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ABSTRACT 

 

The general topic of the dissertation is citation network dynamics. I employ two perspectives on 

the evolution of citation networks in order to extend our understanding of the context of scientific 

progress. The first two sections develop a general mechanism to predict how papers gain 

attention and how researchers select literatures for their ongoing research agendas. The first 

section (Appendix A) introduces the idea that successful papers are able to anticipate future 

research agendas, and this phenomenon can be monitored through relatively simple citation 

network dynamics: shifts in literature usage. The second section (Appendix B) proposes a theory 

of convergence in citation networks to conceptualize knowledge accumulation in the sciences, 

and continues the discussion on anticipation and scientific impact. Converging literatures are 

defined as a set of papers, gaining attention simultaneously in some field among forward-looking 

researchers, which form the backdrop of future novel knowledge claims. The final section 

(Appendix C) is about the long term evolution of citation networks. Instead of proposing general 

statements about scientific progress, like the previous sections, I put citation network evolution 

into a historical perspective. My particular question is how the overall networks structure 

changed throughout the decades of the postwar period until now. My main concern is how 

scholarly communication “adapted” to the constant, enormous growth of publications. Were the 

sciences able to stay integrated despite this pressure of growth, or did they fragment into 

disparate disciplines and fields? The results show that distances in science decreased, and I 

identify processes that contributed to this decrease. 
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INTRODUCTION 

 

Physicists, mathematicians, and computer scientists extensively researched network evolution 

since the upsurge of interest in network science. Their main goal is to find universal rules of the 

evolution of particular families of networks. Citation networks are in the family of scale free 

networks. These networks are characterized by their degree distribution, which follows more or 

less the power law. In other words the distribution of the number of connections attached to a 

node in these type of networks are highly left-skewed. Recursive search (the copying of 

references from relevant papers) and the aging of papers are the most extensively researched 

mechanisms that can generate such distributions (Vázquez 2003; Krapivsky and Redner 2005; 

Wu and Holme 2009; Ren et al. 2012; Goldberg et al. 2015; Golosovsky and Solomon 2017).  

 The subject of my inquiry here is twofold. First I will present a perspective on the 

structural determinants of the intrinsic potential for success of an individual publication. This 

intrinsic potential is generally called “fitness” in the previously mentioned literature (Bianconi 

and Barabasi 2001), however it is considered as a taken for granted quality of papers, and 

remains unexplained in this line of research. Social scientists, who are very much interested in 

explaining success in the sciences, conceptualize this intrinsic fitness as the level of 

combinatorial, or boundary-spanning novelty the published papers carry (Fleming 2001; Schilling 

and Green 2011; Uzzi et al. 2013, Boyack & Klavans 2014; Kaplan & Vakili 2015; Leahey and 

Moody 2014; Lee et al. 2015; Youn et al. 2015; Trapido 2015; Foster et al. 2015). I take a 

different route and I approach the question of fitness by identifying papers that are able to 

anticipate early on the trends in citation behavior, and in particular through the concept of 

converging knowledge base. The second subject of my inquiry is to give a historical depth to 
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citation networks. Instead of treating citation networks as unchanging systems, governed by 

universal laws, I will show some profound changes in scholarly communication happened over 

the past 70 years. 

 Uncovering the structural determinants of how successful research agendas are being 

selected by the scientific community, and how the mode of scientific communication is shaped by 

changing conditions of scientific communication, are two important questions for individual 

scientists and science policy as well. The theory of convergence and anticipation, and their 

respective dynamics, are based on assumptions first articulated by Robert Merton (1961; 1963) in 

a comprehensive fashion. In this regard his work on multiple discoveries is the most relevant. In 

this line of work he documents, in the history of science, the prevalence of the phenomenon 

whereby multiple scientists are coming up with more or less the same discovery independently in 

a relatively short time period. He argues that multiple discoveries are not accidents; to the 

contrary, they are the rule of scientific inquiry. In his view the reason for this is that scientists 

share a common culture, milieu, and intellectual forces. Because such collective beliefs are the 

primary focus of sociology, he calls the research on multiples a “strategic research site” for the 

sociology of science (Merton 1963). Merton essentially characterizes scientific research as a 

crowd behavior, where independent agents, responding to similar signals, simultaneously come 

up with similar (optimal) solutions (Surowiecki 2004). I share this view, and elaborate the idea of 

convergence and synchronized behavior in citation networks in section two. 

 This dissertation is based on three papers, two of them published in peer-reviewed 

academic journals. This introduction is followed by a summary of the papers, which connects 

them in a coherent manner. Throughout the summary I will refer to several concepts that I define 

here before continuing.  
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 Networks. A simple undirected network is illustrated on the leftmost side of Figure 1. 

The network is constituted by a set of nodes, connected by a set of edges. The middle 

figure shows a directed acyclic graph (DAG). This is the structure of citation networks. 

Papers, such as A on the figure has a reference list containing c and d. A special property 

defining this class of networks is that one cannot walk from one node, following the 

direction of arcs, and reach again the starting node. Finally, the rightmost figure is a 

bipartite network, or using a different terminology it is a two-mode network. This type is 

defined by the feature of having two distinct sets of nodes. Edges are only possible 

between the sets, but not within the sets. In the figure the two sets are {c, f} and {A, d, B}. 

In section three I will transform the DAG into a bipartite network. 

 

 

 

 

Figure 1. Types of networks: simple undirected network, directed acyclic graph (DAG), bipartite 

network 

 

 Paths. Walks are a sequence of nodes in a network connected by edges. For example the 

simple network contains the path A-d-f-c-A. This walk is actually a cycle, because we are 

finishing up the sequence on the starting node. The DAG does not have cycles. A path, 
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which is the subject of section two, is a walk without repeating nodes. The DAG in Figure 

1 has the path A-c-f. Disregarding the direction of edges, the DAG has the path A-c-f-B. 

