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

Introduction

The skyrocketed amount of academic publications, particularly in the field of econometrics, has resulted in an overwhelming abundance of information, commonly referred to as the 'burden of knowledge' [START_REF] Jones | The burden of knowledge and the "death of the renaissance man": Is innovation getting harder?[END_REF]). As the academic landscape becomes increasingly saturated, establishing a unique intellectual space and securing peer recognition becomes progressively complex [START_REF] Jones | The burden of knowledge and the "death of the renaissance man": Is innovation getting harder?[END_REF], [START_REF] Bloom | Are ideas getting harder to find?[END_REF], [START_REF] Deichmann | Ideas with impact: How connectivity shapes idea diffusion[END_REF]). 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 [START_REF] Uzzi | Atypical combinations and scientific impact[END_REF], [START_REF] Wang | Knowledge creation in collaboration networks: Effects of tie configuration[END_REF], [START_REF] Archontakis | Søren Johansen and Katarina Juselius: A bibliometric analysis of citations through multivariate bass models[END_REF]). 1 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.

Our research aims to identify the variables affecting citation counts, elucidating the factors that contribute to the prominence of ideas in econometrics. This specific field merits particular attention because of its interdisciplinary nature, intersecting with economics, finance, statistics, mathematics, and data science. It further acts as an empirical foundation for a range of disciplines, from economics and finance to sociology and political science, underscoring its extensive academic impact.

Prior research across various disciplines suggests that groundbreaking ideas often arise from a blend of pre-existing knowledge. Specialized expertise, if too narrowly focused, can stifle creativity, leading to minor, incremental advances [START_REF] Uzzi | Atypical combinations and scientific impact[END_REF]). Conversely, works that integrate diverse areas of knowledge introduce innovative approaches and resonate more broadly within the scientific community [START_REF] Uzzi | Atypical combinations and scientific impact[END_REF], [START_REF] Trapido | How novelty in knowledge earns recognition: The role of consistent identities[END_REF], [START_REF] Wagner | International research collaboration: Novelty, conventionality, and atypicality in knowledge recombination[END_REF]). Such works often achieve higher citation rates [START_REF] Kaplan | The double-edged sword of recombination in breakthrough innovation[END_REF], and 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 influences the acceptance of ideas within academia [START_REF] Mcfadyen | Social capital and knowledge creation: Diminishing returns of the number and strength of exchange relationships[END_REF], [START_REF] Ductor | Social networks and research output[END_REF], and [START_REF] Wang | Knowledge creation in collaboration networks: Effects of tie configuration[END_REF]). An author's centrality in academic networks bolsters the impact and credibility of their work [START_REF] Podolny | Networks as the pipes and prisms of the market[END_REF], [START_REF] Azoulay | Superstar extinction[END_REF], [START_REF] Ductor | Does co-authorship lead to higher academic productivity?[END_REF], [START_REF] Deichmann | I can do that alone or not? How idea generators juggle between the pros and cons of teamwork[END_REF], and [START_REF] Hsieh | Superstar economists: Coauthorship networks and research output[END_REF]). Recognizing the importance of diversified perspectives, research in econometrics is increasingly collaborative, fostering interdisciplinary innovation [START_REF] Andrikopoulos | Four decades of the Journal of Econometrics: Coauthorship patterns and networks[END_REF], [START_REF] Jones | The rise of research teams: Benefits and costs in economics[END_REF]). 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 underexplored. A few studies have explored co-authorship patterns in economics [START_REF] Goyal | Economics: An emerging small world[END_REF], and [START_REF] Nowell | Trends in co-authorship in economics since 1985[END_REF]) and econometrics [START_REF] Andrikopoulos | Four decades of the Journal of Econometrics: Coauthorship patterns and networks[END_REF]). Our study seeks to fill this gap by incorporating insights from network theory, social psychology, natural language processing, and data analytics. In line with [START_REF] Deichmann | Ideas with impact: How connectivity shapes idea diffusion[END_REF], this paper explores how various forms of connectivity influence the trajectories of econometric theories and practices. We aim to identify the 'hidden bridges' that propel the field forward, thereby providing crucial guidance for scholars navigating in an intricate academic landscape.

Following [START_REF] Deichmann | Ideas with impact: How connectivity shapes idea diffusion[END_REF], we argue that the intrinsic quality 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 propagating thematically integrated works.

