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Abstract: How are social and intellectual relations structured and given shape within research

universities? To answer these questions, we test to what extent various theoretically predicted

processes explain the dynamics of academics’ networks of collaboration and shared language use in

a unique longitudinal data set (1994 to 2005) of 2,631 faculty at a large private American university.

Using the latest advances in stochastic actor-oriented models (in RSiena) and text analysis, we found

that social and intellectual relations are clustered and centralized on bridging faculty who form a

broader interdisciplinary hub of research in the university, and that, over time, this hub disseminated

its style of (interdisciplinary) research to other faculty. These networks are shaped by selection based

on age, gender, race, and academic rank as well as the coevolution of social and intellectual relations

over time. Clear differences emerge in science, technology, engineering, and mathematics (STEM)

fields and are strongly driven by structural mechanisms of clustering and centralization, whereas

non-STEM fields (social sciences and humanities) are strongly driven by personal preferences of

faculty members.

Keywords: knowledge organizations; academic collaboration; sociology of science; multiplex net-

work analysis; longitudinal social network analysis

APrimary goal of research universities is to forge internal social and intellectual

communities in which faculty come together to generate novel forms of

research. What structures do university intellectual communities have and how

do faculty within them structure themselves socially and intellectually? Prior

research offers some understanding of how and why a research university might

structure intellectual relations between faculty, but this understanding is hampered

by fragmented views and very divergent characterizations. Some view faculty as

balkanized factions (Blau 1973; Hearn 2007; Kadushin 1976), others as spanning

ridge structures (Biancani, McFarland, and Dahlander 2014; Friedkin 1998; Moody

2004), or as centralized hubs (Biancani et al. 2018; Rawlings et al. 2015). Yet other

work suggests science, technology, engineering, and mathematics (STEM) and

non-STEM (social sciences and humanities) segments are organized in completely

different ways (Kagan 2009; Snow 1959). Which of these views hold and which

do not? Prior work failed to employ state-of-the-art social network methods to

model the development of collaborations as a stochastic process, and few fully take

into account selection and preferences, or how social relations may be driven by

preferences and rational choices of finding certain collaborators (see for an exception

Dahlander and McFarland [2013]). As such, it is unclear what form intellectual

networks take within universities and whether these social structures are forged by

network mechanisms or selection pressures and preferences of individual faculty.
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Even more challenging is the fact that most studies of faculty networks fail to

consider intellectual associations. A great deal of the sociology of science concerns

the formation of thought styles (Fleck 1979; Knorr Cetina 1999; Kuhn 1970), and this

extends into recent quantitative studies of culture (Goldberg et al. 2016; Goldberg

and Stein 2018). Some of this work argues that shared cognition can shape the way

persons relate to each other (see McLean 2017 for review). For research universities,

it is thus far unclear if all our prior studies missed a key component of association:

via shared ideas and research interests—or the meeting of minds. It may be that

collaborations lead scholars to develop such shared interests as some network

research contends (Borgatti and Cross 2003; Rawlings et al. 2015), or even as work

on the importance of proximity contends (Festinger, Schachter, and Back 1950; Kabo

et al. 2014). Or it may be that, over time, scholars are more guided by their interests

as Internet search becomes more prevalent and one can find the best-fitting thought

partner (Evans 2008).

But independent of whether shared intellectual interests lead or lag collabora-

tion, there is the question of whether the structure of shared interests and ideas is

differently shaped and formed than that of collaboration. Do interests and ideas

have distinct structural forms and mechanisms? Are intellectual interests struc-

tured around departments or broader fields? Are they centered on and stratified

around certain scholars’ ideas and works? And do different mechanisms generate

intellectual structures, such as status? We lack answers to these questions because

the ideas of scholars are seldom brought to bear and are never brought into relation

with social collaborations.

Such a concern has broader implications than just research universities and

their structuring. It concerns research and development organizations and their

core function in today’s knowledge economy (Powell and Snellman 2004). A far

wider class of organizations than universities is intent on developing thriving

intellectual communities, and they too wonder how these more elective associations

and interests form and what drives them in certain directions. Knowing this

may help organizations in the knowledge economy better engineer environments

that break from balkanized forms or hone research interest in certain directions

(Mäkinen, Evans, and McFarland 2020).

This focus also has broader theoretical relevance as it speaks to the structure–

culture and network–meaning discussions in broader sociology (McLean 2017). For

more than a century, sociologists have given different accounts of how networks

and ideas interrelate: whether relations of production form cultural beliefs (Marx),

and social positions shape ideology (Mannheim), or beliefs shape social relations

(Weber), or whether they are co-constituted (Simmel). By examining rich longitu-

dinal cases with state-of-the-art social network analysis, we can investigate and

address this interrelation.

This article studies the forging of intellectual and social relations within uni-

versities by analyzing a single large U.S. elite university. In particular, we focus

on the social collaborations and intellectual pursuits of 2,631 faculty for 12 years

(54,067 collaboration ties and 131,130 shared idea ties) and employ new social

network modeling strategies to better identify the assortment of mechanisms that

drive collaboration and intellectual affinity, to ascertain their distinct and evolving
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structure, and to develop a richer understanding of how intellectual communities

develop. By focusing on a single university, we obtained rich longitudinal infor-

mation of unprecedented detail that allows us—for the first time—to better specify

which mechanisms drive network formation. However, our focus also comes at

the cost of ignoring interinstitutional mechanisms and not being able to generalize

to all universities, which we reflect on in the conclusion. Nonetheless, given the

paucity of rich data on faculty networks within single universities, a focal case

seems warranted here as a means of learning how universities forge internal social

and intellectual communities.

Predictors of Collaboration and Shared Academic

Interests

A great deal of prior research speaks to the structure and change of social and intel-

lectual networks within universities and organizations more generally (Friedkin

1998; Kabo et al. 2014). The research on social networks internal to universities has

diminished in recent years as large-scale corpora have emerged and studies have

shifted to entire fields or entire countries (Ferligoj et al. 2015; Trujillo and Long 2018;

Varga 2019). Given our focus on the development of networks of scientists within

universities, not all of our expectations translate directly to the structure of the

broader academic community that encompass scholars from different universities.

Collaborations and intellectual correspondence at one university are restricted by

the local and often rigid opportunity structure of available colleagues and shared

ideas, whereas they are much freer across institutions. Moreover, faculty may

structure themselves socially and intellectually at their own university in response

to local incentive structures such as financial stimulation of interdisciplinary col-

laboration. These incentives may take very different form for collaborations with

colleagues from other universities (e.g., grants for consortia).

Nevertheless, understanding how social and intellectual collaboration is struc-

tured among faculty within one university is the focus here, and to speak to it we

draw on literature from multiple subfields of somewhat indirect relevance and

bring them to bear here in synthesized form: social networks, sociology of science,

organization studies, and social theory. Each of them offers salient ideas related to

the formation of social and intellectual communities.

Academic Collaboration

Face-to-face interactions in shared local social environments are important for

conducting academic research (Kabo et al. 2014; Lee et al. 2010). These interactions

have consequences for academics’ collaborative relationships and their research

interests. Research has established that the more opportunity people have to interact

with others, the more likely they are to affiliate with them (Blau 1977; Festinger et al.

1950; Kabo et al. 2015) and adopt their ideas (Friedkin 1998; Rawlings et al. 2015).

In large research organizations such as universities, scientists are organized

in concentric social circles, such as departments, that are embedded in schools.
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This setup into foci of activity (Feld 1981) structures academics’ opportunities to

interact with colleagues and subsequently start collaborations and learn from each

other (Kabo et al. 2015). In fact, departments have been considered constraint foci

(Merton 1976) because faculty members are by definition in close proximity, share

similar research interests, teach the same students in similar topics, and perform

joint administrative tasks. It is thus more likely that collaborative ties develop and

persist within schools and departments (Dahlander and McFarland 2013).

Cross-departmental, interdisciplinary collaborative ties are much harder to

establish and sustain because ties that bridge groups require frequent negotiations

between different interests (Burt 2002). Research has shown that it is difficult to

evaluate interdisciplinary work (Klein 2008). Interdisciplinary research centers,

therefore, tend to select productive scientists with a proven track record of past

successes and facilitate their productivity further (Biancani et al. 2018). These

scientists might centralize research efforts through Matthew Effect–type cumulative

advantages (Merton 1968) and become academic “stars” that attract many other

collaborators (Azoulay, Zivin, and Wang 2010; Rawlings et al. 2015; Zhang et al.

2018). In turn, these scholars benefit from increased productivity and access to new

ideas and novel techniques brought in by their collaborators.

Scientific collaboration has also been found to follow ridge structures, or “se-

quentially overlapping regions of structural cohesion in social space” (Friedkin

1998:159). Research collaborations show topologies with areas of lower density and

clusters of higher density. For instance, research studying entire scientific fields, not

just collaboration at one university, has found such cohesive clusters of associations

between sociologists (Moody 2004) and in other disciplines (Newman 2004). Such

connectivity may grow over time as access to digital materials grows and Internet

search increasingly becomes the norm (Evans 2008). Forming clusters of collabora-

tions has advantages for the individual researcher. Simmel (1950) already observed

that a dyad will be stabilized by a third party that connects both members of the

dyad (transitivity). Accordingly, collaborations between two scientists have been

found to be more likely and more stable if they involve a third member (Dahlander

and McFarland 2013; Kossinets and Watts 2009).

Research on scientific collaboration across universities has also found evidence

of assortative mixing with regard to collaborations (Newman 2004). That is, schol-

ars with many collaborators tend to collaborate with similarly successful scholars,

perhaps forming “elite clubs” of dissemination, whereas scientists with few collabo-

rators tend to work mostly alone or with others that also have few collaborators.

This tendency to associate with other scholars who are equivalently positioned in

collaborations leads to stratification in the academic network (Rawlings et al. 2015).

Assortative mixing can also be driven by preferences to collaborate with col-

leagues who are similar with regard to relevant background characteristics and

research focus because people with similar origins and habitus have similar re-

search interests and tastes (Bourdieu 1984, 1988). Bourdieu’s work in Homo Aca-

demicus shows that French social scientists and humanists in the 1960s came from

lower-income, liberal backgrounds, whereas medical scholars came from wealthier,

conservative backgrounds. From this, he inferred that upbringing and habits of
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mind led scholars to assume certain intellectual interests, collaborations, and career

paths over others.

Scholars associate with other scholars, in part, because they are drawn to those

with the same tastes and personal characteristics as themselves (Blau 1977; McPher-

son, Smith-Lovin, and Cook 2001). People with similar traits and characteristics

tend to understand each other better, they often communicate more easily, and find

each other more likable and predictable (Byrne 1971). The growing use of public

scholar profiles and Internet searches probably amplify the effects of similarity

over time as faculty now can select more widely and on multiple dimensions their

collaborators and research topics of interest (Evans 2008). Collaboration has thus

been found to be partially a consequence of people’s preference to affiliate with

those who are similar with regard to gender, age, and status (Kossinets and Watts

2009; Zhang et al. 2018).

