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Sociology

The recent development of computer technology has created the belief that it provides

the most neutral and efficient solution for existing social problems; however, this dissertation

shows that the use of technology and its impacts are inherently embedded in the social con-

text. Thus, the impact of technology is more nuanced and complicated, and sometimes the

opposite of what it intends to achieve depending on how people use it. Empirical chapters

examine the impacts on two broad work practices. First, the study focuses on how academic

search engines such as Google Scholar influences scholar’s work behavior of searching and

citing previous literature in the course of writing scientific articles based on quantitative

approaches. The results suggest that the overall citation distribution has been stable or

more unequal as time goes forward. However, for those scholars who have less expertise and

thereby more affected by social influence, they rely more on new academic search engines pro-

viding the information of individual paper’s previous citation count. Although the previous

citation count has been more decisive in making a decision, journal’s role as the credential

system still remains firm. Secondly, the dissertation analyzes whether the advancement in

information and communication technology influenced ”the death of distance” by analyz-

ing how much geography matters for occupations. So far, there is no evidence to support



this hypothesis; instead, occupations with higher technical skills are more interdependent on

other occupations’ location.
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Chapter 1

INTRODUCTION

Historically, technological advancement has led to maximizing the efficiency of human

labor. Two of the largest technological transformations in history—the agricultural and in-

dustrial revolutions—dramatically increased the productivity of farming and manufacturing

industries. The development of farming techniques including irrigation systems and the in-

vention of new stone tools led to raised expectations regarding stability in food supply every

year that laid the groundwork for sedentary societies. The industrial revolution also had

equally substantial effects on human societies. Replacing manual labor with machines led to

rapid progress in productivity that reduced the number of workers required to produce the

same number of products.

Some people naively argue that the purpose behind technological development is to in-

crease the efficiency of human labor, and by doing so, eased everyday life. In this sense,

the effect of technology is neutral, because it cannot act independently or influence others

but becomes useful only when people utilize it. People believe that technology is a neutral

means to help them achieve their goals in a faster and easier way. In this process, it might

be seen that technology does not attempt to alter the intention of users but limits itself to

facilitating the choices that people initially wanted.

However, as is well acknowledged, these two huge transformations brought about ma-

jor social changes rather than merely expediting productivity. The agricultural revolution

changed human beings’ lifestyles from hunter-gatherers to agricultural societies and increased
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the size of the human population, which became the foundation of the rise of civilization.

The industrial revolution contributed to produce surplus products that concentrated power

and wealth to capitalists who owned the means of production, which caused the demise of

a hierarchical society and the beginning of capitalism. Both revolutions initiated by the

development of technology created new classes and social divisions by interacting with the

existing social structure.

Mackenzie and Wajcman [97] summarize in their study that the adoption and conse-

quences of technology can be only neutral when the new technology has never been used

in history and no one has knowledge regarding its usage—a rare condition that can come

into existence as far as it is employed in society. What they emphasize by setting up an

unrealistic condition for the neutrality of technology is that the adoption of technology and

its following effects are always embedded in social contexts such as norms, values, politics,

and ethics. Moreover, technological development itself can be influenced by cultural norms.

For example, Mackenzie [96], following a study of a piece of computer code, argued that the

performance and operationality of technical products is influenced by social practices, and

is the reason why technology cannot be an independent and formal object.

The increased efficiency in manufacturing industries by automated machines showed an-

other example of how technological advancement responded to existing social structures.

Automation of human labor in manufacturing industries not only brought about the fall

of manufacturing population in Rust Belt cities, but also led to the reformulation of racial

inequality in these cities. In Wilson’s research regarding the increase of racial inequality in

the process of deindustrialization [156], he points out that black male unemployment did not

recover during the economic transition from the manufacturing to the service sector. This

is because the emerging service sector mostly created high-skilled jobs that black people

dismissed from manufacturing industries could not apply to due to their relative lack of edu-

cation. The effect of deindustrialization on unemployment is supported by Alderson [4] and
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Kollmeyer and Pichler [79] as well. This research demonstrates that unemployment rate is

associated with the decline of employment opportunities in manufacturing industries, signi-

fying that a large number of manufacturing workers who lost their jobs became unemployed

instead of being absorbed into the service sector.

Although the history of technological development cannot be detached from how it has

been incorporated into social contexts, we are again witnessing the proliferation of the belief

that technological efficiency can solve most societal issues. The new computer technologies,

such as Artificial Intelligence backed by the big data and machine learning algorithms, are

considered the best solutions for existing social problems. The founders of leading software

companies adhere to this idea in the belief that algorithms based on math can be applied to

any situation while solutions processed by human beings need individual adjustments; there-

fore, the general solution needs to be based on using mathematical algorithms. Broussard

calls this phenomenon ”Technochauvinism” [24]. According to this ideology, the method

based on mathematics is the most efficient and comprehensive answer and exists above the

complexities of human society, including social norms or culture.

However, numerous real-world examples have illustrated that technology is indeed em-

bedded in the social context instead of existing separate from or above the society. Recent

research shows that computer algorithms, particularly recommendation algorithms based on

the big data, do not limit their role in providing neutral suggestions and instead encourage

reproducing existing bias toward racial minorities, women, and the poor. For example, No-

ble [115] claims that Google provides racially biased search results, which is evidence that

it does not provide an equal playing field for all. Because search engines are the product of

private companies and are designed to benefit advertisers, algorithms are likely to be biased

in favor of whiteness and men. For example, in the initial stages of Amazon Prime’s same

day delivery service, non-white neighborhoods were largely excluded, even when they were

no more distant that other white neighborhood. [72]. Amazon neither intended nor con-
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sidered the demographic composition in the service; it just computed the most cost-efficient

solution given the number of Amazon Prime members in the neighborhood. Similarly, many

photo applications as well as verbal voice recognition system failed to recognize the face or

voice of people of color because their algorithms were primarily fed with data compiled by

white males [37]. Developers intend none of the racial and gender biases found in existing

algorithms; however, the bias is realized in their actual services because the algorithm learns

through the biased data created in the real world, which again confirms that technology

cannot be separated from the perception and knowledge of people.

Besides, human beings are embedded in social relationships and are thus influenced by the

choice of others. As technology creates tools to facilitate the communication between con-

sumers through customer reviews, social networking services, or replies to YouTube videos,

the opinion of preexisting consumers influences the process of forming one’s own preferences.

Previous research has documented the impact of technology on social interaction. For ex-

ample, by conducting the experiment with and without revealing the preference of others,

Salganik et al. [129] show that the musical preferences of consumers becomes unequal and

unpredictable as compared to when they are informed of others’ choices. The research of

Kramer et al. [81] demonstrates that another person’s emotion influences users of Facebook

even without interpersonal interaction, but just by being exposed to it. These examples

illustrate that technology is not a simple means to assist people to choose what they want; it

can reformulate the thoughts, emotions, preferences, and choices of individuals by facilitating

personal interaction.

As long as the use of technology and its consequences are embedded in social contexts,

the existing social structure will respond to new technological developments. As the impact

of technology on society differs according to social contexts, it remains a sociological as well

as an empirical question pertaining to whether there have been any social changes driven

by technology and, if so, the way it looks. When the existing social structure is resilient



5

and strong, technology might contribute to reproducing it instead of transforming it, and in

such cases, society might not be disrupted by the new technology to the extent expected.

Otherwise, technology might amplify or facilitate hidden conflicts that were not prominent

before.

Along with this idea, this dissertation sees technology as a socially embedded object and

aims to systematically analyze its social consequences. I argue that the impact of technology

is more nuanced and complicated, and sometimes it is the opposite of what it intends to

achieve and depends on how society absorbs it. In this dissertation, I examine two cases to

focus on social consequences on work practices driven by technological development. There

are two work practices that I concentrate on. The first case examines how researchers work

on writing research papers, particularly focusing on the citation behavior which is essential in

developing and situating their research questions. The way of being engaged with previous

literature might have been impacted by academic search engines such as Google Scholar.

Academic search engines are designed to help researchers efficiently locate relevant literature

based on keywords. While there can be various ways to define how to ”efficiently” find

articles that users need, what Google Scholar weighs on is the previous citation count to

show users which papers are broadly acknowledged by academic colleagues. I investigate

how this feature started and spread and how Google Scholar transforms the literature-seeking

behavior of researchers.

In the second case, I examine how advances made in information and communication

technology, such as electronic mails and virtual communication tools, influence the necessity

of general offline interaction at work. While these tools provide the foundation for people

to expand their geographical boundary for personal interaction, whether it helps people less

bounded by geographical areas remains an empirical question.

In my dissertation, I use the observed quantitative data to systematically examine the

impact of technology on society. The analysis of the influence of technology mostly adopts
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the experimental setting to directly examine the relationship between technology and its

impact. In industrial fields, A/B testing is commonly employed; it compares two groups

after randomizing all possible confounding variables except one key factor. This method

is beneficial in charting the uninterrupted impact of one variable. However, because this

dissertation aims to reveal the effect embedded in social contexts, I try to observe natural

social consequences at the expense of the direct causal relationship. In the next section,

I describe the data and methods used in this dissertation in detail and summarize central

research questions and findings of the following chapters.

1.1 Data and method

This dissertation aims to analyze how newly developed technology intersects with changes

in work practices. In the following four chapters, I investigate the empirical question using

a quantitative approach and various sources of data. In chapter two, I examine the issues

with current measures of inequality describing the citation distribution and suggest one way

to develop them. In chapter three, based on the method devised in chapter two, I study

the extent to which scholar’s citation behavior is influenced by the new search technology

depending on their familiarity with the field by comparing citations made within and between

disciplines. In chapter four, I investigate whether the role of journals as the credential systems

have changed by using the survival analysis and the hurdle model. In chapter five, I focus on

studying the impact of communication technology on the necessity of offline interaction and

how it relates to the concentration of cities based on the linear regression and zero-inflated

regression model.

In the first two empirical chapters, I use the bibliographic data and the citation records

from the Web of Science (WoS) database provided by Clarivate Analytics. The database in-

cludes journals indexed in the Science Citation Index Expanded, the Social Sciences Citation

Index, and the Humanities Citation Index. While the database has changed the boundary of
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disciplines or altered the format for author’s name, it is by far the most comprehensive and

continuous bibliographic database that exists. The database covers the period beginning

from 1900 to now. As my analysis aims to compare the period before and after the rise

of integrated academic search engines near the early 2000s, I have mostly used data from

between 1990 and 2016.

In the third empirical chapter, I have opted to use the database from arXiv.org (arXiv)

and Microsoft academic graph. The previous research studying the impact of journal status

on subsequent citation counts is limited to separating the confounding effect of the paper’s

quality from the effect of a journal. As a solution to this problem, I have found a quasi-

experimental situation from arXiv where citations are made without knowing the journal

the paper has been published in. arXiv is a preprint service that has been in usage since

1992 and is now popularized mostly in science and engineering disciplines. The citation data

gathered before journal publication is considered a proxy measure of the paper’s quality

in my analysis. By linking arXiv database to Microsoft academic graph, I can trace the

performance of papers that are preprinted in arXiv and published in journals later. This

data becomes the foundation for proposing a credible solution to previously unanswered

research questions.

In the last empirical chapter, I have drawn data from Occupation Employment Statistics

created by Bureau and Labor Statistics in 2006 and 2016. The data covers the number of

employees and the estimated wages they provide for around 800 occupations. It consists of six

semi-annual surveys of 1.2 million establishments in non-farm industries of the United States.

In addition, I collected data to measure the Information and Communication Technology

(ICT) level of occupations from the Occupational Information Network (O*NET) program

supported by the U.S. Department of Labor/Employment and Training Administration.

The database covers a wide range of occupation-related features such as required tasks,

technological skills, as well as wages and employment trends since 1998. The data is based



8

on surveys of occupation holders and job analysts.

1.2 Dissertation outline

The dissertation consists of four empirical chapters investigating different research questions

related to technology and its impact on work practices. The first three empirical chapters

seek evidence for the effect of academic search engines on scholarly citation behavior. In

the fourth empirical chapter, I have investigated how the development of communication

technology is related to the ”death of distance” hypothesis. In the last chapter, I have

summarized my findings from empirical chapters and discuss their implications.

In the second chapter, I have sought an answer to the debate regrading whether internet-

based technologies have led to greater concentration or dispersal of scientific citations [47, 84,

56]. I have replicated measures of inequality commonly applied to scholarly citation distri-

butions using Web of Science data covering four broad scientific fields (Health, Humanities,

Mathematics and Computational Sciences, and Social Sciences) during the period 1996–2016.

Following this, I have adjusted the measures to create the same publishing environment in

1996 regarding the available journals, the number of papers per journal, and the number

of citations per paper. This exercise revealed, but through weak and inconsistent evidence,

that although most raw inequality trends decrease with time, once they are standardized

to account for the changing publication environments and isolate the citation behavior of

researchers, citations become concentrated across papers. Additionally, the results showed

that the trends vary depending on the type of inequality measures and the length of the

citation window while the main trend remains relatively consistent across broad categories.

In the third chapter, I have used the Web of Science database to study how the relation-

ship between a scholar’s expertise in the field and social influence has been changing along

with the development of new academic search engines. In this chapter, I have assumed that

within-disciplinary citations are made by scholars with high expertise while inter-disciplinary
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citations are made by those with relatively low expertise in the field. Two specific research

questions have been investigated. First, whether there have been any temporal changes in

the level of inequality in either within- or inter-disciplinary citation distribution between

1999 and 2016 before and after the rise of academic search engines. Since the time trend

alone does not necessarily indicate the impact of search engines, I have provided a second

analyses that traces the influence of journal-level (Journal Influence Factor, JIF) and paper-

level measure (previous citation count) on the number of citations received by a paper for

citations both within and between disciplines, and I have examined whether the influence

has changed between 1999 and 2016. This idea relies on the features of new search engines

such as Google Scholar that use previous citation count in listing search results as well as in

clearly displaying this information to users—features which have not been tried in traditional

search engines such as JSTOR. If the effect of previous citation count has increased while

the effect of JIF has remained stable, arguments can be made citing this group as more

impacted by new academic search engines. The results show that recently scholars outside

the field (inter-disciplinary citations) are more affected by the previous citation count, while

the behavior of scholars within (within-disciplinary citations) has not changed. Moreover,

the macro temporal pattern in inter-disciplinary citations has not changed over time.

The fourth chapter focuses on tracing the changing role of a journal as the credential sys-

tem of its included papers along with the development of technology. Journals have been the

primary tool in the scientific process by managing the quality of papers and providing a filter

in the search process. However, the role of journals is a point of discussion since academic

search engines partially replace its function, through enabling papers to be searched indepen-

dently. This chapter examines whether the new search technology has transformed the role

of journals as the credential system by answering two research questions: 1) Has the quality

of papers that pursue journal publication increased or decreased? 2) Has the effect of journal

status on subsequently received citations of an individual paper reduced over time? To an-
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swer these research questions, I have created a proxy measure for the quality of an individual

paper by combining the data between arXiv and Microsoft Academic Graph (MAG). By ap-

plying this measure to three disciplines (High energy physics—phenomenology, astrophysics,

condensed matters), I separate the effect of arguably pure journal status independent from

the paper’s quality. According to the results, the effect of the paper’s quality on journal

publication has been reduced over time indicating that currently papers with higher quality

are less likely to aim for journal publication. Additionally, while the overall effect of journal

status on an individual paper’s quality is emphasized more than it should be, I cannot find

consistent evidence to support the claim that the impact of journals on a paper’s received

citations has declined.

In the fifth chapter, I have studied whether the development of communication technol-

ogy, which is supposed to replace offline interaction at work, at least partially, contributes to

the dispersion of wealthy and talented people and helps prevent the concentration of wealth

to a few cities. In between positive speculation on the role of technology in reducing the

necessity of physical distance and the emphasis on the robust role of offline interaction, I

have investigated this problem with a broader view through analyzing the distribution of

occupations in the U.S. cities between 2006 and 2016. By using the data from Occupation

Employment Statistics created by Bureau and Labor Statistics and the (O*NET), I have

measured the importance of geographical location for occupations by employing the geo-

graphical dispersion and geographical interdependence of occupation dyad. With these two

measures, I have studied whether the amount of required communication technology as an

occupation is related to its geographical importance. From the results, there is no evidence

to support the assertion that the required computer skills of an occupation decreased the

geographical dispersion of occupations both in 2006 and 2016; however, it strengthens the

geographical interdependence of occupations. To summarize, I could not find evidence in

favor of the claim that information and communication technology has brought the death of
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distance and is likely to bring it in the near future because the trend in the last ten years

has barely changed. Instead, occupations with higher technical skills are more likely to exist

at the same location and have geographical consistency with other occupations. In addition,

the interdependent occupation pairs have higher income level than non-interdependent pairs,

which is consistent with the concentration of wealth to a limited number of cities.

In the concluding chapter, I have summarized findings from empirical chapters and illus-

trated the limitations of the dissertation. In explaining limitations, I have pointed out the

constraint of indirect evidence of technological change and possible data bias. Subsequently,

I have found broad implications by expanding the meaning of findings and provide possible

policy suggestions. Mainly, I have warned against the unquestioned use of search engines

for literature search as well as bibliometrics for research evaluation. Also, I have discussed

the limitation of technological determinism because the impact of technology needs to be

interpreted in the social context. Finally, I have described future research ideas originated

from this dissertation.

The dissertation contributes to broadening our understanding of how work practices

have been changing as technology develops by focusing on the case of scholarly citation

practices and the necessity of geographical locations at work. The development of the search

engines and communication technology has originated from the private market competition,

mostly led by a few companies. As a result, their algorithms and technologies are proprietary

property that are neither under obligation to be explained to nor to be watched by the public.

However, their impact on society is beyond what a single private company can achieve even

if the initial intention of the company is limited to maximizing their profit. This dissertation

focuses on discovering and elaborating on a few examples of these cases, especially in work

practices. According to my findings, the impact of technology appears to be more subtle and

complicated than universal and straightforward. On the one hand, the amount of impact

is contingent on types of users and existing institutions in the work environment. On the
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other, technology relates to social changes contrary to its primary purpose. The following

four empirical chapters elaborate these points with the unique analytic strategies backed up

by large-scale data and quantitative methodologies.
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Chapter 2

GROSS INCREASE IN PUBLICATIONS AND CITATIONS
IMPACTS MEASURES OF SCHOLARLY CITATION

PATTERNS

2.1 Introduction

1While the structure of citations to scholarly papers has been studied since de Solla Price’s

seminal work [41], this line of research has been reinvigorated by the digitization of journals

and the emergence of new integrated search engines. Understanding changing citation pat-

terns is important because irrespective of whether new technologies intensify citation to a rel-

atively small group of star papers or spread citation across a broader range of peer-reviewed

articles, it has significant implications on scientific advancement [59, 84, 47, 10, 49, 50].

Studies querying whether search technologies concentrate or broaden exposure are not lim-

ited to scientific citation behavior but focus on consumers’ decisions including online clothing

markets [27], video rentals [161], and music consumption [129]. In the field of academic bib-

liographic studies, recent papers offer contradictory evidence on how citation patterns have

changed, focusing on the rise of online journal access. Evans found evidence of increas-

ingly concentrated citations [47], while Larivière et al.’s analysis of aggregate trends over

time revealed more diversified citations in humanities, social sciences, natural sciences and

engineering, and medical fields. [84].

In their subsequent discussion [56, 48], these authors conclude that the discrepancy in

their findings is a consequence of posing slightly different research questions, different data

1This work is from a collaborative project undertaken with Christopher Adolph, Katherine Stovel, and
Jevin West.
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structures, and the application of control variables in the analysis. Specifically, Evans’

original work estimated panel regression models that include fixed effects for subfield and

year; he found that between 1965 and 2005, online availability of journals was associated with

more recent and more concentrated citation of papers and journals. In contrast, Larivière et

al. computing inequality measures2 for the aggregate citation distribution each year between

1900 and 2007 reported that, in the observed period, a broader range of papers has been

cited and there was less concentration towards top papers across all disciplines. Thus, while

Evans concludes that citations have become more concentrated, he concedes that this pattern

is only revealed after controlling the online availability of journals; without these controls,

Evans found the same trend towards dispersal reported by Larivière et al.

