 0.253976 0.370555 0.209855 0.114038

(-0.18) (1.09) (1.51) (0.86) (0.45)

Decay (δ = 0.25) -0.005284 0.006945∗∗ 0.003609 0.000158 0.000018

(-1.55) (2.09) (1.01) (0.04) (0.01)

Decay (δ = 0.5) -0.000298 0.001019∗∗ 0.000869∗ 0.000533 0.000499

(-0.69) (2.40) (1.96) (1.21) (1.08)

Decay (δ = 0.75) 0.000021 0.000137∗∗ 0.000140∗∗ 0.000105∗ 0.000106∗

(0.37) (2.44) (2.37) (1.79) (1.71)

Eigenvector -0.309924 0.093657 0.137524 -0.048991 0.159504

(-1.16) (0.45) (0.50) (-0.22) (0.75)

Betweenness -1.522224 1.066181 -0.097375 -1.090396 -1.479314

(-0.80) (0.59) (-0.05) (-0.56) (-0.76)

Diffusion (T = 1) -0.029723∗∗

(-2.19)

Diffusion (T = 2) 0.007450

(0.80)

Diffusion (T = 3) -0.004604

(-0.63)

Diffusion (T = 4) -0.006764

(-1.17)

Diffusion (T = 5) -0.005535

(-1.24)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.15: Model 2. Following Papers – Negative Binomial Estimation of Equation (3.8)
with Decay Centrality (δ = 0.75)

Number of observations: 6,958

Following Following Following Following Following

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Decay (δ = 0.75) 0.000021 0.000137∗∗ 0.000140∗∗ 0.000105∗ 0.000106∗

(0.37) (2.44) (2.37) (1.79) (1.71)

AcademicAge -0.000363 -0.001065 -0.001368∗ -0.001357∗ -0.002063∗∗∗

(-0.50) (-1.46) (-1.78) (-1.79) (-2.65)

CitationStock 0.000182 0.000206∗ 0.000094 0.000189 0.000161

(1.53) (1.94) (0.79) (1.62) (1.30)

PublicationStock -0.009020∗ -0.009393∗ -0.009755∗ -0.008903 -0.007609

(-1.67) (-1.74) (-1.72) (-1.61) (-1.30)

Editor 0.033485 -0.031049 0.029363 -0.005368 0.006256

(0.93) (-0.79) (0.72) (-0.15) (0.16)

Citation (t = 0) 0.003417

(0.71)

Citation (t = 1) -0.000043

(-0.03)

Citation (t = 2) 0.001139

(1.61)

Citation (t = 3) 0.000924∗∗

(2.28)

Citation (t = 4) 0.000619∗∗

(2.29)

LeadArticle -0.031239 -0.020737 -0.039883∗ -0.052119∗∗ -0.022970

(-1.57) (-0.99) (-1.81) (-2.46) (-0.97)

PaperLength 0.003165∗∗∗ 0.002616∗∗∗ 0.002998∗∗∗ 0.002141∗∗∗ 0.002493∗∗∗

(4.90) (3.94) (4.42) (3.25) (3.57)

NumAuthors 0.016256∗∗ 0.022697∗∗∗ 0.010077 0.023719∗∗∗ 0.016499∗

(2.12) (2.87) (1.24) (3.09) (1.95)

ExistingPapers 0.069287∗∗∗ 0.071882∗∗∗ 0.071956∗∗∗ 0.072290∗∗∗ 0.073403∗∗∗

(59.72) (60.56) (62.32) (61.97) (60.91)

Grad FE Yes Yes Yes Yes Yes

Journal FE Yes Yes Yes Yes Yes

JELYear FE Yes Yes Yes Yes Yes

Log Likelihood -18662.34 -18627.98 -18817.09 -18909.00 -19347.93

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.16: Model 2. Cumulative Papers – Estimated Coefficients of Centrality Measures
(Centrality Only)

Negative binomial estimation result of the following equation:

E(CumulativePapersjel,y+t|Centralityi,y) = exp[γ0 + γcCentralityi,y + εi,jel,y+t]

Each centrality measure is included in the estimation separately.