Such preferences may be different for members of minority groups on campus.

Research found that the preference for same-ethnic friendship is stronger among

adolescents who belong to ethnic minority groups, particularly if they have more

same-ethnic peers to affiliate with (Smith et al. 2016). Similar processes may extend

to academic collaborations. Perhaps some of the balkanization and clustering

associated with departments and fields may be due to the self-selection of people

with certain background characteristics into particular fields (McPherson et al.

2001).

But what of preferences for colleagues with certain resources and capacities?

Collaborations may also be a result of scholars’ strategic decisions based on their

own and other scholars’ resources, knowledge, and skills (Dahlander and McFar-

land 2013; Melin 2000; van Rijnsoever, Hessels, and Vandeberg 2008). Junior faculty

might seek out higher-ranked colleagues to benefit from mentoring in terms of ob-

taining funding, tenure support, or general visibility but also by joining an academic

thought community. Senior faculty can benefit from the new skills and updated

ideas junior colleagues bring to the table. Research in another professional domain

found that advice relationships can turn into collaboration and vice versa (Lazega

and Pattison 1999). This exchange of knowledge and ideas across academic ranks is

distinct from centralization and may reflect localized exchange relations. Although

both benefit, junior faculty might have less capacity for engaging in such cross-rank

collaboration because they can build on less experience and less reputation that

would make them visible to others (van Rijnsoever et al. 2008).

Intellectual Affinities

Seminal work in social network science discussed preferences for shared attitudes

or values as a key predictor of the formation of social relationships (McPherson et

al. 2001). Recent contributions have shown that such preferences extend to shared

language, experiences, and basic cognitive affinity (Goldberg and Stein 2018). But

this work has yet to ask how the cognitive structure that underlies the formation of

social relationships is shaped and evolves. To derive predictions, we turn to work

in the sociology of culture and science that provides insight into how cognitive

structures may be shaped in universities and knowledge organizations.
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Departments and schools form the building blocks of universities and facilitate

the development of separate epistemological (Knorr Cetina 1999) and academic

cultures (Kagan 2009; Snow 1959). Durkheim ([1893] 1933) has already suggested

that intellectual specialization and fragmentation of disciplines would not create

mutual interdependencies and instead be anomic, preventing the knowledge flow

across disciplines (Blau 1973). Accordingly, work in the sociology of science remark

on the lack of intellectual integration and increased balkanization within universities

(Blau 1973; Hearn 2007; Kadushin 1976). These works note how scholars tend to

form clusters of academic interests, thought processes, and homogenous research

styles. In fact, the ridge structure found in academic collaboration (Friedkin 1998;

Moody 2004), has also been found in the topology of shared ideas among scholars

from different universities in terms of citations of the same articles (Moody and

Light 2006) and may extend to shared ideas within universities. These insights are

complemented by research showing that local clustering can enhance knowledge

creation (Whittington, Owen-Smith, and Powell 2009).

However, intellectual affinities may not perfectly fall within departments be-

cause of internal fractionalization (Abbott 2001) and may reflect broader paradigms

that extend beyond departments (Kuhn 1970), such as big data or technoscience.

Disciplinary divisions in thought styles may become particularly blurry at times

when university administration and funding agencies aim to promote scientific

progress through focusing on interdisciplinary collaborations (Jacobs and Frickel

2009). Moreover, with the rise of the Internet, scholars’ searches have become more

focused and market-like than relationally driven (Evans 2008). Scientists increas-

ingly search for the right complement or exact shared expertise in new scholarly

writings rather than draw on expertise from existing social ties. Evans (2008) finds

that academic citation grew far more interdisciplinary, which suggests greater intel-

lectual connectivity. That is, even without collaboration, people are easily alerted to

related work, which increases the likelihood of knowledge transmission (Friedkin

2009). These processes may promote the clustering of shared ideas independently

of departments or fields.

In addition, the structuring of ideas might be driven by highly productive and

visible academics who promote intellectual cohesion (Collins 1994; Crane 1972).

These “academic stars” draw attention to their own work and might serve as

facilitators of ideas and knowledge (Azoulay et al. 2010; Moody 2004). The Internet

has likely increased the level of centralization. Evans (2008) shows that with the

rise of the Internet, scholarly citations focused on fewer and newer texts. Research

studying millions of scientific abstracts also found that the rare real innovations tend

to form ideational bridges between knowledge clusters, subsequently centralizing

scholars’ intellectual work (Foster, Rzhetsky, and Evans 2015).

Insofar as the scientific endeavor is considered a “regulated competition” (Bour-

dieu 2000:126) or a “regulated struggle” (Bourdieu 2004:62), scientists have to make

strategic choices to achieve peer recognition (Bourdieu 1975). This line of thought

suggests that continuation of research traditions is instilled through scientists’ edu-

cation and eventually rewarded, whereas deviance is punished by neglect (Foster et

al. 2015). As a consequence, knowledge regimes may emerge in which shared ideas

and research styles define membership. This may stratify scientific knowledge in a

sociological science | www.sociologicalscience.com 438 September 2020 | Volume 7



Stark, Rambaran, and McFarland Meeting of Minds

core–periphery structure of ideas. One can also imagine “schools of thought” such

as the Chicago school or Weberian tradition in sociology (Abbott 2009) with high

internal cohesion and few bridging ties between them.

Just as preferences may drive collaborations, they may also drive intellectual

matters. Bourdieu’s (1988) analysis of French academics in the 1960s showed that

people with similar background characteristics (similar socialization) tend to share

intellectual interests. Other research found, for instance, that highbrow cultural

tastes tend to forge exclusionary networks, whereas popular culture tastes forge

weak, bridging ties (Lizardo 2006). As such, persons of similar backgrounds may

also share intellectual focus. Moreover, the aforementioned localized exchange rela-

tions between junior and senior faculty extend to intellectual interests. Academics

collaborate not just to increase productivity but also to achieve new skills and

gain new insights (Azoulay et al. 2010; Borgatti and Cross 2003). Senior scholars

have greater experience with the research community and the dominant research

paradigm, whereas junior scholars might bring in fresh ideas and new methods.

Lastly, the way in which the organization of academic work is driven by these

mechanisms might differ between academic cultures (Fleck 1979; Kagan 2009). Early

work by Snow (1959) argued that scholarly activity is divided into two cultures

(oversimplified for brevity): on the one hand, there is a positivist culture that

continually advances ideas (STEM fields), whereas on the other, there is a culture

that is humanistic and continually elaborates on itself (non-STEM fields).1

In many regards, this notion of two distinct scholarly cultures echoes the work

of Fleck (1979) on thought styles and thought communities and Kuhn (1970) on

scientific paradigms. These scholars made special reference to the differences

in language, methods, clusters of association, and norms of research activity, all

forming a gestalt, or social and cognitive configurations. Kuhn (1970) noted that

non-STEM fields were preparadigmatic and lacked a cogent thought style. Today,

STEM fields have become more engaged in rapid discovery team science with large

teams and fast-paced work, whereas the non-STEM fields are slower and more

monastic. Such variation by field is clearly important, and we attempt to explore

differences in the various mechanisms we propose.

The Interrelation of Collaboration and Shared Interests

Once we consider the salience of shared ideas and interests in social relationships,

we then have to confront the question of how they relate to each other. Classical

sociological theories hold that shared ideas and social structure might coevolve,

but these theories disagree on the causal order in which this happens (Mannheim

1936; Weber 2002) or whether causality can be assumed at all (Bourdieu 1984, 1988;

Simmel 1971).

Recent work by relational sociologists has tried to address this chicken and

egg problem (McLean 2017). An emerging theme is that in some organizations,

collaboration will not facilitate shared interests and intellectual focus but rather the

opposite must hold first. One has to speak the same language to have successful

collaborations (Goldberg et al. 2016; Srivastava et al. 2018). Shared cognition or

language then is a key component to the formation of academic collaboration. This
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echoes Max Weber’s (2002) argument that belief systems can shape the mode and

means of production. Accordingly, many scholars have argued that shared interests

and ideas shape academic social structure (Knorr Cetina 1999; Kuhn 1970), and

findings from various domains show that shared interests can indeed guide the

formation of social ties (Lewis and Kaufman 2018; Stark and Flache 2012; Vaisey

and Lizardo 2010).

Other classical sociological work has long argued for the reverse causal relation.

Karl Marx (2000) contended that the relations of production drive ideology, and Karl

Mannheim (1936) argued that social structural positioning influences how a person

perceives and interprets the world. Based on these theorists, one would expect that

shared ideas result from the persistent patterns of interaction within intellectual

communities or, in short, that structure shapes scholarly culture (Merton 1973). Such

social influence processes leading to shared interests within social relationships

have been found in various domains (Centola and Macy 2007; Festinger et al. 1950;

Rambaran, Dijkstra, and Stark 2013). Collaboration has been shown to create

knowledge flows among academics (Rawlings et al. 2015), and it may, in a similar

way, drive scholars’ research interests.

A third body of work argues that shared ideas and social structure are co-

constitutive without favoring one causal direction over another. From a microangle,

Simmel (1971) foresaw form and content, or relations and sentiments, as a dualism

in which content was always the flip side of form, and form was always the flip side

of content. Similarly, but from a broader societal perspective, Bourdieu (1984, 1988)

argued for a homology of position and tastes. Many network scholars reference

this idea when they consider relationships like friendship, which they characterize

as both a particular content of positive affect and a particular form of a reciprocal

tie (Martin 2011). Recent social network research has come to adopt this corre-

spondence view (see McLean [2017] and Mische [2011] for a review). Academic

collaboration and shared ideas at a university might thus form a homology, and it

is even feasible that the causal arrow reverses from time to time as discussions of

thought communities and thought styles interrelate differently in different epochs.

For instance, Fleck (1979) argued that the social (community) and cognitive (style)

could decouple temporarily in academic cultures when debates arose.

All of this points to the need for a rich longitudinal case that explores the

interrelation of social and intellectual relations over time. From this, we can begin to

untangle these possible formulations and their processes of creation. Previous work

has focused only on academic relationships (e.g., co-author networks; see Moody

[2004] and Newman [2004]), only on intellectual ties (e.g., co-citation networks; see

Trujillo and Long [2018] and Varga [2019]), or only on the flow in one direction (e.g.,

from collaboration ties to citation flow; see Rawlings et al. [2015]). The bidirectional

flow within one knowledge organization has thus far not been explored. This article

does just that and uses the rich case of a single large elite university over the course

of 12 years as its empirical focus.
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The University under Study

The university we focus on is an elite American research university and its asso-

ciations and activities spanning 12 years (1994 to 2005). This university and time

span are well suited as an organizational case of a research and development firm

aimed at forging social and intellectual associations. The university is first and

foremost a research institution whose primary mission is to forge and discover new

ideas. Moreover, it has a long history of working toward guiding and facilitating

such endeavors. During the period of data collection, this university exhibited

a particular organizational culture and set of large-scale resource allocations to

improve the research community in certain ways.

