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ARTICLE INFO ABSTRACT

JEL classification: This paper aims to identify the factors contributing to the diffusion of ideas in econometrics by paying
co1 particular attention to connectivity in content and social networks. Considering a sample of 17,260 research
Keywords: papers in econometrics over the 1980-2020 period, we rely on Structural Topic Models to extract and categorize
Connectivity topics relevant to key domains in the discipline. Using a hurdle count model, we show that both content and

Idea diffusion
Econometric publications
Citations

Structural Topic Model
Hurdle count model

social connectivity among the authors enhance the likelihood of non-zero citation counts and play a key role
in shaping the diffusion of econometric ideas. We also find that high topic connectivity augmented by robust
social connectivity among authors or authoring teams further enhances econometric ideas’ diffusion success.
Finally, our findings unveil an inverted U-shaped relationship between connectivity and the success of idea

diffusion; the latter initially escalates but starts to wane upon reaching a certain threshold.

1. Introduction

The skyrocketed amount of academic publications, particularly in
the field of econometrics, has resulted in an overwhelming abun-
dance of information, commonly referred to as the ‘burden of knowl-
edge’ (Jones, 2009). As the academic landscape becomes increasingly
saturated, establishing a unique intellectual space and securing peer
recognition becomes progressively complex (Jones, 2009; Bloom et al.,
2020; Deichmann et al., 2020). While the intrinsic quality of research
is undeniably important for an academic career, it alone does not
guarantee academic influence. In the field of econometrics, citations
serve as a key metric for assessing scholarly impact (Uzzi et al., 2013;
Wang, 2016; Archontakis and Mosconi, 2021). Nevertheless, it is worth
recognizing that the variables affecting citation counts are multifaceted
and do not solely hinge on the quality of the research. The notion of
‘research quality’ itself is a nuanced and somewhat elusive criterion that
is subject to interpretation.

A fundamental concept in academic research is the Matthew effect,
as identified by Merton (1968), wherein recognition and visibility tend
to accumulate for established scientists, thereby enhancing their ability
to garner further success and resources. This phenomenon not only

affects the distribution of resources but also extends to the dissemi-
nation and reception of scientific contributions, where work presented
by esteemed scientists often garners more attention and citation within
the scientific community compared to contributions from lesser-known
researchers.

Building upon this concept, our study acknowledges the crucial
role of social and topic connectivity in the diffusion of ideas within
econometrics, especially in the context of the Matthew effect. While
Merton’s seminal work provides a foundational understanding of how
recognition and resources are concentrated among established scholars,
it prompts further investigation into the mechanisms through which
ideas and innovations spread within academic fields. Our research seeks
to extend the narrative by empirically examining the nuanced ways in
which social networks and thematic overlaps influence the visibility
and impact of econometric research, beyond the general principle of
accumulated advantage. By analyzing the interplay between social
connectivity and thematic intersections, we aim to offer a comprehen-
sive exploration of academic influence and success, thereby deepening
our understanding of the dynamics at play beyond the broad strokes
depicted by the Matthew effect.
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Our study relates to the literature on research collaboration, partic-
ularly in the context of co-authorship networks. Collaborative efforts
among researchers have surged (see, e.g., Cronin et al. (2003, 2004)),
forming intricate social networks that facilitate knowledge dissemina-
tion (Biscaro and Giupponi, 2014; Koseoglu, 2016; Ji et al., 2022).
As recalled by Thelwall et al. (2023), this tendency has two main
theoretical foundations: (i) the “historically influential theory” where
larger projects and critical societal issues require collaborative efforts
(Price, 1963; Gibbons, 1994; Ziman, 2000), and (ii) the existence
of a dedicated academic field for research networks, namely team
science (Hall et al., 2018).

Empirical evidence suggests that coauthored articles tend to garner
more citations, which citation counts often increasing with the number
of authors involved, especially in international collaborations (Glanzel
et al., 1999; Glanzel, 2001; Glianzel and Schubert, 2001; Hara et al.,
2003; Persson et al., 2004; Didegah and Thelwall, 2013; Khor and
Yu, 2016; Wagner et al.,, 2019; Deichmann et al., 2020; Ding et al.,
2021; Shen et al., 2021). While the number of coauthors per paper has
steadily increased in all disciplines during the 21st century (Fanelli and
Lariviere, 2016; Parish et al., 2018), it should, however, be mentioned
that some heterogeneity exists across disciplines (see Moed (2005),
Parish et al. (2018), Thelwall and Maflahi (2022) and Thelwall et al.
(2023) for a brief survey). As noticed by Thelwall and Maflahi (2022),
single authorship is most common in mathematics and the arts and
humanities, whereas the number of authors is higher in the natural
and medical sciences compared to the social sciences. Furthermore,
experimental physics is a field in which the association between citation
counts and the number of coauthors is stronger due to the projects’
large and intensive collaborative nature (Parish et al., 2018).

Our paper falls into this strand of the literature and aims to identify
the variables affecting citation counts, elucidating the factors that
contribute to the prominence of ideas in econometrics. This specific
field deserves particular attention for several reasons. Indeed, econo-
metrics is used in all hard and soft sciences disciplines. For instance,
its interdisciplinary nature intersects with economics, finance, statis-
tics, mathematics, and data science. Besides, econometrics covers both
theoretical and empirical research, making it widely used in the aca-
demic literature. Furthermore, it acts as an empirical foundation for
a range of disciplines, from economics and finance to sociology and
political science, or even to climatology or neuroscience, underscoring
its extensive academic impact.

Prior research across various disciplines suggests that groundbreak-
ing ideas often arise from a blend of pre-existing knowledge. Special-
ized expertise, if too narrowly focused, can stifle creativity, leading to
minor, incremental advances (Uzzi et al., 2013). Conversely, works that
integrate diverse areas of knowledge introduce innovative approaches
and resonate more broadly within the scientific community (Uzzi et al.,
2013; Trapido, 2015; Wagner et al., 2019). Such works often achieve
higher citation rates (Kaplan and Vakili, 2015; Deichmann et al., 2020)
as they serve as informational shortcuts, connecting disparate research
areas through the lens of small-world network theory.

Simultaneously, the social network positioning of authors also in-
fluences the acceptance of ideas within academia (McFadyen and Can-
nella, 2004; Ductor et al., 2014; Wang, 2016). An author’s central-
ity in academic networks bolsters the impact and credibility of their
work (Podolny, 2001; Azoulay et al., 2010; Ductor, 2015; Deichmann
and Jensen, 2018; Hsieh et al., 2018). Recognizing the importance of
diversified perspectives, research in econometrics is increasingly col-
laborative, fostering interdisciplinary innovation (Andrikopoulos et al.,
2016; Jones, 2021). Both ideas and social connectivities at individual
and team levels substantially influence the dissemination success of
research contributions.

Despite abundant research focusing on the technical aspects of
econometrics, its social and relational aspects remain relatively un-
derexplored. A few studies have explored co-authorship patterns in
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economics (Goyal et al., 2006; Nowell and Grijalva, 2011) and econo-
metrics (Andrikopoulos et al., 2016). Our study seeks to fill this gap by
incorporating insights from network theory, social psychology, natural
language processing, and data analytics. In line with Deichmann et al.
(2020), this paper explores how various forms of connectivity influ-
ence the trajectories of econometric theories and practices. We aim to
identify the ‘hidden bridges’ that propel the field forward, thereby pro-
viding crucial guidance for scholars navigating in an intricate academic
landscape.

Following Deichmann et al. (2020), we argue that the intrinsic qual-
ity of an idea is not the sole determinant of its academic dissemination.
Instead, ‘connectivity’ — in its various forms — plays a pivotal role in
shaping the diffusion and recognition of econometric ideas. Based on
this foundation, we propose the following testable hypotheses:

(i) High thematic/ideas connectivity exerts a positive influence on

the successful diffusion of an econometric concept.