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

To empirically assess these hypotheses, we analyze over 17,000 research 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 enables us to explore both the topical content and temporal evolution of each idea. Consistent with our hypothesis, we posit that publications 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 [START_REF] Borgatti | Network analysis of 2-mode data[END_REF] and [START_REF] Everett | Ego network betweenness[END_REF]. 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 [START_REF] Mullahy | Specification and testing of some modified count data models[END_REF], [START_REF] Cameron | Microeconometrics: methods and applications[END_REF], and [START_REF] Cameron | Regression analysis of count data[END_REF]). 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 particularly pronounced at the team level, although the interaction between different types of connectivity varies depending on the empirical framework. 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 the pioneers in establishing a nuanced relationship between idea success and connectivity within the specialized domain of econometrics. While previous studies such as [START_REF] Deichmann | Ideas with impact: How connectivity shapes idea diffusion[END_REF] 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 [START_REF] Larsen | The value of news for economic developments[END_REF], [START_REF] Hansen | Transparency and deliberation within the fomc: a computational linguistics approach[END_REF][START_REF] Brunetti | Reasons Behind Words: OPEC Narratives and the Oil Market[END_REF]), 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 [START_REF] Andrikopoulos | Four decades of the Journal of Econometrics: Coauthorship patterns and networks[END_REF] 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 connectivity 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 publication 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.

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 processing approach utilized in measuring econometric ideas, and presents preliminary results from idea estimation.

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 [START_REF] Chang | Ranking leading econometrics journals using citations data from ISI and RePEc[END_REF] 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.

As shown in Table 1, the distribution of the sample is not homogeneous among journals, with JoE (23.1%), REStat (15.4%), and Econometrica (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.

Figure 1 illustrates the growth in the total number of articles and the H-index for the considered journals. It reveals that while the number of published papers has been increasing over the years, the level of the H-index peaked between the mid-1990s and mid-2000s. 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 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 1,926 institutions across 87 countries. Note: This figure reports the number of articles for all journals per year (blue line left axis) together with the H-index (grey bars right axis) for the period 1980-2020.

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 reducing dimensionality. Words and characters with little topical content (e.g., stopwords2 , numbers, mathematical formulas, and punctuation) were removed, and the remaining terms were stemmed3 , leaving a (17, 260 × 45, 714) document-term matrix for our topic model estimation.

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 papers, postulating that econometric ideas are well-represented by these topics. This approach allows each research paper to encompass multiple topics, with each topic characterized by a word collection.

Latent Dirichlet Allocation (LDA), introduced by [START_REF] Blei | Latent dirichlet allocation[END_REF], is a widely-used technique for topic modeling. It assumes that each document is a mixture of topics, and each topic is a distribution of words, both generated from Dirichlet distributions. Key parameters are the topic proportions for documents (θ d j ) and words (ϕ j w ), which are used to approximate posterior distributions and assign topics and words in documents.4 However, LDA's limitation is its assumption that topics within a document are independent, which may not hold true in complex research contexts. To address this, we use the Structural Topic Model (STM) developed by [START_REF] Roberts | The structural topic model and applied social science[END_REF]. Similar to LDA in estimating topic and word distributions, STM differs by drawing θ d j from a Logistic-Normal distribution, and modeling β k using multinomial logit. This method accounts for dependence between topic distributions and allows distributions to be endogenous to certain factors (see [START_REF] Brunetti | Reasons Behind Words: OPEC Narratives and the Oil Market[END_REF]). Our focus is on connectivity's role in shaping econometric ideas rather than the origins of the topics. We therefore leave the questions on the causes of the emergence of ideas for future research.

Considering the known topics within a document, the STM algorithm proceeds as follows:

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

θ d | X dγ , Σ ∼ Logistic -N ormal(µ = X dγ , Σ)
where X d stands for a vector of covariates, γ ∼ N (0, σ 2 k ) is a matrix of coefficients, and Σ is the covariance matrix. 5 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:

β d,k ∝ exp(m + κ k v + κ y v + κ y,k v )
where m is the baseline word frequency, and

(κ k v + κ y v + κ y,k v ) 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, selecting T = 60 topics. Details on the choice of T and the estimation process can be found in Appendix B.1.
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Preliminary analysis of econometric ideas

We conducted a 60-topics Structural Topic Model (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 [START_REF] Brunetti | Reasons Behind Words: OPEC Narratives and the Oil Market[END_REF] and labeled the topics using two approaches: (i) the top 10 FREX (FRequency and EXclusivity) terms; and (ii) the most probable bigrams.7 Details on the labeling methods are in Appendix B.2, and Tables 8 to 11 in the same Appendix report the labels.

Among the 60 topics, we selected several to showcase the variety of econometric ideas. Figure 2 visualizes the estimated distributions using word clouds and the corresponding labels. Notably, labels align with word occurrence, illustrating diverse topics related to various econometric methodologies and concepts. Tables in Appendix B.2 also list topics unrelated to the econometric field, emanating from the broader coverage of the sampled journals. We narrowed our focus to 27 econometric-oriented topics, generating a (17, 260 × 27) document-topic distribution matrix.8 This preliminary analysis offers a detailed and multifaceted view of the evolving landscape of econometric ideas, illustrating that econometrics 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.

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.

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.11 In the academia 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 extracted for each paper from WoS database as a proxy for ideas success (see, [START_REF] Uzzi | Atypical combinations and scientific impact[END_REF], [START_REF] Magerman | Does involvement in patenting jeopardize one's academic footprint? an analysis of patent-paper pairs in biotechnology[END_REF], 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-years moving window counts (dynamic).