Prior to the period observed, the university had been trying to forge greater

interdisciplinary collaboration and better integrate the university community. In

general, the administration (and faculty senate) sought to overcome balkanization

and replace what was perceived as tired and parochial interaction within intellec-

tual enclaves with exciting and boundary-spanning interactions across campus.

The university even created an "eighth school" to facilitate this—the dean of re-

search office. This office housed multiple interdisciplinary centers and prevented

territorial disputes over ownership that occurred previously between schools and

departments every time a new interdisciplinary project, grant, or center formed.

By the time our data collection began, the university had become a premier

university and had facilitated a variety of interdisciplinary projects and efforts, all at

a time when interdisciplinarity had yet to emerge as a national priority in research

funding agencies. Within the university, a cadre of elite interdisciplinary scholars

had succeeded in obtaining Nobel prizes and many grants and in energizing their re-

lated departments. This hub of activity was centered on biology/physics/chemistry

and engineering parts of campus, and especially microlevel aspects of biology

(bioengineering, biophysics, biochemistry). With the entry of a new administration,

the university began a massive funding drive (in the billions) to create interdisci-

plinary institutes that could replicate this innovative form of interdisciplinary team,

technoscience in other segments of campus. A variety of supercenters emerged and

catalyzed these efforts, spreading the model of science to other younger faculty and

even new departments on campus (for summaries, see Biancani et al. [2018, 2014]

and Mäkinen et al. [2020]).

These efforts and narrative partly describe the social structural and intellectual

form the faculty community took and evolved toward over the period observed. As

such, the university was characterized as having clustered endeavors and interests

but that it moved toward more interdisciplinary bridging. Moreover, although

a hub of interdisciplinary stars formed a core catalyst, this shifted over time as

bridging efforts spread in the university via interdisciplinary initiatives. Unclear

in this account, however, is first whether this actual structure was observed in

both collaborations and shared research interests; and second, whether and what

mechanisms were at work—such as selection, homophily, and proximity, or social

and intellectual closure, centralization, and assortativity. Through an empirical case

study, we explore and uncover this form and its process of creation.
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Materials and Methods

Data

To test our hypotheses, we used complete network data and individual background

information of all faculty members at a major private U.S. research university

between 1994 and 2005. Data were systematically gathered from university central

offices on numerous faculty affiliations and background characteristics as well as

their collaborations. These administratively obtained data were linked with data

on all faculty publications obtained from the most widely used academic database

(Clarivate’s Web of Science). The initial sample consisted of 1,396 scientists who

were faculty members in 1994. New members could join the university from 1995

onward, whereas existing members could leave at any time (see Table A1 of the

online supplement for the transition changes between two consecutive years).

Measures

Dependent variables. The coevolution of scientific collaborations and shared ideas

was modeled with three different types of social networks.

Collaboration networks. Coauthoring grants and articles as well as working on

awarded grants indicate the strongest possible forms of collaboration among faculty

members in the present study (Dahlander and McFarland 2013). In determining

collaboration ties, we took into account that a joined research project can last several

years and there is usually an additional delay until a journal article is published

or a grant is submitted (Biancani et al. 2014). We considered a 3-year period to

be reasonable for coauthored publications, whereas a 2-year period deemed fit for

coauthored grants, and the immediate year for awarded grants because they are

ongoing. For instance, a collaboration tie for the year 2000 was indicated when two

faculty members had at least one joint publication in the years 2000, 2001, 2002,

or when they coauthored (a) grant(s) in 2000 or 2001, or when they had a grant

that was running in the year 2000. A collaboration tie was considered decoupled

when no new collaboration between the two faculty members took place in the

3 years following the year of joint publication(s) or in the 2 years following the

grant-awarded (running) year (Dahlander and McFarland 2013).

Shared language networks. To determine shared ideas of academics, we exam-

ined the similarity of faculty members’ language usage in their journal articles

by comparing the text of their published abstracts. The collected words in their

article abstracts were weighted according to the “term frequency–inverse document

frequency” or tf–idf algorithm, the most widely used technique for information

retrieval in texts (see Manning, Raghavan, and Schütze 2008). In each abstract, each

word is given a weight that depends on its frequency in that specific abstract (tf),

and on the inverse of its frequency in the corpus as a whole (idf). Thus, a word

that is rare overall, appearing in few abstracts, but frequent in one specific abstract,

will be given a higher weight for that specific abstract. A word that is mentioned in

many abstracts has a lower weight in all abstracts.

Each author was represented by a weighted vector for all words in their total

text vocabulary. Pairs of authors were compared by measuring the distance in
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their respective vectors using the cosine similarity [1 – cosine(vector a, vector b)],

which varies from 0, signifying no overlap in actor-pairs language similarity, to 1,

indicating identical language. Cosine similarity has the advantage of normalizing

for the length of vectors, to allow more appropriate comparisons between author-

pairs who have published differing numbers of articles in our 3-year time window

for journal publications.

For pairs of authors (person i and person j who copublished, each person’s tf–idf

vector was recalculated to exclude the abstracts of articles coauthored among that

pair. In this way, articles coauthored by person i and person j would not contribute

to i and j’s language similarity measure but would contribute to the similarity

observed between i and a third person k, and that between j and k.

Language similarity scores were heavily skewed with mean values around 0.01.

Normalization using log-log transformation (after adding one to the scores) was

necessary to obtain a meaningful cutoff value for shared language ties. Two faculty

members’ language use was considered shared when their transformed score for

language similarity was greater than two standard deviations above the mean score

across a 3-year time window (the period in which language similarity in journal

publications was assessed). Shared language use determined by this cutoff value

was represented by a one in the binary shared language network. It was not possible

to weight the strength of the similarity because of the limitations in the statistical

model (see below).

Co-citation networks. Because there is no obvious right choice for determining a

cutoff value indicating shared language use, we validated our results by comparing

them with the most typical measure of thought communities, namely co-citation:

the extent to which faculty members cited the same articles in their articles. This

was measured as the overlap in number of references faculty member i and j had

in articles that were not jointly coauthored by i and j. In maintaining consistency,

the same 3-year time window of published journal articles was used to determine

this form of shared ideas between faculty members. We considered author i and

author j as having similar ideas when they shared more co-citations than the mean

number of co-citations among all faculty in the entire observation range (1994 to

2005), which was M = 2.75. A co-citation tie existed between two faculty members

in the binary co-citation networks when they cited three or more of the same articles

within a 3-year time window.

Explanatory variables. Individual and dyadic variables were constructed to ex-

amine their unique effects on the formation of ties in networks of collaboration,

sharing language, and co-citation.

Individual-level variables. We included faculty members’ gender (0 = female, 1 =

male), race (0 = non-Hispanic white, 1 = minority), and age (in years). Two dummy

variables tested for differences between tenured faculty members (as reference)

and those who were untenured or clinical faculty (clinical faculty are only in the

STEM fields). We distinguished STEM field faculty comprising the natural sciences,

physical sciences, medicine, and engineering (initial n = 888 in 1994) from those in

the humanities and social sciences, which included law, business, and education

(initial n = 508 in 1994), with a dummy variable (0 =non-STEM field, 1 =STEM

field).
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Dyadic-level variables. Four binary dyadic variables for pairs of faculty were

constructed: same gender (cross-gender as reference), same race (dichotomous as

minority group versus non-Hispanic white; cross-race as reference), similar age

(with, at most, a 2-years age difference), and same rank or tenure (cross-rank as

reference). A dyadic network covariate measure of same affiliations, indicating

contact opportunities, was included as well (department and school, where 0 =

different field and different department, 1 = same field and different department, 2

= same field and same department).

Analytic Strategy

Social and intellectual associations between faculty can be seen as a function of

strategic decisions of faculty (actors), which can be adequately represented with

the stochastic actor-oriented model (SAOM) using simulation investigation for

empirical network analysis (SIENA; Snijders 2001; Snijders, Van de Bunt, and

Steglich 2010; Steglich, Snijders, and Pearson 2010). This model investigates whether

change in association depends on theoretically specified assumptions about the

underlying preferences of the actors. The SAOM simulates network development

based on the idea that tie formation, tie maintenance, and tie dissolution follow

from each person’s preference to optimize their position in the network (Ripley et

al. 2020). The exponential random graph model, the other prominent class of social

network model, instead predicts ties in the network based on the state of the entire

graph and not based on preferences of focal actors (Block, Stadtfeld, and Snijders

2019). Given our argument that faculty consider and decide upon their relations,

the SAOM seems the most suited methodology.

Building on recent advances in the coevolution of multiplex network analysis in

the stochastic actor-oriented modeling framework (Snijders, Lomi, and Torlo 2013),

we examined how networks of collaboration and shared language (or co-citation in

the robustness check) codevelop over time. To assess effect sizes, we calculated the

relative importance of each effect on the probability of a tie change (Indlekofer and

Brandes 2013). This allowed us to determine the extent to which collaboration and

shared ideas (mutually) form one another, or are generated by structural processes,

strategic decisions, opportunity, and preferences.

Networks were modeled using a time window of four consecutive academic

years, which yielded three nonoverlapping observation periods (1994 to 1997, 1998

to 2001, and 2002 to 2005). The last observation was 2005 because the networks

were based on collaborations and shared language use in articles published in

the current and following 2 years and our last data source was 2007. Narrowing

the observation window to 4 years kept the dynamic network analyses via the

SAOM empirically tractable, as our models ceased to converge well with larger

and more network panels because of their exponentially increasing complexity. As

an additional advantage, modeling different periods separately allowed for the

comparison of changes in the dynamics over time. Moreover, this approach partially

prevented the assumption of stable network dynamics across the entire time span

of 12 years (Lospinoso et al. 2011).
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Model specification. The same set of effects was included in both network types

(collaboration and shared language, or co-citation in the robustness check) to draw

conclusions about community building and idea convergence.

Structural processes. We included degree, clustering, centralization, and stratifica-

tion as four important selection effects to examine endogenous structural processes

in networks of collaborations and of shared language. Degree reflects the general

tendency of faculty to start forming new collaborations or to start using the same

language in their journal articles over time, comparable to the intercept or grand

mean in linear models.

Transitive triads assessed whether the collaborator of a collaborator was likely

to subsequently become a collaborator in the future. This reflected clustering and

network closure because all collaborations are reciprocal ties. The same measure

in the shared language network tested whether two authors with similar research

language to a third person adopted similar language to one another in the future.

Degree of alter assessed centralization, which in the collaboration network tested

whether faculty members with many collaborations were more likely to increase

in collaborations over time, whereas the same measure in the shared language

network tested whether faculty members that shared the research language of many

other colleagues had even greater language similarity with others over time. In a

sense, this is akin to the notion of the Matthew Effect, where the wealthy become

wealthier, or the popular attract further attention (Merton 1968). The end result is

increased centralization.