The latter path is also the shortest path possible between A and B in that particular graph. 

The shortest path between A and B on the simple network is A-c-B, and in the bipartite 

network it is A-c-d-f-B. The length of the path is the number of nodes the path passes 

through (not including the starting node). When I discuss shortest path lengths in bipartite 

networks in section three I will divide the original shortest path length by two, and report 

this quantity. For example, the raw shortest path length between A and B is four, but I will 

report two. The reason for this is that the shortest path length possible in the bipartite 

network is two, and it is more intuitive to report one as the minimal value. 

 Focal Paper. When an analysis is performed the outcome variables are not calculated for 

all nodes in the network. In other words not all papers in the citation network are the units 

of analysis. This set of papers is referred to as focal papers. 

 Co-citations/Combination. The indexes developed in the studies are based on co-

citations. Co-citations are pairs of papers combined by a focal paper that contains both 

papers in its reference list. 

 Citation Impact. To calculate the importance of papers researchers typically count the 

number of times a paper was cited. Here I use another approach and create a binary 

variable, which shows if a focal paper is among the top 5% of most highly cited papers in 

the given period. This approach helps to ameliorate the problems arising from the skewed 

nature of citation distributions. 

 Subject Categories. All the data used here were downloaded from Web of Science. Web 

of Science classifies journals into subdisciplines, which they call subject categories.  
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ANTICIPATING SHIFTS IN LITERATURE USAGE 

 

In the first section I introduce and test the idea that a particular kind of research, that which 

anticipates trends in future conceptual developments in the scientific literature, will enjoy the first 

mover’s benefit, and therefore will have a higher citation impact. Throughout the dissertation I 

will assume that cited literature combinations are the fingerprints of the ideas discussed in 

scientific papers, which is a widely held belief in scientometrics (Small 1978; Leydesdorff 1998; 

Boyack and Klavans 2010). More specifically I will hypothesize that if a paper cites a set of 

literatures that are becoming popular at the moment when the paper is published or in the near 

future, this focal paper will receive more attention. This is because the focal paper is discussing 

an emerging research agenda. Due to the norm of scholarly communication to recognize priority, 

it is an axiom of citation behavior research that papers, published early on in an emerging field, 

will be highly cited (Merton 1957; Price 1965; Merton 1968; Newman 2008). The originality of 

my experiment is that I make a connection between the shift in literature usage and the first 

mover’s advantage. This approach can be used in research evaluation to explore newly published 

focal papers, to see the extent they feed on an emerging trend in the literature. 

 This study has some overlap with the recently evolving interest in novelty-seeking 

behavior in the sciences (Fleming 2001; Schilling and Green 2011; Uzzi et al. 2013, Boyack & 

Klavans 2014; Kaplan & Vakili 2015; Leahey and Moody 2014; Lee et al. 2015; Youn et al. 

2015; Trapido 2015; Foster et al. 2015; for an extensive review see: Savino et al. 2017). This line 

of work assumes that innovation and scientific progress can be traced back to novel combination 

of past knowledge. This insight was treated systematically first by the innovation theory of 

Schumpeter (1934). Like this line of work I will also define the fingerprint of concepts, 
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communicated by the focal paper, as a combination of the set of references that the focal paper 

cites.  Furthermore these studies also hold the belief – articulated early on for example by 

Poincaré (1910) – that the more “atypical” or “surprising” the novel combination, the more 

progressive it is and it has a higher potential to be scientifically significant. Studies of novelty-

seeking therefore always measure the distance or disparity of combined elements, to establish the 

combination’s level of novelty. While here I share the interest in the reconfiguration of 

knowledge elements, namely shifting citations to literature, my assumptions about the 

reconfiguration are more limited. I am interested only in the shift in literature usage 

(combinations of papers), but I do not intend to problematize its novelty or radicalness. The 

literature on novelty seeking is rooted in entrepreneurship (Schumpeter 1934), theories of 

technological change (Funk and Owen-Smith 2017), and conflict theory (Kuhn 1977, Bourdieu 

[1977] 2010). Therefore a key question for this line of research is how novel ideas can gain a 

foothold despite the fact that organizational inertia and powerful actors prefer the status quo. 

 However, the history of discoveries provides an alternative perspective on scientific 

breakthroughs. Without denying the push-back that novelty may have to contend with, one 

should recognize that discoveries are often made by several scientists at the same time 

independently (Merton 1961), and therefore novel academic work is filled with competition, 

because the field is already anticipating the breakthrough. Accounts of intense competition show 

that what makes a research group successful in the end is being able to choose the right set of 

competing assumptions about the studied phenomena early on (Latour and Woolgar 1979; 

Watson 1968). This suggests that innovative scientists actually share similar ideas, and that 

partial data about important problems and the possible solutions are highly visible to peers. 
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 The study focuses on the discipline of astronomy and astrophysics at two sample years, 

2003 and 2007. This limited focus on a single discipline has the advantage that I can provide a 

more contextualized interpretation of the findings. The article has two main goals: 1) to introduce 

measures of anticipatory citations, and 2) to show how different levels of aggregation of citations 

affect the results. To set up these measures the dataset was divided into three periods. The focal 

papers are papers that have been published in a one-year time interval, which I will refer to as 

“present”. The years are, as it was mentioned above, 2003 and 2007. The second period, referred 

to as the “past”, is a seven year window prior to the publication of the focal papers. The third 

period is a seven year window as well, but it covers the papers published after the publication of 

the focal papers, and it is called the “future” period. 