Figure 5 reports both the counts and frequency of total (panel (a)), six-year (panel (b)), and ten-years (panel (c)) window citations as ideas success. Interestingly, counts plots show that 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. 

Independent variables: the role of connectivity

As independent variables, we hypothesize that the role of connectivity is an important factor for ideas diffusion [START_REF] Uzzi | Atypical combinations and scientific impact[END_REF], [START_REF] Trapido | How novelty in knowledge earns recognition: The role of consistent identities[END_REF], and Deichmann et al. ( 2020)). Both topics and social connectivity are considered as explanatory variables such as the more a publication bridges several ideas with interconnected authors the more it attracts attention.

The two connectivity measures are derived from two-mode networks (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 [START_REF] Borgatti | Network analysis of 2-mode data[END_REF] and Opsahl ( 2013)). Figure 6 reports two visual examples of bipartite networks to measure connectivity in our context.12 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 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. 

Topics connectivity

To measure topics connectivity, we start from the estimated (17, 260 × 27) documents-topics distribution matrix discussed in Section 2.2, which reports for each publication the proportion of each econometric idea (i.e., topics). 13 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 performed 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, [START_REF] Newman | Scientific collaboration networks. II. Shortest paths, weighted networks, and centrality[END_REF], [START_REF] Seierstad | For the few not the many? The effects of affirmative action on presence, prominence, and social capital of women directors in Norway[END_REF], 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 [START_REF] Borgatti | Network analysis of 2-mode data[END_REF] and [START_REF] Deichmann | Ideas with impact: How connectivity shapes idea diffusion[END_REF] and define the betweenness centrality of node i as:

b i = 1 2 n k̸ =i n ̸ =i̸ =k p kj(i) p kj , (1) 
where p kj denotes the total number of shortest paths from node k to j (geodesic path), and p kj(i) 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 [START_REF] Brandes | A faster algorithm for betweenness centrality[END_REF]).

Building on the insights from panel (a) of Figure 6, the topic connectivity score quantifies how a publication serves as a bridge within the scientific community, linking disparate econometric ideas. 14 Figure 7 presents the topic connectivity in the form of a two-mode network between publications and ideas. In the network, the vertices 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. 15 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

13 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. 14 For further details, Section 5 and Appendix C.2 provide sensitivity analyses on betweenness centrality measures using various algorithms. 15 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. exhibit the highest topic connectivity, acting as conduits among T41, T47, T53, 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, underscoring their central role in the scholarly discourse of the field. Interestingly, the publications mentioned above are primarily oriented toward finance-related themes. 

Social connectivity

For social connectivity, two measures are considered and generated from binary bipartite network. First, we consider all authors and created a two-mode network from a (17, 260×33, 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 × 12, 393) matrix where papers are connected by shared teams (see [START_REF] Deichmann | Ideas with impact: How connectivity shapes idea diffusion[END_REF], and Jones (2021)). In the second case, our framework focuses only on co-authored publications. 16As for topic connectivity, after overlap count publications projection we computed betweenness centrality score using Equation (1) to capture social connection between authors and teams respectively.17 The intuition is that the higher the social connectivity is for a given publication the more author or group of authors is likely to interact with other author or group of authors.

The more interaction of the authors the more central is the publication. Figures 8 and9 illustrate the betweenness centrality in networks of full authorship and coauthorship, respectively, both represented as binary two-mode networks. These figures convey 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 publications they have authored. Cavaliere), and is linked to other publications (579_ID, 3229_ID, 3232_ID, 10716_ID, and 14670_ID). The critical role of connectivity becomes even more pronounced when considering teams of authors, as demonstrated by a score of 16.237 in Figure 9, which is also highlighted in red. Note: This figure represents a binary two-mode network between publications (in light gray) and authors (in dark gray) for co-authorships. The size of the vertices denotes respectively the publications' betweenness centrality and the authors' total contribution over the period. Red vertices color indicates the highest social connectivity score and its connected edges. For simplicity, we remove vertices for which betweenness centrality is below 4.000 out of 16.237, and isolated nodes.

Control variables

In testing our hypotheses, we considered a number of control variables 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:

J u = 1 if the publication p is published by the journal u 0 otherwise.

where J u 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 attention as suggested by [START_REF] Reagans | Networks, diversity, and productivity: The social capital of corporate R&D teams[END_REF] and [START_REF] Deichmann | Ideas with impact: How connectivity shapes idea diffusion[END_REF]. 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 [START_REF] Uzzi | Atypical combinations and scientific impact[END_REF]). We added the number of cited references for each publication to control for this effect.

Finally, prolific and skilled authors can enhance the visibility of specific ideas or topics discussed in a given publication [START_REF] Wang | Knowledge creation in collaboration networks: Effects of tie configuration[END_REF]). To control for this effect, we focus on the top 20 most prolific authors over the period based on the H-index (see Table 7 in Appendix A), and constructed a dummy variable as:

A p = 1 if at least one author of the publication p is a top author 0 otherwise.