(ii) Enhanced social connectivity among the contributing scholars
significantly increases the likelihood of successful diffusion.

(iii) An interplay exists between thematic and social connectivity,
with well-connected authors or teams more effectively propagat-
ing thematically integrated works.

(iv) Idea diffusion success initially increases with both social and
content connectivity but declines after hitting a certain thresh-
old.

To empirically assess these hypotheses, we analyze over 17,000 re-
search articles published in leading econometrics journals over the past
four decades. Utilizing Structural Topic Models (STM), we categorize
themes relevant to key domains in econometrics, including ‘structural
break’, ‘factor models’, and ‘unit root and cointegration’. This en-
ables us to explore both the topical content and temporal evolution
of each idea. Consistent with our hypothesis, we posit that publica-
tions bridging multiple domains are more likely to gain prominence
within the scientific community. To quantify this, we introduce an ‘idea
connectivity’ index for each publication to measure the interlinking
of various domains. We rely on measures of betweenness centrality
within a two-mode network, as discussed in Borgatti and Everett (1997)
and Everett and Borgatti (2005). A high betweenness centrality score
signals robust ideas/topics connectivity, serving as an indicator of a
publication’s role as a significant bridge in the academic landscape.
In addition, we examine the ‘social connectivity’ of individual authors
and collaborative teams by using data related to each publication’s
authorship. In social connectivity, a high betweenness centrality score
indicates that an author or a team of authors occupies a central and
strategic position within the shortest paths connecting contributors in
the academic social network. As a preliminary step, our methodological
approach distinguishes itself by being the first, to our knowledge, to
systematically identify creatively boundary-crossing publications in the
field of econometrics over the last four decades. Furthermore, our
study highlights individuals and teams considered to be pivotal idea
generators.

To explore how connectivity shapes the success of idea diffusion
as gauged by citation counts, we employ a hurdle count model. This
model accounts for overdispersion and excess zeros commonly found
in scientific citation data (Mullahy, 1986; Cameron and Trivedi, 2005,
2013). Our findings confirm that connectivity significantly enhances
the likelihood of non-zero citation counts and is positively correlated
with ideas’ diffusion, supporting our hypotheses across various time
horizons and dimensions. The influence of social connectivity is partic-
ularly pronounced at the team level, although the interaction between
different types of connectivity varies depending on the empirical frame-
work. Overall, our results confirm that connectivity plays an important
role in making econometric ideas popular, these findings being robust
to the several robustness checks we run.

In summary, our paper offers several significant contributions to the
existing body of literature. First, to the best of our knowledge, we are
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the pioneers in establishing a nuanced relationship between idea suc-
cess and connectivity within the specialized domain of econometrics.
While previous studies such as Deichmann et al. (2020) have explored
this link, they have done so in different discipline — the Semantic Web
research community, i.e., a sub-field of computer science — and have
employed distinct approaches and perspectives.

Second, we are the first to employ topic modeling techniques to
consistently measure the evolution of ideas in econometrics over an
extended period. Although this approach has been applied in economics
and finance (Larsen and Thorsrud, 2019; Hansen et al., 2018; Brunetti
et al., 2024), our study distinguishes itself by adopting a “meta”
perspective. Specifically, we consider the field of econometrics in its
entirety, synthesizing ideas across a broad range of studies to provide a
more comprehensive and holistic understanding of the subject matter.
This enables us to identify and analyze the principal ideas that have
shaped econometrics over the past 40 years. By leveraging two-mode
network centrality metrics, we introduce novel indexes for idea and
social connectivity at both individual and team levels. These indexes
capture the innovative nature of publications and the extent to which
authors and teams are integrated into the scientific community. While
our study aligns with the findings of Andrikopoulos et al. (2016)
concerning the consequences of scientific collaboration, we approach
the topic from a unique angle, focusing on the popularity of ideas.

Finally, we provide an empirical examination of the role of con-
nectivity in shaping the success of econometric ideas. Our results
illuminate the multifaceted influences on research impact, extending
beyond research quality to include the roles of knowledge and social
networks. We offer a clear roadmap for understanding how a publi-
cation can gain prominence by bridging different academic domains,
particularly when produced by credible and well-connected authors.
Overall, our work not only sheds light on the factors contributing to
scientific popularity but also paves the way for future research, offering
a fresh perspective on scholarly impact in the field of econometrics.

The rest of the paper is organized as follows. Section 2 details
the data and metrics used to measure econometric ideas. Section 3
outlines the empirical setup, including the connectivity scores and
variables. In Section 4 we analyze the role of connectivity in shaping
idea diffusion. Section 5 presents robustness checks and sensitivity
analyses, and Section 6 offers concluding remarks.

2. Data and measurements of econometric ideas

This section outlines the database of research publications employed
for analyzing the diffusion of ideas, explains the natural language pro-
cessing approach utilized in measuring econometric ideas, and presents
preliminary results from idea estimation.

2.1. Original database

We have constructed a unique database to analyze the evolution of
econometric ideas over time, gathering papers published by 11 leading
econometric journals over the last 40 years (1980-2020) (see Chang
and McAleer (2013) and Appendix A for more details). Using the Web
of Sciences Database (WoS), we retrieved 17,260 research publications
from these journals after filtering out proceeding papers, editorial
notes, and early access papers.

Selecting articles published in the 11 top-tier journals in economet-
rics may lead to a selection bias problem.' Indeed, as noted by Leahey
et al. (2017), while the innovation literature suggests that spanning
disciplines is beneficial because it allows researchers to establish con-
nections across fields, the literature on categories considers it detrimen-
tal in the sense that domain-spanning ideas face a higher acceptance
hurdle—the resulting research being potentially viewed as of lower

1 We would like to thank a referee for pointing out this issue.
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quality. Since our sample is confined to the articles published in 11 top-
tier econometric journals, the domain-spanning econometric ideas we
observe are only a sub-sample of econometric ideas—those published in
top-ranked journals. Consequently, we may encounter a selection bias
problem as we undersample unsuccessful domain-spanning ideas.

Such an issue is inherent to all studies dealing with ideas’ success
and publications. However, it is worth mentioning that this argument
can be counterbalanced because our set of articles comes from a
coherent body of literature that aligns with our research interests. As
emphasized by Biscaro and Giupponi (2014), among others, restricting
the set of articles we consider allows us to obtain a quite homogeneous
population of papers, fitting with our privileged field of research, better
capturing network effects, and limiting variability in the data.’

As shown in Table 1, the distribution of the sample is not homoge-
neous among journals, with JoE (23.1%), REStat (15.4%), and Econo-
metrica (14%) accounting for over half of our records. Based on the
H-index,® these three journals also have the highest impact factor. The
extensive time frame enables us to encompass various developments
and a wide range of research topics in modern econometrics.

Furthermore, while the number of published papers has been in-
creasing over the years, the level of the H-index peaked between the
mid-1990s and mid-2000s and collapsed after (see Figure Al in Ap-
pendix A). This trend indicates a substantial lag between publications
and citations. Our large sample provides enough time to consider the
diffusion of these ideas. In the empirical Section 4, we investigate
this diffusion across various time dimensions (such as two-, six-, and
ten-years).

From the 17,260 research papers, we extracted Abstracts, Titles, and
Keywords to form a corpus for our econometric ideas estimation. We
also collected metadata for each paper, including journals and authors.
These variables, described in Section 3.2, are used as control variables
in the empirical model of idea diffusion. Overall, our data include
contributions from 13,852 individual authors from 1926 institutions
across 87 countries.

We transformed the 17,260 research articles into a document-term
matrix, describing the frequency of terms within the collection of
documents. This matrix, although high-dimensional and sparse (17,260
documents and 80,024 terms with 95% scarcity), is preprocessed by re-
ducing dimensionality. Words and characters with little topical content
(e.g., stopwords,* numbers, mathematical formulas, and punctuation)
were removed, and the remaining terms were stemmed,” leaving a
(17,260 % 45,714) document-term matrix for our topic model estimation.