Last, degree assortativity assessed the tendency toward network stratification

and indicated whether persons with many collaboration (or shared language) ties

were more likely to start new collaborations with persons with similar levels of

association; or whether persons with few collaborations were more likely to form

future collaborations with each other. As such, the term captured the extent to

which individuals stratified associations into caste structures, where the have’s and

have not’s occupied distinct social and intellectual spaces.

Opportunity structure. The effects of sharing the same academic environment

were assessed with a dyadic effect for same affiliations that represented overlapping

organizational foci. A positive estimate would indicate that faculty members were

more likely to form collaborations or share language with people who are in their

own school and department than with people who are located elsewhere.

Preference. We examined individual preferential differences based on faculty

members’ gender, race, and age. A dyadic similarity effect was included for each

of these three individual characteristics to represent faculty’s preferences to form

and maintain collaborations and to share language with other faculty members

who were of the same demographic category (same gender or same race) or who

were of similar age as themselves. When assessing the dyadic similarity effects,

we controlled for potential degree differences between persons based on their

own individual dispositions (male, minority group, and age). A positive estimate

for these effects would indicate that males, racial minorities, and older faculty

were more likely to collaborate and to share language with others compared with

females, racial majorities (constituting non-Hispanic whites), and younger faculty
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(all mean-centered). These additional individual effects were needed to determine

the strength and direction of the similarity effects.

Effects of academic rank were tested by including two dummy variables that

indicated whether untenured (junior) or clinical faculty were more or less likely

to collaborate and share language with others compared with tenured (senior)

faculty. In addition, a dyadic effect of same rank measured whether faculty were

more likely to form collaborations or intellectual associations with others of similar

occupational status than with others of dissimilar occupational status.

Academic cultures. Differences in the development of collaborations and shared

ideas between STEM fields and non-STEM fields were assessed with a covariate for

STEM (non-STEM as reference), representing faculty members’ broader scientific

field affiliation. We compared effect sizes between STEM and non-STEM fields

using the sienaRI method (for an explanation, see Indlekofer and Brandes [2013];

for an empirical example, see Rambaran et al. [2020]).

The link between social structure and ideas. To assess whether people shared

language first and then collaborated, or vice versa, or whether there was no clear

causal direction between the two, we included two dyadic between-network effects

(one in each direction). These multiplex network effects examined whether existing

ties in one network type (existing collaboration tie [X]) affected the development and

continuation of ties in another network type (new language tie [Y]) and vice versa

(existing language tie [X] predicts new collaboration tie [Y]). A positive effect of the

collaboration network on the shared language network indicated that collaborating

faculty members were more likely to adopt or maintain similar research language

over time. The opposite effect of the shared language network on the collaboration

network indicated that faculty members who used similar research language were

more likely to (continue to) collaborate with each other in the future.

Results

Descriptive Findings

Descriptive statistics of the individual characteristics and network information

on faculty members from 1994 to 2005 can be found in Table A1 of the online

supplement. Several trends in the data show a gradual and consistent change in

the demographic makeup of the research university. Over a period of more than

10 years, faculty members were increasingly female (though 77 percent of faculty

members were male in 2005), racially diverse, and of younger age. The percentage

of clinical faculty members increased from 16 percent to 29 percent during this time.

This indicates the research university’s effort to expand their hospital and medical

school.

The average number of collaborations per faculty member (referring to average

degree) varied between 4.22 and 5.88 across all observation periods. There were

considerably more collaboration ties in the more positivist research cultures of

STEM fields—wherein the average degree varied between 5.72 and 8.32—than in

the more monastic research cultures of the humanities and social sciences, for which

the average degree of collaboration ties varied between 0.43 and 0.94.
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The average degree of shared language ties increased from an average of 7.36

in 1994 to an average of 16.45 in 2005. This indicates that faculty members shared

increasingly more ideas in scholarly articles over time. The average degree in STEM

fields varied between 11.00 and 23.85 across the observational periods, suggesting

large thought communities on campus. The average degree of shared language ties

was considerably lower in the humanities and social sciences and varied between

0.70 and 1.64, indicating that researchers in the humanities and social sciences were

similar to much fewer colleagues in their language usage.

Collaborations and shared language ties were mostly among scholars of the

same gender (66 percent to 77 percent) and of the same race (69 percent to 82

percent), but this decreased over a period of 12 years, whereas the percentages of

collaborations and of shared language ties among faculty in the same department or

field remained stable and high during this time (84 percent at the minimum). Both

collaboration and shared language networks were characterized by high volumes of

tie changes, and half of the ties were stable from one time point to the next (Jaccard

indexes were about 50 percent), yielding enough tie stability to employ longitudinal

social network analysis using the SAOM. The networks were further characterized

by moderate levels of clustering in terms of transitivity (transitivity indices were

about 20 percent).

Figure 1 shows a visualization of the collaboration core network (Figure 1A) and

the shared language core network (Figure 1C) in the second period (1998 to 2001;

visualizations of the other two periods can be found in Figures A1 and A2 of the

online supplement). These core networks include the 1,214 faculty members who

had at least one collaboration tie that was connected to the largest network structure,

and they include the 1,385 faculty with at least one shared language tie associate

with the largest structure. The colors of the nodes (representing the scholars)

indicate school affiliations in both networks. As can be clearly seen, scholars

from the medical school dominated both collaborations and shared language. The

simplified versions of the core networks (Figure 1B and 1D) show that medical

scholars had more ties within their field (indicated by the size of the node) and

most ties with other disciplines (indicated by the thicker lines to other fields). Thus,

medical scholars not only collaborated widely but they also were more “fluent” in

the language used in other disciplines. Faculty from engineering had the second

most collaborations within their discipline and relatively more collaborations and

shared language ties with the natural sciences and physics than with the other fields

(apart from medicine).

The detailed versions of the core networks (Figure 1A and 1C) show that the

sections of the network formed by faculty from medicine and engineering were

much denser and more complex than those of the other fields. There were many

central actors in these two disciplines that seem to dominate the collaborations and

shared language usages at this university. The opposite emerged to be true for the

social sciences and humanities. Faculty from these fields were quite dispersed with

only a few central nodes in the social sciences. Just as for the other fields, the bulk

of the interdisciplinary collaboration and shared language ties of social scientists

were with faculty from the medical school. In sum, these descriptive findings point

sociological science | www.sociologicalscience.com 447 September 2020 | Volume 7





Stark, Rambaran, and McFarland Meeting of Minds

to fundamental differences in collaboration and shared language networks between

STEM fields and non-STEM fields.

SIENA Findings

Table 1 presents the findings of the dynamic multiplex network analysis predicting

the coevolution of collaboration and shared language among faculty members for

the three observation periods under investigation (1994 to 1997, 1998 to 2001, and

2002 to 2005) (SAOMs performed with RSiena version 1.2-17).2 Graphical represen-

tations of the hypothetical change process in network configurations underlying

each effect can be found in Table A2 of the online supplement. The first three

columns with effect estimates (and standard errors) present the results of SIENA

analyses regarding changes in the collaboration networks and the last three columns

present the results of SIENA analyses regarding the changes in the shared language

networks.

The rate parameters in the first three rows of Table 1 (effects 1 to 3) indicate

the average number of changes (so-called change opportunities in the SAOM) in

the collaboration networks and shared language networks across each estimation

period consisting of four consecutive years each. The rate of change fluctuated

somewhat between the three estimation periods. The larger estimates of the rate

parameters for the language ties indicate a higher average number of changes in

the shared language networks than in the collaboration networks (see Table A3 of

the online supplement for tests of whether the effects were significantly different

in the collaboration and shared language networks), suggesting that language ties

had a relatively higher turnover rate than did collaboration ties.

Structural effects. In accordance with the low density of the collaboration and

shared language networks, the negative effects of degree (effect 4 in Table 1) in-

dicates, considering the large network size, a low probability of faculty members

collaborating with other faculty members or having similar language as colleagues.

Net of degree, the positive transitive triads effects (effect 5) show that faculty were

likely to form clusters and to forge third-party ties in collaboration and shared

language networks. That is, they engaged in social and intellectual closure.

Degree of alter effects (effect 6) tell a different story. For collaboration, degree

of alter became more positive from period 1 to period 2 (and remained positive

in period 3), which suggests that as time proceeded, faculty members preferred

to (continue to) collaborate with well-connected colleagues.3 By contrast, well-

connected faculty members persisted in not collaborating with each other as shown

by a negative degree assortativity effect in period 2 and small and nonsignificant

coefficients in the other two periods (effect 7). Thus, collaboration networks were

clustered and became increasingly centralized on faculty bridges, but these bridges

were not particularly likely to collaborate with each other. Instead faculty with

many collaborations tended to collaborate with those with fewer collaborations.

Shared language networks entail different structural properties. The positive

effects for degree of alter in language networks indicates that faculty who shared

language with many colleagues attracted even more ties over time. This suggests

that faculty members preferred connecting with alters who were already intellectual
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Table 1: Results from dynamic multiplex network models predicting coevolution of collaboration and shared
language among faculty members between 1994 and 2005.

Panel 1: Collaboration Network Panel 2: Shared Language Network
1994–1997 1998–2001 2002–2005 1994–1997 1998–2001 2002–2005

(N = 1, 699) (N = 1, 923) (N = 2, 023) (N = 1, 699) (N = 1, 923) (N = 2, 023)

Rate Parameter
1. Network rate t1→t2 5.78† 8.50† 5.27† 10.63† 17.48† 17.90†

(0.22) (0.28) (0.17) (0.29) (0.41) (0.31)
2. Network rate t2→t3 9.94† 9.28† 4.45† 12.13† 15.13† 19.58†

(0.50) (0.36) (0.13) (0.28) (0.31) (0.32)
3. Network rate t3→t4 4.63† 5.00† 7.10† 13.37† 17.77† 18.85†

(0.18) (0.18) (0.21) (0.32) (0.33) (0.31)
Structure Effects
4. Degree (density) −4.55†

−4.24†
−4.47†

−3.97†
−3.71†

−3.55†

(0.07) (0.04) (0.04) (0.04) (0.02) (0.02)
5. Transitive triads (clustering) 0.34† 0.44† 0.24† 0.13† 0.08† 0.09†

(0.01) (0.01) (0.01) (0.002) (0.001) (0.001)
6. Degree of alter (centralization)a

−0.003 0.003 0.004† 0.001 0.002† 0.002†

(0.002) (0.002) (0.001) (0.001) (0.000) (0.000)
7. Degree assortativity (stratification) 0.001 −0.02†

−0.005 0.01† 0.01†
−0.003†

(0.01) (0.01) (0.003) (0.002) (0.001) (0.001)
Individual Effectsb

8. Age (older) −0.02†
−0.02†

−0.02†
−0.02†

−0.02†
−0.01†

(0.001) (0.001) (0.001) (0.001) (0.001) (0.00)
9. Male (ref = female) 0.07 −0.004 −0.02 −0.07†