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

Model description

The endogenous variables of citations taking integer values, to test for our hypotheses we therefore rely on 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. 19 While it is over-restrictive, such an assumption presents the advantage of simplicity. It takes the following form:

E[y p |x p ] = λ p = exp(x T p β) = exp(β 1 + β 2 x 2p + β 3 x 3p + β 4 Z 4p ), (2) 
where y p stands for total, two-, six-, and ten-years moving window citations counts respectively over p = 1, ..., P publications. x 2p is for topics connectivity, x 3p is for social connectivity, and Z 4p is for the set of control variables. E[.|.] corresponds to the traditional conditional expectation operator. Using the generalized linear model framework, Equation (2) can be re-written as a log-linear representation:

ln(E[y p |x p ]) = ln(λ p ) = x T p β = β 1 + β 2 x 2p + β 3 x 3p + β 4 Z 4p . (3) 
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 5 in Section 3.1, ideas success is however mainly over-dispersed with excess zeros, invalidating the restriction imposed by the Poisson model. We therefore consider two alternative models to tackle this issue. First, we assume a negative binomial distribution for y p |x p which can arise as a gamma mixture of Poisson distributions.20 

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. It therefore calls for the set-up of a two-component hurdle model (see [START_REF] Mullahy | Specification and testing of some modified count data models[END_REF], [START_REF] Cameron | Microeconometrics: methods and applications[END_REF], and [START_REF] Cameron | Regression analysis of count data[END_REF]). This approach combines a left-truncated count data model (f count (y|x, β)) for positive counts, and a right-censored zero hurdle model (f zero (y|x ′ , β ′ )) for the zero counts as: 21

f hurdle (y|x, x ′ , β, β ′ ) =      f zero (0|x ′ , β ′ ) if y = 0 1-fzero(0|x ′ ,β ′ ).fcount(y|x,β) 1-fcount(0|x,β)
if y > 0.

(4)

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

ln(E[y p |x p ]) = x T p β + ln(1 -f zero (0|x ′ p , β ′ )) -ln(1 -f count (0|x p , β)), (5) 
where y p is the dependent variable (citations), x p and x ′ p are the independent variables for each component respectively (topic connectivity, social connectivity, and control variables) over p = 1, ..., P publications. β and β ′ are parameters for each model. Negative binomial distribution is considered for the count component.

These three models (Poisson, negative binomial, and hurdle negative binomial) are implemented to test for our hypotheses. For space reasons and as the hurdle negative binomial is statistically superior, we only report the estimates of this model (Equation ( 5)). 22 Section 5 and Appendix C.3 further discuss sensitivity analysis between models through (i) dispersion test, (ii) Vuong's test, and (iii) rootogram functions.

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 both the topics and social connectivity scores before incorporating 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 transformations. The zero (hurdle) coefficients were estimated using logistic regression and represent the probability of non-zero citations.

21 Zero-inflated models are another approach able to deal with both over-dispersion and excess zero counts.

However, they assume that zeros are from the point mass and the count component. In our context, as we consider aggregated citations, it appears unable to take into account publications generating citations and those which can but do not always generate citations.

22 Results from other models are available upon request to the authors.

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 (negative) 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 β k -1)×100 (reported coefficients are already expressed in exponential form).

Overall, our findings affirm that connectivity significantly enhances the probability of nonzero 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 contribute 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 expected, mainstream econometrics journals with high impact factors (refer to Table 1) are positively associated with total citations, as evidenced by percentages for Econometrica (137.9%), JoE (84.6%), REStat (89.8%), JBES (50.6%), and JAE (41.3%). Publications by highly prolific authors also significantly bolster the popularity of ideas, averaging a 14.7% increase.

Analyzing from a dynamic perspective (columns (2) to ( 4)), the results are nuanced with respect to the time window. 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.

An 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, respectively). This observation sets the stage for a deeper examination of the role of co-authorship in ideas diffusion. 

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 positive 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. Alongside 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. 

Topics and social connectivity interaction

Hypothesis 3 articulates that ideas characterized by high topic connectivity are likely to achieve superior diffusion success when augmented by robust social connectivity among authors or authoring teams. To empirically validate this hypothesis, we introduced an interaction term (social × topics connectivity) into our analytical models, considering both full authors and co-authorship levels. For each of these levels, we formulated two distinct model specifications: one encompassing all variables, including the interaction term, and the other excluding the main effects, namely the topics and social connectivity variables.

Table 4 enumerates the estimated coefficients for the interaction terms, maintaining consistency with the coefficients presented in Tables 2 and3. At the full authors level, the interaction term emerges as positively significant for the six-and ten-year citation windows, providing empirical support to the synergy between topic and social connectivity. This synergy posits that the collaborative integration of these two dimensions can amplify the spread of ideas.