2.2. Estimation of econometric ideas through topic modeling

We measure the evolution of econometric ideas within our dataset
of research publications using probabilistic topic models. Specifically,
we employ a mixed-membership approach to extract topics from pa-
pers, postulating that econometric ideas are well-represented by these
topics. This approach allows each research paper to encompass multiple
topics, each characterized by a collection of words.

Latent Dirichlet Allocation (LDA), introduced by Blei et al. (2003), is
a widely-used technique for topic modeling. It assumes each document
is a mixture of topics, where each topic is a distribution of words,
both generated from Dirichlet distributions. Key parameters include
the document-topic proportions, denoted as 6%, for documents d across

2 This is accentuated by the fact that the domains we defined are within
the discipline, as we aim to focus on economics.

3 Recall that a journal’s H-index is a metric that measures the productivity
and citation impact of the publications within that journal (Hirsch, 2005). It
is defined as the number of articles in a journal that have received at least H
citations each over a given period.

4 The stopword list we used is from http://snowball.tartarus.org/
algorithms/english/stop.txt, and is available upon request to the authors.

5 The stemming algorithm is the Porter stemmer implemented in R.
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Table 1

Top econometric journals (1980-2020).
Journals Period N. of articles H-index

(% of total)

Econometric Reviews (ER) Jan. 05-Dec. 20 597 (3.4%) 40
Econometric Theory (ET) Apr. 88-Dec. 20 1412 (8.5%) 86
Econometrica Jan. 80-Nov. 20 2427 (14%) 279
Econometrics Journal (EJ) Jan. 05-Sept. 20 363 (2%) 38
Journal of Applied Econometrics (JAE) Jan. 87-Dec. 20 1455 (8.5%) 109
Journal of Business Economic Statistics (JBES) Jan. 85-Dec. 20 1593 (9.6%) 131
Journal of Econometrics (JOE) Jan. 80-Dec. 20 4034 (23.1%) 207
Journal of Financial Econometrics (JFE) Mar. 07-Dec. 20 287 (1.6%) 36
Journal of Time Series Analysis (JTSA) Sep. 00-Dec. 20 865 (5.3%) 45
Oxford Bulletin of Economics and Statistics (OBES) Feb. 80-Dec. 20 1437 (8.3%) 86
Review of Economics and Statistics (REStat) Feb. 80-Dec. 20 2660 (15.4%) 187

topics k, and the topic-word proportions, denoted as f,’, for topics &
across words w. There parameters approximate posterior distributions,
facilitating the assignment of topics to documents and words to topics.®
However, LDA’s limitation is its assumption of independent topics
within a document, which may not hold in complex research contexts.

To address this issue, we utilize the STM developed by Roberts
et al. (2013). STM estimates topic and word distributions similarly
to LDA but differs by drawing 6, from a Logistic-Normal distribution
and modeling g, using multinomial logit. This method accounts for
dependence between topic distributions and allows for endogeneity
with respect to certain factors.” Our focus is on the role of connectivity
in shaping econometric ideas, leaving the origins of these ideas for
future research.

The STM algorithm, considering known topics within a document,
proceeds as follows:

1. Draw the document-topic distribution for a given research paper
randomly from a Logistic-Normal distribution as:

04 | X4y, 2 ~ Logistic-Normal(u = X, %)

where X, stands for a vector of covariates, y ~ N(O, az) is
a matrix of coefficients, and X is the covariance matrix. Note
that in our approach we do not consider exogenous factors in
modeling topics’ distributions.

2. For each word in the research paper:

« Select one topic from the distributions obtained in Step 1.
+ Using multinomial logit, choose a word corresponding to
the selected topic as:

Py o< exp(m + rcl’f +K)+ KLy,'k)

where m is the baseline word frequency, and (x* +x) + oA
is a collection of coefficients.

3. Repeat Steps 1 and 2 iteratively to generate a set of research
papers, each defined by a set of topics that best describe the
document.

The key quantities are estimated using a semi-collapsed variational
EM algorithm, setting the number of topics K at 60. This choice
balances the model’s accuracy and interpretability. To determine the
optimal dimension, we tested the model with K ranging from 20 to
80, evaluating four statistical metrics:® held-out likelihood (Wallach
et al.,, 2009), residual checks (Taddy, 2012), the lower bound, and
semantic coherence (Mimno et al., 2011), as shown in Figure Bl
in Appendix B.1. These criteria suggested an optimal K between 60
and 80. Following Roberts et al. (2014), Figure B2 in Appendix B.1

¢ For applications in economics and finance, see Hansen and McMahon
(2016), Hansen et al. (2018), and Larsen and Thorsrud (2019).

7 See Brunetti et al. (2024) for further discussion.

8 See Roberts et al. (2019) for more details.

combines semantic coherence and word exclusivity to compare models
with K = 60, 70, and 80 topics, leading to the selection of K = 60 for
its interpretability and statistical robustness.

2.3. Preliminary analysis of econometric ideas

We conducted a 60-topics STM analysis on the document-term
matrix comprising econometric publications from January 1980 to
December 2020. The model yields topics and word proportions that
map the development of econometric ideas throughout the period.
Since STM does not assign specific labels to each topic, we followed the
methodology of Brunetti et al. (2024) and labeled the topics using two
approaches: (i) the top 10 FREX (FRequency and EXclusivity) terms;
and (ii) the most probable bigrams.’ Details on the labeling methods
are in Appendix B.2, and Tables B1 to B4 in the same Appendix report
the labels.

Among the 60 topics, we selected several to showcase the variety of
econometric ideas. The tables in Appendix B.2 identify topics beyond
the scope of econometrics, reflecting the broad spectrum covered by
the sampled journals. To sharpen our focus on econometric-oriented
discussions, we refined our selection to 27 pivotal topics, leading to
a (17,260 x 27) document-topic distribution matrix. This refinement
was meticulously validated through multiple analyses. Initially, we
scrutinized the top words and most probable bigrams for each topic,
as delineated in Appendix B.2, to identify those inherently related to
econometrics. Subsequently, our preliminary selection was rigorously
tested by constructing network diagrams and applying Louvain com-
munity clustering. These methods affirmed the strong interconnectivity
among the chosen econometric topics, substantiating their relevance
and centrality to our analysis.'°

Using a 5-year rolling window to examine the monthly aggregated
time evolution of selected topics, we find cyclical patterns, marked
responsiveness to significant economic and financial events, and dis-
cernible long-term trends.!’ Specifically, “Topic 8: Structural Break”
and “Topic 49: ARCH & GARCH Models” have seen spikes in attention,
particularly around pivotal moments such as the Black Monday crash in
1987, the Asian crisis in 1996-97, the Dot-com bubble in 1999-2000,
and the Global Financial Crisis in 2007-09. However, they have not gar-
nered much attention recently. Conversely, certain topics like “Topic
47: Unit Root and Cointegration” and “Topic 59: Statistical Inference”
held importance over extended periods but have gradually waned in
interest, becoming more of forgotten paradigms. Additionally, the rise
of the big data era has lent prominence to “Topic 41: Factor Model”,

9 Topic labeling facilitates the discussion but does not materially affect the
analysis.

10 Detailed results of these validation steps are available upon request.

11 See Figure B3 in Appendix B.2. The 5-year window size accommodates
the fact that it may take time for a topic to emerge, thus capturing both the
timing and trends of each topic. Aggregation is computed by calculating the
average proportion for each topic over the months.
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(b) Authors/co-authors bipartite network

e

Author 2

Author 4

Author 5
Author 3

Fig. 1. Two-mode network examples in research publications. Note: The figure reports illustration of two-mode network for topics connectivity (Panel (a)), and social connectivity

(Panel (b)).

while growing spatial interdependence has elevated “Topic 5: Spatial
Autoregressive Model”. Both have evolved from niche areas to growing
fields, as documented by Stock and Watson (2017) and Sarafoglou and
Paelinck (2008).