I have contributed to this discussion by highlighting a fact that has important implications

in this debate; over the past several decades there has been a dramatic increase in the number

of academic publications and, in many fields, an even greater increase in the number of

citations made. For example, Figure 2.1 shows changes in the number of publications and

the frequency with which they were cited for four disciplines between 1996 and 2014. In each

field, the number of papers published and citations to these papers has increased since 1996,

in some cases drastically. This expansion in publications has been widely noted and studied

in the context of understanding inflation in Journal Impact Factor [7], the aging of scientific

literature [87], and the growing myopia of science [120]. However, current discussions, with

respect to the inequality of citation patterns, pay less attention to the possible impact of the

gross increase in publications and citations.

2Inequality measures indicate measures that are used to show the amount of concentration in the distri-
bution, in this case, the citation distribution.
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Figure 2.1: Journal Articles published between 1996-2014 and citations to these articles

(two-year citation windows, 1998 - 2016); Black line - publication counts, grey line - citation

counts
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Assessing the change in the shape of a distribution requires a consistent measure that

can be compared over time or place. It is well known that fully capturing the shape of a

distribution with a single number is impossible, and for this reason, multiple approaches

have been proposed to compare distributions. One strategy is to calculate the share of one

value or entry in the total distribution [51, 161]; another approach is to summarize the shape

of the distribution with respect to its total deviation from a normal or uniform distribution.
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Commonly used measures include the Gini coefficient [27, 129] and the Herfindahl-Hirschman

index (HHI) [47]. Each of these approaches has limitations, the most well-known being that

different values of a measure can reflect quite differently shaped distributions. In spite of

these problems, scholars studying the manner in which technology has changed behavior

use these inequality measures to draw substantive conclusions about temporal changes (e.g.,

[70, 125, 159]).

Measuring distributions of academic citations introduces a series of less-appreciated prob-

lems: citations to papers are not divisible, the total number of citations is sometimes less

than an order of magnitude greater than the number of citable papers, and in most fields,

large fractions of papers are never cited (yielding many zeros in the distributions) [27, 84].

Due to this problem, the combination of the rapid increase in publications and references

influences a large part of changing patterns of inequality in citation distribution [151]. Col-

lectively, these problems suggest that comparisons based on inequality measures may be

inadequate or even misleading when the increase in paper and citation counts confounds

factors not associated with the scholar’s citation behavior.

Thus, I have argued that it is essential to understand which factors drive the increase

in the number of academic publications and separate these factors from the macro trend to

understand a scholar’s changing citation behavior. Among many reasons that are irrelevant

to changes in researchers’ citation behaviors but still influence the temporal pattern in in-

equality measures, I have identified three major scenarios that might confound understanding

researchers’ behavior. First, indexing of Web of Science (WoS) database might add different

tiers of journals in different time periods. If low-tier journals are added intensively in a later

period, citations sent from low-tier journals might have different patterns of citations differ-

ent from high-tier journals. Even if indexing is not an issue, contemporary journals might

have been placed in a different tier in comparison to traditional journals. Secondly, the

number of papers per journal might have increased over time as more journals actively use
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electronic publication tools. In this case, the proportional impact of each journal on citation

patterns might have changed over time. The last scenario suggests that the citation count

increase might be due to the increased number of references. With increased accumulation

of scientific findings in recent years, the reference list tends to get extended.

In this study, I investigate how the distribution of scientific citation has transformed in

the age of integrated academic search engines after removing possible confounding compo-

nents. Using data gathered from the WoS, the trend is replicated and temporally extended

towards the more dispersed citations found by Larivière et al. [84] and confirmed by Evans

[48]. In comparison to prior works, this analyses includes more recent data spanning until

2016 and therefore captures the impact of integrated proprietary search engines like Google

Scholar on academic citation behavior. The citation distributions are then adjusted such

that they control possible scenarios assuming that all situations are congruent to the initial

year of the observation—1996. The purpose of this exercise is to reveal how the distribu-

tion after separating confounding effects influences measures of inequality and whether this

adjustment changes the interpretation of macro time trend; precisely, whether the adjusted

citation distributions have become more concentrated or more dispersed. Following this, the

time trend was reinterpreted with adjusted inequality measures by comparing two- and six-

year citation windows. Finally, the impact of each component of adjustment on inequality

measures by disciplines was ascertained. Based on the new adjusted measures, evidence of

somewhat stable or less dispersed trend over time was found, though the strength of this

trend varies according to discipline and inequality measures.

2.2 Data and method

Publication and citation data from the WoS, provided by Clarivate Analytics, was analyzed,

and a data structure that generally follows Larivière’s approach was constructed . WoS

includes the Science Citation Index Expanded, the Social Sciences Citation Index, and the
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Arts and Humanities Citation Index. The primary focus of this study are the research papers

published in English language journals between 1996 and 20143 in four broad disciplinary

fields (health, humanities, mathematics and computer sciences (Math & CS), and social sci-

ences) and citations to these papers in the two and six years following publication.4 Editorial

comments, books, and other non-research articles from both citing and cited papers were

excluded. To illustrate the data structure with a two-year time window for all papers pub-

lished in the social sciences in 2014, citations made to these papers before the end of 2016

from papers in other disciplines have been registered. Therefore, published papers from 1996

to 2014 are followed by citations of these papers from 1996 and 2016. Table 2.1 provides the

total number of papers and citations in each broad category. Details of how journals and

disciplines are aggregated into the four fields are described in Appendix A.

Table 2.1: Total count of published papers and citations made to papers with two-year

window by broad category between 1996 and 2014

Broad category Papers Citations

Health 4,904,174 15,804,637

Humanities 502,620 111,245

Mathematics and computer sciences 1,434,715 1,825,581

Social sciences 1,079,941 1,616,485

Using the data, the same yearly, field-specific measures of citation inequality used in

3Because of uneven coverage during much of the twentieth century, I limit the analyses to the period
between 1996 and 2016. This would allow me to compare the results from 1996–2007 to those in [84] and
then examine subsequent trends to 2016.

4While Larivière et al. use two- and five-year windows in counting citations, I replicate results by using a
two-year window. Then, instead of using a five-year window, I have used a six-year window to to increase
the citation period of these document. The result of the six-year window is attached in Appendix A.
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Larivière et al. were calculated [84] i.e.: the percentage of papers published in a given year

that received at least one citation; the percentage of papers needed to fill 20% and 80% of

the total citations received by papers published in a given year; and the HHI.5 In addition,

the Gini coefficient was also computed—another standardized inequality measure frequently

used to assess income or wealth inequality.

As discussed in detail in the following sections, these calculations reproduce Larivière et

al.’s substantive results: across multiple disciplines, the share of papers cited is increasing,

and the concentration of citations is declining. As part of this study, before adjusting the

data, self-citations following Larivière et al were excluded. This step has been undertaken

not only with the intention of replicating previous results, but also because self-citations are

not necessary in the analysis since it is irrelevant with the author’s literature search behavior.

In addition to the replicated results, the same inequality measures were calculated by

using the data after adjusting it to have structural conditions similar to 1996 by broad

category. The major goal of the adjustment exercise was to set up similar conditions for all

years as 1996. As a means to achieve this goal, first, the list of journals that have published

and cited articles between 1996 and 2014 was established. Both cited and citing articles that

are published in this list during the observed period were left. Following this, the number

of distinct papers per journal sending citations to papers published in 1996 was calculated,

and the same number of papers per journal as 1996 was randomly selected with replacement

for subsequent years. Lastly, the average number of citations per paper that cited articles

published in 1996 was counted, and again, the randomly chosen citations with replacements

5The HHI is a commonly used measure of market concentration computed by summing the squared market
share of each firm. In the context of this study, the market share is the citation count that one paper
receives divided by the total citation count. Usually, when the HHI is smaller, it means the market is
more decentralized; however, the HHI also tends to decrease when the number of participants is high. For
example, when ten companies equally share a market, HHI is (0.1)2 ∗ 10 = 0.1, but when 100 companies
share it, the HHI is (0.01)2 ∗ 100, or 0.01. As this illustration shows, ceteris paribus, HHI will decrease
if publication counts increase. Due to its inherent limitations, the analyses of HHI is only included in
Appendix A.
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for the following years to each year had the same number of citations per paper in 1996.

2.3 Results

2.3.1 Comparison of adjusted and unadjusted data

Figure 2.2 demonstrates the results for the direct measure of dispersion: the share of papers

cited in a given year that maintain their rate of citation in the following two years. The

figure shows this percentage between 1996 and 2014 in four broad domains with a two-year

citation window. Opaque dots and lines denote the adjusted data and transparent dots

and lines denote the unadjusted one. The lines across dots summarize the temporal trend

computed based on a robust linear regression model. A solid line indicates that the temporal

trend has changed statistically by a significant amount, whereas a dotted line implies that

no statistically significant temporal trend has been detected. In Figure 2.2, the observed

temporal trends are statistically significant in all instances.

The trend based on the unadjusted data in Figure 2.2 (transparent dots and lines) success-

fully replicates Larivière et al.’s analyses. While differences exist between broad disciplinary

groups in the the share of papers typically cited (ranging from 10% to 80%), the observed

temporal trends are generally upward, and confirm Larivière et al.’s analyses: the share of

papers cited increases proportional to time. Focusing on the years 1996 and 2005 and the two

fields (social sciences and humanities) that most closely resembles Larivière et al.’s analyses,

the results roughly replicate the prior estimates. In the humanities, the share of ever cited

papers between 1996 and 2005 hovers around 10%—a stable trend that is similar to their

estimates—while in the social sciences the estimate increases from 44% in 1996 to 55% in

2005—almost identical to Larivière et al.’s increase from 42% to 54%.

In contrast, once the data was adjusted following the procedure explained above (opaque

dots and lines), the temporal trend was found to be contradictory to the one based on

the unadjusted data. In all four broad categories, the dispersion of citations across papers
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shows significant decline with the adjusted data, which are inconsistent with Larivière et al.’s

findings. In health, social sciences, and math & CS, the slope of declining percentage becomes

steeper after 2005 than before. In humanities, the trend fluctuates more than other broad

categories, possibly reflecting the decreased reliance on journal articles among researchers.

Figure 2.2: The temporal trend of percentage of ever cited papers between 1996 and 2014 by

four broad categories (two-year citation window); Opaque dots – adjusted data, Transparent

dots – unadjusted data; Solid line - statistically significant time trend & Dotted line –

statistically insignificant time trend (a statistical test was conducted using a robust regression

model)
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Similarly, the percentage of papers that account for 20% and 80% of citations in Figure 2.3
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was examined.6 When more papers are needed to account for each of the three percentages,

citations are more equally distributed (less concentrated). Larivière et al.’s essential findings

for humanities and social sciences were again replicated; it was found that approximately

10% of papers account for 80% of citations in the humanities from 1996–2005; about two

percentage points higher than Larivière’s result, but are similar in pattern. In the social

sciences, this percentage increases from 24% to 28%, very similar to Larivière et al. Most

critically, across all disciplines and levels of measures the 20% and 80% distributions are

becoming more equitable over time—evidence Larivière et al. uses to support the claim that

citations are becoming less concentrated.

However, as was the case for the percentage of ever cited papers, the trends in the 20% and

80% shares in the adjusted data showed the opposite and statistically significant temporal

trend in comparison to the unadjusted data. The decreasing percentage implies that fewer

papers account for most of the citations; evidence of increasing (rather than decreasing)

concentration in citations in these fields.

6The percentage for papers that account for 50% of citations is omitted from Figure 2.3 to simplify the
illustration of results.
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Figure 2.3: The temporal trend of percentage of papers that needed to account for 20% and

80% of citations between 1996 and 2014 by four broad categories (two-year citation window);

legends are the same as Figure 2.2
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Lastly, in Figure 2.4, the same method was applied to the Gini coefficient. The Gini

coefficient is another frequently used inequality measure (e.g., [129]) that attempts to stan-

dardize distributional differences by capturing the difference in area between an observed

distribution and the line of equality. The Gini equals 1 for perfectly unequal distributions

and 0 for perfectly equal distributions. However, like all scalar summaries of distributions,

the interpretation of the Gini can be ambiguous because it is unclear as to which part of the

distribution exacerbates or improves the Gini is unclear.

What Figure 2.4 shows is consistent with what was found in Figure 2.2 and Figure
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2.3—while the citation distribution seems to become equal (close to 0) to the data before

adjustments, it illustrates an opposite trend toward unequal distribution (close to 1) after

adjustments. However, the amount of temporal change is distinct from the other two mea-

sures. In Figure 2.4, the amount of increase in the adjusted data is not as dramatic as the

amount of decrease in the unadjusted data. To interpret, the distribution becomes dramat-

ically democratized when analyzed with the unadjusted data; however, with the adjusted

data, the distribution has been slowly becoming unequal over time. The degree of change of

change in temporal trend caused by types of inequality measures implies that the adjustment

variously influences the measures.

Figure 2.4: The temporal trend of the Gini coefficient between 1996 and 2014 by four broad

categories (two-year citation window); legends are the same as Figure 2.2
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2.3.2 Comparison of temporal trends with two- and six-year citation windows

In the previous section, the manner in which the temporal pattern of citation distribution

changes with parallel adjustments made in the data to control external conditions that might

confound scholar’s citing behavior, were examined. In Figure 2.5 and Figure 2.6, the temporal

trend of the citation distribution based on two- and six-year citation windows to examine

whether there are any differences in a short-term and long-term citation distributions were

compared.7 The last observation made is 2014 for a two-year citation window, which means

it is the distribution of citations that are made to papers published in 2014 where citations

are collected from papers published in 2015 and 2016. For a six-year citation window, the last

observation is 2010, which indicates the distribution of citations made to papers published

in 2010 where citations are collected from papers published between 2011 and 2016. Thus,

there are four fewer observations for a six-year citation window because it needs full six years

after cited papers are published while a two-year window needs two years, and the last year

of citation data is equally 2016 for both time windows. The results of a two-year citation

window in Figure 2.5 is the same as the adjusted data in Figure 2.3.

Figure 2.5 summarizes the temporal trend of the percentage of papers that needed to

account for 20% and 80% of citations in a two- and a six-year citation window. The percent-

ages are in general higher for a six-year window than a two-year one. This indicates that

as citations are accumulated longer, they are less concentrated on the top. Furthermore,

temporal trends of two time periods were found to lead to a different conclusion. According

to the test of a robust regression model, the concentration of the citation distribution has

significantly increased with a two-year time window. However, in the analysis based on a

six-year window, no statistically significant temporal changes are found except in humanities.

There are two possible reasons for the presence of different temporal trends. First, because

7I compare the percentage needed to account for 20% and 80% of citations, and the Gini coefficient in
this section. Plots comparing other measures are included in Appendix A.
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the yearly difference of a six-year window is arithmetically smaller than that of a two-year

window, the time trend might seem more stable with a longer time window. Another possible

explanation is the lack of any considerable change in the scholar’s behavior of citing papers

aged older than two. Researchers might change their search behavior more dynamically for

seeking recently published papers, which might be reflected in increasing concentration of

the citation distribution with a two-year window.

Figure 2.5: The temporal trend of percentage of papers needed to account for 20% and 80%

of citations by four broad categories (1996-2014 for two-year citation window, and 1996-

2010 for six-year citation window); Circles – two-year citation window, Squares – six-year

citation window; Solid line - statistically significant time trend & Dotted line – statistically

insignificant time trend (a statistical test is done using a robust regression model)
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Figure 2.6 summarizes the result of the Gini coefficient analyzed in the same manner

as Figure 2.5. It displays findings similar to the above figure: the distribution is more

democratized, and the temporal change is more stable in a six-year window than in a two-

year one. Although the amount of concentration in the citation distribution with a six-year

window seems to decrease until the early 2000s and begins to increase after, which might

cancel out the effect of temporal trend measured in a linear specification, more evidence from

recent years is required to confirm increasing concentration trend.

Figure 2.6: The temporal trend of the Gini coefficient by four broad categories (1996–2014

for two-year citation window, and 1996–2010 for six-year citation window); legends are the

same as Figure 2.5
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2.3.3 Analysis by adjustment component

In this section, the adjustments are broken down to determine the effect of each component

step-by-step. Figure 2.7 summarizes the results. The most transparent dots indicate the

pattern of unadjusted data and the most opaque dots show the fully adjusted data, which

replicates the results from Figure 2.3. In between the two extreme colors, the less transparent

dots signify the results that control the list of journals, and the next transparent dots indicate

the results controlling the number of papers per journal in addition to the list of journals.

The major change in the percent of papers receiving either 20% or 80% of citations was found

when the number of papers per journal for citing articles was adjusted. The same trends are

found in other inequality measures, which are attached in Appendix A.
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Figure 2.7: The temporal trend of the percentage of papers that had to account for 20% and

80% of citations between 1996 and 2014 by four broad categories (two-year citation window);

Circles – 20% of citations, Squares – 80% of citations; Solid line - statistically significant time

trend & Dotted line – statistically insignificant time trend (a statistical test is done using a

robust regression model); From the brightest to the darkest color: unadjusted data, the list

of journals adjusted, the list of journals + the number of papers per journal adjusted, fully

adjusted
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2.4 Discussion and conclusion

Since changes in inequality measures have been used to infer changes in how scholars behave

[70, 125, 159], it is important to ensure that measures are comparable year-over-year. Mea-

sures used in previous bibliographical studies were replicated and it was confirmed that the
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time trends observed in these studies were partly an effect of external factors not related to

scholar’s citing behavior. The external factors include the expansion of journal lists in WoS

database, the increase in the number of published papers per journal, and an extended list of

references. Not only the percentage of ever cited papers and percentage of papers accounting

for 20% and 80% of citations, but also a standardized measure—the Gini coefficient—is in-

fluenced by these factors. Thus, while it is true that in absolute terms more and more papers

are being cited, the trend behind this finding is predominantly driven by structural factors

other than scholar’s search behavior. After adjusting measures of inequality to control these

confounding effects, little evidence was found of a dominant trend towards decentralization.

Instead, the time trend in the new measures suggests that if anything, citations are becoming

even more concentrated than in earlier eras. However, the increasing concentration trend was

found only in citation distributions with a two-year time window, which captures relatively

recent responses to papers. For a six-year time window, it is hard to find evidence against

the concentration and decentralization of the trend. Moreover, the most influential external

factor was found to be the number of papers per journal of citing papers.

These results are relevant to any research on the impact of access to more information or

options on decisions. Marketing studies consistently show that online technologies increase

overall sales (e.g., [40]), but as in citation research, whether technology encourages idiosyn-

cratic consumption or amplifies blockbusters is in dispute. One stream of research argues

that online search technology increases sales of niche commodities because it makes them

more accessible[28, 27, 161, 152]; however, another stream of research reveals a contradictory

pattern: convergence on a smaller number of massively popular products [66, 91, 51]. Sal-

ganik et al. [129] and Elberse [46] find that this latter phenomenon is amplified when users

know others’ preferences, particularly for goods for social consumption like music or movies.

Given that scientists rely on prestige signals to gauge the quality of papers [94] and priori-

tize their attention on this basis [102], the results of adjustment exercises are consistent with
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the idea that new search technologies amplify existing concentration in citations, perhaps

by providing status cues that scholars use to navigate the ever-expanding sea of scientific

literature.

A limitation of this research is its exclusion of citations made between two different broad

categories in order to control external factors. As a means of restricting the list of journals,

only the same list of journals that were available in 1996 for both cited and citing articles

were considered, which subsequently deleted the citations made outside of the broad category

of cited articles. Thus, if a different pattern exists for citations made between two different

categories, it has not been accounted in these results.
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Chapter 3

EXPERTISE, SOCIAL INFLUENCE, AND TECHNOLOGY

3.1 Introduction

1 Accessing prior scientific knowledge is a critical component of modern scientific practice,

and technological developments over the past several decades have revolutionized how sci-

entists discover and cite previous research [47]. More and more scientists now access their

literature through online search engines and digital libraries, and rare is the scientist who

walks into the library and peruses the journal shelves for new papers [114] [143] [117]. Among

these technological developments, the emergence of academic search engines such as Google

Scholar are of particular interest because of scholars’ increased reliance on them in seeking

literature, and also because these services are powered by black-box, proprietary algorithms

that attempt to actively anticipate the users’ needs rather than simply listing papers indexed

by keyword. Research suggests that these new technologies have implications on the breadth

and depth of the users’ knowledge of their fields [91] [133] [149].