Number of observations: 6,958

Cumulative Cumulative Cumulative Cumulative Cumulative

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -21.518662∗∗ -14.660426 -13.413033 -16.153899 -17.357525

(-2.01) (-1.37) (-1.24) (-1.47) (-1.57)

Closeness 1.687912∗∗∗ 1.652405∗∗∗ 1.667777∗∗∗ 1.672075∗∗∗ 1.650708∗∗∗

(5.76) (5.89) (5.95) (5.94) (5.82)

Decay (δ = 0.25) 0.013186∗∗∗ 0.015728∗∗∗ 0.016620∗∗∗ 0.016600∗∗∗ 0.016042∗∗∗

(3.09) (3.79) (3.96) (3.91) (3.76)

Decay (δ = 0.5) 0.002682∗∗∗ 0.002798∗∗∗ 0.002904∗∗∗ 0.002964∗∗∗ 0.002927∗∗∗

(5.38) (5.85) (6.05) (6.14) (6.03)

Decay (δ = 0.75) 0.000600∗∗∗ 0.000596∗∗∗ 0.000607∗∗∗ 0.000621∗∗∗ 0.000621∗∗∗

(9.04) (9.40) (9.56) (9.74) (9.68)

Eigenvector -0.520900 -0.427296 -0.393075 -0.484814 -0.521862

(-1.54) (-1.33) (-1.18) (-1.43) (-1.51)

Betweenness -2.024356 -1.246318 -1.109173 -1.784064 -2.163822

(-0.73) (-0.45) (-0.39) (-0.63) (-0.76)

Diffusion (T = 1) 0.001878

(0.10)

Diffusion (T = 2) 0.016375

(1.23)

Diffusion (T = 3) 0.011209

(1.17)

Diffusion (T = 4) 0.007935

(0.99)

Diffusion (T = 5) 0.004715

(0.69)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.17: Model 2. Cumulative Papers – Estimated Coefficients of Centrality Measures
(Full Model)

Negative binomial estimation result of Equation (3.9)

E(CumulativePapersjel,y+t|Centralityi,y, Xi,y, Xp,y, Xp,y)

= exp[γ0 + γcCentralityi,y + γ′iXi,y + γ′pXp,y + γ′jelXjel,y + εi,p,jel,y+t]

Each centrality measure is included in the estimation separately.

Number of observations: 6,958

Cumulative Cumulative Cumulative Cumulative Cumulative

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -18.838150∗∗ -11.926069∗ -13.478375∗ -14.886933∗∗ -16.354891∗∗

(-2.42) (-1.74) (-1.93) (-2.11) (-2.30)

Closeness -0.046546 0.109114 0.236815 0.258973 0.235442

(-0.20) (0.51) (1.11) (1.20) (1.08)

Decay (δ = 0.25) -0.005382 0.000946 0.002249 0.001821 0.001584

(-1.58) (0.31) (0.74) (0.59) (0.50)

Decay (δ = 0.5) -0.000310 0.000414 0.000670∗ 0.000691∗ 0.000700∗

(-0.72) (1.05) (1.73) (1.77) (1.76)

Decay (δ = 0.75) 0.000020 0.000086∗ 0.000119∗∗ 0.000124∗∗ 0.000126∗∗

(0.36) (1.65) (2.30) (2.38) (2.38)

Eigenvector -0.317728 -0.091996 0.005953 -0.007257 0.018011

(-1.19) (-0.47) (0.03) (-0.04) (0.09)

Betweenness -1.617041 -0.689871 -0.743684 -1.137162 -1.414721

(-0.85) (-0.41) (-0.44) (-0.66) (-0.81)

Diffusion (T = 1) -0.030049∗∗

(-2.22)

Diffusion (T = 2) -0.007547

(-0.87)

Diffusion (T = 3) -0.005895

(-1.01)

Diffusion (T = 4) -0.004684

(-0.96)

Diffusion (T = 5) -0.004552

(-1.14)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.18: Model 2. Cumulative Papers – Negative Binomial Estimation of Equation (3.9)
with Decay Centrality (δ = 0.75)

Number of observations: 6,958

Cumulative Cumulative Cumulative Cumulative Cumulative

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Decay (δ = 0.75) 0.000020 0.000086∗ 0.000119∗∗ 0.000124∗∗ 0.000126∗∗