 By constructing a measure of anticipatory citations I had two aims. First the hypothesis 

that anticipation leads to higher citation impact had to be tested. This essentially means to show 

that those papers that cite literature pairs that will be popular in the future are more likely to be 

high impact papers. The second problem is to introduce a measure of anticipatory citations, 

which does not rely on future citation data (that is citations that happen after the publication of 

the focal paper), and therefore it can be used as a true predictive tool of citation impact for 

prognosis. The measures are devised for the literature combinations used by focal papers. This 

essentially means to calculate the respective index for each pairwise combination of cited papers 

in the reference list of the focal paper. The indexes’ values at the focal papers are the means of 

these combination level values. 

 Figure 2 describes the two measures. The anticipation score (abbreviated as ACIT) tests 

the central hypothesis, and it contrasts the literature usage in the past and in the present with the 

usage in the future. It is high if a paper is citing literature combinations that will be popular in the 
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future. The second measure, which can be used for prognosis to predict future impact, contrasts 

the past co-citation frequency with the present co-citation frequency. If a literature combination is 

taking-off around the time of the publication of the focal paper, the index is higher and the focal 

paper citing that combination is more anticipatory. I call this index as the alternative anticipation 

score (abbreviated as CIT (alt.)). 

  

Anticipation score 

(ACIT) 

 

 

Alternative anticipation 

score (CIT (alt.)) 

 

 

 

Figure 2. Measures of anticipatory citations 

 

The second main goal of the study is to explore different aggregations of literature combinations. 

I aggregate the citations at the level of journals, and subject categories. Instead of measuring the 

temporal change of paper combinations, in this scenario I measure the journal or subject category 

combination that the combined papers belong to. My purpose in introducing the aggregation 

problem is simply to explore the consequences of this analytic strategy. Because I am focusing on 
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a single discipline, instead of all the sciences, it is easier to reflect on the behavior of the index at 

these different levels, for example by inspecting journal citation maps. These categories represent 

a meso- to macro-level organization of scientific discourse. The measures of (re)combinatorial 

novelty discussed above are using multiple operationalization of knowledge units. Combinatorial 

activity is operationalized at a high level of scientific organization, such as sub-fields (Leahey 

and Moody 2014), patent codes (Kim et al. 2016), journal combinations (Uzzi et al. 2013), or 

conceptual entities such as molecules (Foster et al. 2015). Aggregating citations at different levels 

can substantially alter the indexes derived from citation data (Leydesdorff 2001). While the 

nature of combined elements is often central for the study (e.g. Leahey and Moody 2014), the 

choice of aggregation of citations remains sometimes unexplained (Uzzi et al. 2013). 

 Figure 3 presents the associations of the indexes with impact. On each plot the x-axis 

represents the percentiles of the scores, and the y-axis represents the fraction of high impact 

papers. ACIT has a strong association with impact. The top 3 percentiles of the score have at least 

~15% chance to have high impact papers. While CIT (alt.) has a positive association with impact 

as well, knowing the future co-citation frequency of cited papers has a better predictive power. 

Mutual information measures also indicate that ACIT has the best predictive power. Finally, the 

aggregated indexes have curvilinear effect on citation, but it is difficult to interpret why this is the 

case.  
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Figure 3. The association between anticipation scores and impact 

 

Finally I present the journal citation network of astronomy and astrophysics from 2003 (Figure 

4). The map shows the most important 36 journals of the discipline. The sizes of the nodes are 

proportional to their impact factor. The distance of the nodes reflects their citation propensity. A 

clear division is observable between the upper and lower side, which simply expresses the 

division of labor between observational (up) and theoretical (down) astronomy. Observational 

astronomy is constituted by fields such as spectroscopy and physical chemistry, while the 

theoretical or physics side is further divided by journals that are central for astronomy, and 

journals that are specialized in nuclear and mathematical physics. 

 The color code on the map indicates the mean value of the measures for the journals. It 

only shows ACIT scores, but not CIT (alt.). If the average of the respective measure is high it 

means that the average paper published by that journal anticipates changes in the discipline in 

advance. It is not surprising that larger nodes with higher impact factor are more anticipatory (see 

the first figure on the left). The Annual Review of Astronomy and Astrophysics is important in 
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the validation of the proposed measures. Although it has high impact, its anticipation score is 

low.  As a review journal, it is fixated on past research. While it’s mean CIT (alt.) score is 

moderately high (not shown on the figure), the ACIT score is low, because it is focused on well-

established results, rather than on setting trends for the future. Therefore, although it has the 

highest impact within the discipline it is not an innovative journal; scholars cite it to convey 

established (old) knowledge in the first place.  

 The aggregated measures have a more patterned distribution over the map. The 

observational side shows higher level of anticipation than the theoretical side, it is more 

responsive to field level shifts in the discipline. This can be explained by the fact that the 

observational side is more interdisciplinary, and responds to changes in instrumentation and data 

practices (geosciences, spectroscopy, chemistry, computer science…). This observation offers an 

explanation for the non-linear association between these two indexes and citation impact: 

specialized sub-fields with lower impact are more active in anticipating these interdisciplinary 

changes. Finally, Annual Review of Astronomy and Astrophysics has high scores, which 

suggests the hypothesis that the reconfiguration of institutional boundaries (i.e. modification of 

the typical journal and subject category pairs) happens along a slower time scale, than the 

selection of new literatures (paper combinations). In other words the organizational configuration 

of old knowledge, reflected in the references of review papers, is predicting the future 

configuration, although the specific popular paper combinations carrying the shifting institutional 

reorganization will be different than what review papers cite. 
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Figure 4. Citation networks of core astronomy and astrophysics journals in 2003. The coloring is 

based on ACIT.  
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KNOWLEDGE ACCUMULATION AND CONVERGENCE 

 

In this second study I present a theory of knowledge accumulation cycles in citation networks, 

and test the theory on multiple samples of biology and physics, and from different time periods. 