In the process of searching and citing articles in a paper, researchers often seek signals

such as journal or author prestige and previous citation count that are supposed to reflect

the quality of articles. Because the challenge of searching for literature is growing along with

the size of the scientific corpus, which is doubled roughly in every nine years [20], positional

cues of articles can help reduce the search cost for researchers by narrowing down the pool

of papers that are worth investing time and energy over. Moreover, citing articles with clear

signals can easily persuade the audience to accept the significance of the research or the logic

1This work is from the collaborative project undertaken with Katherine Stovel and Jevin West.
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of arguments. The reliance on social cues is especially stronger for scholars citing outside

of their own field, not only because outsiders in general have higher search costs, but also

because they are in need of convincing the audience by citing influential articles [94]. This

process is similar to the diffusion of innovations where a late adopter only complies with new

technology when a certain proportion of early adopters already use it [160].

The changing relationship between expertise and susceptibility to social influence and its

transformation alongside the advancement of search technology and its subsequent impacts

on the scope of science, have been studied relatively less. The introduction of academic search

engines might provide an opportunity and at the same time act as a limitation in decreasing

the gap of citation behavior between researchers with and without expertise. Since almost

every scientific literature can now be accessed online and since the size of total literature is

endlessly growing, it becomes increasingly difficult for scholars to keep up with even their

own fields. The new search engines reduce the cost of literature search by facilitating the

navigation of this huge corpus. Search based on keywords increases the visibility of articles

even in low-tier journals if papers contain matching keywords, which helps outsiders to easily

locate papers in their various interests.

However, the possibility also exists of scholars with a lack of expertise being more im-

pacted by social influence through using academic search engines than scholars with expertise.

Most of these services likely use received citation count as an input in the algorithm that

determines what results to display [14], and presents viewers with this quantified informa-

tion along with search results. In general, the order of search results strongly affects how

users allocate attention due to human cognitive biases [91], and thus, displaying the mea-

sure of popularity of an item might cause the consumption of only items that are already

popular[67, 129]. Scholars citing outside of their fields might rely more on the search engine’s

algorithm and choose papers that top search results because the massive amount of incoming

information might put new pressure on the searching and filtering processes, particularly for
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non-experts.

Depending on how researchers use search engines, citation pattern might be more democ-

ratized as new tools contribute to making scientific literature more accessible, or vice versa.

If it equalizes the citation pattern, it would certainly have implications on the prospects of

scientific discovery, since it implies that scientists are drawing on all relevant prior works—a

critical ingredient for high-quality scientific activity. On the other hand, the availability

of enormous amounts of information might increase the search costs and make researchers

rely on top search results of academic search engines. This could mean that scientists are

increasingly reading and citing a more concentrated subset of papers, and are therefore at

risk of being trapped in a scientific echo chamber.

Through studying citations made in academic research articles, this study seeks to in-

vestigate the following research questions: does the pattern of scientists engaging with prior

scientific research of the field differ by the amount of expertise scholars have, as the academic

search engines are popularized? Specifically, do the search engines influence scholars to be

more susceptible or immune to social influence depending on their knowledge distance to the

field they are citing? Then, subsequently, has scholars’ citation behavior expanded to a wide

range of potentially relevant prior work, thereby democratizing science, or concentrated into

an ever smaller set of ”star” papers?

In this work, these questions will be answered in the reverse order. First, the temporal

trend of insiders and outsiders in the field between 1999 and 2016 that covers the period

before and after the emergence of academic search engines was traced to understand whether

scientific citations are becoming more concentrated or diversified across a wide range of dis-

ciplines. As a means of comparing the behavior of insiders and outsiders, the distribution

of inter- and within-disciplinary citations was examined. While the scholars’ use of search

engines in seeking literature, particularly Google and Google Scholar, has dramatically in-

creased since the early 2000s across places [150, 117, 143], the time trend alone does not
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necessarily indicate the impact of search engines. Therefore, a second set of analyses has

been provided that compares the influence of journal-level (Journal Influence Factor, JIF)

and paper-level measures (previous citation count) on the number of received citations of

a paper for both inter- and within-disciplinary citations, and see whether the influence has

changed between 1999 and 2016. This analysis leads to two observations. First, tracing

changes in the effect of previous citation count of within-disciplinary (insiders) and inter-

disciplinary (outsiders) citations reveals the group which has become more susceptible to

social influence along with the use of search engines. Additionally, if the impact of previ-

ous citation count changes while the effect of JIF is relatively stable over time, it serves as

evidence that the group of scholars in the analysis is arguably more influenced by search

engines. This is because only the new systems illustrate paper-specific information such as

previous citation count and hyperlinks from and towards a paper, which were provided in

traditional search engines such as JSTOR. If evidence is found as part of this dissertation

in favor of the increased influence of the popularity of a paper, it would imply that the use

of search engines is changing the behavior of researchers, and contributing to the observed

macro patterns of citation distributions.

3.2 Literature review / Background

3.2.1 Expertise, social influence, and technology

When researchers filter papers to read and cite, they are influenced by the status of papers

as signaled by a journal of published papers, authors themselves, and authors’ affiliated

institutions, and the significance of papers as perceived by their colleagues. Researchers

especially rely on status signals when they are not confident about their judgment of its

quality or due to lack of time and energy for searching, under the belief that the status

reflects the quality of papers [123]. Although status is supposed to reflect the quality of

a paper, evidence has shown that the coupling between status and quality is likely to be
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weakened when social interaction influences the process of status formation [31, 57, 95].

Gould [57] argues that socially influenced judgments are likely to exaggerate the quality of

those who are objectively positioned above the average in terms of their ’actual quality’

and underestimate those positioned below the average in comparison to the situation where

there is no social interaction, because social actors seeking signals for their judgments are

influenced by interactions suggesting the actual quality. In this context, the researcher’s

expertise in the field helps maintain a tight relationship between status and quality as the

expertise lessens the reliance of researchers on others in judging the quality of articles. This

expertise can be gained by training graduate students within a certain boundary of academic

discipline to discern the robustness of scientific methodology and the significance of studies,

or by engaging in academic discussions with colleagues sharing similar research interests.

Based on the systematized scientific training and academic communication in the specific

field, scholars with expertise can reduce the time spent seeking quality signals and learn

evaluating quality from the article itself.

However, disciplines are not isolated segments, but resemble an interconnected web that

allows knowledge to diffuse [73], implying there can be audience with varying levels of exper-

tise in the field [94]. Depending on their partners in major academic conversations, scholars

in one group might have a different perception regarding a paper’s status in comparison to

another group since status is the quality perceived by observers [123] and the local consensus

about status can be different from global status hierarchies [80]. Status construction theory

supports the possibility that scholars might have varying notions pertaining to status hierar-

chies of articles [80]. The theory explains how status beliefs are updated and spread through

social interaction of groups [126], and through this social process, sometimes the observed

status hierarchies do not reflect the real quality difference [127, 98]. By emphasizing the

importance of social interaction in creating and diffusing status hierarchies, this theory sug-

gests that scholars with different backgrounds might not reach the consensus in evaluating
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the status of papers.

The recent development of search technology contributes to the decrease in disunity

around the perception of status hierarchies. Academic search engines, particularly the pro-

liferating Google Scholar, create an equal ground for everyone to have access to papers

regardless of their level of expertise. Before academic search engines, the researcher’s per-

ception of the paper’s popularity varied depending on the academic communities they were

affiliated with. However, as search engines begin providing the same order of papers for the

same keywords’ search and information on the previous citation count gets updated every

moment, scholars access the same result pages, which can help reach a global consensus

regarding the paper’s status. In this case, the standardized result pages impacting the user’s

perception of the paper’s significance generated by proprietary algorithms is not a carefully

planned work of institution (e.g., [135]), but rather a by-product of technological transforma-

tion that is still changing in practice depending on the components of the algorithms (e.g.,

[119]).

The next section goes into a detailed description of the background of academic search

engines, mostly Google Scholar, and summarizes previous literature about its effect on cita-

tions.

3.2.2 Background

Google Scholar, one of the most popularly used search engines, was launched with the au-

dacious goal of creating a single efficient search engine where scholars as well as the general

public could access scholarly information from all disciplines and languages [55]. Due to the

appeal of its brand, accessible interface design and broad coverage, this search engine has

quickly become widely used by scholars for research purposes; nearly three quarters of PhD

students use or have used Google Scholar [35], though when compared to other web based

services, there is variation in its usage by discipline and age [117, 150, 143, 21]. Despite
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Google’s dominance, there has been an explosion of academic search engines over the last

couple of years. In 2016, the Allen Institute of Artificial Intelligence (AI2) released a new

search engine called Semantic Scholar. Microsoft Academic search resurfaced with new rec-

ommendations and visualizations for exploring the literature. JSTOR is developing a new

search interface for their large corpus of papers. The Web of Science (WoS) was recently

purchased by Clarivate, with plans to incorporate new recommendation algorithms. PubMed

recently added paper recommendations. Mendeley now provides recommendations based on

researchers’ bibliographies. During the last several years, we have seen the golden age of

academic search and recommendation, but there is not yet a consensus on the most efficient

and reliable search algorithms, nor on the best way to evaluate the performance of search

results (e.g., [155, 153, 13]). These are exciting times for researchers trying to manage an

ever-expanding literature, but with new technologies, there is a need for examining its effects

on the curation and navigation of literature.

Despite the rising significance of new search engines’ role in scholars’ research, little is

publicly known about how they rank papers, leaving researchers to try to reverse engineer

their algorithms [14]. Results suggest that Google Scholar weighs title words and citation

counts, skewing results towards informative titles and frequently cited papers. Based on this

finding, Beel and Gipp [14] concluded that Google Scholar is more suitable ”when searching

for standard literature rather than gems, the latest trends, or articles by authors advancing

a different view from the mainstream,” and likely to produce a Matthew effect in citation

distributions (p.6). However, search outcomes may change in response to algorithmic updates

or A-B testing, and thus supply little micro-level stability in this ecology. In addition, the

study of Google Scholar shows that while it has aggressively expanded its coverage and

constructed a strong database, it fails to have consistent quality control and maintain clear

indexing guidelines [58].

While there has been a lively discussion about how to construct effective and stable
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search algorithms and how to measure the significance of search outcome in the Web 2.0

era, the impact of technological development on researchers’ behavior and the aggregate

effect on science have been relatively neglected. Evans [47] argues that the digitization

of journals has accelerated scientific consensus through quick communication, resulting in

increased convergence in citation patterns; in contrast, Larivière et al. [84] argue that the

dominance of top papers has declined in aggregate-levels since the introduction of modern

scientific publications. Separated from the digitization of journals, search engines might

roughly reduce the scope of papers that are presented; if researchers locate (and subsequently

cite) the same papers from the same search engines, this could have adverse effects on what

is the primary source of the literature. Recent studies have pointed to the potential myopia

of science [120]. Second- and third- tier journals may be accessed with less frequency with

sleeping beauties never waking up [76] (although the negative effects could be balanced with

search engines uncovering the less cited papers). In addition, people’s careers depend on

whether academic engines show their papers on the first page or on the tenth page of search

results. Those in the first couple of pages have a much greater chance of being cited, which

could lead to promotions. Two other studies directly examining Google Scholar [149, 133]

similarly conclude that search engines contribute to higher inequality in citation; however,

these studies only include classic papers and do not appropriately address the numerous

possible confounding variables that could influence researchers’ citing behavior.

3.2.3 Research questions and hypotheses

The primary focus of this chapter is the examination of the manner in which the impact

of social influence varies with the level of expertise in the rapidly changing academic search

environments. If new academic search engines broaden the gaze of scholars and facilitate

seeking relevant literature, scholars without expertise exhibit lowered reliance on on status

signals. Consequently, the distribution of inter-disciplinary citations would be less concen-
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trated and more dispersed in recent periods under the assumption that researchers become

more reliant on search engines when the distribution of within-disciplinary citations would

be relatively stable. Also, the signalling effect of peer opinion (social influence) on citing

behavior would be stable in all observed years. In contrast, outsiders of the field might be

more dependent on status signals because they do not have enough background to check the

quality of papers. In this case, they might be more susceptible to academic search engines’

new algorithms that use and present the colleague’s recognition of an individual paper. If

it is true, the distribution of inter-disciplinary citations would become increasingly unequal,

and the effect of social influence would increase as time progresses.

3.3 Data and method

3.3.1 Data source and coverage

For the purposes of this study, the Clarivate Analytics’ Web of Science (WoS) data was

used for calculating citation counts to/from papers and to/from journals. The WoS data

includes the Science Citation Index Expanded, the Social Sciences Citation Index and the

Arts and Humanities Citation Index, while the full data set includes more than 100 million

publications and over 1 billion links between papers from 1900 to 2017. From this database,

only data between 1989 and 2016 was applied.The discipline categories of journals indexed

by WoS were utilized in defining the journal’s discipline. Since many journals are classified

into more than one category, the first two categories were chosen and journals that had

matching disciplines either in the first or second category were extracted. Citations made

in the journals categorized in the same discipline are defined as within-disciplinary, and out

of them as inter-disciplinary citations. Original research articles from journals have been

selected while editorial reviews or book reviews have been excluded as part of this paper. In

addition, journals in each discipline that have published papers at a rate of at least 10 papers

per year, for more than five years out of 28 years of the observed period have been used to
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minimize the coverage issue in the database. While this strategy proves disadvantageous in

excluding recently started journals—which has increased recently—this study argues that it

is more important to compare all periods under similar environments as much as possible to

isolate temporal changes. Self-citations are removed from the data.

Since the main research question revolves around the effect of technology on patterns

of citation and how it varies by within- or inter-disciplinary citations, it is necessary to

control other factors such as citation norms [60] by limiting the analysis to a solid discipline.

I present six disciplines, sociology, political science, statistics, mathematics, microbiology,

and cardiology, relatively established, and traditional disciplines that experience arguably

small amount of dynamic changes in terms of the scope of the discipline’s boundary or

citations’ norms during the observed period (1999-2016), but disciplines with different levels

of incorporating technology in doing research.

3.3.2 Data structure

There are several ways of organizing bibliographic data for analysis. Two of the most fre-

quently used data structures are bibliography-based data structures and citation-based data

structures. A bibliography-based data structure focuses on outgoing ties, in the sense that it

identifies all papers contained in the bibliographies of a set or sample of papers; this analysis

typically focuses on the distribution and characteristics of the papers cited in these bibli-

ographies. A citation-based data structure is organized around in-coming ties, and selects a

set of papers and the papers that cite them. In both cases, the challenge is to identify the

appropriate pool of potential targets (in the bibliographic case) or senders (in the citation

case). For example, Lynn [94] circumvents this problem by identifying articles published in

well-known journals in select disciplines between 1985 and 1986, and counting the citations

these papers received in the 20 years following their publication.

In order to investigate whether researchers’ citations have become more expansive or more
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concentrated since the rise of academic recommender systems, the data structure must meet

two criteria: it must include an appropriate pool of papers that could have been cited by

scholars working at a particular moment in time, and it must allow one to compare citation

behavior over time. Thus, although Lynn’s approach specifies a target pool of papers that

could be potentially cited by scholars, it is not suitable for the research question because it

does not allow the easy examination of changes in researchers’ behavior over time.

Subsequently, this work proceeded to create a data structure to identify a pool of papers

that could have been cited to determine if there are temporal changes in researchers’ citation

behavior. For the analyses, a data structure defined by the complete list of articles published

in year t (where t ranges from 1999 to 2016) and their out-going citations was used. This

data structure also included, for each year t, a target corpus containing all articles published

in the same discipline in the prior ten years (and indexed in WoS). A ten-year window was

used because most papers are cited approximately 10 years after publication, and because

the possibility of older papers cited is relatively low. For example, for articles published

in sociology in 1999, the target corpus contained articles published in sociology journals

between 1989 and 1998; for sociology articles published in 2016, the target corpus was articles

published in sociology journals between 2006 and 2015. These target corpora thus specified

defined pools of arguably relevant articles that could have been cited by the articles published

in a given year.

Linking outgoing citations from the lists of anchor articles to the associated target corpora

provides the network of within-disciplinary out-going citations for a given publication year.2

In addition to within-disciplinary links, inter-disciplinary citations were also identified by

2The percentage of citations made to the applicable target corpora is stable and low, for example, ranging
between 7–8 percent in sociology. Briefly, about 70% of all citations go to sources such as news articles,
datasets, books, and internet sources that are not indexed by the WoS database. Among citations to
sources that are indexed in WoS, about one third of citations are made to sociology papers. In addition
to these conditions, this study also limits its target corpora to the article format (which does not include
conference proceedings or book reviews) written in English, and in the same discipline.



43

expanding anchoring papers published in year t to all papers cited outside of the discipline

of this work’s interest3 that make at least one citation to papers published in the preceding ten

years and in the discipline of our interest. For example, for non-sociology papers published

in 2016 that have cited at least one sociology paper, the target corpus consists of articles

from sociology journals between 2006 and 2015.

3.3.3 Methodology

This study commences by investigating whether the concentration rates of citation patterns

become more- or less- concentrated, and whether changes in these patterns vary between

within- and inter-disciplinary citations. Using the data structure for each year and discipline,

measures were adopted to explicitly direct attention to the tips and tails of the distributions

of counts: the concentration of citations refers to the extent to which a small number of

papers absorb a large fraction of the incoming citations (the share of citations made by the

top 1%), while dispersion refers to the fraction of papers that are ever cited (the percentage

of papers cited at least once). Thereupon, the steps pursued in the second chapter to control

possible confounding factors that might influence the measures of inequality for citation

distributions were followed. The time of the out-going citation links was adjusted to time t

to ensure the availability of the same publication environments as in year 1999 by controlling

three conditions: the list of journals, the number of papers per journal, and the number of

citations per paper. With the adjusted data, two measures of inequality were computed

for each year between 1999 and 2016 for within- and inter-disciplinary citations. If the

attention of more scholars concentrates to popular papers located on top search results with

the increased use of academic search engines, the concentration of citation distribution will

rise, and by broadening the scope of search, the dispersion of papers will also multiply. In

many contexts, greater concentration implies less dispersion, though it is statistically possible

3This is a common way of defining inter-disciplinary citations.[83, 148]
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for these tendencies to run in opposite directions.

Next, in an effort to better understand factors that impact citation behavior, a statistical

model that predicts the citation counts of papers was designed and it was examined whether

the effects of factors have changed over time. The primary interest here lay in whether, in

the wake of new search technologies, there has been a decline in the impact of the journal

a paper is published in and an increase in the impact of the papers’ previous record of

citations on the number of citations that it was predicted to receive in a given year. Based

on our corpus4, the number of citations received by paper j in year t was predicted by using

a quantile regression with tau of 0.8. A quantile regression model is similar to the linear

regression, but it estimates .80 quantile of papers cited at least once. For each year between

1999 and 2016, the model for two response variables was conducted, one for a received

within-disciplinary citation count, and one for inter -disciplinary. The two main explanatory

variables are Journal Influence Factor (JIF) for journal impact (the average citation count of

a journal in recent two years) and the cumulative prior citations received by paper j in years

prior to year t. This analytic strategy was loosely based on the assumption that temporal

trend would be absent in coefficients of previous citation count estimated each year if scholars

do not respond to the new signal of social influence. For standard errors, clustered bootstrap

method was used with 1000 repetitions, because articles are nested in journals.

In the analyses, both response variables, the within- and inter-disciplinary citation count

received in year t, was logged with a natural log after adding 1. The JIF and cumulative

prior citation count were employed as two key explanatory variables in the model. While

JIF represents the traditional status signal of paper’s quality, the cumulative prior citation

count is the relatively new status signal that becomes more noticeable along with the rise

of search engines. JIF is recalculated for each year, though empirically they are relatively

stable year over year. For the purposes of this study, the year t of JIF, when paper j was

4I use the original corpus that has not been adjusted.
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cited (rather than paper j ’s publication year), was used because factors that influence the

behavior of scholars making decisions in year t about what literature to cite was modeled.

The cumulative prior citation is the total number of within- and inter-disciplinary citations

of paper j through time t-1. For example, for papers aged three in 2016, the total number

of citations that they received until age two i.e. between 2013 (age 0) and 2015 (age 2), is

the cumulative previous citation. Both variables use a natural log after adding 1. Taking a

log in key variables is essential in this analysis for two reasons. First, citation distributions

are always highly skewed to the right, and hence the extreme values need to be adjusted.