(0.36) (1.65) (2.30) (2.38) (2.38)

AcademicAge -0.000323 -0.000737 -0.001045 -0.001136∗ -0.001385∗∗

(-0.44) (-1.10) (-1.57) (-1.70) (-2.06)

CitationStock 0.000182 0.000170 0.000126 0.000130 0.000128

(1.53) (1.63) (1.24) (1.24) (1.22)

PublicationStock -0.009032∗ -0.009845∗∗ -0.010195∗∗ -0.010476∗∗ -0.010124∗∗

(-1.68) (-2.04) (-2.12) (-2.18) (-2.07)

Editor 0.032705 0.000502 0.008189 0.005458 0.007306

(0.90) (0.01) (0.23) (0.16) (0.21)

Citation2014 0.000067∗∗ 0.000009 0.000015 0.000022 0.000028

(1.99) (0.29) (0.48) (0.72) (0.89)

LeadArticle -0.033653∗ -0.026810 -0.034782∗ -0.042735∗∗ -0.038512∗

(-1.69) (-1.43) (-1.81) (-2.22) (-1.95)

PaperLength 0.002958∗∗∗ 0.003052∗∗∗ 0.003303∗∗∗ 0.003221∗∗∗ 0.003227∗∗∗

(4.55) (5.01) (5.46) (5.32) (5.30)

NumAuthors 0.014966∗ 0.019807∗∗∗ 0.018252∗∗∗ 0.020838∗∗∗ 0.021432∗∗∗

(1.95) (2.80) (2.61) (3.00) (3.04)

ExistingPapers 0.069314∗∗∗ 0.074495∗∗∗ 0.076596∗∗∗ 0.077818∗∗∗ 0.078698∗∗∗

(60.01) (64.53) (67.26) (67.59) (67.80)

Grad FE Yes Yes Yes Yes Yes

Journal FE Yes Yes Yes Yes Yes

JELYear FE Yes Yes Yes Yes Yes

Log Likelihood -18660.73 -22900.30 -25603.14 -27640.94 -29291.51

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.19: Model 3. Following Papers – Estimated Coefficients of Centrality Measures
(Centrality Only)

Negative binomial estimation result of the following equation:

E(FollowingPapersjel,y+t|Centralityi,y) = exp[α0 + αcCentralityi,y + εi,jel,y+t]

Each centrality measure is included in the estimation separately.

Number of observations: 4,951

Following Following Following Following Following

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -17.087214 -24.280394 50.069436∗ 16.274424 4.577798

(-0.55) (-0.87) (1.74) (0.53) (0.15)

Closeness 2.240669∗∗∗ 2.022207∗∗ 4.385470∗∗∗ 3.034065∗∗∗ 2.858373∗∗∗

(2.62) (2.48) (5.36) (3.65) (3.37)

Decay (δ = 0.25) 0.009238 0.013426 0.045982∗∗∗ 0.029026∗∗ 0.024994∗∗

(0.77) (1.22) (4.10) (2.46) (2.11)

Decay (δ = 0.5) 0.002327 0.002228 0.006374∗∗∗ 0.004397∗∗∗ 0.004310∗∗∗

(1.60) (1.64) (4.76) (3.18) (3.10)

Decay (δ = 0.75) 0.000737∗∗∗ 0.000695∗∗∗ 0.001250∗∗∗ 0.000993∗∗∗ 0.000960∗∗∗

(3.79) (3.77) (6.86) (5.31) (5.13)

Eigenvector -1.604341 -1.053032 0.472697 -1.456571 -0.678870

(-1.43) (-1.27) (0.60) (-1.49) (-0.63)

Betweenness -1.184576 -4.091450 15.157555∗∗ 6.240999 -0.126618

(-0.16) (-0.56) (2.07) (0.90) (-0.02)

Diffusion (T = 1) 0.021587

(0.38)

Diffusion (T = 2) 0.017994

(0.53)

Diffusion (T = 3) 0.075626∗∗∗

(3.10)

Diffusion (T = 4) 0.025624

(1.20)

Diffusion (T = 5) 0.013782

(0.76)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.20: Model 3. Following Papers – Estimated Coefficients of Centrality Measures
(Full Model)

Negative binomial estimation result of Equation (3.8)

E(FollowingPapersjel,y+t|Centralityi,y, Xi,y, Xp,y, Xp,y(+t−1))

= exp[α0 + αcCentralityi,y + α′iXi,y + α′pXp,y(+t−1) + γ′jelXjel,y + εi,p,jel,y+t]

Each centrality measure is included in the estimation separately.