This preliminary analysis offers a detailed and multifaceted view of
the evolving landscape of econometric ideas, illustrating that econo-
metrics is a diverse field made up of various sub-disciplines, each
defined by its unique terminology and conceptual framework. The idea
of connectivity between topics, as well as social ties within the scientific
community, may influence the diffusion of these ideas. In the next
section, we will delve deeper into these connections to understand how
they could potentially shape the success of different ideas within the
field.

3. Empirical design

This section describes our set of variables, discusses our measures
of topics and social connectivity, and presents our empirical setting to
analyze econometric ideas’ diffusion.

3.1. Dependent variables: ideas’ success

In this study, we examine the ingredients of success of econometric
ideas in the form of scientific publications. Scientific publications codify
knowledge, provide certification, and are a broadcast medium of ideas
in the community.'? In the academic world, the popularity of an idea
can be defined by the diffusion across the scientific community through
the amount of citations a publication received from peers. Following
previous works, we therefore consider the amount of citations ex-
tracted for each paper from WoS database as a proxy for ideas’ success
(see, Uzzi et al. (2013), Magerman et al. (2015), and Deichmann et al.
(2020)). We adopt static and dynamic perspectives by considering the
total amount of citations over the period (static) and a two-, six-, and
ten-year moving window counts (dynamic).'® It is crucial to clarify that

LT ” o«

although the terms “scholarly impact”, “ideas’ success”, “popularity”,

12 See Deichmann et al. (2020).

13 While considering dynamics through moving window counts of citations,
we do not integrate formal time dynamic with lags. It is worth mentioning that
our dynamic approach allows us to guard against the potential bias associated
with the date at which the article is published during a year—i.e., the fact
that papers published early in a year may be more cited than articles published
later. As Biscaro and Giupponi (2014) noticed, considering fixed time windows
to measure citations has several advantages. In particular, it is an adequate
measure to assess the scientific impact within a discipline and is not biased
toward old articles that can be cited for a more extended period.

and “diffusion” may carry distinct conceptual meanings, they are used
interchangeably in this paper. Collectively, these terms aim to capture
the academic recognition and dissemination influence of publications,
as demonstrated by citation counts.

As shown in Figure B4 in Appendix B.3, while the amount of
total citations is mainly concentrated at the beginning of the sample
(between 1980 to 1999), for both 6- and 10-years windows a larger
proportion (with few exceptions) is clustered at the end of the sample
(from 2005 onward). This illustrates that it takes time for ideas to
diffuse in the scientific community and the importance to consider
different time windows. In line with this observation, frequency plots
show that citations are over-dispersed with an important concentration
of zeros. Last published papers therefore need time to attract attention.
Over-dispersion and excess zeros are important properties of ideas’
success that we try to capture in Section 3.3.

3.2. Independent variables: the role of connectivity

As independent variables, we hypothesize that the role of connec-
tivity plays a significant role in the diffusion of ideas (Uzzi et al.,
2013; Trapido, 2015; Deichmann et al., 2020). We consider both topics
and social connectivity as explanatory variables. Connectivity, though
an abstract concept, is concretely operationalized in our framework
through the lens of academic influence. We posit that publications serve
as critical nodes when they bridge multiple ideas within the scholarly
network. Topic connectivity refers to a publication’s ability to connect
these different ideas, serving as a conceptual bond. Social connectivity,
on the other hand, is defined by a publication’s role in linking authors,
who themselves may be connected to other works, thus weaving a
more intricate web of scholarly communication. Through this dual
lens, publications that act as both conceptual and social bridges are
anticipated to achieve heightened visibility and citation within the
academic landscape.

The two connectivity measures are derived from two-mode net-
works (i.e., bipartite networks) created from our research publications
database. A two-mode network consists of two types of nodes and ties
that only belong to nodes of different sets (Borgatti and Everett, 1997;
Opsahl, 2013). Fig. 1 reports two visual examples of bipartite networks
to measure connectivity in our context.'* For topics connectivity (Panel
(a)), the first set consists of papers (white nodes), the second set is
the topics proportion for each paper (grey nodes), and the connections
between papers and topics show how each publication acts as a bridge.
For instance, we expect Publication 4 to have a high topics connectivity

14 We borrow the intuition from Deichmann et al. (2020).
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since it acts as a bridge between several ideas and make the link
between Publications 1, 2, and 3. Social connectivity (Panel (b)) works
in the same way, the more a publication is connected to other papers
and authors the higher is the score. We describe further how these
measures are computed considering all authors and co-authorships
respectively.

As a measure of connectivity, centrality scores provide a consistent
approach to analyzing networks. The literature introduces various met-
rics for this purpose, including degree, eigenvector, local clustering,
k-core, and betweenness centrality, each offering a distinct perspective
on network connectivity.'® Degree centrality evaluates the number of
direct connections a node has, shedding light on its local activity
and influence. In contrast, eigenvector centrality assesses the quality
of these connections, emphasizing the significance of being linked to
influential nodes. k-core decomposition exposes the network’s hier-
archical structure by identifying densely interconnected groups, thus
underscoring the network’s robust areas. The local clustering coefficient
measures how likely a node’s neighbors are to form a tight-knit com-
munity, reflecting localized cohesion. Together, these metrics provide
comprehensive insights into network dynamics, from the importance of
individual nodes to the overall structure and robustness of the network.

Our paper specifically advocates for using betweenness centrality
as a measure of connectivity, due to its ability to identify nodes that
act as crucial bridges within the network. By focusing on between-
ness centrality, we can recognize the existence of connections and
comprehend the strategic role of nodes in facilitating the flow of
information and integration across various segments of the network.
Consequently, betweenness centrality emerges as a crucial metric for
analyzing topics and social connectivity and for understanding the dis-
semination of ideas within complex systems, offering profound insights
into the operational framework of scientific networks. Further analysis,
which compares network centralities using the cumulative distribution
function (CDF) and correlation as reported in Figure C3 in Appendix C.2
and discussed in Section 5, confirms the rationale behind our approach
to measuring topic and social connectivity.

3.2.1. Topics connectivity

To measure topics connectivity, we start from the estimated
(17,260 x 27) documents-topics distribution matrix discussed in Sec-
tion 2.2, which reports for each publication the proportion of each
econometric idea (i.e., topics).'® We then derived a weighted two-mode
network in which each publication is related to a set of ideas.

As bipartite networks are rarely analyzed in their original form
for convenience, we apply a projection method by compressing the
two-mode structure into a one-mode format. This procedure is per-
formed by defining the set of nodes X (either publications or topics)
and linking two nodes from X if they were connected to the same
node (see, Newman (2001), Seierstad and Opsahl (2011), and Opsahl
(2013)). Appendix C.1 provides an illustration of bipartite projection.
We use the overlap count method for compression, which consists of
counting the number of nodes in the first mode that each pair in the
second mode has in common. Section 5 and Appendix C.1 provide a
robustness check.

After publication projection, we calculate for each of them the
betweenness centrality score, measuring how often a node is a bridge
between other nodes on all shortest paths. We follow Borgatti and

15 Burt’s constraint is omitted due to its narrow focus on positional advan-
tage, missing broader aspects like connectivity and influence, which are crucial
for our complex network analysis.

16 Structural topic models inherently estimate topic distributions. To focus
on the most salient topics for each publication, we consider only topics whose
representation exceeds the publication’s mean topic weight.
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Everett (1997) and Deichmann et al. (2020) and define the betweenness
centrality of node i as:
n n
b; = % M (€]
ki #izk Pk
where p;; denotes the total number of shortest paths from node k to
Jj (geodesic path), and p,;, is the number of geodesic paths from k to
j passing through i (where i is not an endpoint). We use the Brandes
algorithm for the computation of the betweenness centrality (Brandes,
2001).