Second, with the constant growth in size of publications over time, citation count has seen a

parallel rise, which might inflate the size of coefficients. By taking a log in both explanatory

and response variables, coefficients were freed from the impact of inflation in citation count,

and thus made comparable across time, because each additional unit of variables represents

a percentage change after being logged. In addition, following Evans’ [47] and Lynn [94]’s

studies, three control variables were included , all that were measured on paper j : age (the

number of years since published), page count, and the number of references in the paper’s

bibliography.

3.4 Results

3.4.1 Macro time trend in citation distribution

The concentration and dispersion trend was analyzed to evaluate whether there is evidence

of change in aggregated distributions, and whether this seems to be associated with tempo-

ral change in the citing habits of scholars. Figure 3.1 summarizes the concentration trend

between 1999 and 2016 computed from the citation share of top 1% papers in each 10-year

window corpus by six disciplines. Solid lines show the temporal trend of within-disciplinary

citations and dotted lines represent inter-disciplinary citations. The citation share of top

1% papers differs by disciplines, but at least 20% of the whole citations were found to be



46

dominated by the top 1% papers, which again confirmed the nature of high concentration

of star papers [41]. Moreover, in all disciplines except microbiology, the concentration was

higher in inter-disciplinary citations. While in the case of sociology and cardiology, the dif-

ference between within- and inter-disciplinary citations was relatively small, political science

and statistics showed a larger gap between the two types of citations. In mathematics, the

concentration of inter-disciplinary citations turned out to be much higher than in within-

disciplinary ones.

However, no changes were observed in temporal trends from Figure 3.1. The gap between

within- and inter-disciplinary citations was stable or showed no clear patterns during the

observed period.
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Figure 3.1: The citation share of top 1% papers between 1999 and 2016 by six disciplines;

solid line is for within-disciplinary citations while the dotted line is for inter-disciplinary

citations.
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While Figure 3.1 focuses on the top of the distribution, Figure 3.2 shows the tail of the

distribution by illustrating the temporal trend of the proportion of ever cited papers between

1999 and 2016. As exhibited, the proportion of ever cited papers was as high as .20 and as

low as .02, which indicates that, overall, only the limited number of papers in the corpus are

cited in each year. Again, with the exception of microbiology, inter-disciplinary citations had

a lower proportion of ever cited papers than within-disciplinary ones. Also, similar to the

pattern of concentration, there were no distinguishable changes in temporal pattern in Figure

3.2. Combining the two findings, while inter-disciplinary citations were likely to reach at the
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smaller subset of papers than within-disciplinary citations, its relative ratio has remained

stable over time.

Figure 3.2: The proportion of ever cited papers between 1999 and 2016 by six disciplines;

solid line is for within-disciplinary citations while the dotted line is for inter-disciplinary

citations.
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So far, this study has discovered that although inter-disciplinary citations are more con-

centrated to the top and are less dispersed overall in comparison to within-disciplinary ci-

tations, the macro temporal trend has not been changed before and after the popularized

use of academic search engines. This result is not consistent with previous observations

about search engines and following changes in distributions. For example, multiple studies

have shown a ’Google Scholar effect’, where more citations go to old and popular articles
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[149, 133], which implies that citations concentrate on a few popular papers since people rely

on search engines; however, analysis conducted as part of this work, does not reach similar

conclusions.

3.4.2 The influence of previous citation count and JIF

Figure 3.3 shows coefficients of the previous citation count from 1999 to 2016 of six disciplines

with 95% confidence interval. As an example of interpreting the model, coefficient 0.3 means

that each percentage increment in previous citation count increases the .80 quantile of the

predicted received citation count by 0.3%. Red lines show the coefficient from models pre-

dicting within-disciplinary received citations, and green lines are for inter-disciplinary ones.

First, all coefficients and their confidence intervals are above 0, which means that previous

citation count has a positive impact across disciplines and time, and is statistically significant

with .05 p-value. For sociology, political science, statistics, and microbiology, coefficients of

within-disciplinary citations remain stable or slowly increase over time, while those of inter-

disciplinary citations change more dynamically. It indicates that inter-disciplinary citations

become more responsive to previous citation count than within-disciplinary citations roughly

since the mid-2000s. In mathematics and cardiology, no significant change in the difference

between within- and inter-disciplinary citations was found.
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Figure 3.3: Coefficients of previous citation count by discipline between 1999 and 2016; red

line is for within- and green line is for inter-disciplinary citations; The analysis of only the

positive citation count.
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Figure 3.4 presents the coefficients of JIF for within- and inter-disciplinary citations over

time. Confidence interval of JIF coefficients is generally wider than coefficients of previous

citation count, which reconfirms the large variance of the quality of papers published in

the same journal (e.g., [132, 85]). However, enough evidence was not found to support the

decreasing impact of JIF in all six disciplines in digital age as has been argued by previous

research [93] [88] [2].
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Figure 3.4: Coefficients of JIF by discipline between 1999 and 2016; red line is for within-

and green line is for inter-disciplinary citations; The analysis of only positive citation count.
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3.5 Discussion and conclusion

This research focused on studying how scholars’ expertise of the field relates to their sensi-

tivity to social influence in the context of the development of literature search technology,

and aimed to examine its following impacts on the scope of science. To investigate these

questions, macro citation distributions over time in six arguably stable and well-established

disciplines was examined. It was found that less literature is being cited (i.e., more zero

cited papers) and there exists a higher concentration of citations of the star papers for inter-

disciplinary citations in comparison to within-disciplinary citations. However, these results
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do not contain evidence to determine whether there has been any temporal change in the

amount of gap between insiders and outsiders of the field.

In the second set of results, I found that the impact of previous citation count on inter-

disciplinary citations has increased in sociology, political science, statistics, and microbiology,

while the impact on within-disciplinary citations stayed relatively stable during the observed

period. This finding suggests that more scholars citing outside of their fields are influenced

by the previous citation count, the information that was explicitly provided by new academic

search engines such as Google Scholar, which is consistent with the idea that scholars without

expertise rely more on the search engines and thus become more vulnerable to the influence

of social recognition. However, its impacts differ by disciplines. One possible explanation

for disciplinary differences is the broad disciplinary norm regarding which search engines to

use. For example, in cardiology, it is likely that non-expert scholars citing cardiology are also

from the health category, and the major search engine used in health is known to be PubMed

instead of Google Scholar, which does not explicitly provide information on previous citation

count.

Interestingly, outsiders’ higher reliance on previous citation count does not necessarily

relate to higher concentration of citation distribution. Although the impact of previous

citation count has increased for inter-disciplinary citations as time progresses, the inequality

of inter-disciplinary citation distribution has not increased faster than the within-disciplinary

one. I suggest two possible explanations on these intuitively contradictory findings. First,

the increased impact of previous citation count might not be significant enough to create the

distinctive temporal change in the macro trend. Another possibility is that search engines

might foreground highly cited papers, but at the same time, by expanding the scope of search

results, it might offset the inequality of citation distribution.

Some might argue that increased influence of prior citation count might be due to spe-

cialization or concentration of the field rather than the effect of search engines. However, if
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one field has received more attention than another, all papers published in a journal on this

field will have an equal probability to be spotlighted rather than a few highly cited ones.

Thus, instead of saying that the specialization of the field drives behavioral changes, it would

be more reasonable to argue that search engines might facilitate specialization of the field or

concentration on a dominant theory, because few highly cited papers will dominate search

engines and have a higher chance to be seen, and therefore unconsciously influence scholars

when they conduct research.

While I have mainly argued that the technological development in search engines drives

transformation of researchers’ behavior which it is suggested by changing citation distribu-

tions over time, this change cannot be solely attributed to the effect of technology. There

are other possible scenarios that might lead to researchers’ change in behavior. For example,

conferences, twitter, facebook, and related technologies may highlight individual papers and

might detach them from journals. While I cannot completely distinguish this possibility from

the effect of search engines, the increased influence of previous citation count still suggests

an underlying impact of increased use of search engines because those social network services

do not provide or use citation count in searching or ordering results.

Also, classic papers in the analysis such as works written by Karl Marx or Thomas Kuhn

that have explosive influential power and argued to be cited much more in ’Google Scholar

era’ [133, 149] have been ignored by this study. The preferential attachment mechanism

might be a better explanation if I only look at papers that have received several thousand of

citations. However, I have decided to exclude them for two reasons. First, as I explained in

the data structures, it is necessary to identify a pool of papers that would have been cited;

if I decided to include classic papers, a pool of papers would have covered publications from

early 20th century. Second, the intention of researchers citing recent papers and classic,

foundational ones might be different; researchers might cite more fundamental papers when

they need to bring authority in their research to persuade readers and to emphasize the



54

significance of the study [60]. Thus, I believe that it is more important to separate the two

different kinds of citations and isolate the effect of technology than to include star papers to

answer my main research questions.

I reserve the judgment on whether the transforming search behavior of non-expert scholars

is beneficial in sustaining a healthy academic environment or vice versa. The literature

roughly doubles every 20 years, and as this expansion continues, it will be increasingly

difficult for scholars to keep up with even their own fields. While search algorithms will

be needed for assisting scholars to guide literature searches, there is also a risk that built-

in, algorithmic biases, as well as human behavioral biases, would impact what science is

actually found, read, cited, and communicated to the public. Thus, I have argued that it is

important to understand and monitor how search engines change the manner of conducting

research, particularly, as these recommendation algorithms become more common for every

day research. Based on the findings so far, the new technology does not passively assist

researchers’ job in searching literature, but may actively interfere in researchers’ evaluation

of which papers are more important to be cited in their scientific work.
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Chapter 4

IS JOURNAL STILL MEANINGFUL AS THE CREDENTIAL
SYSTEM IN NEW SEARCH ENVIRONMENTS?

4.1 Introduction

1Prior to the advent of digitization, journals played a central role in the scientific process,

both evaluating research (through peer-review and the editorial process) and serving as an

efficient filter for the search process. Before the use of integrated academic search engines,

both the physical location of journal archives on library shelves and personal subscriptions

facilitated individual scholars to be familiar with the research published in a particular set

of journals—all the while increasing the difficulty of even learning about, let alone gaining

access to, scholarship published in other outlets. Digitization made the process of accessing

a known paper far easier, but it initially did little to improve search, and the curatorial

role of journals remained. A consequence of the pre-academic search engine is that papers

published in high profile or well-distributed journals were likely to be seen, and hence cited,

more than papers published in journals with smaller subscription bases or lower reputations.

Besides being broadly read and cited, papers published in high status journals sent a

positive signal regarding its quality and the significance of its research to readers. Because the

size of scientific output is roughly doubled in every nine years since the beginning of modern

science [20], readers are always short of time to review all published articles, especially when

they lack expertise in the field. Therefore, scholars needed the credential system to sort out

articles that are worth investing their limited time into to read and understand, which is

1This work is from the collaborative project undertaken with Jason Portenoy, Katherine Stovel, and Jevin
West.
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similar to the example of information asymmetry in the labor market [139, 34, 18]. The most

frequently used credentials that readers relied on is the status of journal, generally measured

by Journal Influence Factor (JIF), a simple metric reflecting the average number of citations

to recently published articles. As consumers of research articles screened which papers to

concentrate on based on journal status, more authors, particularly young generation scholars

who have not achieved significant career progress to prove themselves, strove to publish in

high status journals and signal the quality of their research.

However, the role of the journal as the credential system of the quality of the papers

included in it has been in question as the rise of integrated academic search engines begins

to change the way of searching and screening papers to read. With the new technology,

papers’ positions in various electronic archives (and the algorithms used to access these

archives) may be decoupled from the journal they are published in, while paper relevant

features (such as prior citation, or authorship) may play a role in increasing their visibility

to readers. As the introduction of new search technology diversifies the manner of sending

signals about the quality of papers to readers, previous research has attempted to examine

changes in the impact of the journal as the credential system [93, 88, 2].

The main methodological problem in estimating the effect of a journal is that published

academic articles are inherently nested in journals, and thus it is impossible to separate the

influence of its journal status from an individual paper’s quality. Once papers are published

in a journal, readers always evaluate the quality of articles under the influence of the journal

status. One solution to this problem is to set a counterfactual experiment that enables readers

to evaluate articles with and without a journal name. However, it is especially difficult for

setting up an experiment with academic articles, even with the development of online tools,

because reproducing the complex scientific arguments and its nuanced contribution is almost

impossible.

As a solution to this problem, this study suggests a creative approach to measure the pure
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impact of journal status after controlling individual paper’s quality in a quasi-experimental

situation, then trace the temporal changes in the role of journals as the credential system

along with the emergence of integrated academic search engines. I found that ’arXiv.org’

(arXiv), the preprint service for academic articles founded in 1991, is close to a quasi-

experimental setting where researchers read and make decisions to cite papers without know-

ing the journal name. I counted the received citations made to pre-published articles in arXiv

and used them as a proxy measure of the paper’s quality. This measure is arguably indepen-

dent of journal status since it is based on the data that precedes the information regarding

the publishing journal. Moreover, the citation count can be considered a socially driven

proxy measure for the paper’s quality based on the assumption that a paper is worth citing

if it has already been cited [94].

To create the proxy measure, I first collected the information of all papers pre-published

in arXiv in a certain period, then found out citations made to these papers. When these

papers were later published in a journal and cited with the printed journal name, this infor-

mation was collected by linking a paper’s ID in arXiv data to the one in Microsoft Academic

database. I chose Microsoft Academic Search out of other search engines that have bibli-

ographic information owing to it being the only academic search engine that allows public

access. I extracted papers uploaded in arXiv and citations made towards these papers be-

tween 1997 and 2016. The disciplines that I analyzed are high energy physics (phenomenol-

ogy), astrophysics, condensed matters because papers in these disciplines were consistently

uploaded in arXiv since 1997 according to the statistics provided by arXiv.org.

The journal’s role as the credential system was investigated in two ways. First, I study

changes, if any, in the quality of papers that pursue journal publication. Because arXiv partly

replaces the journal’s role as the only platform to present research results, researchers might

feel less necessity to publish papers and postpone going through the long review process of

a journal. Particularly, I hypothesize that this tendency would be stronger for papers that
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are read and cited many times in arXiv, and thus already acknowledged their contribution

to the field. If authors of articles that are cited many times in arXiv are less likely to pursue

journal publication, it can be argued that said journal is no longer the only means of receiving

credentials about quality. Previous literature supports this hypothesis by suggesting that

there might be a ”quality bias” toward arXiv publications meaning that better papers and

high impact authors are more likely to appear in arXiv [39, 54]. I further aim to examine

this hypothesis by using a more systematized statistical methodology.

The second research question asks what the real impact of journal status on an individual

paper’s subsequent citation count is post journal publication, and whether it has changed

over time in the new search environment. While the distribution of received citation count

of papers published in the same journal is very dispersed [85], Journal Influence Factor (JIF)

has always been the best measure to predict the received citation count (e.g., [44, 118, 19]).

However, the previous literature failed to separate the confounded effect of individual paper’s

quality from the journal effect. By reexamining the journal impact after controlling a paper’s

quality and tracing its temporal changes, I explore whether the journal’s credential role is

as persistent as before the academic search engines were popularized.

4.2 Literature review

4.2.1 The influence of journal status on the citation count

Previous research has confirmed that the status of journals, usually represented by JIF has

been the primary criterion in judging the quality of individual papers. JIF turned out to be

an essential factor in various contexts predicting the received citation count [44, 118, 142,

19]. Particularly, for recently published papers that have not had ample time to be fairly

evaluated, JIF performs better in predicting their following citation count [1]. Thus, the

early citation is correlated with JIF, and the early citation count explains more than half of

the variation in cumulative citations received over a more extended period, which supports
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the decisive role of JIF in a paper’s received citation count [137].

So far, there is evidence that the attachment of papers to journals has reduced since

the wake of integrated search engines. Lozano et al. [93] show the weakening relationship

between the impact factor and papers’ citation count. They compare R-square of the model

predicting the citation count based on JIF over time and find that R-square has decreased,

indicating that JIF’s power to explain citation count decreases. As a complementary analysis

to Lozano et al. [93], Larivière et al. [88] supports the hypothesis of the decline of journals

by demonstrating that the percentage of citation share made by elite journals such as Science

or Nature is declining. The research team in Google also supports this finding [2]. According

to research they conducted by computing the fraction of the top-cited articles published in

non-elite journals and the fraction of the total citations to non-elite journals the impact

of non-elite journals has increased. Specifically, ”the percentage of citations to articles in

non-elite journals went up from 27% in 1995 to 47% in 2013. Six out of nine broad areas

had at least 50% of citations going to articles published in non-elite journals in 2013.” [2]

Although journal’s function of evaluating research as a gatekeeper of checking the quality of

papers based on peer-reviews remains [113], and it is not yet replaceable by other tools such

as arXiv [33], its role as a screening filter for search processes has been threatened since the

popularization of academic search engines.

However, due to JIF’s simplicity in evaluating a paper’s quality, it still yields power

on making career decisions and distributing grants or perks [162], though JIF was initially

developed for librarians to decide which journals to subscribe [9]. The often used two-year

citation window for computing JIF is considered especially harmful in hindering the rise of

innovative articles, which usually take more time to be evaluated and cited [136]. Regardless

of the warnings toward using JIF [132, 99, 136] and regardless of the manifestos [62, 85], it

seems it is not yet easy to stop using JIF in evaluating research.

Regarding methodology, the previous attempts to measure the impact of journal influence
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on subsequent citations of an individual paper have not succeeded in sorting out the impact of

paper’s quality. Lariviére and Gingras [82] provide one solution to this problem by discovering

a quasi-experimental situation. They find cases of publications that submitted the same

manuscript to two different journals and compare whether the received citation count differs

depending on the journal’s status. In the results, Lariviére and Gingras show that papers

published in journals with higher JIF are cited more than ones in lower JIF even though

they have the same manuscripts. Although this research suggests a possible way to separate

the effect of journal status from the paper’s quality, the finding is limited to a few unethical

outliers, which is hard to expand in general.

4.2.2 The beginning of arXiv and its use in scholarly communication

arXiv was first founded in 1991 mainly for High Energy Physics researchers to facilitate schol-

arly interaction through the unified online-based depository without access fee. While the

purpose of arXiv has been shared by researchers from other disciplines as well such as con-

densed matter physics, astrophysics, mathematics, computer sciences, statistics, economics,

etc., the extent of the use of arXiv varies by disciplines [86]. Overall, the total number of pre-

published papers and citations towards these papers has continuously increased [103, 116].

Moreover, preprint services similar to arXiv such as bioRxiv for biology researchers have

been launched. Scholars upload research papers to the preprint services to circulate their

results earlier without waiting for the journal review process that usually takes several weeks

and also to reach a broader group of audience who do not have access to journals with a

subscription fee.

Since arXiv has evolved as a favorite tool for scholarly communication from an archiving

tool for a small number of scholars [86], citing preprint version of papers in arXiv has also

become a common practice.2. While it is difficult to measure the quality of papers because

2However, in some of the earlier stage of pre-published server such as chemistry preprint server, editors
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there has been no clear consensus on defining their quality[71, 142], I choose to use the

citation data accumulated of preprint version of papers as a way of seeking a proxy measure

that is independent from journal status. By using this measure, I seek to find out the real

impact of a journal on citation count after controlling the individual paper’s quality.

Owing to the launching of arXiv, now scholars have one more conduit to present their

research with minimal review process and still reach a wide range of audience either with or

without enough resources for journal subscription. Also, integrated academic search engines

foster the growth of preprint services by counting papers from them into their search results,

which expands these papers’ visibility to the audience. While scholars before-arXiv relied on

academic journals as a way to present research and get certification of the research quality via

peer-reviews, now the role of journals in the current academic environment has been limited

to maintain the quality of research. However, only ambivalent evidence has been found so

far in support of the decreasing role of journals in comparison to arXiv. Although the role

of preprint archives in developing scientific discourse has been stronger [54], particularly in

discussing developing topics [69], people cite journal publications as soon as the article is

published, which still sustains the purpose of journals [64, 86].