−0.01 −0.10†

(0.04) (0.03) (0.02) (0.02) (0.02) (0.01)
10. Minority group (ref = white) −0.06 0.02 0.02 −0.04 0.03 0.04†

(0.04) (0.03) (0.03) (0.03) (0.02) (0.01)
11. STEM (ref = non-STEM) 0.10† 1.00† 0.82† 0.98† 0.71† 0.77†

(0.05) (0.04) (0.04) (0.03) (0.02) (0.01)
12. Untenured (ref = tenured) −0.42†

−0.26†
−0.02 −0.34†

−0.25†
−0.08†

(0.03) (0.03) (0.03) (0.02) (0.02) (0.01)
13. Clinical faculty (ref = tenured) −0.26†

−0.16† 0.02 −0.39†
−0.51†

−0.24†

(0.02) (0.02) (0.02) (0.02) (0.01) (0.01)
Dyadic Effects
14. Same affiliations (opportunity) 0.84† 0.58† 0.71† 0.28† 0.39† 0.35†

(0.02) (0.02) (0.02) (0.01) (0.01) (0.01)
15. Similar age 0.66† 0.49† 0.56† 0.37† 0.08 0.25†

(0.08) (0.08) (0.08) (0.05) (0.04) (0.04)
16. Same gender 0.11† 0.08† 0.10† 0.07† 0.09† 0.11†

(0.04) (0.03) (0.03) (0.03) (0.02) (0.01)
17. Same race 0.04 −0.06 0.06 0.04 −0.004 0.03∗

(0.05) (0.04) (0.03) (0.03) (0.02) (0.02)
18. Same rank −0.34†

−0.05∗ −0.20†
−0.26†

−0.12† 0.04†

(0.03) (0.02) (0.02) (0.02) (0.01) (0.01)
Cross-Network Effects
19. Existing tie X → new tie Y 1.09† 1.01† 1.23† 1.43† 1.49† 1.26†

(0.04) (0.04) (0.04) (0.05) (0.04) (0.03)

Notes: Significance tests performed by dividing the estimates by its standard error resulting in t values, which under the null hypothesis
are approximately normally distributed (Ripley et al. 2020). Convergence statistics adhered to the usual criteria for convergence: all
parameters had t ratios < 0.10; overall maximum convergence ratio < 0.25. aDegree of alter was assessed with the degPlus effect in
RSiena, which operates as the degree popularity combined with the degree activity effect under the assumption that the parameters for

both are the same. bIndividual effects were assessed with the egoPlusAltX effect in RSiena because for undirected networks the model
cannot distinguish senders from receivers (see RSiena manual for details). Standard errors are in parentheses under estimates.
† p < 0.01; ∗ p < 0.05 (two-tailed test).
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bridges in the university. Moreover, the positive degree assortativity effects in the

first two periods indicate that faculty who shared language with many others

(intellectual bridges) tended to share one another’s language as well. Thus, the

intellectual bridges were central intellectual hubs in the university. However, this

tendency changes over time. A negative degree assortativity effect in the last period

shows that these intellectual bridges were less likely to share language with each

other in the last period. This suggests that intellectual bridges became less of a hub

over time and spread out into the university.

Opportunity effects. The positive effects of same affiliations (effect 14) indicate

that the more scholars shared organizational foci (same field, same department),

the more likely they were to collaborate and to share language over time. Thus, net

of network structure, networks of collaboration, and shared language were partly

driven by shared affiliation in departments, schools, and field. This was probably

due to a combination of greater contact opportunities within organizational foci

and a higher likelihood of overlapping research interests within the same research

discipline.

Preferences. There was evidence for age and gender homophily in all periods

(effects 15 and 16 in Table 1): Collaborations and shared language use were more

likely between faculty members with the same gender or of similar age. The odds

of collaborations and shared language use were particularly high among younger

faculty than among older faculty (see Figures A4 and A5 of the online supplement

for details).4 The odds of female–male collaborations and shared language ties were

especially low, and interestingly, gender homophily in the language networks was

mostly driven by female scholars connecting to other female scholars linguistically.

This shows that these two demographic factors foster clustering in networks of

collaboration and of shared language.

There was no clear indication for identical processes to be found based on

faculty’s race. Two faculty members had no higher tendency to collaborate or to

share language if they both belonged to the same race category (either non-Hispanic

white or both minority) in the first two periods. After 2002, there was some evidence

for race homophily. Collaborations were more likely when faculty belonged both

to a minority group. Shared language ties were much more likely among scholars

from racial minority groups than among non-Hispanic white scholars or faculty

from the racial majority and minority groups.

Academic rank. All estimates of being untenured or clinical faculty (compared

with being tenured; effects 12 and 13 in Table 1) were negative and significant

(except for collaborations in period 3). This indicates that, net of age effects, tenured

faculty members were more likely to forge new collaborations and maintain ongoing

ones, and they were more likely to share language with colleagues than untenured

and clinical faculty members. As such, tenured faculty appear to play a leadership

role in forging centralized networks and a wider intellectual hub. We note, however,

that across the board there was a downward trend (see Table A4 of the online

supplement for the comparison of estimates), indicating that untenured and clinical

faculty were catching up with their tenured colleagues to having nearly the same

volumes of collaborations and shared language ties in the last period of investigation

(2002 onward).
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The effects of same rank (effect 18) were negative and significant for the col-

laboration networks, which suggests that faculty with the same academic ranks

were less likely to collaborate with each other. Same rank was also associated with

a lower likelihood for a shared language tie in the first two periods. This means

that strategic decisions may have led to localized exchange relations between junior

and senior faculty. However, the effect of same rank was positive and significant in

the last period of the shared language network. This may suggest that, at least for

shared use of language, strategic decisions may have become less important in the

2000s.

Cross-network effects. The likelihood for tie creation and maintenance in the

collaboration network was predicted by an existing tie in the language network,

and vice versa, across all periods. These results indicated bidirectional causality

(or cyclic causation) between collaboration and shared language: existing shared

language ties predicted future collaboration ties, and existing collaboration ties

predicted future shared language ties (see effect 19 in Table 1). This suggests there

is a feedback process between shared language and collaborations reinforcing each

other over time. The effects of collaboration ties on language ties were stronger than

vice versa in the first two periods and were of equal strength in the last period (see

Table A3 of the online supplement for the comparison of estimates). The balance

thus subtly flips from collaborations that have greater influence on shared language

in the 1990s to shared language guiding associations equally in the 2000s. This

means that there was evidence for the perspective that social structure leads to the

development of shared ideas in the first period and that shared ideas and social

structure became co-constitutive in the last period.

Academic cultures. The results also reflected a distinct culture of knowledge

production in STEM fields and non-STEM fields. The main effect of STEM (effect

11) was strongly positive in the collaboration network in each period. This indicates

that faculty in STEM fields were far more likely to develop new and maintain

collaborations with colleagues than scholars in the humanities and social sciences.

STEM faculty were also more likely to share language with colleagues as indicated

by the significant and positive effects in the language networks of each period.

However, this difference became significantly smaller (z = −9.13, p < 0.001) over

time, indicating the increasing use of similar language also among non-STEM

faculty.

To illustrate the extent to which the two scientific cultures (STEM and non-

STEM fields) differ in shared language, and in what way they constitute distinct

communities of collaboration, we summarize for each explanation its relative im-

pact within the two scientific cultures. Figure 2 shows that degree, or the general

tendency of faculty to form and maintain collaborations (Figure 2A) and shared

language (Figure 2B), had the strongest relative importance in explaining tie forma-

tion. For both STEM and non-STEM fields, this accounted for about two-fifths of

the decision-making process in both networks and across the three periods. The

sizeable contribution of degree for both STEM and non-STEM faculty means that

the other factors included in our model explained fewer decisions made in both

fields. For non-STEM faculty, their choices to collaborate and share language was

weakly related to the other factors in our model: opportunity and homophily con-
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(B) Influences on shared language (1994–2005)

Figure 2: Relative importance of effects contributing to collaborations (A) and shared language (B) among
non-STEM (first column) and STEM (second column) faculty members (averages and variation shown across
time). Shared language = existing tie X in shared language network → new tie Y effect in collaboration
network. Collaboration = existing tie X in collaboration network → new tie Y effect in language network.
Homophily = same attributes (same gender, same race, and similar age). Opportunity = same environment
(same scientific field and same department). Structure = transitive triads effect (clustering), degree of alter
effect (centralization), and degree assortativity effect (stratification). Degree = degree effect (density).

tributed, at most, 10 percent of the tie formation process, whereas the other factors

contributed even less.

For STEM faculty, their choices to collaborate and share language were driven

by multiple factors, but mainly by network structure (10 percent to 19 percent)

and opportunity (6 percent to 15 percent), and to a lesser extent by homophily or

preferences (at most 7 percent). Controlling for everything else in the model, the

importance of cross-network effects was strikingly low, particularly for non-STEM

fields (1 percent at most). For STEM, it was slightly higher but still of relatively

lower significance compared with the other explanations (5 percent at most). In

sum, these results show that the processes underlying tie formation in the STEM

and non-STEM fields were fundamentally different. Collaboration and shared

language in the STEM fields were more strongly driven by structural processes such

as clustering and centralization, whereas scholars’ preferences played a greater role

in the non-STEM fields.

Robustness Check: Co-citation Networks

To validate the findings based on our new measure of shared language use, we ana-

lyzed the coevolution of collaborations and co-citation as an alternative indicator of

shared ideas (see Table A5 of the online supplement). Most of our previous findings

reappeared in these analyses. Clustering (transitive triads) and stratification (degree

assortativity) reappeared as important structural processes. Interestingly, centraliza-

tion also played an important role in the co-citation networks; however, the effect

of degree of alter was negative here (as opposed to positive in the shared language

networks). This shows that faculty who shared citations with many others tended

to not attract further co-citations. The effects for academic rank and opportunity

replicated likewise and so did the effects for preferences with regard to gender
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and race. In contrast with the shared language networks, being of similar age did

not affect faculty’s likelihood to cite the same articles in most periods. Existing

collaboration had a sway over shared ideas (co-citations) in the first period, but the

cross-network effects became equally strong in the 2000s. Just like in the language

networks, we found in the co-citation networks that STEM faculty had a higher

likelihood of sharing ideas (cite the same articles) than non-STEM faculty and that

this difference became smaller in the later periods. In sum, the robustness check

suggests that our new measure of shared ideas among academics produced sensible

results.

Discussion and Conclusion

In this article, we have asked what structure scholars’ intellectual communities have

and how faculty members structure themselves socially and intellectually within a

research university. Sociology of science, organization studies, and social theory

have proposed various theoretical accounts for the development of collaboration

and the emergence of thought communities. Explanations have focused on scholars’

opportunities to meet (Blau 1973; Kabo et al. 2015), their preferences or strategic

decisions to get access to resources or knowledge (Kossinets and Watts 2009; van

Rijnsoever et al. 2008), structural processes such as clustering and balkanization

(Friedkin 1978; Kadushin 1976; Kuhn 1970), centralization (Azoulay et al. 2010), or

stratification (Kagan 2009; Newman 2004). Moreover, modern day sociologists’ the-

orizing allows predictions about the causal order of social affiliation (collaboration)

and culture (shared ideas) (Mannheim 1936; Marx 2000; Simmel 1971; Weber 2002).