Shifting focus to the co-authorship level, the interaction term manifests significance across diverse time windows. This observation corroborates the robust relationship between social connectivity and topics connectivity, particularly within the main effects specification. Such results lend significant support to the notion that cohesive co-authorship networks contribute substantially to academic impact.

These findings resonate with the broader understanding of academic collaboration, reinforcing the value of social ties and shared expertise in enhancing the reach and impact of scholarly work. Co-authorship, as evidenced by the interaction effects, serves as a conduit for idea diffusion, leveraging the combined strengths of individual authors to create a more resonant and profound voice within the academic community.

Table 4: Ideas diffusion and connectivity interaction

Note: This table reports the estimated coefficient of the social × topics connectivity interaction term for full authors and co-authorship, respectively. The exponential function is applied to coefficients of the count component, and the Plogis function is applied to coefficients of the zero component. * , * * denote significance at the 5% and 10% levels from the model including interaction terms and main effects, while 

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 connectivity.23 

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, Jaccard, and Pearson -and compared their similarity scores to the method employed in this study. These comparative analyses are depicted in Figure 13 in Appendix C. Our results consistently demonstrate a high degree of concordance with the methodology adopted in this paper.

Second, we probe the robustness of our betweenness centrality measure, which captures the nuances of ideas and social connectivity. In addition to the Brandes algorithm [START_REF] Brandes | A faster algorithm for betweenness centrality[END_REF][START_REF] Brandes | On variants of shortest-path betweenness centrality and their generic computation[END_REF]) utilized in this study, we also explore alternative algorithms such as the approximate betweenness algorithm [START_REF] Geisberger | Better approximation of betweenness centrality[END_REF]). Plots illustrating normalized betweenness centrality measures obtained from each of these algorithms can be found in Figure 14 in Appendix C.2. Our analyses confirm the reliability and consistency of the betweenness centrality measure employed in our paper.

Third, we evaluate the superiority of our hurdle model over both the Poisson and negative binomial models in accounting for overdispersion and the excess of zeros present in our citation count data. Detailed results are presented in Appendix C.3. Initially, a dispersion test, as reported in Table 12, confirms the rejection of the equidispersion hypothesis pertaining to our citation count variables. The efficacy of the hurdle model in capturing the nuances of citation counts is further compared using Vuong's non-nested hypothesis test [START_REF] Vuong | Likelihood ratio tests for model selection and non-nested hypotheses[END_REF]). These comparisons are documented in Tables 13 through 16 and visualized via rootogram plots [START_REF] Kleiber | Visualizing count data regressions using rootograms[END_REF]) in Figures 15 to 17. 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 address potential uncertainties in our findings, which may arise from the calculation of ideas and social connectivities, we conducted a bootstrap analysis, the results of which are presented in Table 17. This analysis substantiates the core findings of the paper.

Conclusion

This paper aims to explore the factors influencing the dissemination of ideas in econometrics, a discipline uniquely positioned at the intersection of economics, finance, and statistics. Although the field's interdisciplinary 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 research articles collected over four decades, our empirical analysis employs 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, 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 provide 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 maximising 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.

Our research not only sheds light on the multifaceted elements contributing to scholarly impact but also serve as a catalyst for future explorations into the dynamics of academic influence within econometrics 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. 

B Estimation of econometric ideas

B.1 Pre-processing, model estimation and selection

Pre-processing corpus is a mandatory and fundamental first step when one wants to apply natural language processing approaches. As discussed in Section 2.2, we performed a bunch of steps to remove not topical words. As suggested by [START_REF] Roberts | Navigating the local modes of big data[END_REF], we then use a semi-collapsed variational EM algorithm to estimate STM.

The dimensionality of the latent space (i.e., the number of topics K) conditioned the trade-off between accuracy and interpretability of the model. To select the most appropriate dimension, we estimated the model for K = 20 to 80, and computed four statistical metrics reported in 8 to Table 11. Econometrics-related ideas are denoted by " * ". 

C.1 Two-mode projection

As elaborated in the main body of the paper, we often simplify two-mode networks into one-mode networks for ease of interpretation, utilizing projection methods to accomplish this transformation. Figure 12 visually illustrates this bipartite projection process using a binary network as an example. A two-mode network (shown in panel (a)) comprises two distinct sets of nodes -in this case, one set representing publications and the other representing ideas. 26Edges exist solely between nodes from different sets, rendering within-set interactions (i.e., between topics or between publications) irrelevant. Bipartite projection is conducted by choosing one set of nodes and linking nodes within that set if they share at least one common node in the opposing set. Panel (b) depicts a projection over publications, while panel (c) shows a projection over topics. Several projection methods are available, including Jaccard similarity and matching, among others. In this study, we employed Jaccard, matching, and Pearson techniques to transform our original bipartite network into a unipartite representation. Figure 13 compares the out-comes of different projection approaches applied to a (17, 260 × 27) network: our study's method (overall count), as well as Jaccard, matching, and Pearson projections. 27 The figure presents similarity scores ranging from 0 to 1, calculated using various metrics such as degree centrality, betweenness centrality, and Minkowski distance. Overall, the results indicate that all considered projection methods yield high similarity scores -ranging from 0.9 to 1 -when compared to our count-based approach. However, Pearson's technique stands out for its lower similarity scores, which range between 0.5 and 0.7. . Dark gray signifies values ranging from 0.9 to 1, mid-gray corresponds to the 0.7 to 0.9 range, and light gray represents scores between 0.5 and 0.7.