Building on the insights from Panel (a) of Fig. 1, the topic con-
nectivity score quantifies how a publication serves as a bridge within
the scientific community, linking disparate econometric ideas.'” Fig. 2
presents the topic connectivity in the form of a two-mode network
between publications and ideas in Panel (a). In the network, the ver-
tices represent two different types of entities: ‘ideas’, whose size is
proportional to their prominence, and ‘publications’, which are scaled
according to their betweenness centrality scores. Larger nodes for ideas
signify a more prominent role of the corresponding econometric idea
throughout the entire sample period. Nodes representing publications
with higher topic connectivity scores are depicted distinctly, in red,
within the figure. For the sake of simplicity, the figure includes only
publications with high betweenness centrality scores.'® As the figure
emphasizes, publications with high betweenness centrality are pivotal
in connecting different econometric ideas, highlighting their influential
role in the flow and dissemination of knowledge within the field. For
example, Publications

« 8411_I D: “Realized Variance and Market Microstructure Noise”
by P.R. Hansen and A. Lunde, Journal of Business & Economic
Statistics 24(2) 2006.

+ 15818_I D: “Estimating the Integrated Volatility with Tick Obser-
vations” by J.Jacod, Y. Li and X. Zheng, Journal of Econometrics
208(1) 2019.

+ 16731 ID: “On the Estimation of Integrated Volatility in the
Presence of Jumps and Microstructure Noise” by C. Brownlees,
E. Nualart and Y. Sun, Econometric Review 39(10) 2020.

exhibit the highest topic connectivity, acting as conduits among T37,
T45, T49, and T55, and forming connections with a multitude of
other publications. Additionally, ideas that are prominently featured
in econometrics often engage widely across various publications, un-
derscoring their central role in the scholarly discourse of the field.
Interestingly, the publications mentioned above are primarily oriented
toward finance-related themes. For a broader perspective, Panel (b)
of Fig. 2 illustrates the betweenness centrality for each publication,
highlighting the most pivotal papers in red and depicting the average
betweenness centrality with a black dotted line. It is noteworthy that
multiple publications achieve a significant degree of topic connectivity.

3.2.2. Social connectivity

For social connectivity, two measures are considered and generated
from binary bipartite network. First, we consider all authorship roster
and created a two-mode network from a (17,260 x 33,792) matrix where
publications are connected to each author. Second, to account for the
rise of teams and the role of co-authorships in ideas’ diffusion, we
constructed a two-mode network from a (11,230 x 12,393) matrix where
papers are connected by shared ‘teams’ (see Deichmann et al. (2020),
and Jones (2021)). ‘Teams’ within the context of social connectivity are

17 For further details, Section 5 and Appendix C.3 provide sensitivity
analyses on betweenness centrality measures using various algorithms.

18 As a result, certain topics with significant proportions, such as Topic 59:
Statistical Inference & UR, may appear to be unrelated to any publications
in the figure. However, they are, in fact, well connected within the broader
network context.
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Fig. 2. Topic connectivity (authorship roster). Note: In Panel (a), the figure depicts a weighted two-mode network between publications (in light gray) and econometric ideas (in
dark gray). The size of the vertices indicates the publications’ betweenness centrality and the total proportion of ideas, respectively. Vertices colored in red highlight the highest
topic connectivity score and its associated edges. For clarity, vertices with a betweenness centrality below 0.500 (out of a maximum of 0.844) and edges with topic probabilities
below 0.1 have been omitted. In Panel (b), the graph illustrates the betweenness centrality for each publication, with the highest centrality marked in red and the average centrality
represented by a black dotted line. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

defined by emphasizing the collaborative efforts of authors on research
papers, specifically through the lens of co-authored publications. This
approach underlines the importance of collective academic endeav-
ors in fostering social networks within the research community.'® As
for topic connectivity, after overlap count publications projection we

19 To have a consistent framework, we also compute topic connectivity for
co-authored publications separately.

computed betweenness centrality score using Eq. (1) to capture social
connection between authors and teams respectively (see Appendix C.1
for robustness checks). A publication exhibiting high social connectiv-
ity, as measured by betweenness centrality, signifies its importance as a
juncture within the network of scholars. Such a publication is likely to
be linked to a diverse array of authors, acting as a conduit for scholarly
interaction and contributing to the interconnectedness of the academic
community.
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Fig. 3. Social connectivity (authorship roster). Note: In Panel (a), the figure depicts a weighted two-mode network between publications (in light gray) and authors (in dark gray).
The size of the vertices indicates the publications’ betweenness centrality and the authors’ total contribution over the period, respectively. Red vertices color indicates the highest
social connectivity score and its connected edges. For clarity, vertices with a betweenness centrality below 4.000 (out of a maximum of 14.104), and isolated nodes have been
omitted. In Panel (b), the graph illustrates the social connectivity for each publication, with the highest centrality marked in red and the average centrality represented by a black
dotted line. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Panel (a) in Fig. 3 illustrates the betweenness centrality in networks
of authorship roster, represented as binary two-mode networks.?° This
figure conveys two distinct layers of information. First, the size of
the authors’ nodes is proportional to their overall contributions to the
scientific community, which is measured by the number of publica-
tions they have authored.?’ Notably, P.C.B. Phillips, A.M.R. Taylor,

20 Using networks of co-authorship instead of authorship roaster leads to
similar results, as displayed in Figure B5 in Appendix B.3.

21 In these figures, we include only publications with a betweenness cen-
trality score above 4.000. It is important to note that several other prominent

H. White, B.H. Baltagi, and C. Gouriéroux are identified as the most
significant contributors to highly socially connected publications. This
is evident at both the full authorship and co-authorship levels. Second,
the size of the publications’ nodes represents the varying levels of
social connectivity associated with each paper. Publications with higher
betweenness centrality are depicted with larger vertices, indicating
that they act as important bridges in the network, connecting various

authors with substantial total contributions are present in our sample, but they
are not displayed in the network due to this threshold.
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authors and teams. For example, highest betweenness publications in
red in Fig. 3, 13548_I D (with a score of 14.104) exhibits the highest
social connectivity score. This publication serves as a nexus, connecting
P.C.B. Phillips with several other authors (S. Smeekes, A.M.R. Taylor,
and G. Cavaliere), and is linked to other publications (579_I D, 3229_I D,
3232_ID, 10716_I D, and 14670_I D). The critical role of connectivity
becomes even more pronounced when considering teams of authors
(co-authored publications only), as demonstrated by a score of 16.237
for publication 13548_I D in Figure B5, which is also highlighted in red.
As a comparison, Panel (b) in Fig. 3 reports the betweenness centrality
for each publication, emphasizing the publications with the highest
social connectivity in red and the average connectivity in black.

3.2.3. Control variables

In testing our hypotheses, we considered a number of control vari-
ables to alleviate for possible confounding factors and omitted biases.
In order to capture a possible journal effect, we first created a set of
dummy variables for each journal as:

1
Jll={0

where J, denotes the journal u among the list of econometrics journals
reported in Table 1.

Second, the size of the team may be an important factor to attract at-
tention as suggested by Reagans and Zuckerman (2001) and Deichmann
et al. (2020). We included, as a count variable, the number of authors
per publication. Third, a publication citing many of his peers can be
seen as a well-established work in the scientific community (Uzzi et al.,
2013). We added the number of cited references for each publication
to control for this effect.

Finally, prolific and skilled authors — benefiting from the Matthew
effect — can enhance the visibility of specific ideas or topics discussed in
a given publication (Wang, 2016). To control for this effect, we focus on
the top 20 most prolific authors over the period based on the H-index
(see Table A2 in Appendix A), and constructed a dummy variable as:

1
W

where A,is the author(s) of the publication p.

The absence of multicollinearity among all variables was confirmed
using a pairwise correlation matrix, as shown in Figure A2 in Appendix
A

if the publication p is published by the journal u
otherwise.

if at least one author of the publication p is a top author
otherwise.

3.3. Model description

The endogenous variables of citations taking integer values, to test
for our hypotheses we therefore rely on (static) count data models. Still,
the distribution of the count variables can be apprehended in several
ways, and multiple forms of specifications are possible.