We provided the first simultaneous test of these various theoretical predictions us-

ing unique social network data of a large scientific community at one large private

U.S. research university. In so doing, we analyzed ideational structures in terms

of shared language use of scientists—something heretofore relatively unexplored

(Foster et al. 2015). Moreover, we applied a new and powerful method for longitu-

dinal social network analysis, an approach that is scarcely used to understand the

development of shared cultures despite its ability to disentangle various competing

hypotheses (Lewis, Gonzalez, and Kaufman 2012; Lewis and Kaufman 2018).

Structural Processes

Results suggest that the network structure of collaboration and of shared language

at this university was organized by a continuous process of clustering and central-

ization on social and intellectual bridges. Clustering in cohesive groups of scholars

and of shared ideas was evident in all periods, suggesting stability of research effort

(Friedkin 1978; Moody 2004; Moody and Light 2006). In the 2000s, there was also

strong evidence for the centralization around some highly active scholars (bridges)

but no evidence for stratification. This indicates that these social bridges did not

collaborate with each other, which could point toward status competition among

successful academics (Lazega et al. 2016). Instead, the intellectual bridges formed

an intellectual hub in the language network, which eventually diminished in the

last period. These results all reflect the strong presence of interdisciplinary research
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in the university and a focus on highly visible and productive scholars. These

social brokers, or interdisciplinary stars (Azoulay et al. 2010), were enabled by the

university to form clusters of research (labs) and associated with new faculty. And

these efforts were often focused into larger research hubs called interdisciplinary

centers and institutes. These centers built on an existing intellectual hub and in-

stitutionalized similar efforts elsewhere, spreading the style of research of these

interdisciplinary bridges to other parts of the university to increase research output

(Biancani et al. 2014; Mäkinen et al. 2020).

Opportunity and Preferences

The opportunity to interact as a member of the same field and department was

among the most relevant predictor of collaborations and shared language. Face-to-

face interactions in local contexts have been found to be important success factors

in research (Kabo et al. 2014; Lee et al. 2010) and for the influence of other’s ideas

(Friedkin 1998; Rawlings et al. 2015). In part, this result not only reflects an effect of

the opportunity to meet but also the increased likelihood for overlapping research

interest of members of the same field and department.

Net of opportunity effects, we found little evidence of selection into collabora-

tions and shared interests based on racial background but rather saw it emerge from

the pressures of gender, age, and academic rank (Kossinets and Watts 2009; Zhang

et al. 2018). Men and women were equally likely to collaborate, but collaboration

was more likely to take place among faculty of the same gender. Language was

also more likely to be shared among scholars of the same gender and this was

mainly driven by female scholars using similar language as other female scholars.

Concerning age and rank, it seems younger faculty integrated themselves into

collaborations and shared intellectual pursuits more than older faculty. This is

in line with van Rijnsoever and colleagues’ (2008) finding of fewer collaborations

among older scientists.

Higher-ranking persons were most equipped to take advantage of collaboration

opportunities at the university. Net of age, tenured faculty were more likely to

collaborate and to share language with colleagues than untenured or clinical faculty.

In effect, our results suggest that youngish tenured faculty seemed most likely to

select into the core of the research community. Moreover, faculty members of the

same rank were less likely to collaborate or share language. This is in line with

the notion of localized exchange relations, where collaborations are the result of

strategic decisions in the pursuit of skills, knowledge, and visibility (Dahlander

and McFarland 2013; Melin 2000). However, untenured scholars nearly caught

up over time with their tenured colleagues in forging collaborations and sharing

language. This, again, fits the efforts of interdisciplinary centers to build off stars

and to spread their interdisciplinary mode of collaboration to younger faculty.

Correspondence between Social Structure and Ideas

There was evidence for causal effects of collaboration and sharing research language

on each other. The causal path was initially stronger from collaboration to shared

language in the 1990s and reached parity in the 2000s. This suggests that Marx (2000)
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and Mannheim’s (1936) structural argument had greater relevance in academe of

the 1990s; a meeting of persons was more likely to precede a meeting of minds

than vice versa. The equally strong dual causal relation we observed in the 2000s

suggests that research interests and associations co-constituted one another equally

in later years. This is in line with Simmel’s (1971) notion of dualism where form

and content are the flip sides of the same coin. The increasing importance of shared

ideas for the development of scientific discovery may be due, in great part, to

technological advances—the ability to search for texts and identify colleagues of

relevance online as opposed to serendipitously falling upon them via proximity in

hallways and on bookshelves (Evans 2008).

Analysis of relative importance (Indlekofer and Brandes 2013) revealed that ex-

isting collaborations (structure) or shared language (culture) had only very limited

impact on each other. This finding is rather surprising given the prominent interest

of cultural sociologists on the effect of culture on the development of social and

vice versa (Edelmann and Vaisey 2014; Lewis and Kaufman 2018; Lizardo 2006).

Other predictors, such as the opportunity to meet, scientists’ preferences, and par-

ticularly the structural embeddedness turned out to be much more predictive of the

academic discovery process. This shows that failing to account for such alternative

processes might lead to drawing premature conclusions about the interrelation

of collaboration and shared interests. Interestingly, structural processes—such as

centralization, clustering, and stratification—were among the strongest predictors

for the emergence of shared research ideas and became particularly important in

the 2000s. This suggests that a stronger focus on the structure underlying cultural

communities may advance our understanding of their development. Our approach

of considering not only collaboration but also culture as a social structure (Foster

et al. 2015) and modeling them simultaneously may prove particularly fruitful in

future research.

Academic Cultures

We found clear distinctions between the two scientific cultures described by Snow

(1959). STEM faculty were far more likely to engage in collaborations and shared

language than non-STEM faculty. This fits with Kuhn’s (1970) description of the

non-STEM fields as preparadigmatic and lacking a cogent thought style. There

was an increase in collaborations and shared language ties over time, as the entire

university ratcheted up production and non-STEM faculty adopted team science

endeavors and published more in journals and not just books. The steep increase of

shared language ties in the STEM fields from 11 on average in 1994 to nearly 24 in

2005 reflects, to some extent, that the university’s interdisciplinary initiatives began

in STEM fields and that the culture of interdisciplinary team science diffused more

broadly in the university. However, also at the end of our observation period, STEM

faculty continued to have considerably more collaborations and shared language

ties than non-STEM faculty.

The opportunity to interact and, particularly, structural processes appeared

to be the more important predictors of collaborations and shared language use

among STEM faculty. Both factors slowly crept upward in salience over time, which
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suggests that STEM faculty expanded their associations via research language

with proximate colleagues and through clustering and centralization. Structural

processes played a much smaller role in the non-STEM fields. Shared language

and particularly collaborations were more strongly driven by the opportunity to

interact and scholars’ preferences. However, the relative importance of structural

processes increased considerably in the 2000s. This is in line with the interpretation

of non-STEM faculty starting to adopt the team science approach prevalent in STEM

fields.

Limitations and Future Research

Our analysis faces some potential limitations. First, using the same language in

academic articles may indicate shared knowledge and influence between two faculty

members, but it remains unclear at which point the body of work of two scholars

can be considered similar. We used a cutoff value for shared language that was data

driven, producing networks that allowed us to apply SAOMs using SIENA. The

robustness checks with co-citation networks as an entirely independent and more

commonly used measure of academics’ similarity gives confidence in our results.

However, we are looking forward to replications of our findings with a different

operationalization of shared ideas or research interests among academics.

Second, our data were restricted to faculty members of only one university.

Although this data set gave us detailed insights into a large community of scholars

and their background characteristics, allowing a unique view on the development

of collaboration and thought communities, it remains unclear how well the findings

generalize to other academic settings. Our investigated research university has

heavily promoted multidisciplinary research in the period from which our data

stem (Biancani et al. 2018; Mäkinen et al. 2020). This may have intensified the devel-

opment of hierarchical structures in which research clustered around academic stars

and junior faculty sought collaboration and intellectual integration with established

and tenured faculty. Should similarly detailed data of other campuses become

available, recent developments in multilevel modeling of SAOMs using SIENA

(Ripley et al. 2020) offer a means to compare processes across different contexts.

Replication with data from another campus may also help improve understand-

ing of how much our results were influenced by the dominant position of the

medical school at this university. Our visual inspection of the data showed that

medical scholars were most active in terms of collaborations and sharing language,

both within their field and with other fields. In part, this is because medical fac-

ulty publish articles in greater volumes (with many coauthors) and at a greater

pace than scholars from some other fields who write books (slow science of the

social sciences and humanities) or publish in conference proceedings (fast science

of technology, engineering, and mathematics). Moreover, medical faculty at this

particular university rely on grants for research (and thus collaborations), whereas

many faculty members from other schools do not.

Academics’ collaborations and adoption of shared ideas may take different

forms in the larger scientific community than they do within a single institution.

Scholars can be academic stars within their discipline and attract many collaborators
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from other universities and inspire many colleagues from around the world to

adopt their ideas. These scholars might, however, not be well embedded in the

academic network of their own institutions and instead focus all attention on outside

collaborators. Similarly, faculty members that form social and intellectual hubs at

their own university may not be well embedded in the larger scientific community.

Thus, the structure of collaboration and shared idea networks across institutions

and across disciplines may differ systematically from what we found within the

one university that we studied here.

In sum, our approach of modeling the coevolution of collaboration and shared

ideas in the form of social structures provides many novel insights in the academic

discovery process. We are looking forward to future applications of this approach

in other settings to test the various theoretical accounts for the development of

collaboration and the emergence of thought communities.

Notes

1 More recently, Kagan (2009) has expanded the dichotomy and argues there are three

academic cultures, in which STEM, social sciences, and humanities have distinctive logics

of research. Clearly there is a plenitude of theories concerning styles of scholarship and

research dating back to Kant’s Metaphysics of Morals. Even depictions of sociological

theory characterize different national styles (British, German, and American strands with

different styles—see Levine 1995). The point here is not which theory of thought styles

most pertains but rather whether actors variably adhere to different thought styles and if

that intellectual adherence influences interpersonal relations and vice versa.

2 We assessed goodness of fit by comparing the observed networks to simulated networks

based on the models in Table 1 with regard to auxiliary statistics that were not explicitly

modelled (Lospinoso 2012). This approach indicates how well the models captured

the dynamics of the collaboration and shared language networks. We focused on one

particularly important auxiliary statistic, the degree distribution, that represented here

the distribution of the number of collaborators or colleagues with similar language use

in the entire network. The p values from the Mahalanobis distance tests were all less

than 0.05, which indicated overall poor fit of the models for degree. Visual inspections

of the goodness-of-fit plots (see Figure A3 of the online supplement) showed that the

models underestimated the number of people without collaborators and the number of

people who did not share language with anyone (isolates), whereas the amount of people

with only few collaborators or who shared language with only few were overestimated.