The theoretical framework will describe two key dynamic phenomena in citation networks, 

convergence and synchronization, hence the title of the paper this section is based on. The basic 

argument is that scientific advancement can be modeled as a cyclical process of 1) the selection 

and emergence of new information and practices, and on the other hand 2) as a subsequent 

application and reorganization of this previously stabilized new information. I refer to the first 

step of the cycle as “stabilization”, and I refer to the second step as “combination” (see Figure 5). 

 

 

Figure 5. The cycle of knowledge accumulation 

 

The current section is related to the previous one, and considered to be the continuation of it in 

several respects. First of all both studies are essentially uncovering dynamic aspects of citation 

networks. They are both based on the assumption, introduced above, that the reference lists are 

the traces of knowledge discussed in the referencing papers. Second, the primary concern of both 

studies is to explain the consequences of shifts in literature usage. In this regard the current study 
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is concerned with the influx of unprecedented literature combinations. Finally both studies 

assume that the first mover’s advantage is a fundamental force of citation network evolution. The 

current section, relying on the concept of knowledge accumulation cycle, attempts to extend the 

previous study by addressing the question of what governs the shift in literature usage, and 

therefore how the new scientific fields develop. The answer is that accumulated knowledge 

signals what findings will be foundational for future research agendas. 

 First, I introduce the knowledge accumulation cycle. The first phase of the cycle is 

stabilization. In this phase, scholars are in the process of reaching an agreement over the status of 

papers circling within the field. Under the term status I mean two things: the sheer importance of 

research results and what consequences the findings have: how they fit into the existing beliefs 

constituting the field of study. This phase has been documented by sociologists and philosophers 

of science, and studies of citation behavior. In short, ideas in the published paper are first heavily 

contested (Cole 1992; Fuchs 1993): peers are preoccupied to reproduce the results (Hacking 

1983; Bogen and Woodward 1988) and find optimal articulations of their peers’ work 

(Amsterdamska and Leydesdorff 1989; Braun, Schubert, and Kostoff 2000). As consensus has 

been reached on these matters, the publication is stabilized and becomes a symbol of the 

consensually established idea (Small 1978; Latour 1980:42).  

 In the second phase, combination,  the stabilized scientific information is being utilized as 

a fact, which can be used as a firm foundation for a novel research agenda due to being 

established in the previous phase as being true and accepted (Latour and Woolgar [1979] 

1986:75-81). I labeled this phase as combination following the literature on recombinatorial 

innovation, and assuming that new research agendas must feed on findings from multiple sources 

of knowledge claims. A key feature of this phase is that the stabilized paper-knowledge must be 
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in very close proximity in the web of knowledge to be fruitfully combined given the domain 

specific nature scientific knowledge (Borgman et al. 2007; Macleod 2012; Macleod and 

Nersessian 2014). It is possible that papers, which are published in different subfields, during the 

stabilization process end up in close proximity. Recall that I defined stabilization also as an 

articulation process: at first it may be uncertain what research agenda will absorb the findings as 

a significant contribution. 

 Next I will translate the conceptual framework, presented above, into citation network 

dynamics. Stabilization essentially means that the paper is gaining more and more attention in the 

process. Based on the theoretical observations above I assume that co-emerging and stabilizing 

papers, gaining citations in close proximity, form the foundation of future research. Because 

these papers co-emerge in close proximity I label this process as convergence. This set of 

converging literatures in other words can be considered as a proto-field. This led me to two 

hypotheses. First, I hypothesize that scientists recognizing early the value and consequences of 

converging papers in their respective fields will cite the papers synchronously. In other words, 

convergence will induce synchronized co-citation behavior. Second, the papers published by 

these scientists referring to the converging literature, will enjoy the early mover’s advantage and 

later will have a higher citation impact. The two hypotheses underline the fact that the cycle 

cannot be divided into distinct steps. It is not very clear for the entire scholarly community what 

the key papers of the future will be, what will stabilize eventually, but those who commit their 

resources early on to converging literature will benefit. 

  The measurement construct of convergence addresses three aspects of this process. First 

the converging papers have to be a novel set of papers, papers that have not been co-cited before. 

Cognitive relatedness in the citation network is equated with short paths in the network. If a pair 
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of papers is woven together with several short paths it indicates that they are within the same 

knowledge domain. Finally, if the aforementioned density of paths is growing over time between 

the papers that means that they are converging. As papers are stabilizing, the paths between them 

are becoming more abundant. This is because while stabilizing papers receive more citations, the 

likelihood of bridges appearing between them increases. The measure of convergence therefore is 

the cumulative change in the number of short paths between hitherto unrelated co-citations. All 

short paths of fixed length have been enumerated between the papers.  

 The focal paper level measure of convergence was calculated from the average 

cumulative increase (convergence) of its co-citations. The final measure in the study is the log 

ratio of the cumulative increase of paths and the randomly expected cumulative increase 

occurring in a random model (Figure 6). The random networks used in the study have the same 

temporal structure and degree distribution as the observed networks. See the section titled 

“Baseline score and testing trajectories” for more details in Appendix B.  

 

 

Figure 6. Measure of convergence 

 

The study design is illustrated on Figure 7. The focal papers of the study are one year samples 

from physics and biology, and the years 1996 and 2006. These are four experiments altogether. If 

two papers, which are referenced in the sample year, have not been co-cited in the preceding six 
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years it is a novel co-citation. I measured the convergence of these papers for the preceding six 

years and the sample year. The citation impact of the papers is based on an eight year period after 

publication. Synchronization is determined by counting the occurrences of co-citations in the 

sample year. The synchronization score of a co-citation therefore equals with the number of 

papers referencing it during the one year sample window. The focal paper level synchronization 

measure is the average of the synchronization score its co-citations. 