Number of observations: 4,951

Following Following Following Following Following

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -24.835279 -16.347931 16.196558 -5.999083 -4.350535

(-0.86) (-0.59) (0.58) (-0.21) (-0.16)

Closeness 1.425789 1.543334∗ 2.551261∗∗∗ 0.497629 1.366206

(1.55) (1.80) (2.98) (0.58) (1.58)

Decay (δ = 0.25) -0.013062 -0.001225 0.010106 -0.016642 -0.004315

(-1.02) (-0.10) (0.80) (-1.40) (-0.35)

Decay (δ = 0.5) 0.000398 0.000636 0.002235 -0.001092 0.001158

(0.25) (0.42) (1.46) (-0.75) (0.75)

Decay (δ = 0.75) 0.000349∗ 0.000339∗ 0.000597∗∗∗ 0.000109 0.000402∗

(1.66) (1.71) (2.96) (0.55) (1.95)

Eigenvector -1.367805 -0.816784 -0.335827 -1.751400 -0.708371

(-1.24) (-1.03) (-0.41) (-1.61) (-0.92)

Betweenness -0.531323 -4.222311 5.289769 2.507898 -0.780025

(-0.07) (-0.63) (0.79) (0.37) (-0.10)

Diffusion (T = 1) -0.058249

(-1.09)

Diffusion (T = 2) -0.011344

(-0.32)

Diffusion (T = 3) 0.017701

(0.71)

Diffusion (T = 4) -0.028730

(-1.38)

Diffusion (T = 5) -0.009880

(-0.62)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.21: Model 3. Following Papers – Negative Binomial Estimation of Equation (3.8)
with Decay Centrality (δ = 0.75)

Number of observations: 4,951

Following Following Following Following Following

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Decay (δ = 0.75) 0.000349∗ 0.000339∗ 0.000597∗∗∗ 0.000109 0.000402∗

(1.66) (1.71) (2.96) (0.55) (1.95)

AcademicAge 0.001651 -0.001827 -0.003796 -0.004471 -0.002503

(0.58) (-0.70) (-1.39) (-1.62) (-0.91)

CitationStock 0.000031 0.000482∗ 0.000551∗ 0.000561∗ 0.000343

(0.08) (1.80) (1.70) (1.87) (0.91)

PublicationStock -0.013704 0.014324 0.000763 0.011923 0.007348

(-0.64) (0.75) (0.04) (0.60) (0.33)

Editor 0.408156∗∗∗ 0.130775 0.237328∗ 0.156465 0.050898

(3.06) (0.88) (1.66) (1.03) (0.38)

Citation (t = 0) -0.009924

(-0.65)

Citation (t = 1) 0.000082

(0.02)

Citation (t = 2) 0.005352∗∗∗

(3.02)

Citation (t = 3) 0.002802∗∗∗

(2.77)

Citation (t = 4) 0.000796

(0.97)

LeadArticle -0.128987∗ 0.015391 -0.073677 -0.093955 -0.015368

(-1.72) (0.24) (-1.04) (-1.38) (-0.21)

PaperLength 0.012786∗∗∗ 0.011675∗∗∗ 0.011064∗∗∗ 0.010655∗∗∗ 0.012464∗∗∗

(5.34) (4.89) (4.65) (4.55) (4.93)

NumAuthors 0.016595 -0.028645 -0.013518 0.024949 0.004064

(0.56) (-1.00) (-0.46) (0.88) (0.14)

ExistingPapers 0.371975∗∗∗ 0.361322∗∗∗ 0.341829∗∗∗ 0.379751∗∗∗ 0.379535∗∗∗

(23.70) (24.84) (23.99) (24.21) (25.73)

Grad FE Yes Yes Yes Yes Yes

Journal FE Yes Yes Yes Yes Yes

JELYear FE Yes Yes Yes Yes Yes

Log Likelihood -4702.53 -4736.34 -4763.22 -4939.01 -5045.27

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.22: Model 3. Cumulative Papers – Estimated Coefficients of Centrality Measures
(Centrality Only)

Negative binomial estimation result of the following equation:

E(CumulativePapersjel,y+t|Centralityi,y) = exp[γ0 + γcCentralityi,y + εi,jel,y+t]

Each centrality measure is included in the estimation separately.