The initial point is the Poisson regression.?” While it is over-
restrictive, such an assumption presents the advantage of simplicity.
It takes the following form:

Ely,lx,] = 4, = exp(x, ) = exp(B; + foXa, + B3x3, + BsZsy), 2

where y, stands for total, two-, six-, and ten-years moving window
citations counts respectively over p = 1,..., P publications. x,, is for
topics connectivity, x3, is for social connectivity, and Z,, is for the set
of control variables. E[.|.] corresponds to the traditional conditional
expectation operator. Using the generalized linear model framework,
Eq. (2) can be re-written as a log-linear representation:

IN(ELy,|x,]) = In(4,) = x} B = By + Poxa, + P3x3, + 1 Zs 3)

22 Gee Cameron and Trivedi (2005).
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The Poisson model is a restricted case of generalized linear models
which imposed the conditional variance to be equal to the conditional
mean. Thus, it imposes the dispersion to be fixed to 1. As shown by
Figure B4 in Appendix B.3, ideas’ success is however mainly over-
dispersed with excess zeros, invalidating the restriction imposed by
the Poisson model. We therefore consider several alternative models
to tackle this issue. First, we assume a negative binomial distribution
for y,|x, which can arise as a gamma mixture of Poisson distributions.

Nevertheless, even if the negative binomial deals with over-
dispersion, it does not model excess zero counts that are heavily
present for the latest publications. This necessitates models capable of
capturing both the count aspect and the zero component. A suitable
candidate is the two-component hurdle model (see Mullahy (1986),
Cameron and Trivedi (2005) and Cameron and Trivedi (2013)), which
integrates a left-truncated count data model (f,,,,(y|x, §)) for positive
counts with a right-censored zero hurdle model (f,,,,(y|x’, ")) for zero
counts as:

fzero(olx,’ﬁ,) ify:o

fhurdle(y|x7 xl! B, ﬂ,) = 4)

1= F2oroOIX" B). fooum WIX.B)
1= eoum O1x.) if y > 0.

From expression (4) and Eq. (3), the corresponding mean regression
is

In(ELy,|x,1) = X} 8 +10(1 = f-01,01x), 8) = 1n(1 = fo0 Olx, ), (5)

where ¥y, is the dependent variable (citations), X, and x; are the inde-
pendent variables for each component respectively (topic connectivity,
social connectivity, and control variables) over p = 1,..., P publi-
cations. § and p’ are parameters for each model. Negative binomial
distribution is considered for the count component.

The implicit assumption underlying the use of the hurdle model
in our context is the belief that zeros primarily result from the same
process, specifically the insufficient time for recent publications to
be cited. However, the occurrence of zero citations can stem from
various factors other than just a lack of time, such as the absence
of quality or relevance in the publications. In this context, the zero-
inflated model may offer a compelling alternative to consider. Lastly,
to address dispersion in count data potentially unrelated to an excess
of zeros, exploring the Conway—Maxwell-Poisson (COM-Poisson) model
might be beneficial.

To ensure the statistical robustness of our analysis, we have im-
plemented and compared the models previously discussed, namely
the Poisson, COM-Poisson, Negative Binomial, Zero-inflated Negative
Binomial, and Hurdle Negative Binomial. A detailed comparison and
sensitivity analysis across all considered citation windows are pre-
sented in Tables C1 to C4, and Figures C5 to C7 in Appendix C.4.1.
This analysis encompasses: (i) dispersion tests; (ii) comparisons of log-
likelihood and Bayesian Information Criteria (BIC); (iii) Raftery’s BIC
probabilities; (iv) Vuong’s test; and (v) rootogram analysis. The findings
consistently affirm the Hurdle model’s superiority in modeling citation
counts, which is why it is emphasized as a core result of the paper.

4. The role of connectivity in shaping ideas’ diffusion success

Using citation counts, we investigate how connectivity shapes the
diffusion of econometric ideas. Initially, we examine the impact of
all authors, after which we focus on the role of co-authorship. To
ensure comparability, we standardized our variables before incorpo-
rating them into the hurdle-negative binomial regression models. The
coefficients for the count (non-zero) model were estimated using the
negative binomial distribution and are reported as exponential trans-
formations. The zero (hurdle) coefficients were estimated using logistic
regression and represent the probability of non-zero citations. To clarify
and enhance the interpretability of our model, we opted for a global
interpretation framework that does not rely on any reference category.
This goal was accomplished by excluding the intercept and maintaining
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all dummy variables in our regression analyses. This adjustment allows
for a direct interpretation of each dummy variable’s impact, free from
the baseline comparisons typically necessitated by an intercept.”® It
is also important to stress that the estimated models are static, and
therefore it is not possible to include time-dependent factors such as
greater team volatility. These longitudinal aspects are left for future
research.

4.1. Authorship roster

The results of our hurdle-negative binomial regression analysis for
the complete list of authors are presented in Table 2.?* The hurdle
component (zero count) is reported in the lower table. Positive (neg-
ative) coefficients indicate that an increase in the regressor increases
(decreases) the probability of a non-zero count. The count component
(non-zero) is reported in the upper table. We interpret coefficients as
percentage changes, calculated as (exp’ —1)x 100 (reported coefficients
are already expressed in exponential form).

Overall, our findings affirm that connectivity significantly enhances

the probability of non-zero counts and is positively correlated with
ideas’ diffusion, corroborating Hypotheses 1 and 2. However, this
effect exhibits variation between static and dynamic analyses and is
dependent on the chosen time window.
From a static perspective (total citations in column (1)), the hurdle
component reveals that social connectivity has an insignificant role,
while topic connectivity notably amplifies the probability of having
non-zero total citation counts by 51.8%. This indicates that publications
bridging various knowledge domains are more likely to be cited. The
control variables, such as cited count and prolific authors, also con-
tribute positively to non-zero citations, with probabilities of 49.6% and
55.0%, respectively. Moreover, the type of journal is a significant factor
in augmenting the probability of non-zero counts, with REStat (69.1%),
Econometrica (66.5%), and JoE (65.4%) being the front-runners.

Regarding the count component, publications integrating diverse
econometric ideas positively contribute to diffusion by 7.2%. As ex-
pected, mainstream econometrics journals with high impact factors
(refer to Table 1) are positively associated with total citations, as evi-
denced by percentages for Econometrica (137.9%), JoE (84.6%), REStat
(89.8%), JBES (50.6%), and JAE (41.3%). Publications by highly pro-
lific authors also significantly bolster the popularity of ideas, averaging
a 14.7% increase.

When considering different time windows (columns (2) to (4)) to
analyze the temporal stability of our findings, the results are more nu-
anced. While the coefficients from the hurdle component remain fairly
stable over time, emphasizing the importance of topics connectivity, the
effects from the count component oscillate as the time window adjusts.
Within a short time horizon (two-year window in column (2)), the
topic connectivity score and all control variables positively contribute
to ideas’ success. In contrast, during longer time frames (six- and ten-
year windows in columns (3) and (4)), social connectivity becomes a
significant and positive factor in ideas’ diffusion, taking about six years
to be acknowledged as an influential factor in citations.

In our findings, we note a nuanced effect of social connectivity
on citation counts. While the total citation analysis suggests a non-
significant and potentially negative influence, specific time windows
reveal an opposite effect. This discrepancy underscores the complex
dynamics of social connectivity’s impact over time, suggesting that its
influence on scholarly dissemination may vary across different cita-
tion accumulation stages. Such findings prompt a deeper examination

2 Analyses incorporating the intercept, albeit excluding one dummy vari-
able, have been conducted and led to the same conclusion. These results are
available upon request from the authors.

24 Sample sizes for each regression are reported after outliers in citations
have been excluded.

10

Research Policy 53 (2024) 105025

of how social ties affect citation trajectories, reflecting the intricate
relationship between social connectivity and academic impact.