C.2 Betweenness centrality measures

To assess the robustness of our connectivity scores in relation to the chosen centrality algorithm, we juxtapose measures derived from the Brandes algorithm [START_REF] Brandes | A faster algorithm for betweenness centrality[END_REF][START_REF] Brandes | On variants of shortest-path betweenness centrality and their generic computation[END_REF]) employed in this study with those from the approximate betweenness algorithm [START_REF] Geisberger | Better approximation of betweenness centrality[END_REF]) designed to gauge idea connectivity.28 As depicted in Figure 14, the two measures display an exceptional degree of congruence. This coherence is further reinforced by a similarity score surpassing 95%, underscoring the robustness of our approach. 

C.3 Count data models

To assess the characteristics of our citation count data, we initially employ a dispersion test, as outlined in [START_REF] Cameron | Regression-based tests for overdispersion in the poisson model[END_REF], [START_REF] Cameron | Microeconometrics: methods and applications[END_REF], and [START_REF] Cameron | Regression analysis of count data[END_REF]. This test examines the null hypothesis of equidispersion in Poisson Generalized Linear Models (GLMs) against alternative hypotheses of overdispersion and/or underdispersion. The results, presented in Table 12, lead to the rejection of the null hypothesis of equidispersion. We conduct pairwise comparisons among the Poisson, negative binomial, and hurdle models to evaluate their effectiveness in capturing citation counts. The results are displayed in Tables 13 through 16. In this context, a negative value indicates the superiority of Model 2 over Model 1, while a positive value suggests the opposite. Across all comparisons, the results consistently confirm the superior performance of the hurdle model over the other two alternatives. Finally, to assess the fit of the hurdle model in comparison to the Poisson and negative binomial approaches, we employ the hanging rootogram method as described in [START_REF] Kleiber | Visualizing count data regressions using rootograms[END_REF]. A rootogram graphically compares observed and expected frequencies by plotting histogramlike rectangles for the observed frequencies and a curve for the fitted frequencies, all on a square-root scale. For each j = 0, 1, 2... integer, observed and expected frequencies are given by In terms of interpretation, if a bar does not reach the zero line, the model over-predicts for a particular count bin. Conversely, if the bar extends beyond the zero line, the model underpredicts. For all window citation counts, the Poisson distribution poorly fits most of the count bins. While the negative binomial model exhibits better alignment with the data compared to the Poisson GLM, it tends to over-predict zeros most of the time and under-predict low-count bins in comparison to the hurdle model. 
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 2 Figure 2: Selected topics from econometrics research

Figure 3

 3 Figure3illustrates the connections among 27 econometrics-related ideas from 1980 to 2020. The network analysis reveals non-homogeneous weightings and limited connections, while clustering econometric ideas into five main communities: 9

Figure 3 :

 3 Figure 3: Connections and communities of econometric ideas

Figure 4

 4 Figure4examines the time evolution of selected topics using a 5-year rolling window.10 The analysis reveals cyclical patterns, marked responsiveness to significant economic and financial events, and discernible 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 garnered 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," while growing spatial interdependence has elevated "Topic 5: Spatial Autoregressive Model." Both have evolved from niche areas to growing fields, as documented by[START_REF] Stock | Twenty years of time series econometrics in ten pictures[END_REF] and[START_REF] Sarafoglou | On diffusion of ideas in the academic world: the case of spatial econometrics[END_REF].
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 4 Figure 4: Time evolution of econometric ideas
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 5 Figure 5: Ideas success as citation counts
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 6 Figure 6: Two-mode network examples in research publications
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 7 Figure 7: Topic connectivity network
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 8 Figure 8: Social connectivity network (full authors)

Figure 9 :

 9 Figure 9: Social connectivity network (co-authorship)

Table 5 :

 5 Ideas diffusion and nonlinear connectivity (authorship rosterNote: This table reports estimations of the hurdle-negative binomial model. The exponential function is applied to the coefficients of the count component, and the Plogis function is applied to the coefficients of the hurdle component to convert log-odds into probabilities. * , * * denote significance at 5% and 10% levels, respectively.