Number of observations: 4,951

Cumulative Cumulative Cumulative Cumulative Cumulative

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -17.087214 -20.641258 5.425569 8.295530 7.483831

(-0.55) (-0.77) (0.21) (0.32) (0.29)

Closeness 2.240669∗∗∗ 2.137831∗∗∗ 2.894538∗∗∗ 2.932603∗∗∗ 2.915531∗∗∗

(2.62) (2.90) (4.13) (4.25) (4.29)

Decay (δ = 0.25) 0.009238 0.011555 0.024251∗∗ 0.025862∗∗∗ 0.025918∗∗∗

(0.77) (1.11) (2.41) (2.58) (2.61)

Decay (δ = 0.5) 0.002327 0.002301∗ 0.003749∗∗∗ 0.003957∗∗∗ 0.004059∗∗∗

(1.60) (1.84) (3.14) (3.35) (3.48)

Decay (δ = 0.75) 0.000737∗∗∗ 0.000716∗∗∗ 0.000897∗∗∗ 0.000923∗∗∗ 0.000930∗∗∗

(3.79) (4.30) (5.69) (5.94) (6.09)

Eigenvector -1.604341 -1.324001 -0.558283 -0.769152 -0.745307

(-1.43) (-1.52) (-0.73) (-1.01) (-0.97)

Betweenness -1.184576 -2.691506 4.099053 4.758302 3.735265

(-0.16) (-0.41) (0.63) (0.75) (0.60)

Diffusion (T = 1) 0.021587

(0.38)

Diffusion (T = 2) 0.010804

(0.33)

Diffusion (T = 3) 0.031031

(1.38)

Diffusion (T = 4) 0.023362

(1.28)

Diffusion (T = 5) 0.016444

(1.09)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.23: Model 3. Cumulative Papers – Estimated Coefficients of Centrality Measures
(Full Model)

Negative binomial estimation result of Equation (3.9)

E(CumulativePapersjel,y+t|Centralityi,y, Xi,y, Xp,y, Xp,y)

= exp[γ0 + γcCentralityi,y + γ′iXi,y + γ′pXp,y + γ′jelXjel,y + εi,p,jel,y+t]

Each centrality measure is included in the estimation separately.

Number of observations: 4,951

Cumulative Cumulative Cumulative Cumulative Cumulative

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -22.108087 -21.777161 -10.077393 -6.512710 -4.238208

(-0.77) (-0.88) (-0.42) (-0.28) (-0.18)

Closeness 1.475187 1.330803∗ 1.815472∗∗∗ 1.421472∗∗ 1.367680∗∗

(1.61) (1.76) (2.60) (2.10) (2.06)

Decay (δ = 0.25) -0.012161 -0.008688 -0.001837 -0.006467 -0.005464

(-0.95) (-0.80) (-0.17) (-0.64) (-0.54)

Decay (δ = 0.5) 0.000501 0.000201 0.000953 0.000213 0.000366

(0.32) (0.15) (0.75) (0.18) (0.30)

Decay (δ = 0.75) 0.000360∗ 0.000313∗ 0.000443∗∗∗ 0.000345∗∗ 0.000349∗∗

(1.72) (1.80) (2.71) (2.19) (2.23)

Eigenvector -1.310466 -1.239287 -1.005826 -1.347287 -1.362503∗

(-1.20) (-1.41) (-1.28) (-1.64) (-1.75)

Betweenness 0.139424 -2.425822 -0.172219 1.211789 1.823634

(0.02) (-0.39) (-0.03) (0.21) (0.31)

Diffusion (T = 1) -0.054201

(-1.02)