Another intriguing observation is that the number of authors, which
initially contributed negatively to ideas’ diffusion (—3.80%), turns out
to be positively correlated with citations across different time windows
(17.5%, 18.8%, and 18.4% for two-, six-, and ten-year periods, respec-
tively). This observation sets the stage for a deeper examination of the
role of co-authorship in ideas’ diffusion.

4.2. The role of co-authorship

The influence of co-authorship on ideas’ diffusion is explored in
Table 3, utilizing the same interpretation grid as employed earlier. For
this analysis, we have specifically considered co-authored publications,
necessitating the recalculation of both topic and social connectivity
scores.

Our analysis reaffirms the hypothesis that connectivity has a posi-
tive correlation with ideas’ diffusion at both static and dynamic levels.
Diverging from prior observations, the concept of team connectivity is
unveiled as an indispensable contributor to this phenomenon. Along-
side the recognized influences of topic connectivity, journal selection,
and individual author contributions, the collaboration within a team
emerges as a catalyst for idea propagation. The evidence supporting this
conclusion spans multiple metrics, revealing a consistent pattern. For
total citations, the hurdle and count models demonstrate increases of
57.2% and 22.1%, respectively. This trend continues over varied time
frames, with a two-year period showing 51.7% and 4.6%, a six-year
period at 98.0% and 6.4%, and a ten-year period yielding 61.0% and
10.5%. These figures not only substantiate the general hypothesis but
also illuminate the nuanced way that co-authorship fosters intellectual
cross-pollination.

Furthermore, the results elucidate that ideas conceived and nurtured
by teams with robust connections within the co-authorship network
exhibit a heightened propensity to attract citations. This effect is not
merely incremental; it is accentuated at the team level. This emphasizes
the collective intellectual capital and collaborative synergy within a
team, which appears to be a driving force in achieving greater academic
resonance. In essence, the data paints a compelling portrait of co-
authorship as not just a peripheral factor, but a core mechanism in the
dissemination and recognition of scholarly ideas as confirmed by the
literature (see Introduction).

4.3. Topics and social connectivity interaction

Hypothesis 3 suggests that high topic connectivity, when coupled
with strong social connectivity among authors or teams, leads to greater
dissemination success. To evaluate this, we incorporated an interaction
term (social X topic connectivity) in our models at both the authorship
and co-authorship levels, integrating it with the main effects of topic
and social connectivity.

Tables B5 and B6 in Appendix B.3.1 present the estimated coeffi-
cients for the interaction terms, consistent with our findings in Tables 2
and 3. Notably, the interaction effect varies by citation count and au-
thorship level, significantly boosting six- and ten-year citation counts at
the authorship roster level. This demonstrates the synergistic potential
of blending topic and social connectivity to enhance ideas’ spread.
This synergy, as further supported by statistical comparisons between
Tables B5 and Table 2, suggests that combining these dimensions can
significantly increase ideas’ dissemination. At the co-authorship level,
the interaction term shows significance for total citations, thereby
increasing the model’s accuracy compared to the estimations in Table 3.
However, the impact of the interaction term is not uniformly observed,
indicating its effects are contingent on the specific context.

Our findings offer a detailed exploration of how social and topic
connectivity contribute to disseminating scholarly work. The analysis
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Table 2
Connectivity and ideas’ diffusion (authorship roster).
) @ G) @)
Total 2-years 6-years 10-years
Count model coefficients
Connectivity measures
Social connectivity 0.998 1.012 1.021* 1.025*
Topics connectivity 1.072%%* 1.067*** 1.089%** 1.135%%*
Control variables
# Authors 0.962%* 1.175%** 1.188%** 1.184%%*
Cited count 1.098*** 1.368%** 1.456%** 1.563%%*
Econometrica 2.379%%* 1.639*** 1.583*%** 1.609***
JoE 1.846%** 1.376*** 1.321%** 1.350%**
REStat 1.89g*** 1.497%** 1.400%** 1.384%**
OBES 1.313%** 1131 %%* 1.089%** 1.077%%*
JBES 1.506%** 1.282%** 1.176%** 1.159%%*
JAE 1.413%** 1.234%%* 1.168*** 1.177%**
ER 0.986 1.118*** 1.025 0.999
ET 1.273%%* 1.128*** 1.079%** 1.112%%*
EJ 1.050** 1.093*** 1.033* 1.022
JFE 1.033 1.108*** 1.056%** 1.043*
JTSA 0.991 1.040%** 1.004 0.993
Prolific authors 1.147%%* 1.098** 1.121%%* 1.113%%*
Hurdle model coefficients

Connectivity measures
Social connectivity 0.494 0.507 0.491 0.506
Topics connectivity 0.518%* 0.519%** 0.543%** 0.556%%*
Control variables
# Authors 0.496 0.569*** 0.608%** 0.611%%*
Cited count 0.496%** 0.648*** 0.736%** 0.771%%*
Econometrica 0.665%** 0.639%** 0.670%** 0.697%**
JoE 0.654*** 0.547*** 0.567* 0.583*
REStat 0.691*** 0.545%** 0.573%** 0.620%**
OBES 0.545%** 0.492 0.498 0.510
JBES 0.556%** 0.518 0.524 0.547
JAE 0.584%** 0.514 0.531 0.553
ER 0.485 0.497 0.471* 0.485
ET 0.537* 0.495 0.479 0.483
EJ 0.507 0.494 0.492 0.513
JFE 0.512 0.496 0.492 0.505
JTSA 0.506 0.500 0.500 0.525
Prolific authors 0.550%** 0.526%** 0.541%** 0.567***
Sample size 17,245 17,259 14,614 10,968
Log-likelihood -78885 -40230 -52855 -45543
BIC 158100 80802 106046 91413

Note: This table reports estimations of hurdle-negative binomial model. The exponential function is applied to coefficients
of the count component, and the Plogis function is applied to coefficients of the hurdle component to convert log-odds into

probabilities. s, %%, and % denote significance at 1%, 5% and 10% levels, respectively.

underscores that the combined effect of social connections and the-
matic focus — captured by the interaction term — can significantly
influence citation counts, though this impact is not consistent across
all scenarios. This observation highlights the variable strategic role of
well-integrated authorship networks in enhancing academic influence.
It underscores the complexities inherent in academic collaboration,
illustrating how co-authorship can be pivotal in extending the reach
and effect of research. This analysis advocates for a comprehensive
understanding of how effective collaboration networks, coupled with
thematic alignment, can drive scholarly dissemination.

4.4. Nonlinear effect of connectivity

To test our fourth hypothesis, which posits that both topic and
social connectivity can exert a nonlinear effect on idea diffusion, we
augment our hurdle negative binomial model with a squared term for
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connectivity.?® Table B7 in Appendix B.3.2 presents the results for the
authorship roster.?® Consistent with our previous findings, both topic
and social connectivity significantly increase the likelihood of receiving
non-zero citation counts, as well as contribute to the overall success of
idea diffusion—most notably at two, six-, and ten-year window sizes.
Intriguingly, the nonlinear component unveils a downward-concave
relationship between connectivity and idea success. As both topic and
social connectivity increase, the success of idea diffusion initially rises
but ultimately starts to decline upon reaching a certain threshold.

25 Higher-order polynomial transformations were found to be insignificant.
While we also considered Generalized Additive Models, we opted for the
hurdle model due to the interpretability of its coefficients.