 

 

Figure 7. Study design 

 

Multilevel regression models (Singer and Willet 2003) were implemented to test the two 

hypotheses about convergence. The models test the convergence trajectories of focal papers. 

Impact and synchronization are time invariant variables. The results are illustrated on Figure 7 

and they support the hypotheses. 
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Figure 8. Convergence trajectories of papers with different impact and synchronization rates. 
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GROWTH AND DECREASING DISTANCES IN THE SCIENCES 

 

The number of publications are growing exponentially since the beginning of modern scientific 

inquiry (Price 1965; Larsen 2010; Bornmann and Mutz 2015). This rate of growth puts pressure 

on scholarly communications and the dissemination of ideas. Because growth entails subsequent 

specialization into narrow subfields to handle the growing amount of information, one may find 

that the sciences are fragmenting into distant disciplines (Crane 1972; Casadevall and Fang 2015; 

Leahey et. al. 2017). However there are several counter-tendencies of fragmentation that may 

offset this process. Scientists and policy makers see an opportunity in boundary-spanning 

research. Solving scientific puzzles may require learning from distinct branches of sciences by 

individuals or by teams (Eddy 2005; Wuchty et al. 2007; Chen et al. 2009; Schilling 2011; Uzzi 

et. al. 2013; Leahey and Moody 2014). National and university policies aid these practices 

(National Research Council 2014) often to promote addressing societal needs requiring 

interdisciplinary collaborations (Gibbons et al. 1994). 

 My approach to investigate the possible overexpansion of scholarly communication over 

time is to survey the citation distances between papers. I sampled every fifth year from 1950 to 

2018 from the Science Citation Index. The citation network is converted into a bipartite network, 

which is illustrated on Figure 9. Every citation determines a citer (source) and citing (target) 

node-set in the bipartite network. To estimate the average shortest path length in networks I used 

a repeated samples approach: I took a random sample of 2000 papers in each year, calculated the 

average shortest path length between the nodes, and repeated this procedure thirty times. The 

average degree of the source and target papers increased over time (Radicchi and Castellano 

2011; Bornmann and Mutz 2015; Pan et. al. 2018). This change may affect the distances, because 
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the increasing amount of citations/ties connecting the papers could shorten the distances. 

Therefore I also created a baseline estimate of path length change by generating random 

networks. These networks had the same degree distributions as the real networks.  

 

Figure 9. The bipartite (two-mode) network representation of the citation network 

 

The results are shown on Figure 10. The change is less significant until 1970. After this year the 

rate of decrease is almost constant. The average distance was 5.33 in 1950, and by 2018 it is 3.18 

steps (40% change). The mode decreased from 5 steps to 3 steps. The probability in 1950 that 

two randomly selected papers are three references away from each other is 0.116, and in 2018 it 

increased to 0.725. The findings are robust applying larges sample sizes, and alternative ways of 

defining network distances. Moreover the decrease of distances is observable between all sub-

disciplines, not just between pockets of specific subdisciplines. 
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Figure 10. Estimation of average shortest path lengths in the network. The error bars are standard 

deviations of the repeated samples. 

 

The most obvious explanation of the decreased distances is that cross-field communication 

become more intense. To investigate this I constructed subdiscipline cross-citation matrices, in 

which each cell shows the citation frequency between two subdiscipline (represented by subject 

categories). I conducted several tests of citation dispersion over time on these matrices. The most 

conclusive evidence about the intensifying communication is based on Herfindahl-Hirschman 

indexes. The HH index is a concentration measure. In this test with the HH index, each row of the 

matrix – representing a subdiscipline – indicates the percentage of citations directed toward target 

papers in each column-wise subdiscipline. The HH index of a row is high if the subdiscipline’s 

citations are concentrated to a few subdisciplines, and it is low if the citations are more dispersed 

between the subdisciplines. The findings are shown on Figure 11, and it indicates that the 

citations become more dispersed over time. 
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Figure 11. Herfindahl-Hirschman indexes of the subdisciplines’ citation concentration. Boxes are 

the interquartile range, whiskers indicate the range, the middle vertical lines are the median, and 

triangles are the means. 

 

Increased cross-field communication is only one factor behind the decreased distances, however. 

Derek de Solla Price – who first studied the phenomena of exponentially growing publication 

output – predicted (1965) that prominent scientists will have a greater role brokering information 

across fields as the size of scientific workforce is increasing at a high rate. Similarly, from a 

network science perspective, in centralized networks the nodes with the largest number of 

connections tend to interconnect the network (Albert et al. 2000). Motivated by these 

observations I studied the degree distributions and their effect on the distances over time. I was 

particularly interested in target papers that have at least two incoming citations, because two 

edges are necessary in the bipartite network to form a path. The inequality of citations to papers 

receiving at least two citations was steadily increasing throughout the period. As expected, due to 

the increasing centralization, the shortest paths in the network were depending more and more on 

the top high impact papers over time. From this we can conclude that the increased centralization 

of the citation distribution was another contributing factor to the decreased distances. 



 

29 
 
 

 Finally my results show that while cross-field communication did intensify, this trend was 

not accompanied by a lower level of clustering of the citation network. I proposed an edge 

clustering coefficient for bipartite networks to investigate if the boundaries between fields 

become more permeable. The average clustering coefficient actually increased slightly in the 

studied period. The two findings about clustering and distances do not contradict with each other. 

As network scientists have shown, brokerage ties can shorten distances in complex networks, 

while the clustering remains high (Watts and Strogatz 1998). Overall, these results suggest that 

the bridging of literatures most likely occurred due to fields, which are forming bridges between 

disciplines.  

 

 

Figure 12. Edge clustering coefficients. Boxes are the interquartile range, whiskers indicate the 

range, the middle vertical lines are the median, and triangles are the means. 