Figure 10 :

 10 (i) the held-out likelihood[START_REF] Wallach | Evaluation methods for topic models[END_REF]); (ii) the residual checks[START_REF] Taddy | On estimation and selection for topic models[END_REF]); (iii) the lower bound; and (iv) semantic coherence[START_REF] Mimno | Optimizing semantic coherence in topic models[END_REF]).25 All criteria converged to K between 60 and 80. As suggested by[START_REF] Roberts | Structural topic models for open-ended survey responses[END_REF], Figure11further performed a combination of semantic coherence and exclusivity of words to topics comparing models with K = 60, 70, and 80 topics. To keep topics interpretable while having good statistical power we selected K = 60.
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 10 Figure 10: Diagnostic values by number of topics
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 11 Figure 11: Semantic exclusivity vs coherence
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 12 Figure 12: Illustration of bipartite projection
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 13 Figure 13: Bipartite projection similarity

Figure 14 :

 14 Figure 14: Between centrality from various algorithms

  Note: This table reportsVuong's non-nested hypothesis test for total citations variable based on a comparison of the predicted probabilities of two models (Model 1 vs. Model 2). Test statistics are reported together with p-values between parentheses. A large positive (negative) statistic denotes the superiority of Model 1 (Model 2). * indicates significance at the 5% level. 50 Table 14: Vuong's test for 2-years window citations Note: This table reports Vuong's non-nested hypothesis test for 2-years window citations variable based on a comparison of the predicted probabilities of two models (Model 1 vs. Model 2). Test statistic is reported together with p-values between parentheses. A large positive (negative) statistic denotes the superiority of Model 1 (Model 2). * indicates significance at the 5% level.

  Table 15: Vuong's test for 6-years window citations Note: This table reportsVuong's non-nested hypothesis test for 6-years window citations variable based on a comparison of the predicted probabilities of two models (Model 1 vs. Model 2). Test statistic is reported together with p-values between parentheses. A large positive (negative) statistic denotes the superiority of Model 1 (Model 2). * indicates significance at the 5% level.

  Note: This table reports Vuong's non-nested hypothesis test for 10-years window citations variable based on a comparison of the predicted probabilities of two models (Model 1 vs. Model 2). Test statistic is reported together with p-values between parentheses. A large positive (negative) statistic denotes the superiority of Model 1 (Model 2). * indicates significance at the 5% level.

  where I(.) is an indicator variable. To align all deviations along the horizontal axis, the bars are drawn from √ exp j to √ exp j -obs j , effectively "hanging" them from the curve that represents the expected frequencies, √ exp j . These rootograms are depicted in Figures 15 through 17.
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 1516 Figure 15: Rootogram plots for 2-years window citations

  

  

  

  

  

  

  

  

  

  

Table 1 :

 1 Top econometric journals (1980Top econometric journals ( -2020) ) 

	Journals

•

  8411_ID: "Realized Variance and Market Microstructure Noise" by P.R. Hansen and A. Lunde, Journal of Business & Economic Statistics 24(2) 2006. • 15818_ID: "Estimating the Integrated Volatility with Tick Observations" 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.

  18 Notably, P.C.B. Phillips, A.M.R. Taylor, 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 and teams. For example, in Figure8, 13548_ID (with a score of 14.104, highlighted

in red) 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.

Table 2 :

 2 Connectivity and ideas diffusion (authorship roster) 

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. * , * * denote significance at 5% and 10% levels, respectively.

Table 3 :

 3 Connectivity and ideas diffusion (co-authorship) 

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. * , * * denote significance at the 5% and 10% levels, respectively.

Table 7 :

 7 Top 20 most prolific authors 1980Top 20 most prolific authors -2020 Note: This table reports the top 20 most prolific authors based on the H-index.

Table 10 :

 10 Estimated topics and labeling (Topics 31 to 45) Note: This table reports labels for Topics 31 to 45 based on both most probable bigrams and top 10 FREX terms. * is for selected topics. Stemmed words are reported.

	Topics	Label	Top 10 terms
	Topic 31	Duration Model	durat, unemploy, spell, acd, transit, proport, hazard, layoff, weibul, heterogen
	Topic 32	Regression Discountinuity Design	threshold, regress, discontinu, infer, paramet, fuzzi, nuisanc, boundari, point, multipl
	Topic 33	Interest Rate & Yield Curve	rate, inflat, interest, exchang, term, yield, structur, real, money, forward
	Topic 34	Peer Effects	teacher, attend, voter, elect, colleg, democrat, school, vote, compulsori, academ
	Topic 35	Environmental/Regulation Economics	regul, effect, target, state, environment, pollut, corrupt, air, enforc, target,
	Topic 36*	Monte Carlo Estimation	method, approach, comput, numer, algorithm, solv, new, problem, techniqu, easili
	Topic 37*	Forecasting Methods	forecast, nowcast, horizon, densiti, accuraci, uncertainti, mixed-fred, mida
	Topic 38	Human Capital	invest, labor, capit, suppli, cost, labour, particip, market, adjust, forc
	Topic 39	Business Cycle	busi, cycl, growth, recess, cycli, output, phase, econom, gross
	Topic 40	Measurement Errros & Survey Data	measur, error, miss, survey, misclassif, imput, observ, bias, nonrespons, qualit
	Topic 41*	Factor Model	factor, dynam, model, markov, number, mixture, latent, high-dimension
	Topic 42	Information Entropy	futur, entropi, current, past, complex, feedback, mutual, basi, surpris, temperatur
	Topic 43*	Structural Break & Unit Root	break, seri, time, change-point, structur, instabl, cusum, multipl, unit, root
	Topic 44	Stochastic Frontier Analysis	frontier, patent, product, tfp, industri, effici, technolog, input, firm, innov
	Topic 45*	Long Memory & Fractional Integration	memori, long-rang, integr, arfima, spectral log-periodogram, long, fraction, process, wavelet