Diffusion (T = 2) -0.031393

(-0.96)

Diffusion (T = 3) -0.007993

(-0.36)

Diffusion (T = 4) -0.014332

(-0.81)

Diffusion (T = 5) -0.012110

(-0.83)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.24: Model 3. Cumulative Papers – Negative Binomial Estimation of Equation (3.9)
with Decay Centrality (δ = 0.75)

Number of observations: 4,951

Cumulative Cumulative Cumulative Cumulative Cumulative

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Decay (δ = 0.75) 0.000360∗ 0.000313∗ 0.000443∗∗∗ 0.000345∗∗ 0.000349∗∗

(1.72) (1.80) (2.71) (2.19) (2.23)

AcademicAge 0.001530 -0.000183 -0.002222 -0.002570 -0.002190

(0.54) (-0.08) (-1.01) (-1.21) (-1.05)

CitationStock 0.000040 0.000228 0.000296 0.000368 0.000290

(0.10) (0.83) (1.11) (1.35) (1.03)

PublicationStock -0.013955 0.001383 0.004901 0.006215 0.005217

(-0.65) (0.08) (0.31) (0.42) (0.35)

Editor 0.407310∗∗∗ 0.332557∗∗∗ 0.336801∗∗∗ 0.311824∗∗∗ 0.268666∗∗

(3.05) (2.80) (2.79) (2.61) (2.29)

Citation2014 -0.000288∗∗ -0.000379∗∗∗ -0.000277∗∗∗ -0.000171∗ -0.000181∗

(-2.20) (-3.42) (-2.80) (-1.80) (-1.87)

LeadArticle -0.115521 -0.053760 -0.083296 -0.102750∗ -0.075501

(-1.53) (-0.94) (-1.50) (-1.89) (-1.38)

PaperLength 0.013707∗∗∗ 0.013945∗∗∗ 0.013187∗∗∗ 0.012933∗∗∗ 0.013310∗∗∗

(5.58) (6.62) (6.71) (6.68) (7.03)

NumAuthors 0.022096 -0.002331 -0.002202 0.005322 0.010478

(0.75) (-0.10) (-0.10) (0.24) (0.49)

ExistingPapers 0.371313∗∗∗ 0.399845∗∗∗ 0.409154∗∗∗ 0.426624∗∗∗ 0.434517∗∗∗

(23.98) (28.68) (30.23) (30.83) (31.79)

Grad FE Yes Yes Yes Yes Yes

Journal FE Yes Yes Yes Yes Yes

JELYear FE Yes Yes Yes Yes Yes

Log Likelihood -4700.78 -6832.38 -8324.97 -9510.31 -10502.51

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.25: Robustness Check: Estimations without ExistingPapers Variable
Model 1. Following Papers – Estimated Coefficients of Centrality Measures

Negative binomial estimation result of Equation (8)

E(FollowingPapersjel,y+t|Centralityi,y, Xi,y, Xp,y(+t−1), Xp,y)

= exp[α0 + αcCentralityi,y + α′iXi,y + α′pXp,y(+t−1) + α′jelXjel,y + εi,p,jel,y+t]

The variable ExistingPapers is dropped from the estimations.

Each centrality measure is included in the estimation separately.

Number of observations: 15,286

Following Following Following Following Following

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -8.592723 5.209156 6.530142 -4.597976 -1.681076

(-0.93) (0.55) (0.71) (-0.49) (-0.18)

Closeness 0.028480 0.299918 0.396437 -0.011039 -0.066329

(0.10) (1.08) (1.40) (-0.04) (-0.23)

Decay (δ = 0.25) -0.005768 0.004712 0.003017 -0.004059 -0.002605

(-1.39) (1.14) (0.73) (-0.95) (-0.62)

Decay (δ = 0.5) -0.000535 0.000569 0.000463 -0.000260 -0.000150

(-1.04) (1.13) (0.90) (-0.49) (-0.29)

Decay (δ = 0.75) -0.000033 0.000071 0.000070 -0.000018 -0.000012

(-0.49) (1.05) (1.03) (-0.26) (-0.17)