 

30 
 
 

CONCLUSIONS 

 

Papers that anticipate shifts in literature usage have a higher likelihood to be highly cited papers. 

These shifts vary across subfields though. Subfields that are more likely to be cross-domain are 

more likely to respond the cross-domain reconfigurations. This finding warns against aggregating 

citation data at higher levels, such as journals or subject categories, without taking into account 

the observation that some fields are more prone to pursue domain spanning research than others. I 

should note here again that from the perspective of anticipating literature shifts, domain spanning 

research is not considered to be more innovative. 

 Knowledge accumulation was conceptualized as a convergence process of certain 

literatures 1) being accepted consensually containing important findings and therefore gaining 

citation impact over time, which are also 2) in close proximity in the citation network. The theory 

implies that these converging literatures are 1) inducing synchronous co-citation behavior, and 

that 2) papers that are citing converging literatures will have high citation impact, due to the first 

mover’s advantage. The study shown that based on the theory of convergence one can 

successfully predict these phenomena. 

 The final part of the dissertation explored the challenges of scholarly communication due 

to the exponential growth of publications. One key problem is fragmentation into specialized 

subfields, where researchers must narrow down their focus and establish new subfields. Over 

time, this process may disturb the circulation of ideas and techniques across the disciplines. I 

approached this question as a potential overexpansion of the scientific universe, where the 

citation distance increases as the number of literatures grows.  
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 Contrary to this thesis, I found that the average distance in the Science Citation Index is 

actually shortened by 40% between 1950 and 2018.  Increased cross-field communication was 

identified as one factor behind the decreased distances. Another consistently changing pattern is 

the growing inequality of citation impact, which is also able to explain the shortening distances. 

Furthermore my results indicated that while cross-field communication did intensify, this trend 

was not accompanied by a lesser level of clustering of the citation network: the boundaries of 

fields are not necessarily more permeable than 70 years ago. These observations suggest that the 

deepening integration occurred due to some fields that are able to bridge different disciplines and 

shorten the distances. 
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LIMITATIONS 

 

The first and second papers remain agnostic to several important questions of scientific progress 

from the perspective of the sociology of scientific knowledge and innovation studies. The goal 

here was to construe an ideal-typical model of citation network evolution. It assumes a laissez-

faire exchange of ideas between scientists, free from hierarchies, social networks, governance, 

disciplinary silos, and the resistance to paradigm shifting original research, which are often the 

subject of inquiries by social scientists. These dimensions of academic life must alter the 

proposed mechanism of convergence and it serves as a baseline that may help to disentangle 

these aforementioned social processes. This also implies that convergence may have a larger 

effect than what I presented herein, if one takes into account social processes that are countering 

converging literatures. 

 My discussion on convergence also leaves open the question of what kind of information, 

(encoded in papers) is converging. I refer to that information as “findings”, “results” in a very 

general fashion. I am unable to assign a more accurate and detailed communicative function to a 

paper. I am not aware of any work that proposes automatic large scale classification methods to 

identify the “quanta” of information embedded into scientific texts, although there are clearly 

advancements in information retrieval in this regard (Luo et al. 2018). 

 The observations on decreased distances and the accompanied structural characteristics 

suggest a possible evolutionary course for the citation network of the sciences. However, the 

interpretation of the evidence that overlapping fields become prevalent over time remains 

speculative without an analysis of higher level clustering. Moreover, an exhaustive answer to the 

question of what citation behavior produced the observed structural parameters requires the 
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identification of a generative process for network evolution. The work of Leskovec, Kleinberg, 

and Faloutsos (2007) is very much relevant in this regard, because their models produce similar 

structures to those analyzed herein.  

 

  



 

34 
 
 

REFERENCES 

 

Albert, Réka, Hawoong Jeong and Albert-László Barabási. 2000 “Error and attack tolerance of 

complex networks.” Nature 406, 378-382. 

 

Amsterdamska, Olga and Loet Leydesdorff. 1989. "Citations: Indicators of Significance?" 

Scientometrics 15(5-6):449-471.  

 

Bianconi, Ginestra and A-L Barabási. 2001. "Competition and Multiscaling in Evolving 

Networks." Europhysics Letters 54(4):436.  

 

Bogen, James and James Woodward. 1988. "Saving the Phenomena." The Philosophical Review 

97(3):303-352.  

 

Borgman, Christine L., Jillian C. Wallis and Noel Enyedy. 2007. "Little Science Confronts the 

Data Deluge: Habitat Ecology, Embedded Sensor Networks, and Digital Libraries." 

International Journal on Digital Libraries 7(1-2):17-30.  

 

Bornmann, Lutz and Rüdiger Mutz. 2015. "Growth Rates of Modern Science: A Bibliometric 

Analysis Based on the Number of Publications and Cited References." Journal of the 

Association for Information Science and Technology 66(11):2215-2222.  

 



 

35 
 
 

Bourdieu, Pierre. 2010. Distinction: A social critique of the judgement of taste Abigdon: 

Routledge.  

 

Braun, Tibor, Andras P. Schubert and Ronald N. Kostoff. 2000. "Growth and Trends of Fullerene 

Research as Reflected in its Journal Literature." Chemical Reviews 100(1):23-38.  

 

Casadevall, A. and F. C. Fang. 2015. "Field Science--the Nature and Utility of Scientific Fields." 

Mbio 6(5):e01259-15.  

 

Chen, Chaomei, Yue Chen, Mark Horowitz, Haiyan Hou, Zeyuan Liu and Donald Pellegrino. 

2009. "Towards an Explanatory and Computational Theory of Scientific Discovery." 

Journal of Informetrics 3(3):191-209.  