4.3 Data and method

4.3.1 Data

For the purposes of this dissertation, all papers that have been uploaded in arXiv between

1996 and 2016 were collected and categorized as high energy physics - phenomenology (Hep-

ph), astrophysics, and condensed matter. These three disciplines were specifically used

because they have actively and continuously used arXiv during the observed period and for

these reasons, studied in previous research [54, 103, 105]. Subsequently, I linked these papers

in high-status journals did not allow authors to cite preprint version of papers because they have not been
peer-reviewed [25, 26]
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to Microsoft Academic Graph (MAG), the database of Microsoft Academic Search. Microsoft

Academic Search is an integrated academic search engine similar to Google Scholar that

helps scholars search relevant literature by searching keywords. The search results include

necessary bibliographic information as well as incoming and outgoing links to citations.

Unlike Google Scholar, since Microsoft database opens its APIs to users, bibliographic details

of papers and citation links in the database could be utilized. Linking the database of arXiv

to Microsoft enables to trace the citation information of papers during the period between

when it was first uploaded in arXiv and after it was published in a journal. Especially, using

MAG citation data provides a more comprehensive coverage than the previously used Web of

Science (WoS) database (e.g., [86]) because it includes citations in between preprint versions

of papers.

I used the following strategy to match arXiv metadata to papers in the MAG: I first

matched as many records as I could for which the arXiv metadata included a journal pub-

lication Document Object Identifier (DOI). For the remaining arXiv articles, the matched

were based on title, querying the Academic Knowledge API for MAG.3 4 arXiv papers which

could not be matched were excluded at this point. I also excluded MAG records that have

no associated references. Most cases without reference lists that was hand-checked had in-

complete information regarding title, author, published year, and/or source, which made

it impossible to link these lists to available bibliographic information. In this study, such

papers are not qualified as proper research articles. In addition, I removed records for which

the publication date in MAG is before the arXiv upload date because I only aimed to analyze

papers uploaded in arXiv first and later published in a journal. Finally, when there is more

than one matched record for an arXiv paper, I went through systematized steps to finally

match one paper in MAG to one paper in arXiv. These steps are summarized in Appendix

3https://labs.cognitive.microsoft.com/en-us/project-academic-knowledge

4The validity of this approach is verified in Thelwall (2018)[144].
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C.

4.3.2 Data structure and method

Based on the extracted data, I created two separate data structures to answer two research

questions. The first data structure is to examine whether there have been any changes in the

quality of papers that pursue journal publication. If papers are read and cited enough before

they are published in journals after being uploaded in arXiv, do these papers still focus on

being published in a journal?

To examine the research question, I collected all papers uploaded in arXiv at month t and

traced these papers’ status change for the following 24 months. Once a paper is published

in a journal, then this observation concludes. If a paper is not published after 24 months,

then I treat these papers as right-censored, and I stop the observation. I repeat this process

for all the months between 1997 and 2012. Figure 4.1 summarizes the data structure.

Figure 4.1: Data structure of survival analysis

Pre-published in arXiv in 
month t

End of observation

24 months

Right-censored paper 
(= not published for 24 months after 
uploaded in arXiv)
Published paper

Month t+1

24 months

Legend
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I used Cox’s proportional hazards regression model (survival analysis) to analyze the

data set. Because this model is able to associate the survival time (time-to-event) with

other covariates, I applied the method to understand how the cumulative citation count of

papers influences the hazard ratio depending on the amount of time in arXiv before journal

publication. Thus, the response variable of the analysis is the survival time, and the primary

explanatory variable is the cumulative citation count in arXiv in month t. The cumulative

citation count is, therefore, a time-varying variable, and it is logged in the analysis. I adjusted

the inflation5 of the cumulative citation count to let the same citation count in different years

mean the corresponding indicator of paper’s quality. To compute the inflation rate, I counted

the total number of papers aged 0-4 and the total citation count made to these papers, then

calculated the average citation count per paper. The average citation count per paper in

each year is used to adjust the yearly inflation rate.

I also included the interaction term of temporal trend and the cumulative citation count

to see whether the effect of the cumulative citation count has increased or decreased over

time. The temporal pattern is measured by the number of total citations made to papers

uploaded in arXiv and not published in a journal, and aged between 0 and 4. Figure 4.2

shows the temporal trend of total citation count between 1997 and 2012 in three disciplines

of interest. While the trend fluctuates a little, the total citation count has continuously

increased between 1997 and 2012. The increase in astrophysics is relatively faster than the

other two disciplines. I used the total citation count instead of the number of years that have

passed since the beginning year of arXiv because the temporal trend might vary depending

on how much disciplines are actively involved in utilizing arXiv in research. As a measure of

the size of their research activities, I included the total citation count in the model.

5Because arXiv has been growing since 1997, the number of published papers and citations has increased.
Thus, the meaning of receiving one citation in 1997 is not the same as one in 2016. To make each citation
have the same significance, I decided to adjust the inflation.
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Figure 4.2: Total citation count made to papers uploaded in arXiv and not yet published in

a journal, and aged between 0 and 4
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The second data structure answers the research question regarding the affects of the status

of the journal on a paper’s performance, measured by citation count. While it is evident that

papers published in high-status journals are more likely to be cited than ones in low-status

journals, I mainly focus on whether the effect of journal status on paper’s performance has

reduced in recent years.

As I stated in the introduction, the main contribution of our approach is its use of the

citation count made between the date the paper was first uploaded on arXiv and published

in a journal, which might signal the quality of the paper. Following this idea, the response

variable is the total received citations of a paper for 36 months after publication, which is a

measure of the paper’s performance.

The main explanatory variable here is the measure of journal influence. I used ArticleIn-

fluence score developed by West et al. [154] as a measure of journal influence. ArticleInflu-
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ence is a network-based journal-level method for ranking journals based on the Eigenfactor

algorithm and normalized by the size of the citing journal. 6

Moreover, there is an important control variable, the citation count while in arXiv—a

measure of a paper’s quality separated from journal status. Because papers have a different

amount of time existing in arXiv before journal publication, I weigh the citation count by

the square root of the number of months in arXiv.

Among all papers uploaded in arXiv, I only chose papers that have been published in

journals . Then, I traced their citation records for 36 months after being published. Subse-

quently, I collected papers published in journals between 1998 and 2013. Figure 4.3 below

summarizes the data structure.

6Specifically, there are three advantages to using ArticleInfluence instead of JIF as a better representa-
tion of how people perceive journal status [154]. First, ArticleInfluence uses the Eigenfactor algorithm
which values citations differently depending on cited journals. A citation from a high-status journal is
valued higher than one from an anonymous journal, while JIF equally counts the two citations. Second,
ArticleInfluence weighs a citation by the number of references in a source paper; a citation out of ten ref-
erences is considered heavier than a citation out of fifty references. Third, ArticleInfluence uses a five-year
citation window, while JIF usually uses a two-year citation window. However, the correlation between
ArticleInfluence and JIF still turn out to be high.
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Figure 4.3: Data structure of hurdle model
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I divided the data set into two: the first data set includes papers that stayed in arXiv

for more than six months and less than or equal to 12 months before journal publication,

and the second data set includes papers that stayed for more than 12 months. I excluded

papers in arXiv which were less than or equal to six months due to the few citation counts for

those papers. For example, in condensed matter, 92% of papers staying six months received

no citations. This percentage is 85% for astrophysics and 76% for high energy physics.

Among papers that stayed relatively long enough in arXiv to be evaluated by readers, I

again divided the data set to distinguish papers that have collected different amounts of

information regarding its quality. For papers that stayed less than 12 months, the signal

effect of citation count made during arXiv would be weaker in comparison to papers that
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stayed for more than 12 months. Another reason for separating the data set is to control

the different aging trajectories of papers. The distribution of received citation counts after

being published has a pattern that usually peaked within a few years and then decreased

[23, 122]. My strategy to divide the dataset helps gather papers with similar stage of aging

to minimize its effect. The approximate ratio of observations between the first data to the

second one is four to one.

For the statistical analysis, I used a hurdle regression model with negative binomial

distribution. I chose a hurdle model because the process of generating none of the citation

counts after being published consists of two steps. If a paper is considered to possess a

good enough quality to be cited, it will be cited. Then, among those papers that satisfy

the basic paper quality standard, there will be papers with many citations or papers with

few citations. Because the distribution of citations in the second step shows a positively

skewed distribution, I chose a negative binomial distribution which allows more dispersion

than Poisson. I used clustered standard error by journal computed using the bootstrapping

method with 1,000 repetitions.

With a hurdle regression model, I tested three nested models. The first model included

an explanatory variable, journal influence7, and two basic control variables, the number of

months stayed in arXiv and the total citation count in arXiv for a given year t. The second

model added the key control variable, citation count while in arXiv. In the third model, the

interaction effect of journal influence and the total citation count in arXiv which increases

as time goes forward was added to trace the changing impact of journal status over time.

All explanatory and control variables were logged.

Both data structures in Figure 4.1 and Figure 4.3 have the advantage of controlling other

effects such as the prestige of author or author’s affiliation [142] that might influence the

outcome variables. Because I trace the citation records of the same paper before and af-

7While I use ArticleInfluence as a measure of journal influence, I use the term ”journal influence” from
now on to avoid possible confusion regarding this measure as an article-level metric.
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ter journal publication, its author- or paper-related information remains the same as citing

researchers during the complete observed period. Thus, assuming that the effect of possi-

ble alternative explanations is relatively stable for preprints and journal publications, the

data structures have the same effect with controlling the alternative explanations of the

changes in response variables in the model, which helps focus on interpreting the effect of

key explanatory variables.

4.4 Results

4.4.1 Survival analysis

Figure 4.4 presents the marginal effect of logged cumulative citation count by total arXiv

citation count in three disciplines. The marginal coefficients are from the interaction term

included in the results of Cox’s proportional hazards regression model. The details of the

full models are included in Appendix C. The marginal effect indicates the effect of the logged

cumulative citation count on the hazard rate (the probability of being published in a journal)

when the logged cumulative citation count increases one unit after controlling other variables.

In all three disciplines, the marginal effect of the citation count decreases as the total

arXiv citation count increases.8 The decreasing marginal effect implies that the influence of

cumulative citation count has been weaker as the use of arXiv has expanded. Among three

disciplines, the decrease is the most dramatic in astrophysics in comparison to the other

two disciplines that see a relatively smooth decline. Considering the use of arXiv has been

popularized in astrophysics faster than in the other two disciplines (Figure 4.2), researchers

in astrophysics might feel less need to pursue journal publication and rely on arXiv as a

channel to present their research.

8The finding is robust when I use the number of years passed after 1997 instead of total arXiv citation
count to measure the temporal trend. It also remains robust with the cumulative citation count without
inflation adjustment.
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Figure 4.4: Marginal effect of logged cumulative citation count by disciplines from the sur-

vival analysis in Appendix C. The shaded areas represent 95% confidence interval.
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4.4.2 Hurdle model

Figure 4.5 summarizes the results of the count part of hurdle regression analysis by three

disciplines. The figure compares the coefficients of journal influence before and after control-

ling the citation count in arXiv. In each panel, the left set of coefficients analyzes the set of

papers that have stayed in arXiv between 6 and 12 months, and the right one examines the

set longer than 12 months. Lines on the top of the bars show the 95% confidence interval of

coefficients with robust standard errors.

In all models across disciplines and data sets, the coefficients of journal influence are above

0. It indicates that when papers are published in a high-status journal, it is more likely to be

cited in the next three years. The impact of journal status as a signal of the paper’s quality

turns out to be stable in all situations. However, when I compare the coefficient in Model

1 (red bars) and Model 2 (blue bars), the one in Model 2 is always smaller than Model 1.
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This finding indicates that the impact of journal status is overstated if paper’s quality is not

controlled in explaining the positive citation count. In other words, the previous attempts to

measure the effect of journal status automatically over-predicts it as their study design lets

journal status appropriate the quality of individual papers. After separating the two factors,

the impact of journal influence is significantly lower than before.

Also, papers that have been in arXiv longer show a more significant decrease from Model 1

to Model 2 in all three disciplines. Under the assumption that papers can be more accurately

evaluated before journal publication when they stay in arXiv longer, the accurate estimation

of a paper’s quality reduces the effect of journal influence even greater.

Figure 4.5: Coefficients of journal influence from the count part of hurdle regression analysis

by three disciplines. Y-axis shows the coefficient of journal influence before (Model 1) and

after (Model 2) controlling the citation count in arXiv. Red bar represents the result of

Model 1, and Blue bar for Model 2. X-axis shows the type of data set. Lines on the top of

the bar indicate the 95% confidence interval with robust standard error.
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Figure 4.6 summarizes all the results of the same analysis, but the hurdle part that
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estimates the probability of being ever cited or not in the first three years after publication.

Similar to Figure 4.5, all coefficients across models, disciplines, and data sets by months

are above 0. This finding indicates that papers in high-status journals are more likely to

be cited at least once, and it is statistically significant with a p-value .05. However, the

differences in coefficients between Model 1 and Model 2 is small, which is the main difference

in comparison to the results of count part (Figure 4.5). The slight difference in coefficients

of journal influence after controlling individual paper’s quality indicates that the impact

of journal influence on whether its paper is cited or not is less confounded with a paper’s

quality. In other words, regardless of the paper’s quality, the name of the journal might give

some papers a higher chance of being cited at least once.

Figure 4.6: Coefficients of journal influence from the zero part of hurdle regression analysis

by three disciplines. Y-axis shows the coefficient of journal influence before (Model 1) and

after (Model 2) controlling the citation count in arXiv. Red bar represents the result of

Model 1, and Blue bar for Model 2. X-axis shows the type of data set. The line at the top

of the bar is the 95% confidence interval with robust standard error.
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Figure 4.7 and 4.8 summarizes the results of count and hurdle part of Model 3, which

includes the interaction effect of journal influence and the time trend in addition to Model

2. Figure 4.7 shows a mixed finding without a clear trend across disciplines. In Hep-ph, the

interaction effect is positively statistically significant for the data set staying in arXiv for less

than 12 months, but it is not so for those staying longer than 12 months. In astrophysics,

the effect is negatively statistically significant, and in condensed matters, there is no sign of

meaningful statistical change in the effect. Positive coefficient of interaction effects indicate

that the impact of journal influence has been growing over time.

Figure 4.7: Coefficients of the interaction effect of journal influence and the total citation

count made in arXiv in a given year from the count part of hurdle regression analysis by

three disciplines. Y-axis shows the coefficient of the interaction effect from Model 3. X-axis

shows the type of data set. The line at the top of the bar is the 95% confidence interval with

robust standard error.
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In Figure 4.8, the coefficients turn out to be positive and statistically significant for Hep-

ph, however, they are not so for astrophysics and condensed matters. Overall, I cannot find
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consistent decreasing or increasing change in the effect of journal influence.

Figure 4.8: Coefficients of the interaction effect of journal influence and the total citation

count made in arXiv in a given year from the zero part of hurdle regression analysis by three

disciplines. Y-axis shows the coefficient of the interaction effect from Model 3. X-axis shows

the type of data set. The line at the top of the bar is the 95% confidence interval with robust

standard error.
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4.5 Discussion and conclusion

In this research, I have examined the changing meaning of journal publication as the creden-

tial system by answering two research questions. The first question asked whether there have

been any changes in the composition of the quality of papers pursuing journal publication,

and the second one examined the impact of journal status on its included papers’ citation

count and whether it has changed over time. Given that it is impossible to separate the

effect of the quality of an individual paper from journal status because published papers

are always read and cited by readers with its journal name, I have approached this problem

by using the citation data linking arXiv and Microsoft Academic Database. As readers of
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preprint versions of papers in arXiv do not know which journals they will be published in

in the future, the citation data accumulated to preprint versions before journal publication

can be used as an indicator of pure paper quality independent from journal status.

From the survival analysis, I found that while the cumulative citation count increases the

probability of journal publication, the effect has reduced as more people use arXiv in all three

disciplines. Notably, the decrease in the marginal effect stands out in astrophysics where the

use of arXiv has increased rapidly. This finding implies that as the use of arXiv becomes

more popularized among researchers, papers whose contributions have been acknowledged

by being uploaded in arXiv only less actively seek a chance to be published in journals.

The effect of journal status on individual paper’s citation count turns out to be over-

emphasized without controlling individual paper’s quality. After controlling paper’s quality,

the impact of journal status tends to be significantly lower than before; this adjustment

has a more substantial effect when the proxy measure of paper’s quality is supposed to be

more accurate. However, it is only applicable when journal status predicts which papers are

particularly cited more. In estimating the probability of ever cited or not, adding paper’s

quality as a control variable does not necessarily reduce the impact of journal status. There

is a mixed finding of whether the effect of journal status has been cut or not over time across

disciplines.

All in all, it can be concluded that although researchers have been less bound to the

process of journal publication when their works are cited and read enough in other channels

like arXiv, the role of a journal as a status marker of its included paper’s quality remains

strong in rapidly changing academic search environments. This finding is consistent with the

conclusion of Larivière et al. [86] stating that there is no evidence yet to declare the demise

of peer-reviewed journal articles at this point. While I did not find evidence of temporal

changes in journal status, I found that previously measured journal effect might have been

overestimated.
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There are several possible explanations regarding why the journal’s role as a status marker

is still resistant in the new search environments. First, journals might actively seek a way

to capture the paper’s quality by recruiting renowned papers. As the evaluation of journals

mostly relies on the metric, JIF, the editorial board actively looks for ways to increase it as

much as possible [99]. One possibly safe and successful strategy for editors would be to invite

papers that received a significant amount of attention in the conference or arXiv, which are

more likely to bring a higher number of citations to a journal after being published.

Second, academic institutions might still actively rely on the status of journal in evalu-

ating the quality of one’s research, particularly for researchers in their early career. During

the process of hiring new faculties or tenure review, the committee often relies its screening

on which the journals the applicants have publications instead of the genuine quality of indi-

vidual research papers. This is happening everywhere in spite of serious concerns about this

practice raised from academic communities [62, 136]. Young scholars pursuing a successful

academic career might inherently comply with the criterion and cooperate in regenerating it

when they engage with previous literature in the new search environments as well.

Third, another possible institutional factor that influences on the resilient impact of

journal is the economic interests of big academic publishers. By emphasizing journal impact

factor up front and using this index as an important selling point, publishers can maintain the

subscription from universities. The attempt to retain the economic interests by promoting

its academic recognition might help continue why scholars consider journal status as an

important signal of individual paper’s quality.

Fourth, the disciplines studied in this chapter might not be especially influenced by

changing search technology. These disciplines aim to analyze particular subjects, and thus

disciplines with least interdisciplinary nature [148]. Researchers trained in these disciplines

might retain expertise in specialized sub-fields and learn the appropriate set of journal names

they need to cite for their work, which reduces the necessity to rely on new search technology.
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Thus, there is a possibility that the findings might be driven by a bias of the selected

disciplines towards unapproachable field specialty.

Thus, my analysis has a limit in that it can be only be generalized for disciplines that

are less interdisciplinary and more specialized. The consequence of changing search envi-

ronments on scholars’ behavior in evaluating journal status might be more noticeable in

disciplines that can be accessed easily by scholars from various backgrounds. However, be-

cause of the characteristics of arXiv that targets scholars in those specific scientific fields, the

comparable longitudinal data for more interdisciplinary fields such as social sciences could

not be attained. Perhaps the confidence of the organizers who first launched arXiv origi-

nated from the assumption that the scholars using this tool would have enough expertise to

discern the scientific quality of papers and cite properly even without peer review processes

and signals of journal status hinting to the paper’s quality.

Another limitation of this research is its exclusion of one crucial possible confounding

variable—a measure of the author’s current career stage. Authors in early on in career might

feel more pressure for journal publications, particularly in a high-status journal, because the

hiring or tenure review committee still evaluates one’s performance and future prospects

based on which journals they have published in.

Finally, papers in arXiv might have been revised, possibly dramatically, during the review

process of a journal. If a paper has been developed in terms of its scientific quality by going

through the review, my proxy variable of paper’s quality might not uniformly measure the

quality of the same paper. For example, the rate of critical citations might be higher in earlier

version of paper, which does not necessarily indicate the ’good’ quality of paper. Thus, the

way of measuring paper’s quality used in this chapter can only stand when I assume that

the main finding or contribution of papers has not changed during the review.

For future research, it will be helpful to study the performance of research articles pub-

lished in a journal, but not in arXiv, then compare them to papers both uploaded in arXiv
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and published in journals. If the amount of attention measured by received citation count

has been similar for the two groups, it will indicate that the role of arXiv in calling more

attention than traditional publication outlets might not be significant enough to be noted.