Eigenvector -0.645140∗∗ -0.437916 -0.304736 -0.749560∗∗∗ -0.381940

(-2.11) (-1.50) (-1.07) (-2.69) (-1.30)

Betweenness -2.070077 -0.653125 0.725841 -2.216189 -1.820931

(-0.89) (-0.28) (0.31) (-0.95) (-0.80)

Diffusion (T = 1) -0.018053

(-1.09)

Diffusion (T = 2) 0.009648

(0.79)

Diffusion (T = 3) 0.002461

(0.30)

Diffusion (T = 4) -0.010254

(-1.45)

Diffusion (T = 5) -0.006008

(-1.05)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.26: Robustness Check: Estimations without ExistingPapers Variable
Model 2. Following Papers – Estimated Coefficients of Centrality Measures

Negative binomial estimation result of Equation (8)

E(FollowingPapersjel,y+t|Centralityi,y, Xi,y, Xp,y(+t−1), Xp,y)

= exp[α0 + αcCentralityi,y + α′iXi,y + α′pXp,y(+t−1) + α′jelXjel,y + εi,p,jel,y+t]

The variable ExistingPapers is dropped from the estimations.

Each centrality measure is included in the estimation separately.

Number of observations: 6,958

Following Following Following Following Following

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -1.805289 18.658636 6.824196 9.330338 5.204770

(-0.17) (1.62) (0.59) (0.78) (0.45)

Closeness 0.046986 0.263091 0.426367 0.314821 0.112155

(0.15) (0.84) (1.32) (0.99) (0.35)

Decay (δ = 0.25) -0.001986 0.011062∗∗ 0.007432 0.005829 0.003258

(-0.42) (2.26) (1.47) (1.12) (0.66)

Decay (δ = 0.5) -0.000069 0.001181∗∗ 0.001090∗ 0.000889 0.000568

(-0.12) (2.06) (1.80) (1.47) (0.94)

Decay (δ = 0.75) 0.000050 0.000148∗∗ 0.000165∗∗ 0.000141∗ 0.000112

(0.67) (1.98) (2.10) (1.81) (1.41)

Eigenvector -0.868348∗∗∗ -0.492926 -0.456121 -0.648610∗ -0.454737

(-2.71) (-1.31) (-1.17) (-1.74) (-1.25)

Betweenness -0.878100 2.731319 0.994220 0.897930 0.082719

(-0.34) (0.95) (0.35) (0.31) (0.03)

Diffusion (T = 1) -0.002329

(-0.12)

Diffusion (T = 2) 0.027130∗

(1.83)

Diffusion (T = 3) 0.004182

(0.40)

Diffusion (T = 4) 0.002313

(0.25)

Diffusion (T = 5) -0.002299

(-0.33)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.27: Robustness Check: Estimations without ExistingPapers Variable
Model 3. Following Papers – Estimated Coefficients of Centrality Measures

Negative binomial estimation result of Equation (8)

E(FollowingPapersjel,y+t|Centralityi,y, Xi,y, Xp,y(+t−1), Xp,y)

= exp[α0 + αcCentralityi,y + α′iXi,y + α′pXp,y(+t−1) + α′jelXjel,y + εi,p,jel,y+t]

The variable ExistingPapers is dropped from the estimations.

Each centrality measure is included in the estimation separately.

Number of observations: 4,951

Following Following Following Following Following

Dependent Variable Papers Papers Papers Papers Papers

(t = 1) (t = 2) (t = 3) (t = 4) (t = 5)

Degree -0.932871 -4.461306 30.027415 18.058545 20.061810

(-0.03) (-0.14) (1.05) (0.59) (0.61)

Closeness 1.432202 1.570877∗ 2.759300∗∗∗ 0.813223 1.544788∗

(1.46) (1.65) (2.91) (0.88) (1.65)

Decay (δ = 0.25) -0.008715 -0.000817 0.011123 -0.011296 0.000608

(-0.62) (-0.06) (0.85) (-0.85) (0.04)

Decay (δ = 0.5) 0.000391 0.000277 0.002191 -0.000707 0.001328

(0.23) (0.17) (1.32) (-0.43) (0.79)