Unfortunately, poor model fit is typical for applications of SAOMs to large networks

because “larger networks may contain greater internal heterogeneity that current models

are unable to satisfactorily represent” (Lewis and Kaufman 2018:1736).

3 Only the effects that were significantly different from each other across periods are

discussed. Table A4 of the online supplement presents significance tests of the same effect

in the same network type between periods. We tested for differences between parameter

estimates using z score tests, assuming equal variance across groups (with estimates

Est.a and Est.b and standard errors s.ea and s.eb, respectively), with the following formula:

(Est.a−Est.b) / sqrt(s.e2
a+s.e2

b), which under the null-hypothesis of equal parameters has

an approximately standard normal distribution (Rambaran et al. 2013; Ripley et al. 2020).

4 Interpretation of the homophily parameters for age, gender, and race requires taking

the main effects into account as well. This is done with ego-alter selection figures in
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Appendix E of the online supplement. Note that for undirected networks the model

cannot distinguish senders from receivers, meaning that we can only calculate the odds

of tie formation between, for instance, males, females, and between males and females

(without direction).

References

Abbott, Andrew. 2001. Chaos of Disciplines. Chicago, IL: University of Chicago Press.

Abbott, Andrew. 2009. “Organizations and the Chicago School.” Pp. 399–420 in The Oxford

Handbook of Sociology and Organization Studies: Classical Foundations, edited by Paul Adler.

New York, NY: Oxford University Press.

Azoulay, Pierre, Joshua S. Graff Zivin, and Jialan Wang. 2010. “Superstar Extinction.”

Quarterly Journal of Economics, 125:549–89. https://doi.org/10.1162/qjec.2010.125.

2.549.

Biancani, Susan, Linus Dahlander, Daniel A. McFarland, and Sanne Smith. 2018. “Superstars

in the Making? The Broad Effects of Interdisciplinary Centers.” Research Policy 47:543–57.

https://doi.org/10.1016/j.respol.2018.01.014.

Biancani, Susan, Daniel A. McFarland, and Linus Dahlander. 2014. “The Semiformal Organi-

zation.” Organization Science 25:1306–24. https://doi.org/10.1287/orsc.2013.0882.

Blau, Peter M. 1973. The Organization of Academic Work. New York, NY: Wiley.

Blau, Peter M. 1977. Inequality and Heterogeneity: A Primitive Theory of Social Structure. New

York, NY: Free Press.

Block, Per, Christoph Stadtfeld, and Tom A. B. Snijders. 2019. “Forms of Dependence:

Comparing SAOMs and ERGMs from Basic Principles.” Sociological Methods and Research

48:202–39. https://doi.org/10.1177/0049124116672680.

Borgatti, Stephen P., and Rob Cross. 2003. “A Relational View of Information Seeking and

Learning in Social Networks.” Management Science 49:432–45. https://doi.org/10.

1287/mnsc.49.4.432.14428.

Bourdieu, Pierre. 1975. “The Specificity of the Scientific Field and the Social Conditions of

the Progress of Reason.” Social Science Information 14:19–47. https://doi.org/10.1177/

053901847501400602.

Bourdieu, Pierre. 1984. Distinction. A Social Critique of the Judgement of Taste. London:

Routledge Kegan & Paul.

Bourdieu, Pierre. 1988. Homo Academicus (English Edition). Stanford, CA: Standford University

Press.

Bourdieu, Pierre. 2000. Pascalian Meditations. Stanford, CA: Standford University Press.

Bourdieu, Pierre. 2004. Science of Science and Reflexivity. Chicago, IL: Chicago University

Press.

Burt, Ronald S. 2002. “Bridge Decay.” Social Networks 24:333–63. https://doi.org/10.

1016/S0378-8733(02)00017-5.

Byrne, Donn E. 1971. The Attraction Paradigm. New York, NY: Academic Press.

Centola, Damon, and Michael Macy. 2007. “Complex Contagions and the Weakness of Long

Ties.” American Journal of Sociology 113:702–34. https://doi.org/10.1086/521848.

Collins, Randall. 1994. “Why the Social Sciences Won’t Become High-Consensus,

Rapid-Discovery Science.” Sociological Forum 9:155–77. https://doi.org/10.1007/

BF01476360.

sociological science | www.sociologicalscience.com 459 September 2020 | Volume 7



Stark, Rambaran, and McFarland Meeting of Minds

Crane, Diana. 1972. Invisible Colleges: Diffusion of Knowledge in Scientific Communities. Chicago,

IL: University of Chicago Press.

Dahlander, Linus, and Daniel A. McFarland. 2013. “Ties that Last: Tie Formation and

Persistence in Research Collaborations over Time.” Administrative Science Quarterly 58:69–

110. https://doi.org/10.1177/0001839212474272.

Durkheim, Emile. [1893] 1933. The Division of Labor in Society. Reprint, Glencoe, IL: Free

Press.

Edelmann, Achim, and Stephen Vaisey. 2014. “Cultural Resources and Cultural Distinction

in Networks.” Poetics 46:22–37. https://doi.org/10.1016/j.poetic.2014.08.001.

Evans, James A. 2008. “Electronic Publication and the Narrowing of Science and Scholarship.”

Science 321:395–99. https://doi.org/10.1126/science.1150473.

Feld, Scott L. 1981. “The Focused Organization Of Social Ties.” American Journal of Sociology

86:1015–35. https://doi.org/10.1086/227352.

Ferligoj, Anuška, Luka Kronegger, Franc Mali, Tom A. B. Snijders, and Patrick Doreian.

2015. “Scientific Collaboration Dynamics in a National Scientific System.” Scientometrics

104:985–1012. https://doi.org/10.1007/s11192-015-1585-7.

Festinger, Leon, Stanley Schachter, and Kurt Back. 1950. Social Pressures in Informal Groups: A

Study of a Human Factors in Housing. New York, NY: Harper.

Fleck, Ludwik. 1979. The Genesis and Development of a Scientific Fact. Chicago, IL: University

of Chicago Press.

Foster, Jacob G., Andrey Rzhetsky, and James A. Evans. 2015. “Tradition and Innovation in

Scientists’ Research Strategies.” American Sociological Review 80:875–908. https://doi.

org/10.1177/0003122415601618.

Friedkin, Noah E. 1978. “University Social Structure and Social Networks among Scientists.”

American Journal of Sociology 83:1444–65. https://doi.org/10.1086/226708.

Friedkin, Noah E. 1998. A Structural Theory of Social Influence. Cambridge: Cambridge

University Press. https://doi.org/10.1017/CBO9780511527524.

Friedkin, Noah E. 2009. “Jaccard-Spline Index of Structural Proximity in Contact Networks.”

Social Networks 31:76–84. https://doi.org/10.1016/j.socnet.2008.10.002.

Goldberg, Amir, Sameer B. Srivastava, V. Govind Manian, William Monroe, and Christopher

Potts. 2016. “Fitting In or Standing Out? The Tradeoffs of Structural and Cultural

Embeddedness.” American Sociological Review 81:1190–222. https://doi.org/10.1177/

0003122416671873.

Goldberg, Amir, and Sarah K. Stein. 2018. “Beyond Social Contagion: Associative Diffusion

and the Emergence of Cultural Variation.” American Sociological Review 83:897–932. https:

//doi.org/10.1177/0003122418797576.

Hearn, James C. 2007. “Sociological Studies of Academic Departments.” Pp. 222–65 in

Sociology of Higher Education: Contributions and Their Contexts, edited by P. J. Gumport.

Baltimore, MD: Johns Hopkins University Press.

Indlekofer, Natalie, and Ulrik Brandes. 2013. “Relative Importance of Effects in Stochastic

Actor-Oriented Models.” Network Science 1:278–304. https://doi.org/10.1017/nws.

2013.21.

Jacobs, Jerry A., and Scott Frickel. 2009. “Interdisciplinarity: A Critical Assessment.” Annual

Review of Sociology 35:43–65. https://doi.org/10.1146/annurev-soc-070308-115954.

Kabo, Felichism W., Natalie Cotton-Nessler, Yongha Hwang, Margaret C. Levenstein, and

Jason Owen-Smith. 2014. “Proximity Effects on the Dynamics and Outcomes of Scientific

sociological science | www.sociologicalscience.com 460 September 2020 | Volume 7



Stark, Rambaran, and McFarland Meeting of Minds

Collaborations.” Research Policy 43:1469–85. https://doi.org/10.1016/j.respol.2014.

04.007.

Kabo, Felichism, Yongha Hwang, Margaret Levenstein, and Jason Owen-Smith. 2015.

“Shared Paths to the Lab: A Sociospatial Network Analysis of Collaboration.” Envi-

ronment and Behavior 47:57–84. https://doi.org/10.1177/0013916513493909.

Kadushin, Charles. 1976. “Networks and Circles in the Production of Culture.” American

Behavioral Scientist 19:769–84. https://doi.org/10.1177/000276427601900607.

Kagan, Jerome. 2009. The Three Cultures: Natural Sciences, Social Sciences, and the Humanities

in the 21st Century. New York, NY: Cambridge University Press. https://doi.org/10.

1017/CBO9780511576638.

Klein, Julie T. 2008. “Evaluation of Interdisciplinary and Transdisciplinary Research. A

Literature Review.” American Journal of Preventive Medicine 35:S116–23. https://doi.

org/10.1016/j.amepre.2008.05.010.

Knorr Cetina, Karin. 1999. Epistemic Cultures: How the Sciences Make Knowledge. Cambridge,

MA: Harvard University Press.

Kossinets, Gueorgi, and Duncan J. Watts. 2009. “Origins of Homophily in an Evolving Social

Network.” American Journal of Sociology 115:405–50. https://doi.org/10.1086/599247.

Kuhn, Thomas S. 1970. The Structure of Scientific Revolutions. 2nd ed. Chicago, IL: Chicago

University Press.

Lazega, Emmanuel, Avner Bar-Hen, Pierre Barbillon, and Sophie Donnet. 2016. “Effects

of Competition on Collective Learning in Advice Networks.” Social Networks 47:1–14.

https://doi.org/10.1016/j.socnet.2016.04.001

Lazega, Emmanuel, and Philippa E. Pattison. 1999. “Multiplexity, Generalized Exchange

and Cooperation in Organizations: A Case Study.” Social Networks 21:67–90. https:

//doi.org/10.1016/S0378-8733(99)00002-7.

Lee, Kyungjoon, John S. Brownstein, Richard G. Mills, and Isaac S. Kohane. 2010. “Does

Collocation Inform the Impact of Collaboration?” PLoS One 5:e14279. https://doi.org/

10.1371/journal.pone.0014279.

Levine, Donald N. 1995. Visions of the Sociological Tradition. Chicago, IL: University of Chicago

Press.