 

Cole, Stephen. 1992. Making Science: Between Nature and Society. Cambridge, MA: Harvard 

University Press.  

 

Crane, Diana. 1972. Invisible Colleges: Diffusion of Knowledge in Scientific Communities. 

Chicago: University of Chicago Press.  

 

Eddy, S. R. 2005. ""Antedisciplinary" Science." PLoS Computational Biology 1(1):e6.  

 

Fleming, L. 2001. "Recombinant Uncertainty in Technological Search." Management Science 

47(1):117-132.  



 

36 
 
 

 

Foster, Jacob G., Andrey Rzhetsky and James A. Evans. 2015. "Tradition and Innovation in 

Scientists’ Research Strategies." American Sociological Review 80(5):875-908.  

 

Fuchs, Stephan. 1993. "Three Sociological Epistemologies." Sociological Perspectives 36(1):23-

44.  

 

Funk, Russell J. and Jason Owen-Smith. 2016. "A Dynamic Network Measure of Technological 

Change." Management Science 63(3):791-817.  

 

Gibbons, Michael, Camille Limoges, Helga Nowotny, Simon Schwartzman, Peter Scott and 

Martin Trow. 1994. The New Production of Knowledge: The Dynamics of Science and 

Research in Contemporary Societies. Sage.  

 

Goldberg, SR, H. Anthony and TS Evans. 2014. "Modelling Citation Networks." Scientometrics 

105(3):1577-1604.  

 

Golosovsky, Michael and Sorin Solomon. 2017. "Growing Complex Network of Citations of 

Scientific Papers: Modeling and Measurements." Physical Review E 95(1):012324.  

 

Hacking, Ian. 1983. Representing and Intervening: Introductory Topics in the Philosophy of 

Natural Science. Cambridge, UK: Cambridge University Press.  

 



 

37 
 
 

Kaplan, Sarah and Keyvan Vakili. 2015. "The double‐edged Sword of Recombination in 

Breakthrough Innovation." Strategic Management Journal 36(10):1435-1457.  

 

Kim, Daniel, Daniel B. Cerigo, Hawoong Jeong and Hyejin Youn. 2016. "Technological Novelty 

Profile and invention’s Future Impact." EPJ Data Science 5(1):8.  

 

Kuhn, Thomas S. and Joseph Epstein. 1979. The Essential Tension. Chicago: University Chicago 

Press. 

 

Larsen, Peder and Markus Von Ins. 2010. "The Rate of Growth in Scientific Publication and the 

Decline in Coverage Provided by Science Citation Index." Scientometrics 84(3):575-603.  

 

Latour, Bruno and Steve Woolgar. 1986. Laboratory Life. Princeton, NJ: Princeton University 

Press.  

 

Leahey, Erin, Christine M. Beckman and Taryn L. Stanko. 2017. "Prominent but Less 

Productive: The Impact of Interdisciplinarity on Scientists’ Research." Administrative 

Science Quarterly 62(1):105-139.  

 

Leahey, Erin and James Moody. 2014. "Sociological Innovation through Subfield Integration." 

Social Currents 1(3):228-256.  

 



 

38 
 
 

Lee, You-Na, John P. Walsh and Jian Wang. 2015. "Creativity in Scientific Teams: Unpacking 

Novelty and Impact." Research Policy 44(3):684-697.  

 

Leskovec, Jure, Jon Kleinberg and Christos Faloutsos. 2007. "Graph Evolution: Densification 

and Shrinking Diameters." ACM Transactions on Knowledge Discovery from Data 1(1):1-

41. 

 

Leydesdorff, Loet. 1998. "Theories of Citation?" Scientometrics 43(1):5-25.  

 

------. 2001. The Challenge of Scientometrics: The Development, Measurement, and Self-

Organization of Scientific Communications. Universal-Publishers.  

 

MacLeod, Miles. 2016. "What Makes Interdisciplinarity Difficult? Some Consequences of 

Domain Specificity in Interdisciplinary Practice." Synthese 195(2):697-720.  

 

MacLeod, Miles and Nancy J. Nersessian. 2014. "Strategies for Coordinating Experimentation 

and Modeling in Integrative Systems Biology." Journal of Experimental Zoology Part B: 

Molecular and Developmental Evolution 322(4):230-239.  

 

Merton, Robert K. 1957. "Priorities in Scientific Discovery: A Chapter in the Sociology of 

Science." American Sociological Review 22(6):635-659.  

 



 

39 
 
 

------. 1961. "Singletons and Multiples in Scientific Discovery: A Chapter in the Sociology of 

Science." Proceedings of the American Philosophical Society 105(5):470-486.  

 

------. 1963. "Resistance to the Systematic Study of Multiple Discoveries in Science." European 

Journal of Sociology/Archives Européennes De Sociologie 4(2):237-282.  

 

Merton, Robert, K. 1968. "The Matthew Effect in Science. The Reward and Communication 

Systems of Science are Considered." Science 159(3810):56-63.  

 

National Research Council. 2014. Convergence: Facilitating Transdisciplinary Integration of 

Life Sciences, Physical Sciences, Engineering, and Beyond. Washington, DC: National 

Academies Press.  

 

Newman, Mark E. 2009. "The First-Mover Advantage in Scientific Publication." Europhysics 

Letters 86(6):68001.  

 

Pan, Raj K., Alexander M. Petersen, Fabio Pammolli and Santo Fortunato. 2018. "The Memory 

of Science: Inflation, Myopia, and the Knowledge Network." Journal of Informetrics 

12(3):656-678.  

 

Poincaré, Henri. 1910. "Mathematical Creation." The Monist 20(3):321-335.  

 



 

40 
 
 

Price de Solla, Derek John. 1965. Little Science, Big Science. Columbia New York: University 

Press.  