Table 12 :

 12 Dispersion test Note: This table reports the p-values corresponding to the test of the null hypothesis of equidispersion in Poisson GLMs against the alternative of overdispersion. * indicates significance at the 5% level.

Table 13 :

 13 Vuong's test for total citations

Table 16 :

 16 Vuong's test for 10-years window citations

Although other fields may rely on patent data, citations are the primary metric for scientific recognition in econometrics[START_REF] Archontakis | Søren Johansen and Katarina Juselius: A bibliometric analysis of citations through multivariate bass models[END_REF]).

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

.3 The stemming algorithm is the Porter stemmer implemented in

R.4 For applications in economics and finance, see[START_REF] Hansen | Shocking language: Understanding the macroeconomic effects of central bank communication[END_REF],[START_REF] Hansen | Transparency and deliberation within the fomc: a computational linguistics approach[END_REF], andLarsen & Thorsrud (

2019).5 Note that in our approach we do not consider exogenous factors in modeling topics' distributions.

Note that in our approach we do not consider exogenous factors in modeling topics' distributions.

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

Further analysis (using network diagram and communities detection) confirms the dense interconnection of econometrics-related topics. Results are available upon request to the authors.

We use Louvain algorithm as cluster method. Results are robust to alternative algorithms (walktrap[START_REF] Pons | Computing communities in large networks using random walks[END_REF]), infomap[START_REF] Rosvall | Maps of information flow reveal community structure in complex networks[END_REF]), and propagating labels[START_REF] Raghavan | Near linear time algorithm to detect community structures in large-scale networks[END_REF])). Additional results are available upon request to the authors.

This 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.

See Deichmann et al. (2020).

We borrow the intuition from[START_REF] Deichmann | Ideas with impact: How connectivity shapes idea diffusion[END_REF].

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

See Appendix C.1 for robustness checks.

In these figures, we include only publications with a betweenness centrality score above 4.000. It is important to note that several other prominent authors with substantial total contributions are present in our sample, but they are not displayed in the network due to this threshold.

See Cameron & Trivedi (2005).

The quasi-Poisson model has also been considered. Results are robust and available upon request to the authors.

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. Table5presents the results for the authorship

roster.24 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.

Though our paper discusses a weighted two-mode network of publications and topics, we present a binary example here for illustrative simplicity.

Results for additional networks demonstrate similar trends and are available upon request from the authors.

Results pertaining to social connectivity are consistent and available upon request.

Appendix

A Data description

In order to estimate econometric ideas, we construct a unique database containing research papers published in leading econometrics journals from 1980 to 2020. This is accomplished by querying the Web of Science Database for articles appearing in the eleven top-tier journals listed in Table 1. Building upon the methodology of [START_REF] Chang | Ranking leading econometrics journals using citations data from ISI and RePEc[END_REF], we select these journals based on the research assessment metrics displayed in Table 6. These metrics, which evaluate both journal impact and quality, are sourced from Thomson Reuters' ISI Web of Science and Research Papers in Economics (RePEc). From the eleven econometric journals under consideration, we focus solely on published research papers, excluding editorial notes, conference proceedings, and early access articles. This leaves us with a dataset of 17,260 research publications spanning the last 40 years. While some of these journals are inherently focused on econometrics (e.g., Econometric Theory, Econometrics Journal, Journal of Econometrics), others occasionally publish papers with macroand microeconomic orientations (e.g., Econometrica, OBES). To mitigate selection bias, we include these articles and consider the evolution of econometric ideas arising from both theoretical and empirical research. Subsequent discrimination is based on topical labels that are more aligned with econometrics than with pure economics. From each of the 17,260 articles, we extract the title, keywords, and abstract. While the title encapsulates the central idea, the keywords and abstract furnish additional concepts, ideas, and contributions, thereby providing a comprehensive snapshot of the paper's innovative content. All extracted information serves as the corpus for our topic modeling.

In addition to the above, we also gather metadata for each publication to serve as variables in Equation ( 5) for testing our hypotheses (1), (2), and (3):

• Year and month of publication 

C Robustness checks

This section discusses bipartite projection, and reports sensitivity analysis of betweenness centrality measures and count regression models. We also employed a bootstrap approach to address potential estimation uncertainties arising from the calculation of social and ideas connectivity. We present results pertaining solely to the two coefficients of interest for full authors. Coefficients for other variables remain consistent with those discussed in the main body of the paper. 
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