In this way, I will be able to evaluate whether arXiv has been a tool in encouraging scholarly

communication or not.
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Chapter 5

A RE-EXAMINATION THE RELATIONSHIP BETWEEN
”THE DEATH OF DISTANCE” HYPOTHESIS, AND

INFORMATION AND COMMUNICATION TECHNOLOGY

5.1 Introduction

Does the advancement of information and communication technology (ICT) decrease the

importance of the geographical location of occupations? It has been more than 40 years

since futurists in the 1960s and 1970s predicted that technological development would make

it possible for us to choose where we want to work regardless of where we should [145, 15, 101].

Currently, their predictions have enough technological foundation to be realized that face-

to-face interaction can be replaced. Not infrequently, people participate in conference calls

via Skype, do business via emails, and communicate via real time messaging applications

to collaborate. Castells defines this trend as the rise of the network society where the key

social structures and procedures are processed through electronic information networks [30]

instead of geographical places. In his definition of the network society, static and physical

interactions are replaced by dynamic and virtual interactions.

Previous research supports the futurists’ claim that technology fundamentally transforms

the face-to-face communication of workers—a sign of being one step closer to ”death of

distance” [29]. Although the physical proximity of workers has been an important component

of co-worker communication [6, 128, 75] and fostering innovation [158], ICT demonstrates the

possibility of replacing offline interactions with online ones and creating knowledge different

from the ones produced offline. The virtual communication tool, already developed enough

to replace simple interaction at work [43], has become the foundation in creating virtual
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teams [147]. Also, occupations with flexible schedules are increasingly being conducted at

home [5, 74] or at multiple locations [16]. The internet community—based on experts who

neither necessarily know each other nor stay at the same location and not only limited to

the transfer of simple knowledge—has emerged as a new hub of knowledge creation [12]. All

in all, the prospect of what ICT can do for occupations has expanded and been broadly

explored.

The ample evidence indicating the declining importance of physical distance and the rise

of ICT questions the meaning of cities as the basis of local, economic, and social activi-

ties. While cities exist as an agglomeration of people and resources in the local area, ICT

development and its role in replacing offline interaction might relate to the decrease in the

significance of city. Not only workers who work distant from their designated places, but

consumers are now able to shop with a few clicks at home (U.S. Census Bureau 2014), possi-

bly undermining the role of the city as a center of economic consumption. However, we have

not found the evidence to support this hypothesis yet; cities still remain meaningful centers

for living and maintain their own unique roles. Moretti [107] shows that the location of jobs

is still an important factor concerning the wage level. According to his research, the wage

level of non-creative jobs is positively influenced by the creative jobs surrounding it. Sassen’s

theory about global hubs [130] also illustrates the concentrating financial role of cities. Since

the fortunes of cities are unevenly distributed across the U.S., where people live has more

meaning than ever before [92].

This chapter is focused on filling a gap in the existing literature between emphasizing

the declining significance of geography and the concentration of cities. Despite the ample

evidence supporting the ”death of distance” driven by the development of ICT, why has the

importance of geography in economic activities and wealth disparity been highlighted more

than ever before? Does ICT equally contribute in distributing economic opportunities across

cities or vice versa? Would bringing a higher level of ICT eventually prevent the concentra-
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tion of cities? In this chapter, I have tried to answer these research questions by empirically

examining the required ICT skills of occupations and their geographical distribution in the

U.S. between 2006 and 2016. As occupation is defined by a set of skills needed to accomplish

given tasks, it is reasonable to assume that workers in the same occupation are required

to understand and use similar ICT skills, which is a better unit of analysis than measuring

the overall ICT level of an industry (e.g., [68]) where workers with different levels of ICT

are mixed together. Also, the communication of workers is not tightly confined within an

organization, but it can be expanded to the fluid conversation between organizations—an

essential part in knowledge creation [124]. Using a firm as an analysis unit might ignore the

between-firm interactions. Besides, using occupation as a unit of analysis instead of industry

has another advantage in explaining the concentration of cities, because occupation system-

atically represents the socio-economic status of people [45, 61, 138]. Thus, since people in

the same occupation arguably have a homogeneous level of technology as well as similar

socio-economic status, it is the appropriate unit of analysis to link ICT skills, geographical

location, and its implication on the regional concentration of wealth.

Based on this idea, I have examined whether the location of occupations has become less

important or independent of its use of ICT in 2006 and 2016. By comparing the two time

periods where ICT was remarkably advanced, I have investigated whether a higher level of

ICT can affect the importance of geography.

In the analysis, I have defined the importance of geography using two concepts: ge-

ographical dispersion of occupations and geographical interdependence of occupations. If

occupations are clustered in limited geographical areas, it indicates that they require spe-

cific conditions provided by physical places. However, if they are dispersed across regions,

geographical location matters less for occupations. The geographical interdependence of oc-

cupations, on the other hand, measures a different aspect of the importance of physical places.

When the geographical distribution of an occupation is independent from the distribution



82

of other occupations, the occupation has little need to be in the same location as another,

which can be a sign of lesser geographical significance. Based on these two measures, I have

investigated the relationship between the ICT level of occupations and the importance of

geography using a quantitative analysis, and proceed to analyze the findings.

5.2 Literature review

5.2.1 Importance of interaction at physical place

Physical proximity is considered to have a significant role in the workplace by facilitating

communication between co-workers as they are more likely to interact in closer distances.

Allen and Fustfeld [6] show that co-workers who are separated by a more than 25-meter

walking distance have a lower probability of interaction. More recently, Sailer and McCulloh

[128] developed this idea by focusing on the organization of physical space. They find that

not only the Euclidean distance between co-workers but also the spatial distance measured

by detailed configuration analysis explain more about the frequency of co-worker interac-

tion, once again confirming the significance of physical distance as the basis of creating and

maintaining a relationship.

The importance of physical place is particularly emphasized in interactions that nurture

innovative ideas. Co-location of business entities is considered one of the most critical factors

in collaborative knowledge creation; the success stories of industrial districts or new industrial

spaces support this argument [109]. Similarly, Wineman et al. [158] and other follow-up

studies [157, 75] also find the mechanism of how workplaces become the basis of creating

innovative knowledge by linking physical place, social network, and innovation procedure.

The workplace layout separates and unites space, guiding the formation of social ties among

workers, facilitating the foundation of the innovation process. The learning process is not

only limited to social ties within companies, but also emerges from the collaboration between

various institutions that share similar research interests, ranging from universities to private
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firms [124]. Whether more proximity and frequent interaction of workers always increase

productivity is still an open question [22], but the evidence so far suggests that physical

place does contribute to the creation of collaborative knowledge.

Further, some scholars argue that face-to-face interaction at work has its unique con-

tribution that is not replaceable by ICT. For example, sharing activities such as eating or

drinking together helps workers to sustain healthy relationships and boost work produc-

tivity [112]. Frequent face-to-face meetings turn out to moderate the relationship between

team-empowerment and team-performance [78]. Also, offline interaction has its advantage

in transferring complex and tacit knowledge rather than codified and standardized trans-

actions [108]. Geographically dispersed virtual teams fail to maintain mutual knowledge

because they cannot overcome communicating nuanced information that tells the signifi-

cance of work [36]. Besides, the feeling of trust in business is something that cannot be

transferable to an online relationship [89].

All in all, the physical proximity of workers has a positive impact on facilitating com-

munication. Particularly, offline interactions at work have a unique advantage—in boosting

teamwork and enabling nuanced communication of workers—that cannot be replaced by

ICT. However, recent developments in ICT opens up a possibility that might threaten the

existing role of offline interactions.

5.2.2 Technological change

ICT has rapidly developed since the late 20th century. The first technological development

that enabled distant workplaces was telecommunication, which led to the creation of vir-

tual teams. Townsend et al. [147] define virtual teams as “groups of geographically and/or

organizationally dispersed coworkers that are assembled using a combination of telecommu-

nications and information technologies to accomplish an organizational task.” This new form

of the team took the spotlight because it was considered as the practical and flexible survival
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solution among lean and downsized organizations. Also, virtual teams could hire the right

people without the limitations of geographical boundaries. Despite the free and malleable

feature of virtual teams,however, there were limitations as well, mostly concerning the lack

of ability in sharing complex ideas via telecommunication [53, 121, 36, 140].

However, the advancement in ICT for virtual communication now provides new services

and benefits that facilitate complicated online work relationships [90]. Virtual communica-

tion tools now include video calls, and more recently, chatting applications where more than

two people can share files, pictures, and videos. The most pronounced feature of the new

technology is the quality of user-interactivity in contrast to the early one-way bulletins or

emails [111]. Virtual communication gains popularity because it can save time and costs

of travel [42] and even reduce greenhouse gas emission from transportation [3]. Though it

cannot replace interactions required to complete highly complex tasks or develop new net-

works, it seems to have enough technological foundation to maintain existing ties and achieve

workplace communication with less ambiguity [43].

The Internet also provides an interactive space for knowledge communities who do not

necessarily exist in the same physical place or know each other. The success of the distanced

group of collaborators in producing new knowledge based on virtual online space undermines

the previous argument emphasizing the unique characteristics of physical proximity in col-

laboration. Amin and Roberts [8] find that presently, knowledge creation includes many

organizations in different locations, which reduces the importance of geography in learn-

ing. Similarly, Bathelt and Turi [12] argue that computer-mediated communication is not

something that exists to mimic face-to-face interaction but possesses its own distinctive role

primarily embedded in the economy [11].

Following technological changes, more evidence supports the declining significance of

geographical proximity in work interaction. For example, geographical proximity is not

required in the entire process of knowledge transfer, but only in certain phases [146], which
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suggests a further expansion of the meaning of proximity to organizational, institutional,

and cognitive proximity [100]. This expansion of meaning implies that the boundary of

people’s collaboration can be formed from, geographically, anywhere. The increased inter-

regional collaboration of academic scholars also demonstrates the decreasing importance of

geographical location [104, 141, 65]. On an individual level, more workers have jobs that are

characterized by highly flexible schedules as well as locations [5, 74].

5.2.3 Geographic consequences

The advancement in ICT begins to bring in a reshaping of geographical formation. The use of

communication technology is likely to reduce the overall travel distance [90] and the necessity

to live in the city center, thereby relating to a reformatting of the urban structure [77, 106].

Also, as ICT facilitates temporal and spatial fragmentation of work activities, it is expected

that it will cause cities to be divided from one center to a multitude of medium-sized cities

[38].

In contrast to this division of cities, evidence has shown the concentration of resources

and people in a few U.S. cities. Until the early 1980s, the regional inequality had been

gradually decreasing, but the trend was unexpectedly reversed after 1980. Only a few elite

cities located on the coasts, such as Washington DC, San Francisco, and New York, have been

rapidly developed [92]; cities such as New York, London, and Tokyo are not only globalization

centers but also financial and business hubs [130]. The inequality between cities is not limited

to income, but also leads to polarization in education level, political participation [107], and

intergenerational mobility [32]. Also, where people live is an essential component that affects

wage level [107] as well as the culture [52].
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5.2.4 Research questions and conceptualization of the significance of location at work

The main goal of this study is to provide new evidence that disentangles the discussion about

the relationship between ICT and the significance of location at work, and its possible impact

on geographical inequality. Specifically, I have aimed to examine three related research

questions.

First, are occupations with a higher level of ICT associated with a low significance of

location? If ICT contributes to reduce the necessity of geographical proximity in commu-

nication at work, occupations with a higher level of ICT will be less bound with locations.

In contrast, if there is an element of face-to-face communication at work that cannot be

replaced by online relationship, the level of ICT will not be associated with geographical

significance .

Second, has the progress of ICT positively or negatively influenced the significance of

location at work over time? Some might argue that although ICT has not been developed

enough to substitute offline communication, it is a matter of time before it eventually reduces

the significance of local interaction. If there is a possibility that ICT can lead to the ”death

of distance”, the association between the ICT level of occupations and their geographical

importance will be strengthened in 2016 rather than 2006.

In this chapter, I have focused on two aspects of the significance of location. First,

the most intuitive way of studying the significance of location at work is to see how many

occupations are geographically dispersed or concentrated. If the percentage of workers in

one occupation out of the total workforce in each city is stable across metropolitan areas,

it indicates that occupations can exist in any regional conditions. If the location of work

relates to specific conditions or resources such as natural environments, infrastructure, or

labor pool that fulfills the education requirement of work that can be only provided by a

limited number of metropolitan areas, the occupation will concentrate on a few metropolitan

areas.
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The second way of measuring the significance of location is to look at how many occu-

pations are geographically related to others. Even for an occupation with low geographical

dispersion, if it always needs other occupations in close distance, it is geographically bounded

to the existence of other occupations. In this case, an occupation can be dispersed across

metropolitan areas not because a location is less critical, but the geographical condition

necessary for the occupation might have expanded to various metropolitan areas.

There are several possibilities regarding how occupations are geographically dependent

on each other. First, occupations might be functionally in need of other occupations to

accomplish the shared task. For example, doctors and nurses or judges and law clerks work

together in proximity as they need the work of other occupations to finish their tasks. If

ICT is able to replace functional communication, occupations will be less geographically de-

pendent on each other. Secondly, occupations might happen to be geographically dependent

when they have a similar cultural taste that emerges when similar people gather in the same

area. The key literature to support this idea is Florida’s creative class [52], which argues

that the creative class, a newly emerged class consisting of the highly intelligent and inno-

vative from the population, who share similar lifestyles, pursue diversity and individuality,

flock together in those cities equipped with technology, other talented people, and tolerance.

In this case, creative class occupations are likely to be geographically related for cultural

reasons. The development of ICT might strengthen cultural interdependence as it is more

likely to substitute dry work communication than cultural interaction. Finally, occupations

might be interdependent due to specific natural environments. For example, sailors and

meteorologists tend to be in the same city for neither functional nor cultural reasons but

natural conditions for work. Since it is not able to transmit the information or experience

collected from natural environments, ICT will not influence this type of interdependence.

Regardless of the type of geographical interdependence, since proximity is required be-

tween people from various occupations, systematic interdependence is the evidence that ge-
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ography still retains its influence. While analyzing the dispersion of occupations tells us the

importance of geography regarding a city’s original conditions apart from human interaction,

analyzing the interdependence of occupations focuses on the necessity of physical distance

in communicating with others. Thus, tracing the changes in the relationship between ICT

and geographical interdependence will reveal if ICT can replace offline interaction and lower

geographical significance.

5.3 Data and method

5.3.1 Data

I have used the Occupational Employment Statistics (OES) of 2006 and 2016 created by the

Bureau of Labor Statistics to know the distribution of occupations by geographic areas. I

have used occupations This data includes information about employment and wage estimates

for around 800 occupations published every year based on the combination of six semi-annual

surveys on 1.2 million establishments in non-farm industries of the United States. The OES

survey covers both full-time and part-time wage and salary workers but excludes the self-

employed and unpaid family workers. The data provides the number of occupations according

to various geographic boundaries such as nation, state, and metropolitan or non-metropolitan

areas. The geographic boundary of metropolitan area was used because it is the boundary

where people can meet for a reasonable amount of time while staying in the same economic

community. The OES survey uses Standard Occupational Classification (SOC) system. As

the 2006 OES survey uses the 2000 SOC system and the 2016 OES uses the 2010 SOC,the

SOC code has been standardized to 2000 based on the crosswalks provided by the Bureau of

Labor Statistics (BLS). For instances when there are more than two categories from the 2000

SOC matched to one category from the 2010 SOC, the category with the closest job title

was chosen. I have only included the top 70% occupations in terms of its size for both time

periods because some categories include only a small number of workers who are distributed
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about 400 metropolitan statistical areas.

Additionally, I have collected the required data to measure the ICT level of occupa-

tions from the Occupational Information Network (O*NET) program supported by the U.S.

Department of Labor/Employment and Training Administration. The O*NET database

includes various occupation-specific information such as required tasks, technology skills,

knowledge, work values as well as wages and employment trends since 1998. All the occupation-

related descriptions in the database were collected by surveys of occupation holders and job

analysts since 2002. From the O*NET database archive, I have used the data version 10.0

published in 2006 and the version 21.0 published and updated as of 2016. Since the 10.0

version, O*NET database has been providing occupation information based on SOC systems.

Similar to the OES occupation classification, two versions of O*NET data use different SOC

systems. By applying the same crosswalk used for the OES data, the SOC code of version

21.0 was standardized with the one in version 10.0.

5.3.2 Response variables

Geographical dispersion of occupations

To measure the amount of geographical dispersion, I have used the pre-normalized clustering

index developed by Benson [17], which generalizes Duncan’s dissimilarity index by comparing

two groups to more than two. The generalized index, since I have compared the amount

of concentration in more than 400 metropolitan areas, is suitable for my research. The

clustering index of occupation i is computed by using the following formula:

C∗
i =

1

2

I∑
i=1

∣∣∣∣nim

ni

− nm − nim

n− ni

∣∣∣∣
where m indicates a metropolitan area and n indicates the number of workers. According

to Benson [17], the intuitive explanation of the clustering index is “the share of workers

within an occupation that must relocate for the share of workers to be balanced in every
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metropolitan area”. In other words, jobs with higher clustering index are more clustered, and

vice versa. One of the most clustered occupations in the 2006 data is service unit operators

(oil, gas, and mining) and it needs special environments that provide natural resources.

Geographical interdependence of occupations on other occupations

To measure the geographical dependence of other occupations, a method created and used to

explain the development path of countries [63] and cities [110, 134] was used. Muneepeerakul

et al. and Shutters et al. compute the interdependence among occupations and use it as a

way of understanding transformation in urban economies. The same method of computing

interdependence was used but interpreted differently here as the geographical interdepen-

dence of an occupation. The measure of Muneepeerakul et al. and Shutters et al. argue that

the interdependence of two occupations increases when the prominence of occupation in one

area continually coincides with the prominence of another occupation. Muneepeerakul et al.

define that an occupation is predominant in a city when the percentage of workers in this

occupation is higher than the national average percentage. They call it LQm
i , for occupation

i in Metropolitan Statistical Area (MSA) m, and it is defined as follows:

LQm
i =

(nm
i /

∑
i n

m
i )

(
∑

m n
m
i /(

∑
m

∑
i n

m
i ))

In this formula, nm
i represents the number of workers with occupation i located in MSA

m. Thus, when LQm
i > 1, it means that an occupation i is over-represented in an MSA m.

Then, the interdependence of two occupations i and j is defined as:

ζij =
P [LQm

i > 1, LQm
j > 1]

P [LQm
i

′ > 1]P [LQm
j

′′ > 1]
− 1

where m
′

and m
′′

represent two randomly selected MSAs. When ζij is higher than 0,

it means that i and j are more likely to be over-represented in the same city than them

being a random probability. This computation method is not influenced by the size of
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city or occupation and also includes an expression of negative coincidence. To simplify the

interpretation, the interdependence of occupations is dichotomized as follows: when ζij is

larger than 1, the occupation dyad is defined as interdependent.

With these links, the degree centrality of the node as well as the number of links it

possesses has been computed. In my data, the degree centrality indicates the number of

occupations geographically interdependent to a given node. When the degree centrality is

high, it means an occupation has many geographically interdependent occupations. However,

when it is low, it means that an occupation is distributed randomly and unrelated to the

location of other occupations.

5.3.3 Explanatory variables

As key explanatory variables, two items from the O*NET questionnaire have been employed

to measure an occupation’s ICT level. The first item measures the level of working with

computers from low (e.g., entering employee information into a database) to high (e.g., the

deployment of a new computer system). While it does not measure how often employers use

e-mail or other virtual communication tools, it indirectly gives information about the level

of computer skills that encompasses communication tools. The second item computes the

frequency of using e-mail at work from never to every day. Both variables are measured as

continuous because they provide the average of survey respondents in the same occupation.

While the use of e-mail is a very basic form of ICT in comparison to other advanced techniques

such as video conferencing or media sharing tools, it is the only item that directly relates to

the job holder’s ICT use. These two items are used together in the analysis to complement

the limit of their measurement and check the robustness of results.

In addition to key variables, the size, creativity of tasks, and the broad category of

occupations were controlled. Creativity of tasks was obtained from the O*NET data, and a

continuous variable was computed in the same way as other O*NET variables were. From



92

the questionnaire, creativity of tasks was measured from low (e.g., changing the space of the

printed report) to high (e.g., creating new computer software). Creativity was controlled

because it represents the level of intellectual activity that might still influence the reason

that online communications cannot replace offline interactions(e.g., [108]). Finally, I have

controlled the broad categories of occupations because the amount of ICT use or its impacts

might differ with the type of work. The broad categories were classified based on the SOC

system, namely: management and professional, service, sales and office, farming or fishing,

construction trades, and production occupations.