Lewis, Kevin, Marco Gonzalez, and Jason Kaufman. 2012. “Social Selection and Peer

Influence in an Online Social Network.” PNAS 109:68–72. https://doi.org/10.1073/

pnas.1109739109.

Lewis, Kevin, and Jason Kaufman. 2018. “The Conversion of Cultural Tastes into Social

Network Ties.” American Journal of Sociology 123:1684–742. https://doi.org/10.1086/

697525.

Lizardo, Omar. 2006. “The Puzzle of Women’s ‘Highbrow’ Culture Consumption: Integrating

Gender and Work into Bourdieu’s Class Theory of Taste.” Poetics 34:1–23. https://doi.

org/10.1016/j.poetic.2005.09.001.

Lospinoso, Joshua A. 2012. “Statistical Models for Social Network Dynamics.” PhD disserta-

tion, Magdalen College, University of Oxford. Retrieved from Semantic Scholar.

Lospinoso, Joshua A., Michael Schweinberger, Tom A. B. Snijders, and Ruth M. Ripley.

2011. “Assessing and Accounting for Time Heterogeneity in Stochastic Actor Oriented

Models.” Advances in Data Analysis and Classification 5:147–76. https://doi.org/10.

1007/s11634-010-0076-1.

sociological science | www.sociologicalscience.com 461 September 2020 | Volume 7



Stark, Rambaran, and McFarland Meeting of Minds

Mäkinen, Elina I., Eliza D. Evans, and Daniel A. McFarland. 2020. “The Patterning of Collab-

orative Behavior and Knowledge Culminations in Interdisciplinary Research Centers.”

Minerva 58:71–95. https://doi.org/10.1007/s11024-019-09381-6.

Mannheim, Karl. 1936. Ideology and Utopia. London: Routledge.

Manning, Christopher D., Prabhakar Raghavan, and Hinrich Schütze. 2008. Introduction to

Information Retrieval. Cambridge: Cambridge University Press. https://doi.org/10.

1017/CBO9780511809071.

Martin, John Levi. 2011. Social Structures. Princeton, NJ: Princeton University Press.

Marx, Karl. 2000. Karl Marx: Selected Writings, edited by D. McLellan. 2nd ed. Oxford:

Oxford University Press.

McLean, Paul. 2017. Culture in Networks. Cambridge: Polity Press.

McPherson, Miller, Lynn Smith-Lovin, and James M. Cook. 2001. “Birds of a Feather:

Homophily in Social Networks.” Annual Review of Sociology 27:415–44. https://doi.

org/10.1146/annurev.soc.27.1.415.

Melin, Göran. 2000. “Pragmatism and Self-Organization: Research Collaboration on the In-

dividual Level.” Research Policy 29:31–40. https://doi.org/10.1016/S0048-7333(99)

00031-1.

Merton, Robert K. 1968. “The Matthew Effect in Science: the Reward and Communication

Systems of Science are Considered.” Science 159:606–23. https://doi.org/10.1126/

science.159.3810.56.

Merton, Robert K. 1973. The Sociology of Science: Theoretical and Empirical Investigations.

Chicago, IL: University of Chicago Press.

Merton, Robert K. 1976. Sociological Ambivalence and Other Essays. New York, NY: Free Press.

Mische, Ann. 2011. “Relational Sociology, Culture, and Agency.” Pp. 80–98 in Sage Handbook

of Social Network Analysis, edited by J. Scott and P. Carrington. London: Sage Publications

Ltd. https://doi.org/10.4135/9781446294413.n7.

Moody, James. 2004. “The Structure of a Social Science Collaboration Network: Disciplinary

Cohesion from 1963 to 1999.” American Sociological Review 69:213–38. https://doi.org/

10.1177/000312240406900204.

Moody, James, and Ryan Light. 2006. “A View from Above: the Evolving Sociological Land-

scape.” American Sociologist 37:67–86. https://doi.org/10.1007/s12108-006-1006-8.

Newman, M. E. J. 2004. “Coauthorship Networks and Patterns of Scientific Collaboration.”

Proceedings of the National Academy of Sciences 101:5200–05. https://doi.org/10.1073/

pnas.0307545100.

Powell, Walter W., and Kaisa Snellman. 2004. “The Knowledge Economy.” Annual Review of

Sociology 30:199–220. https://doi.org/10.1146/annurev.soc.29.010202.100037.

Rambaran, Ashwin J., Jan Kornelis Dijkstra, and Tobias H. Stark. 2013. “Status-Based

Influence Processes: the Role of Norm Salience in Contagion of Adolescent Risk Attitudes.”

Journal of Research on Adolescence 23:574–85. https://doi.org/10.1111/jora.12032.

Rambaran, J. Ashwin, Marijtje A. J. van Duijn, Jan Kornelis Dijkstra, and René Veenstra.

2020. “Stability and Change in Student Classroom Composition and Its Impact on Peer

Victimization.” Journal of Educational Psychology, first published as https://doi.org/10.

1037/edu0000438.

Rawlings, Craig M., Daniel A. McFarland, Linus Dahlander, and Dan Wang. 2015. “Streams

of Thought: Knowledge Flows and Intellectual Cohesion in a Multidisciplinary Era.”

Social Forces 93:1687–722. https://doi.org/10.1093/sf/sov004.

sociological science | www.sociologicalscience.com 462 September 2020 | Volume 7



Stark, Rambaran, and McFarland Meeting of Minds

Ripley, Ruth M., Tom A. B. Snijders, Zsófia Boda, András Vörös, and Paulina Preciado.

2020. "Manual for RSiena (Version February 16, 2020)." University of Oxford. http:

//www.stats.ox.ac.uk/$\sim$snijders/siena/RSiena_Manual.pdf.

Simmel, Georg. 1950. The Sociology of Georg Simmel, edited by K. H. Wolff. New York, NY:

Free Press.

Simmel, Georg. 1971. On Individuality and Social Forms, edited by Donald Levine. Chicago,

IL: University of Chicago Press.

Smith, Sanne, Frank Van Tubergen, Ineke Maas, and Dan A. McFarland. 2016. “Ethnic

Composition and Friendship Segregation: Differential Effects for Adolescent Natives

and Immigrants.” American Journal of Sociology 121:1223–72. https://doi.org/10.1086/

684032.

Snijders, Tom A. B. 2001. “The Statistical Evaluation of Social Network Dynamics.” Sociologi-

cal Methodology 31:361–95. https://doi.org/10.1111/0081-1750.00099.

Snijders, Tom A. B., Gerhard G. Van de Bunt, and Christian E. G. Steglich. 2010. “Introduction

to Stochastic Actor-Based Models for Network Dynamics.” Social Networks 32:44–60.

https://doi.org/10.1016/j.socnet.2009.02.004.

Snijders, Tom A. B., Alessandro Lomi, and Vanina Jasmine Torlo. 2013. “A Model for the

Multiplex Dynamics of Two-Mode and One-Mode Networks, with an Application to

Employment Preference, Friendship, and Advice.” Social Networks 35:265–76. https:

//doi.org/10.1016/j.socnet.2012.05.005.

Snow, C. P. 1959. The Two Cultures. London: Cambridge University Press. https://doi.org/

10.1126/science.130.3373.419.

Srivastava, Sameer B., Amir Goldberg, Govind V. Manian, and Christopher Potts. 2018.

“Enculturation Trajectories: Language, Cultural Adaptation, and Individual Outcomes in

Organizations.” Management Science 64:1348–64. https://doi.org/10.1287/mnsc.2016.

2671.

Stark, Tobias H., and Andreas Flache. 2012. “The Double Edge of Common Interest: Ethnic

Segregation as an Unintended Byproduct of Opinion Homophily.” Sociology of Education

85:179–99. https://doi.org/10.1177/0038040711427314.

Steglich, Christian E. G., Tom A. B. Snijders, and Michael Pearson. 2010. “Dynamic Networks

and Behavior: Separating Selection from Influence.” Sociological Methodology 40:329–93.

https://doi.org/10.1111/j.1467-9531.2010.01225.x.

Trujillo, Caleb M., and Tammy M. Long. 2018. “Document Co-Citation Analysis to Enhance

Transdisciplinary Research.” Science Advances 4:e1701130. https://doi.org/10.1126/

sciadv.1701130.

Vaisey, Stephen, and Omar Lizardo. 2010. “Can Cultural Worldviews Influence Network

Composition?” Social Forces 88:1595–1618. https://doi.org/10.1353/sof.2010.0009.

van Rijnsoever, Frank J., Laurens K. Hessels, and Rens L. J. Vandeberg. 2008. “A Resource-

Based View on the Interactions of University Researchers.” Research Policy 37:1255–66.

https://doi.org/10.1016/j.respol.2008.04.020.

Varga, Attila. 2019. “Shorter Distances between Papers over Time Are Due to More Cross-

Field References and Increased Citation Rate to Higher-Impact Papers.” Proceedings

of the National Academy of Sciences of the United States of America 116:22094–99. https:

//doi.org/10.1073/pnas.1905819116.

Weber, Max. 2002. The Protestant Ethic and the “Spirit” of Capitalism and Other Writings, edited

by P. R. Baehr and G. C. Wells. New York, NY: Penguin Group.

sociological science | www.sociologicalscience.com 463 September 2020 | Volume 7



Stark, Rambaran, and McFarland Meeting of Minds

Whittington, Kjersten Bunker, Jason Owen-Smith, and Walter W. Powell. 2009. “Networks,

Propinquity, and Innovation in Knowledge-Intensive Industries.” Administrative Science

Quarterly 54:90–122. https://doi.org/10.2189/asqu.2009.54.1.90.

Zhang, Chenwei, Yi Bu, Ying Ding, and Jian Xu. 2018. “Understanding Scientific Collabora-

tion: Homophily, Transitivity, and Preferential Attachment.” Journal of the Association for

Information Science and Technology 69:72–86. https://doi.org/10.1002/asi.23916.

Acknowledgments: The data used in this project were collected by the Mimir Project

conducted at Stanford University. This work was supported by the Office of the

President at Stanford University and by NSF Award #0835614. This project was

also funded by the European Commission (FP7-PEOPLE-2011-IOF, Grant Agreement

Number 299939) and the Netherlands Organisation for Scientific Research (NWO

PROO grant 411-12-027). We thank Gert Stulp for his useful suggestions on how to

create the figures presented in this article and Tom Snijders for his useful suggestions

on how to improve the model specification. Please direct all correspondence to Tobias

H. Stark

Tobias H. Stark: Department of Interdisciplinary Social Science/ICS, Utrecht University.

E-mail: t.h.stark@uu.nl.

J. Ashwin Rambaran: Department of Psychology and Combined Program in Education and

Psychology (CPEP), University of Michigan.

E-mail: jrambara@umich.edu.

Daniel A. McFarland: Graduate School of Education, Stanford University.

E-mail: mcfarland@stanford.edu.

sociological science | www.sociologicalscience.com 464 September 2020 | Volume 7