26 Results for co-authorship are very similar and are available upon request
from the authors.
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Table 3
Connectivity and ideas’ diffusion (co-authorship).
1) @ (3) (C)
Total 2-years 6-years 10-years
Count model coefficients
Connectivity measures
Social connectivity 1.221%** 1.046%** 1.064*** 1.105%**
Topics connectivity 1.O71%** 1.062%** 1.086%** 1.136%**
Control variables
# Authors 0.911%** 1.077%** 1.073%** 1.052%**
Cited count 1.053** 1.355%** 1.428%** 1.550%**
Econometrica 1.800%** 1.471%** 1.503%** 1.434%%*
JoE 1.326%** 1.217%%* 1.248%%* 1.157%**
REStat 1.490%** 1.345%** 1.368%** 1.258%**
OBES 1.047 1.045 1.013 0.995
JBES 1.205%** 1.165%** 1.132%%* 1.047
JAE 1.170%** 1.153%** 1.154%%* 1.085*
ER 0.868*** 1.079%** 1.001 0.944
ET 1.029 1.044 1.032 0.996
EJ 0.956%** 1.053%** 1.014 0.986
JFE 0.938%** 1.064%** 1.051%** 0.954
JTSA 0.520 0.931 0.924 0.757
Prolific authors 1.022%** 1.004 1.012 1.010
Hurdle model coefficients

Connectivity measures
Social connectivity 0.572%** 0.517%** 0.980%** 0.610%**
Topics connectivity 0.513%*x* 0.518%** 0.605%** 0.553%**
Control variables
# Authors 0.450%** 0.542%** 0.528* 0.526
Cited count 0.447%** 0.639%** 0.735%** 0.762%**
Econometrica 0.648%** 0.654%** 0.720%** 0.741%**
JoE 0.651%** 0.558*** 0.540 0.451
REStat 0.707*** 0.558*** 0.546 0.509
OBES 0.545%* 0.502 0.483 0.436
JBES 0.547** 0.519 0.498 0.458
JAE 0.592%** 0.529* 0.526 0.481
ER 0.485 0.501 0.451* 0.415%**
ET 0.546%** 0.498 0.459 0.4171%**
EJ 0.502 0.494 0.481 0.469
JFE 0.520 0.501 0.477 0.465
JTSA 0.522 0.522 0.471 0.356
Prolific authors 0.553 0.504 0.558 0.561
Sample size 11,613 11,621 9,461 6,622
Log-likelihood -52944 -28453 -35344 -28420
BIC 106216 57234 70009 57148

Note: This table reports estimations of the hurdle-negative binomial model. The exponential function is applied to coefficients
of the count component, and the Plogis function is applied to coefficients of the zero component. s, #x, and * denote

significance at 1%, 5% and 10% levels, respectively.
5. Additional results and robustness checks

We conducted a comprehensive set of robustness checks, which
are detailed in Appendix C, to assess the sensitivity of our results to
different model specifications.

First, we scrutinize the sensitivity arising from bipartite projection,
a key factor that transforms a two-mode network into a one-mode
network for calculating ideas and social connectivity variables. To this
end, we utilized various projection methods — including matching, Jac-
card, and Pearson — and compared their similarity scores to the method
employed in this study. These comparative analyses are depicted in
Figure C2 in Appendix C.1. Our results consistently demonstrate a high
degree of concordance with the methodology adopted in this paper.

Second, we evaluate the robustness of our betweenness centrality
measure, which adeptly captures the intricacies of ideas and social
connectivity in multiple dimensions. We have evaluated the behav-
ior of our connectivity measure against alternative centrality scores
commonly referenced in the literature, including degree, eigenvector,
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k-core, and local clustering. Figure C3 in Appendix C.2 presents a
comparison of each measure using CDFs and Pearson correlation ma-
trices for both topic and social connectivities. Our findings validate
the rationale behind adopting the betweenness centrality score as a
measure of connectivity, specifically defined by brokerage. In addition
to using the Brandes algorithm (Brandes, 2001, 2008) for our study,
we have also explored alternative algorithms, such as the approximate
betweenness algorithm (Geisberger et al., 2008). Figures illustrating
normalized betweenness centrality measures derived from each algo-
rithm are provided in Figure C4 in Appendix C.3. Our analyses confirm
the reliability and consistency of the betweenness centrality measure
utilized in our study.

Third, we evaluate the superiority of our hurdle model over the
Poisson, COM-Poisson, Negative Binomial, and Zero-inflated models
in accounting for overdispersion and the excess of zeros present in
our citation count data. Detailed results are presented in Appendix
C.4.1. Initially, a dispersion test, as reported in Table C1, confirms the
rejection of the equidispersion hypothesis pertaining to our citation
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count variables. The efficacy of the hurdle model in capturing the
nuances of citation counts is further compared using log-likelihood,
BIC (with Raftery’s probability), and Vuong’s non-nested hypothesis
test (Vuong, 1989). These comparisons are documented in Tables C2
through C4 and visualized via rootogram plots (Kleiber and Zeileis,
2016) in Figures C5 to C7. Across all metrics, our analyses consistently
affirm the superiority and robustness of the hurdle model in capturing
the influence of connectivity on the success of ideas in econometrics.

Lastly, to examine model specification, we performed various es-
timations with different configurations: (i) using only connectivity
variables; (ii) using only control variables; and (iii) a full model incor-
porating both control and connectivity variables. Table C5 in Appendix
C.4.2 presents the BIC and Raftery probability, comparing (i) and (ii)
with (iii), which confirms the superiority of our comprehensive ap-
proach. Furthermore, to address potential uncertainties arising from the
calculation of ideas and social connections, we conducted a bootstrap
analysis. The results, detailed in Table C6 in Appendix C.4.2, reinforce
the paper’s principal findings.

6. Conclusion

This paper aims to explore the factors influencing the dissemination
of ideas in econometrics, a discipline uniquely positioned at the inter-
section of economics, finance, and statistics. Although the field’s inter-
disciplinary nature suggests a high potential for rapid theory diffusion
within the scientific community, it remains relatively underexplored,
presenting a promising avenue for innovative discoveries.

Drawing from a comprehensive dataset of more than 17,000 re-
search articles collected over four decades, our empirical analysis em-
ploys a sophisticated blend of natural language processing and network
analysis techniques. This approach serves to illuminate the critical role
that connectivity plays in the dissemination and recognition of ideas
in econometrics. While the intrinsic quality of research undeniably
remains a fundamental determinant of its impact, we demonstrate that
it is intricately interlaced with additional factors—specifically, thematic
and social connectivities. Thematic connectivity enhances a paper’s
scholarly relevance by bridging multiple academic domains, thereby
increasing its citation potential. Similarly, social connectivity — defined
by the strength and breadth of an author’s or team’s academic network
— amplifies a paper’s visibility and credibility within the scientific
community. Furthermore, our findings indicate that as both idea and
social connectivity increase, the success of idea diffusion initially rises
but eventually begins to decline after reaching a certain threshold.
The robustness of our findings is empirically grounded using several
models including the hurdle negative binomial, Poisson, COM-Poisson,
Zero-inflated, and negative binomial, along with multiple network
measures.

A key takeaway from our research is that, all else being equal, a
publication aiming to be impactful should bridge various knowledge
domains and be produced by scholars who are well-recognized and
connected within the scientific community. Overall, our findings pro-
vide actionable insights for scholars navigating the complex world of
academic publishing, while also establishing a foundational framework
for further investigation of this intricate ecosystem. This finding is
particularly insightful for young scholars entering the domain and
aiming at maximizing the impact of their research. It also could be used
by research (public or private) agencies to select and fund projects,
having high potential of dissemination. Finally, whereas our findings
are in line with the literature showing that increased coauthorship
enhances citation counts, we find that a threshold exists. This result is
reassuring as it highlights that pure opportunistic behaviors consisting
of increasing the number of coauthors only to gain citations face a limit
that must not be crossed.

Our findings reinforce and extend the analysis of the Matthew effect
in the econometrics domain, showing that beyond the accumulation
of advantages for established scholars, the proliferation of ideas and
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academic influence are intricately tied to social and thematic connec-
tivity. This underscores a more dynamic interplay between an author’s
historical success and the visibility and impact of their current research.

Our research not only sheds light on the multifaceted elements
contributing to scholarly impact but also serves as a catalyst for future
explorations into the dynamics of academic influence within econo-
metrics and beyond. Given the ever-evolving landscape of scientific
research, understanding the role of connectivity in the dissemination
of ideas has never been more relevant.
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