5.3.4 Method

The analysis consists of three parts. In the first part, the relationship between ICT and the

geographical dispersion of work measured by the clustering index was analyzed using a linear

regression analysis with two models per period. The first model includes, in addition to all

control variables, the level of working with computers as a measure of ICT. In the second

model, the frequency of e-mail use replaces the level of working with computers. Since

the dependent variable—the clustering index of occupations—showed a positively skewed

distribution (Figure 5.1a) for both the time periods, a natural log to the clustering index

was employed. Figure 5.1b shows that the distribution is close to the normal distribution

after being logged.
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Figure 5.1: The distribution of clustering index in 2016
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The second part of the analysis examines how ICT is associated with the geographical

interdependence of work. Similar to the analysis of clustering index, I have tested two models

with different measures of ICT. However, since the distribution of degree centrality was not

appropriate to apply the linear regression analysis, I have used a different approach. As

Figure 5.2 shows, the distribution of degree centrality in 2016 is highly skewed to the right

with a lot of occupations with zero degree centrality.1 In addition, the degree centrality

only includes 0 and positive integers. In order to adjust excessive zeros and positive integers

in the distribution, the zero-inflated regression model with Poisson distribution has been

used. This method consists of two components that allow generating zeros, structural zeros,

and ones created as part of Poisson distribution. The coefficients of variables are separately

1Zero degree centrality indicates that the occupations have no geographically interdependent occupations.
In other words, these occupations are randomly distributed geographically and not interdependent with
any other occupations.
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estimated for each component. All control variables in the first part of analysis are included

in addition to the clustering index.

Figure 5.2: The distribution of degree centrality in 2016
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As the third step, I have compared the level of income between occupation dyads that

are and are not geographically interdependent to understand the characteristics of interde-

pendent occupations and their possible effects on wealth distribution between cities.

5.3.5 Descriptive statistics

Table 5.1 summarizes the list of variables and their descriptive statistics. For positively

skewed distributions, its median instead of mean is presented as a summary statistic. While I

have aimed to analyze the same set of occupations in both time periods, 2006 ended up having

fewer number of observations due to gaps in the O*NET data, particularly for construction

and production occupations. The median of the clustering index and degree centrality has
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not changed much between 2006 and 2016. In contrast, the level of working with computers

as well as the frequency of e-mail use have increased from 2006 to 2016, indicating that more

occupations are engaged with higher levels of ICT. The level 3 of working with computers

indicates the level of knowledge required to use a word processor. In 2006, the average use

of e-mail at work is found to be slightly above “once a month or more but not every week”,

but it became closer to “once a week or more but not every day”. Among control variables,

the median occupation size, following the overall increase in labor forces, is higher in 2016

. Creativity of tasks has slightly increased as well. About a half of the total number of

occupations are accounted by the management and professional categories while the other

four share the other half.
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Table 5.1: Descriptive statistics of used variables

Variable
Year

2006 2016

Response variable

Clustering index (median)

(possible range 0-1)
.29 .27

Degree centrality (median)

(possible range 0-max occupation count)
6 6

Explanatory variables

Level of working with computers (mean)

(possible range 0-7)
2.78 3.00

Frequency of Email use (mean)

(possible range 0-100)
54.03 64.24

Control variables

Occupation size (median) 72,100 82,210

Creativity of tasks

(possible range 0-7)
3.53 3.68

Broad category

Management and professional 52% 47%

Service 11% 11%

Sales and office 13% 13%

Construction 10% 12%

Production 14% 18%

Total occupations (N) 441 501

5.4 Results

5.4.1 Geographical dispersion of work

In the first analysis, the relationship between ICT and geographical dispersion of work was

observed by analyzing factors that influence the clustering index of occupations in 2006 and
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2016. Models 1 and 2 in Table 5.2 summarize the coefficients from the linear regression

models explaining the clustering index in 2006. Both measures of ICT—the level of working

with computers and the frequency of e-mail use—are found not to be associated with the

clustering index after other variables are controlled. In the 2016 results, the level of working

with computers is not statistically significant, while the frequent use of email decreases

the clustering index (= more dispersion of work). However, the size of the coefficient is

relatively small. For an occupation with a median clustering index (0.27), a 10 unit increase

in the frequency of e-mail use decreases its clustering index to 0.268, showing no substantive

difference from 0.27.

In all the four models, control variables show similar effects on clustering index. Oc-

cupations with large labor forces are more likely to be dispersed, and creativity of tasks

does not have a statistically significant effect except in Model 4. In Model 4, creative jobs

are more likely to be clustered. In broad categories, production occupations are the most

geographically clustered ones while sales and office occupations are the most dispersed.

The main finding from the analysis in Table 5.2 is that there is no clear evidence to

support the claim that ICT use is related to the geographical dispersion of occupations.

While some of the previous literature imply that a higher level ICT use will free people from

where they should work, my findings suggest that these two factors are not necessarily linked

to each other. In addition, despite technological advancements between 2006 and 2016, the

relationship between ICT usage and the dispersion of occupations has neither strengthened

nor weakened, partially forecasting the some possibility that the development of ICT will

result in occupations unbound by locations.
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Table 5.2: Coefficients from Linear Regression Models of Clustering Index: 2006 and 2016

Year

2006 2016

Model 1 Model 2 Model 3 Model 4

Level of working with computers
0.002

(.006)

-0.003

(0.006)

Frequency of Email use
0.000121

(0.000214)

-.00060**

(0.00022)

Occupation size (logged)
-.089***

(0.004)

-.089***

(0.004)

-.089***

(.004)

-.089***

(.004)

Creativity of tasks
0.008

(.006)

0.007

(.006)

0.010

(.006)

.015*

(.006)

Broad category of occupations

(ref=management

and professional)

Service
.062***

(.019)

.064***

(.019)

.058**

(.018)

.041*

(.018)

Sales and office
0.014

(.017)

0.014

(.017)

0.018

(.017)

0.021

(.016)

Construction
.053**

(.019)

.055**

(.019)

.042*

(.017)

0.02

(.016)

Production
.074***

(.017)

.077***

(.018)

.097***

(.016)

.073***

(.018)

Intercept
1.264***

(.054)

1.262***

(.055)

1.261***

(.052)

1.280***

(.052)

Adjusted R-square 0.574 0.574 0.59 0.596

* <.05, ** <.01, *** <.001
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5.4.2 Geographical interdependence of work

In the next stage of the analysis, the association between ICT and the geographical interde-

pendence of work was examined by measuring the degree centrality. 5.3 displays the results

from the 2006 data. Each model consists of two parts: the count part represents the Pois-

son distribution and the zero-inflation part shows the process of generating structural zeros.

The count part of Model 1 suggests that the occupations with high level of working with

computers are more likely to be geographically interdependent. Another measure of ICT,

the frequency of e-mail use, also turned out to be positively related to degree centrality and

statistically significant in the count part of Model 2. A similar implication is found in the

zero-inflation part of models. Higher levels of computer skill as well as frequent use of e-mail

increase the possibility of having a degree centrality that is non-zero.2

Regarding the control variables in the count part of both Model 1 and 2, the larger

occupation size is more likely to decrease the degree centrality. Also, more creative occupa-

tions are likely to be geographically interdependent with other occupations, matching with

the findings from previous literature which indicate that face-to-face interaction is not yet

completely replaceable by online communication, particularly for complicated and nuanced

materials [36, 108, 89]. In the zero-inflation part of both models, control variables do not

influence the degree centrality except the clustering index.

2According to the statistical tool that I have used in this analysis—“pscl” package in R—the coefficients
of the zero-inflation part estimate the probability of having structural zeros as the event in contrast to
having non-zero observations. Thus, when a coefficient is positive, it means that the increase in a variable
is positively associated with having a zero degree centrality.
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Table 5.3: Coefficients from Zero-Inflated Poisson Regression Models of Degree Centrality:

2006

2006

Model 1 Model 2

Count Zero-inflation Count Zero-inflation

Level of working with computers
.193***

(.009)

-.508**

(0.161)

Frequency of Email use
.0062***

(0.0004)

-.0168**

(.0057)

Occupation size (logged)
-.281***

(0.011)

0.255

(0.174)

-.243***

(0.011)

0.276

(0.171)

Creativity of tasks
.067***

(0.009)

-.135

(0.152)

.081***

(0.010)

-.162

(0.152)

Clustering index
1.887***

(0.060)

-14.465***

(2.180)

1.938***

(0.061)

-14.083***

(2.135)

Broad category

of occupations

(ref= management

and professional)

Service
0.045

(.031)

0.082

(.551)

.063*

(.032)

0.157

(.540)

Sales and office
-.156***

(.036)

-.527

(.452)

-.134***

(.036)

-.637

(.450)

Construction
-.489***

(.037)

1.010

(.534)

-.400***

(.040)

0.969

(.537)

Production
-.344***

(.030)

0.022

(.482)

-.269***

(.032)

-.116

(.499)

Intercept
5.555***

(.134)

2.048

(2.432)

5.255***

(.136)

1.309

(2.353)

AIC 11226.76 11420.70

* <.05, ** <.01, *** <.001
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The summary of coefficients from Model 3 and 4 is illustrated in Table 5.4. The result

of the 2016 data is similar to that of 2006. Both measures of ICT turned out to increase

the degree centrality in the count and zero-inflation parts of the model. While it was not

possible to directly compare the size of coefficients between 2006 and 2016, I could not find

any signs of the declining effect of ICT on geographical interdependence during this period.

Instead, creativity of tasks turned out to be statistically significant in the zero-inflation part

of models. According to the results, highly creative occupations are not likely to have zero

degree centrality, indicating that they are more likely to be geographically interdependent

with at least one other occupation.
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Table 5.4: Coefficients from Zero-Inflated Poisson Regression Models of Degree Centrality:

2016

2016

Model 3 Model 4

Count Zero-inflation Count Zero-inflation

Level of working with computers
.083***

(.010)

-.474**

(.180)

Frequency of Email use
.0058***

(.0004)

-.0171*

(.0068)

Occupation size (logged)
-.103***

(.011)

0.193

(.169)

-.094***

(.011)

0.138

(.167)

Creativity of tasks
.074***

(.010)

-.476**

(.176)

.062***

(.010)

-.451*

(.180)

Clustering index
2.975***

(.063)

-17.801***

(2.311)

3.044***

(.063)

-18.408***

(2.331)

Broad category

of occupations

(ref= management

and professional)

Service
-.132***

(.035)

-0.442

(.537)

-0.027

(.036)

-0.526

(.555)

Sales and office
-.090**

(.035)

-.882*

(.439)

-.080*

(.035)

-0.863

(.441)

Construction
-.575***

(.034)

0.057

(.477)

-.386***

(.038)

-0.108

(.510)

Production
-.580***

(.029)

0.178

(.491)

-.368***

(.034)

-0.212

(.548)

Intercept
3.488***

(.132)

5.103*

(2.492)

3.197***

(.134)

5.595*

(2.489)

AIC 11399.4 11280.47

* <.05, ** <.01, *** <.001
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According to the analysis results in Table 5.3 and Table 5.4, there is no evidence to

support that ICT decreases the geographical interdependence of occupations in both time

periods. In contrast, two factors are positively associated, implying the opposite of the

”death of distance” hypothesis. When occupations use higher level of computer skills or

interact via e-mail more frequently, they are more likely to be geographically consistent with

other occupations.

5.4.3 The income difference between geographically interdependent and non-interdependent

occupation pairs

So far, I have investigated the relationship between the ICT level of an occupation and the

significance of location at work based on two measures—geographical dispersion and interde-

pendence—and found a positive association between ICT level and geographical interdepen-

dence. To study whether the level of ICT contributes to the increase in wealth concentration

in few cities, I have looked at the average income difference between interdependent and

non-interdependent occupation pairs in Figure 5.3. The average income is used as a way of

measuring the socio-economic status of occupation pairs. While it is shown that occupations

with higher ICT levels are more likely to co-locate in the same region, if geographically in-

terdependent occupation pairs have higher income levels than non-interdependent pairs, it

suggests that ICT helps gather highly paid jobs to the same regions instead of distributing

them by obsoleting offline interaction.

According to Figure 5.3, the average annual income of a linked occupation pair is about

10,000 dollars higher than non-interdependent pairs in both time periods. The difference

between two groups in two time periods are statistically significant according to t-test with

.05 alpha level. A higher average income of interdependent occupation pairs indicates that

high earners are more likely to coincide in the same metropolitan areas. Additionally, the

similar level of income difference between the two groups in 2006 and 2016 shows that
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interdependent occupation pairs still consisted of high earning occupations during the ten

years. This result provides the evidence that ICT has contributed to an increase in the

concentration of wealth only in a few cities.

Figure 5.3: The average income of geographically interdependent and non-interdependent

groups in 2006 and 2016
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5.5 Discussion and conclusion

In this chapter, I have studied how the development of ICT is related to “the death of

distance” and whether this relationship has changed between 2006 and 2016. Further, I

have briefly analyzed the impact of ICT on the concentration of wealth. By using the data

from the Occupational Employment Statistics and O*NET database, I have examined the

effect of ICT on the importance of geography for occupations by considering geographical

dispersion and interdependence to other occupations. From the results, I could not find

the evidence that ICT either increases or decreases geographical dispersion except the small

amount of positive effect on dispersion by the frequency of e-mail use in 2016. However, ICT

is positively associated with the geographical interdependence of work, and this effect has

not been reduced in 2016.
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The lack of association between ICT and the clustering index of occupations indicates that

ICT use does not necessarily disperse or concentrate occupations. This finding contrasts with

the finding of the previous literature that the use of communication technology decreases the

overall travel distance and the preference to live in the city center [90, 77, 106]. In contrast,

my finding implies that these effects might have been limited to the distance that can be still

reached in a reasonable amount of time when necessary. Additionally, the minor change in

this tendency between 2006 and 2016 shows that higher ICT has not affected the dispersion

of occupations across metropolitan areas during the ten years covered in the analysis.

In contrast to the relationship between ICT and geographical dispersion, the use of ICT

is positively associated with geographical interdependence in both 2006 and 2016, and the

findings are robust with either measure of ICT in occupations. Regardless of the cause of

interdependence, my findings show that ICT does not diminish the geographical consistency

of occupations. Besides, the similar size of ICT coefficients in two time periods suggests that

the advancement in ICT does not necessarily decrease its geographical reliance.

Combining the two findings, since the trend was found to barely change in the last ten

years. I could not find any evidence for the claim that ICT has brought the ”death of

distance” and is likely to bring it in near future. Instead, occupations with higher ICT

skills are more likely to have a relationship with other occupations’ location. It might

be due to the characteristics of the industry where most of these occupations with high

ICT level belong. As the example of Silicon Valley illustrates, information and knowledge-

intensive industries consist of occupations with high ICT level, and these industries were

developed based on informal technical communities within minimial physical distances [131].

This finding is also consistent with previous literature emphasizing that physical proximity

facilitates communication between workers for industrial innovation [158, 157, 75, 124]. The

collective intelligent energy by being situated in the same region remains as something that

is not yet possible to be replaced by online communication.
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It was found that geographically interdependent occupation pairs have a higher average

income level than non-interdependent pairs, implying that high earning jobs are more likely

to stay together in the same city, which partially explains why the wealth has been con-

centrated in a few cities. While there is only indirect evidence, it was found that ICT has

not contributed to decrease wealth concentration; the use of ICT does not reduce geograph-

ical interdependence but instead increases it, and these interdependent occupations have in

general higher incomes. Therefore, this finding suggests that ICT is not helpful in reducing

wealth inequality between cities.

This research has a limitation as it focused only on a relatively limited window of time:

between 2006 and 2016. While comparing the two time periods can give a hint whether the

development of ICT achieved for ten years can bring the ”death of distance”, it is still a

narrow window considering the dramatic changes in ICT in the last several decades. I could

not analyze the data that goes further back due to its unavailability at O*NET, but if a

comparable data source is found, it would be helpful to analyze the effect of ICT with a

long-term perspective.



107

Chapter 6

CONCLUSION

The dissertation examined the impact of technology on work practices by focusing on

two cases: citation behavior of researchers and offline interactions at work. Through four

empirical chapters, I have illustrated that the social consequences of adopting new technology

at work are complicated and nuanced because technology is neither an isolated object nor

an absolute solution, but rather a tool planted in the existing social structure.

The four chapters aimed to trace the consequences of technological changes with spe-

cific cases and viewpoints. Various databases and quantitative methodologies were used to

demonstrate the empirical findings. Chapter 2 documented the temporal trend of the cita-

tion distribution’s inequality measures—such as the Gini coefficient and the percentage of

every cited papers for each year between 1996 and 2014—after adjusting all the conditions

of the publication environment to be similar to that of 1996. In the results, I could not

find the evidence to support that the distribution has become more dispersed over time,

which contrasts with the findings of the existing literature. In Chapter 3, I studied whether

technology differently influences scholars depending on their level of expertise. According to

the results, scholars without expertise in the field are more likely to be influenced by the al-

gorithm of new search engines. In Chapter 4, I investigated a journal’s role as the credential

system of its included articles. By following an innovative approach to measure the quality

of a paper, I succeeded in separating the effect of a journal’s status, which is arguably inde-

pendent of an article’s quality. The results showed that while the quality of the article has

become less critical in pursuing journal publication, the effect of a journal on the citations

received by an article has not decreased for published ones. However, the impact of a journal
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on the citations of articles has been over-estimated without controlling individual paper’s

quality as the quality was found to confound the journal’s effects. In Chapter 5, I examined

whether the advancement in information and communication technology (ICT) influenced

”the death of distance” by analyzing how essential geography is for occupations. According

to my findings, there is no evidence to support that the technological development relates

to the decreasing importance of geography. Instead, occupations with higher technical skills

are more interdependent on other occupations’ location, which contributes to the increasing

economic inequality between cities.

Combining the results from the empirical chapters, I summarize the major implications of

the dissertation. First of all, the overall findings of the dissertation in evaluating the effects

of academic search as well as information and communication technology indicate that there

is little evidence to support the powerful and immediate impacts of these technologies on

society. It is true that our daily working practices have been dramatically changed; we heavily

rely on the internet to search information instead of using a library and to communicate with

co-workers as well as friends rather than meeting them offline. While these technologies seem

to transform a large part of our micro behaviors, my research shows that the actual effects of

recent technological development has not been as significant as it is being currently discussed.

When the effect is systematically examined with structured data and proper methodology

that controls possible confounding factors, the impact of technology is found to be gradual

rather than disruptive. The findings of Chapter 2 represent this point well. After separating

elements that might interrupt measuring changes of scholar’s citation behavior, the temporal

trend of inequality stays stable instead of decreasing dynamically.

Secondly, my research shows that the existing social structure is resilient in the course

of technological changes. Instead of creating an evident disjuncture by transforming all

social components from the beginning, the recent technological changes are found to be

somewhat continuous. For example, in Chapter 4, I found that the effect of a journal on
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its included individual paper’s received citation count has not decreased, even though the

new tools, including preprint services and academic search engines, had helped reduce the

reliance on journal status. Similarly, in Chapter 5, the development of new communication

tools could not stop good occupations being concentrated in a limited number of cities.

Regardless of what the newly introduced technologies are supposed to do, the real changes,

examined based on a macro-perspective with the systematic methodology, illustrate that

many social processes continue to exert a powerful influence and hinders technology from

having the only power to transform current work practices. Even when new technology

changes people’s behavior, the degree of its influence is amplified or negligible depending on

existing social factors. In Chapter 3, my findings demonstrate that the behavior of scholars

who are susceptible to social influence—outsiders of the field—is more likely to be influenced

by the new search technology, while the scholars with expertise—who used to rely less on

the evaluation of others—has barely any change in their behaviour.

However, my observations do not necessarily mean that technology does not have enough

power to bring out transformative social changes. Instead, what it shows is that before

jumping to conclusions and stating the consequences of new technology—mostly judged by

the proliferation of their use—we need to approach this problem scientifically with macro

perspectives.