Decay (δ = 0.75) 0.000328 0.000300 0.000608∗∗∗ 0.000164 0.000422∗

(1.45) (1.36) (2.72) (0.75) (1.90)

Eigenvector -1.453706 -1.197639 -0.562374 -2.212632∗∗ -0.691257

(-1.07) (-1.00) (-0.70) (-1.98) (-0.55)

Betweenness 0.587230 -4.637825 5.238027 4.477507 -0.215651

(0.07) (-0.59) (0.74) (0.59) (-0.02)

Diffusion (T = 1) -0.020173

(-0.34)

Diffusion (T = 2) -0.000438

(-0.01)

Diffusion (T = 3) 0.022206

(0.88)

Diffusion (T = 4) -0.020045

(-0.88)

Diffusion (T = 5) -0.000553

(-0.03)

t-statistics robust to heteroskedasticity in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.28: Distance between a Preceding Paper and a Following Paper

Model 1
Connected Papers among Following Papers Shortest Distance between a

Number of Number of Followng Connected Following Paper

Following Papers Connected to a and its Preceding Paper

Time Lag Papers (A) Preceding Paper (C) C/A (%) Mean Std. Dev.

t = 1 10,034 8,541 85.12% 4.9636 3.0276

t = 2 9,501 8,105 85.31% 4.9817 3.0097

t = 3 9,041 7,723 85.42% 4.9838 3.0415

t = 4 8,463 7,234 85.48% 5.0419 2.9451

t = 5 8,018 6,880 85.81% 5.1001 2.9855

Model 2
Connected Papers among Following Papers Shortest Distance between a

Number of Number of Followng Connected Following Paper

Following Papers Connected to a and its Preceding Paper

Time Lag Papers (A) Preceding Paper (C) C/A (%) Mean Std. Dev.

t = 1 4,830 4,143 85.78% 3.9138 2.8180

t = 2 4,561 3,926 86.08% 3.9116 2.8416

t = 3 4,302 3,711 86.26% 3.9496 2.8606

t = 4 4,041 3,498 86.56% 4.0054 2.7678

t = 5 3,776 3,292 87.18% 4.0416 2.8075

Model 3
Connected Papers among Following Papers Shortest Distance between a

Number of Number of Followng Connected Following Paper

Following Papers Connected to a and its Preceding Paper

Time Lag Papers (A) Preceding Paper (C) C/A (%) Mean Std. Dev.

t = 1 1,584 1,281 80.87% 5.9899 3.2883

t = 2 1,444 1,187 82.20% 6.0067 3.3108

t = 3 1,400 1,176 84.00% 5.9082 3.1989

t = 4 1,244 1,036 83.28% 6.1120 3.2415

t = 5 1,174 981 83.56% 5.9776 3.2535
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Table 3.29: Reachable Pairs and Distance between a Reachable Pair in the Growing Advisor-
Advisee Network

Distance between

Year
Network Reachable Pairs among a Reachable Pair

Size (N) All Possible Pairs (%) Mean Std. Dev.

1991 2,847 20.17% 9.5416 3.2358

1992 3,006 20.22% 9.3678 3.0640

1993 3,179 21.89% 9.4716 3.0731

1994 3,352 22.77% 9.4718 3.1335

1995 3,537 23.61% 9.3857 3.0257

1996 3,710 25.33% 9.5016 3.0626

1997 3,891 26.27% 9.5193 3.0388

1998 4,061 26.65% 9.4831 2.9802

1999 4,221 27.59% 9.4797 2.9749

2000 4,397 27.94% 9.4527 2.9329

2001 4,567 28.41% 9.4466 2.9148

2002 4,724 29.30% 9.4700 2.9513

2003 4,837 29.91% 9.5452 3.0737

2004 4,929 30.81% 9.6386 3.1367

2005 5,046 31.32% 9.6492 3.1260

2006 5,114 31.48% 9.6313 3.1153

2007 5,179 31.90% 9.6270 3.1186

2008 5,233 31.85% 9.6364 3.1207

2009 5,259 31.96% 9.6242 3.1120

2010 5,283 31.99% 9.6236 3.1124

Number of all possible pairs in a network with size N is N(N − 1)/2. If two
economists in the network has a path between them, the two economists make
a reachable pair.
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