In the rest of the concluding chapter, I summarize the limitations of the overall disserta-

tion by stating two major points: methodologies to show the relationship between technology

and its consequences, and the possible data bias. Then, I expand the meaning of my em-

pirical findings and draw broader implications from them. In addition, I recommend a few

policy suggestions for academic training and interpreting the influence of technology. Finally,

I illustrate the results of a brainstorming session inspired by this dissertation that concerns

future research—the most exciting part for me to think and write.
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6.1 Limitations

This dissertation has a limit in that it was not able to provide any direct evidence for the

link between technology and its consequences. Because researchers do not specify how they

locate previous literature in article’s references, the bibliographic data does not indicate if

they use search engines for their research. Similarly, workers (or companies) do not explain

the relocation of jobs with the amount of communication technology they use. Instead, the

use of technology is more smoothly embedded in our daily lives, and thus hard to separate

from existing conditions. Due to these features of technology and the limitations in the data,

my findings depend on temporal trends or analytic strategies designed to infer the implied

changes driven by technology, from which it might be weak to argue that technology is the

primary source of observed transformation.

Also, I need to note the possible bias in databases used in this research. Regarding the

Web of Science database used in Chapter 2 and 3, while it is true that it is one of the most

extensive bibliographic databases continuously covering articles from various disciplines since

the emergence of modern science, it is also true that Web of Science has a limited coverage in

non-English journals that are still participating in the academic discussion. These journals

are not only omitted from the analysis but also not included in computing citation counts

and Journal Influence Factor, which might contribute to the imperfect representation of

what really happens in search engines. The database from search engines, such as Microsoft

Academic Graph used in Chapter 4, might reduce this bias because it broadly scrapes web

pages regardless of language. However, since the online database never stops updating as web

pages change their contents, the perfect time to collect the best representational data does

not exist. Thus, even if I realize that the database has become consistently better, I need

to stop updating the database and use current uncompleted data. Besides, the database of

search engines might suffer from the quality control issues as the research on Google Scholar

illustrates [58].
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6.2 Broader implications and recommendations

In this section, I add a few comments about the implications suggested by the dissertation

for specific contexts as well as broader implications in studying the impact of technology

in general. Mainly, I focus on recommendations in practices of searching literature and

evaluating research results in new technological environments.

One of the most used and most important tools for scientists is the academic search

engine, but little attention has been paid to the potential biases and downstream effects

of these tools, including their impact on discovery and the trajectories of scientific careers.

Search engines improve access to the existing literature, but there is also a risk that built-in,

algorithmic biases, as well as human behavioral biases might impact the kind of scientific

information that is actually found, read, cited, and communicated to the public. Since it

is essential for scientists to be familiar with the established knowledge to make scientific

progress, the existence of invisible echo chambers could hinder the productivity of scientific

research. To put it bluntly, if these new technologies are concentrating scientists’ attention

on only a subset of high-quality research, subsequent discovery and innovation could be

dampened.

This research could also help the general public determine the significance of scientific

studies by explaining why the most cited scientific articles do not always contain the most

important or the best scientific research. As the analysis of Chapter 3 shows, in the era

of new search engines, a paper’s cumulative number of prior citations is an increasingly

significant predictor of whether subsequent authors will cite a piece of research, particu-

larly for interdisciplinary scholars. This finding suggests that as search algorithms promote

highly cited papers to top of their search results, they are producing a Matthew effect, in

which popular papers become more popular. Possibly, the impact of strategic self-citations

might contribute to putting their own papers in the cycle as well, which might subsequently

influence academic promotion and funding decisions.
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The finding of this dissertation again warns academic committees to rely less on the status

of a journal in evaluating a scholar’s scientific achievement along with previous manifestos

[62, 85]. Although a journal’s status remains as an influential factor to predict the following

received citations, I show that this impact is overestimated than it should be in Chapter

4. Also, the finding suggests the possibility that more research articles with high quality

might choose preprint services instead of the platform of a journal. These findings imply

the diversification of the presentation of research articles, demanding focus on the individual

research paper’s quality than relying on its journal’s status for evaluation.

The results of this dissertation should also influence the way in which scientists are trained

to engage with academic information technology, especially, when they seek out literature

in unfamiliar fields. Both librarians and new scholars must learn how to be savvy in their

use of these technologies, which are now deeply embedded in the scientific research process.

While it is widely recognized that search engine technology has been rapidly developing,

how they transform scholars’ practice and information dissemination strategies has not been

adequately identified.

This research also calls attention to the significance of enhancing online infrastructure

for all scholars. The growing importance of technology in doing research means that the

continued gaps between researchers with and without access to electronized articles are of

critical importance. The research results could convince school administration and librarians

that securing access to digital archives is just as important as storing copies of journals and

books in the library.

Finally, as we have seen in the case of search engines as well as ICT, it is necessary to

be aware that technology does not always bring consequences that it is expected to bring.

Thus, in discussing the role of technology, it is essential to critically observe what really

happens in a society as new technology is introduced instead of assuming it based on what

the technology initially intends to achieve.
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6.3 Future work

Based on the dissertation, I illustrate a few research ideas that will either improve the

limitations or develop the presented research topics. First of all, as a complementary analysis

to what I mentioned as the limitation of this study, it would be helpful to use or collect data

that can more directly show the impact of search engines on researcher’s citation behavior.

For this purpose, I suggest a qualitative approach such as individual or focus group interviews

of scholars that survey their usual protocol of how to browse unfamiliar fields and sort out

which papers to put their time and energy into. Also, it might be helpful to conduct an

experiment to test whether changes in search algorithms influence users’ decision in choosing

articles to download and read. The last source of data that can strengthen the argument

of the dissertation is JSTOR’s usage data. So far, the dissertation has focused on the

relationship between search engines and the citation behavior of researchers. The usage data

will be able to fill in the gap of this relationship by linking the use of search engines and the

way articles are accessed before making a citation.

The dissertation implies the possibility that there might be differences in citing behaviors

among those who were trained before, during, and after the process of digitization and the

emergence of search engines. Most researchers learn how to engage with literature throughout

their training in graduate school, and are not intensively trained again for the rest of their

academic career. However, the development of technology in academic research has changed

more rapidly than the length of an average academic career, and thereby may require senior

researchers to acquire new skills. Also, established and novice scholars may have different

levels of expertise as well as different social capital for collecting bibliographic information,

which might influence the frequency or intensity of their reliance of search engines. Thus, it

will be essential to examine the generational differences since if senior and junior scholars use

technology differently, an active academic discussion between scholars might be a challenge

to accomplish.
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In analyzing the bibliographic data, the dissertation mainly focused on the citation struc-

ture to investigate the process of knowledge creation along with the development of search

engines. In addition to the structural approach, tracing the actual contents of scholarly

articles will be an exciting complement to the current dissertation. For example, I am in-

terested in studying whether the knowledge domain has converged on a few popular topics

as the scholarly interaction has been made easier and faster than before by analyzing the

abstracts of articles. Another research idea is to examine the gap between the general public

and the academic audience’s interest in research articles by using data from various forms of

non-academic online writings and scholarly citations. This research will reveal whether an

increased accessibility of the general public to academic work—as people will quickly locate

articles from various online sources—reduces the gap between the understanding of academic

articles of a scholar and a non-scholar.

Finally, I suggest using the concept of occupation interdependence for further investigat-

ing the two-body problem. The two-body problem is a commonly used term in academia

that indicates a couple’s difficulty in having two decent jobs close enough. The geographical

interdependence of occupations is a measure of how much an occupation pair is likely to

exist in the same location. By extending the application of the term to highly educated

professionals, the concept of occupation interdependence can help explain whether changes

in the location can exacerbate or alleviate the two-body problem.
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Appendix A

APPENDIX - CHAPTER 2

A.1 Aggregation of journals to disciplines and disciplines to fields

Across WoS, journals are classified into one or more disciplines. We choose the first two

discipline categories, and when either of two categories matches with one of our aimed broad

categories, we include the journal in that field. The classification of disciplines to broad

categories follows the National Science Foundation’s taxonomy of disciplines created by the

Integrated Postsecondary Education Data System (IPEDS) survey following Larivière et al.,

but we categorize them more in detail to each unit as an integrated entity. Out of 14 available

categories, we use four broad categories.

Health

Allergy; Andrology; Anesthesiology; Audiology & Speech-Language Pathology; Cardiac &

Cardiovascular Systems; Clinical Neurology; Critical Care Medicine; Dentistry, Oral Surgery

& Medicine; Dermatology; Emergency Medicine; Endocrinology & Metabolism; Gastroen-

terology & Hepatology; Geriatrics & Gerontology; Health Care Sciences & Services; Health

Policy & Services; Hematology; Infectious Diseases; Integrative & Complementary Medicine;

Medical Ethics; Medicine, General & Internal; Medicine, Legal; Medicine, Research & Ex-

perimental; Neuroimaging; Nursing; Obstetrics & Gynecology; Oncology; Ophthalmology;

Orthopedics; Pathology; Pediatrics; Peripheral Vascular Disease; Primary Health Care; Psy-

chiatry; Public, Environmental & Occupational Health; Radiology, Nuclear Medicine & Med-

ical Imagin; Radiology, Nuclear Medicine & Medical Imaging; Respiratory System; Rheuma-
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tology; Transplantation; Tropical Medicine; Urology & Nephrology; Veterinary Sciences

Humanities

Art; Classics; Dance; Ethics; Film, Radio, Television; Folklore; History; Humanities, Multi-

disciplinary; Literary Reviews; Literary Theory & Criticism; Literature; Literature, African,

Australian, Canadian; Literature, American; Literature, British Isles; Literature, German,

Dutch, Scandinavian; Literature, Romance; Literature, Slavic; Logic; Medieval & Renais-

sance Studies; Music; Philosophy; Poetry; Religion; Theater

Mathematics and computer sciences

Computer Science, Artificial Intelligence; Computer Science, Cybernetics; Computer Science,

Hardware & Architecture; Computer Science, Information Systems; Computer Science, In-

terdisciplinary Applications; Computer Science, Software Engineering; Computer Science,

Theory & Methods; Information Science & Library Science; Mathematical & Computational

Biology; Mathematics; Mathematics, Applied; Mathematics, Interdisciplinary Applications;

Statistics & Probability

Social sciences

Agricultural Economics & Policy; Anthropology; Archaeology; Area Studies; Asian Studies;

Behavioral Sciences; Criminology & Penology; Cultural Studies; Demography; Economics;

Ethnic Studies; Family Studies; Geography; Geography, Physical; Gerontology; History &

Philosophy Of Science; History Of Social Sciences; International Relations; Language & Lin-

guistics; Linguistics; Political Science; Public Administration; Social Issues; Social Sciences,

Biomedical; Social Sciences, Interdisciplinary; Social Sciences, Mathematical Methods; So-

cial Work; Sociology; Urban Studies; Women’s Studies
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A.2 Comparison of adjusted and unadjusted data - additional measures and
year window

Figure A.1: The temporal trend of HHI between 1996 and 2014 by four broad categories

(two-year citation window); Bright dots – adjusted data, vague dots – unadjusted data;

Solid line - statistically significant time trend & dotted line – statistically insignificant time

trend (a statistical test is done using a robust regression model)
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Figure A.2: The temporal trend of percentage of ever cited papers between 1996 and 2014

by four broad categories (six-year citation window); legends are the same as Figure A.1
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Figure A.3: The temporal trend of percentage of papers that needed to account for 20% and

80% of citations between 1996 and 2014 by four broad categories (six-year citation window);

legends are the same as Figure A.1
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Figure A.4: The temporal trend of Gini coefficient between 1996 and 2014 by four broad

categories (six-year citation window); legends are the same as Figure A.1
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Figure A.5: The temporal trend of HHI between 1996 and 2014 by four broad categories

(six-year citation window); legends are the same as Figure A.1
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A.3 Comparison of temporal trends with two- and six-year citation windows
- additional measures

Figure A.6: The temporal trend of percentage of ever cited papers by four broad categories

(1996-2014 for two-year citation window, and 1996-2010 for six-year citation window); Circles

– two-year citation window, squares – six-year citation window; Solid line - statistically

significant time trend & dotted line – statistically insignificant time trend (a statistical test

is done using a robust regression model)
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Figure A.7: The temporal trend of HHI by four broad categories (1996-2014 for two-year

citation window, and 1996-2010 for six-year citation window); legends are the same as Figure

A.6
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A.4 Analysis by adjustment component - additional measures

Figure A.8: The temporal trend of Gini coefficient between 1996 and 2014 by four broad

categories (two-year citation window); legends are the same as Figure 2.7
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Figure A.9: The temporal trend of percent of ever cited papers by four broad categories

between 1996 and 2014 by four broad categories (two-year citation window); legends are the

same as Figure 2.7
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Figure A.10: The temporal trend of HHI by four broad categories between 1996 and 2014

by four broad categories (two-year citation window); legends are the same as Figure 2.7
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Appendix B

APPENDIX - CHAPTER 3

B.1 Detailed model results for quantile regression analyses
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Appendix C

APPENDIX - CHAPTER 4

C.1 Steps to match one arXiv ID to one Microsoft Academic Graph ID

The goal of the data management process is to get one Microsoft ID matched to one arXiv

ID. For the records that have more than one matched Microsoft ID, I discard any records

that does not have a DOI match, and has a poor title match (fuzzy ratio less than 50).

Then, I keep all records that match one arxiv ID to one Microsoft ID. For the remaining, if

an arxiv ID has some records that have incoming citations and some that do not, discard

the records with zero incoming citations. Again, keep all records that match one arxiv ID

to one Microsoft ID. For the remaining, keep the most recent record. If there are multiple

most recent records, keep the most recent record with the highest Eigenfactor (generally the

more cited record). For the final remaining duplicates (same pub date, same Eigenfactor), I

take the lowest of the Microsoft IDs.
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C.2 Model summary of the survival analysis

Table C.1: Model summary of the survival analysis

Hep-ph Astrophysics Condensed matters

Cumulative citation (logged) .89*** 2.37*** 1.13***

(.13) (.19) (.01)

Total citation count (logged) .20*** .14*** .19***

(.01) (.01) (-.12)

Cumulative citation (logged) *

Total citation count (logged)
-.09*** -.26*** -.12***

(.02) (.78) (.03)

N 249,884 434,167 578,387

Number of events 33,878 73,397 86,639

Standard error in ()

* < .05; ** < .01; *** < .001
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C.2.1 Model summary of the Hurdle regression model

Table C.2: Hep-ph: Model summary of the hurdle regression model for the data between

6<Month<=12

Count Hurdle

Model1 Model2 Model3 Model1 Model2 Model3

Intercept -4.54*** -.80* .10 -3.73*** -1.32 2.55*

(.52) (.36) (.77) (.65) (.68) (1.08)

Months after uploaded .06 -.08 -.07 -.58** -.74*** -.72***

(.15) (.11) (.11) (.21) (.22) (.22)

Total citation count .68*** .21*** .09 .72*** .42*** -.14

(.05) (.03) (.10) (.05) (.05) (.15)

Journal influence 1.27*** .83*** -.17 1.83*** 1.45*** -3.61**

(.07) (.06) (.75) (.12) (.12) (1.24)

Received citations in arXiv 3.82*** 3.82*** 10.93*** 10.82***

(.10) (.10) (.77) (.78)

Journal influence*

Total citation count
.14 .73***

(.10) (.18)

N 6,710

Standard error in ()

* < .05; ** < .01; *** < .001
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Table C.3: Hep-ph: Model summary of the hurdle regression model for the data Month>12

Count Hurdle

Model1 Model2 Model3 Model1 Model2 Model3

Intercept -4.88*** .04 .46 -4.48*** -2.67*** -.29

(.97) (.81) (1.20) (.74) (.75) (1.20)

Months after uploaded .00 -.06 -.06 -.34* -.30* -.30*

(.19) (.17) (.17) (.15) (.15) (.16)

Total citation count .60*** .05 -.01 .74*** .44*** .11

(.11) (.08) (.16) (.09) (.09) (.16)

Journal influence 1.46*** .65*** .13 1.81*** 1.47*** -2.31

(.11) (.09) (1.11) (.17) (.17) (1.61)

Received citations in arXiv 4.97*** 4.95*** 13.41*** 13.33***

(.29) (.29) (1.53) (1.54)

Journal influence*

Total citation count
.07 .54*

(.14) (.24)

N 2,228

Standard error in ()

* < .05; ** < .01; *** < .001
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Table C.4: Astrophysics: Model summary of the hurdle regression model for the data between

6<Month<=12

Count Hurdle

Model1 Model2 Model3 Model1 Model2 Model3

Intercept -2.20*** .10 -1.40* -5.12*** -3.56*** -2.41

(.46) (.31) (.68) (1.00) (1.04) (1.67)

Months after uploaded -.00 -.23* -.23* .04 -.15 -.17

(.13) (.10) (.10) (.32) (.31) (.31)

Total citation count .43*** .20*** .39*** .69*** .52*** .37*

(.03) (.02) (.08) (.07) (.07) (.18)

Journal influence 1.41*** 1.02*** 2.36*** 2.82*** 2.65*** 1.33

(.09) (.05) (.55) (.15) (.15) (1.49)

Received citations in arXiv 3.11*** 3.11*** 10.89*** 10.88***

(.11) (.11) (1.17) (1.18)

Journal influence*

Total citation count
-.17** .18

(.07) (.19)

N 6,539

Standard error in ()

* < .05; ** < .01; *** < .001
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Table C.5: Astrophysics: Model summary of the hurdle regression model for the data

Month>12

Count Hurdle

Model1 Model2 Model3 Model1 Model2 Model3

Intercept -3.40*** -.14 -4.42*** .35 2.21* 1.72

(.77) (.56) (1.14) (1.04) (1.10) (2.10)

Months after uploaded -.17 -.19 -.20 -.98*** -.86*** -.86***

(.15) (.12) (.11) (.18) (.18) (.18)

Total citation count .56*** .18*** .73*** .39*** .06 .13

(.08) (.06) (.14) (.11) (.12) (.25)

Journal influence 1.87*** 1.17*** 5.28*** 2.01*** 1.73*** 2.37

(.18) (.08) (1.00) (.21) (.20) (2.47)

Received citations in arXiv 3.48*** 3.50*** 16.56*** 16.55***

(.21) (.26) (2.19) (2.19)

Journal influence*

Total citation count
-.53*** -.09

(.13) (.32)

N 2,003

Standard error in ()

* < .05; ** < .01; *** < .001



173

Table C.6: Condensed matters: Model summary of the hurdle regression model for the data

between 6<Month<=12

Count Hurdle

Model1 Model2 Model3 Model1 Model2 Model3

Intercept -2.37*** -1.57*** -1.32** -3.65*** -3.45*** -3.27***

(.30) (.25) (.51) (.39) (.39) (.81)

Months after uploaded -.31*** -.34*** -.34*** -.45*** -.45*** -.45***

(.09) (.07) (.07) (.11) (.11) (.11)

Total citation count .50*** .41*** .37*** .71*** .67*** .64***

(.03) (.03) (.07) (.04) (.04) (.11)

Journal influence 1.02*** .85*** .61 1.64*** 1.60*** 1.38

(.03) (.02) (.40) (.06) (.06) (.83)

Received citations in arXiv 5.37*** 5.37*** 9.52*** 9.52***

(.16) (.16) (.60) (.60)

Journal influence*

Total citation count
.03 .03

(.06) (.12)

N 20,140

Standard error in ()

* < .05; ** < .01; *** < .001
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Table C.7: Condensed matters: Model summary of the hurdle regression model for the data

Month>12

Count Hurdle

Model1 Model2 Model3 Model1 Model2 Model3

Intercept -3.28*** -1.81*** -1.18 -3.86*** -3.48*** -2.14

(.54) (.42) (.86) (.66) (.68) (1.48)

Months after uploaded .12 .06 .06 -.10 -.11 -.10

(.10) (.07) (.07) (.12) (.12) (.12)

Total citation count .44*** .31*** .21 .62*** .55*** .35

(.07) (.06) (.12) (.09) (.09) (.22)

Journal influence 1.14*** .67*** -.03 1.57*** 1.52*** -.29

(.08) (.05) (.81) (.12) (.13) (1.88)

Received citations in arXiv 6.73*** 6.71*** 15.42*** 15.37***

(.37) (.37) (1.59) (1.61)

Journal influence*

Total citation count
.10 .27

(.12) (.28)

N 4,526

Standard error in ()

* < .05; ** < .01; *** < .001
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