 

Radicchi, Filippo, Santo Fortunato and Alessandro Vespignani. 2012. "Citation networks." Pp. 

233-257 in Models of science dynamics., edited by A. Scharnhorst, K. Börner and P. van 

den Besselaar. Springer.  

 

Ren, Fu-Xin, Hua-Wei Shen and Xue-Qi Cheng. 2012. "Modeling the Clustering in Citation 

Networks." Physica A: Statistical Mechanics and its Applications 391(12):3533-3539.  

 

Savino, Tommaso, Antonio Messeni Petruzzelli and Vito Albino. 2015. "Search and 

Recombination Process to Innovate: A Review of the Empirical Evidence and a Research 

Agenda." International Journal of Management Reviews. 19(1):1–22. 

 

Schilling, Melissa A. and Elad Green. 2011. "Recombinant Search and Breakthrough Idea 

Generation: An Analysis of High Impact Papers in the Social Sciences." Research Policy 

40(10):1321-1331.  

 

Schumpeter, Joseph A. 1934. The Theory of Economic Development. Cambridge. MA: Harvard.  

 

Singer, Judith D., John B. Willett and John B. Willett. 2003. Applied Longitudinal Data Analysis: 

Modeling Change and Event Occurrence. Oxford university press.  

 



 

41 
 
 

Smal, Henry G. 1978. "Cited Documents as Concept Symbols." Social Studies of Science 

8(3):327-340.  

 

Surowiecki, James. 2005. The Wisdom of Crowds. Anchor.  

 

Trapido, Denis. 2015. "How Novelty in Knowledge Earns Recognition: The Role of Consistent 

Identities." Research Policy 44(8):1488-1500.  

 

Uzzi, Brian, Satyam Mukherjee, Michael Stringer and Ben Jones. 2013. "Atypical Combinations 

and Scientific Impact." Science 342(6157):468-472.  

 

Vázquez, Alexei. 2003. "Growing Network with Local Rules: Preferential Attachment, 

Clustering Hierarchy, and Degree Correlations." Physical Review E 67(5):056104.  

 

Watson, James. 1968. The Double Helix: A Personal Account of the Discovery of the Structure of 

DNA. New York: Atheneum.  

 

Watts, Duncan J. and Steven H. Strogatz. 1998. "Collective Dynamics of "Small World 

Networks"." Nature 393:440-402.  

 

Wu, Zhi-Xi and Petter Holme. 2009. "Modeling Scientific-Citation Patterns and Other Triangle-

Rich Acyclic Networks." Physical Review E 80(3):037101.  

 



 

42 
 
 

Wuchty, S., B. F. Jones and B. Uzzi. 2007. "The Increasing Dominance of Teams in Production 

of Knowledge." Science 316(5827):1036-1039.   



 

43 
 
 

APPENDIX A: ARTICLE ONE 

 

NOVELTY AND FORESEEING RESEARCH TRENDS; THE CASE OF ASTROPHYSICS 

AND ASTRONOMY 

 

Preprint of the paper in The Astrophysical Journal Supplement Series (236)21:15 

 

ABSTRACT 

 

Metrics based on reference lists of research articles or on keywords have been used to predict 

citation impact. The concept behind such metrics is that original ideas stem from the 

reconfiguration of the structure of past knowledge, and therefore atypical combinations in the 

reference lists, keywords, or classification codes indicate future high impact research. The current 

paper serves as an introduction to this line of research for astronomers and also addresses some 

methodological questions of this field of innovation studies. It is still not clear if the choice of 

particular indexes, such as references to journals, articles, or specific bibliometric classification 

codes would affect the relationship between atypical combinations and citation impact. To 

understand more aspects of the innovation process, a new metric has been devised to measure to 

what extent researchers are able to anticipate the changing combinatorial trends of the future. 

Results show that the variant of the latter anticipation scores that is based on paper combinations 

is a good predictor of future citation impact of scholarly works. The study also shows that the 

effect of tested indexes vary with the aggregation level that was used to construct them. A 

detailed analysis of combinatorial novelty in the field reveals that certain sub-fields of astronomy 

and astrophysics have different roles in the reconfiguration in past knowledge. 
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Keywords: sociology of astronomy, publications 

 

1. INTRODUCTION 

 

It is important for faculties and funding agencies to be able to foresee the future research impact 

of individuals and research groups when hiring new faculty or awarding research funding 

(Clauset et al. 2017). A growing body of research is trying to understand how scientific research 

gains impact. In the past decade, data availability and computing power have allowed scholars to 

develop sophisticated measures to predict future citation impact of papers, patents, and authors. 

The problem of predicting research impact can be approached from several directions. First, 

many researchers are interested in the individual level by focusing on the effect of career stages, 

past productivity, or institutional affiliation (e.g. Kurtz & Henneken 2015, for a recent review see 

Clauset et al. 2017). Another line of inquiry aims to foresee the emergence of new and popular 

technologies and fields of research (Small et al. 2014).  

 This paper introduces to the reader and improves upon a fertile branch of these efforts that 

we may call “combinatorial innovation,” which aims to theorize and model the process of 

innovation development and dissemination itself (Schilling & Green 2011, Uzzi et al. 2013, 

Boyack & Klavans 2014, Kaplan & Vakili 2015, Leahey & Moody 2014, Lee et al. 2015, Youn 

et al. 2015, Trapido 2015; for an extensive review see: Savino et al. 2017). There are three goals 

of the current article: 1) to evaluate the measure of combinatorial novelty for citation prediction 

on several dimensions; 2) to introduce a combinatorial measure for the prognosis of scientific 
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impact based on early anticipation of future trends; 3) to contextualize the relevance of the 

diversity of combinatorial novelty measures in astronomy and astrophysics. 

 The main tenet of the paradigm of combinatorial innovation is that novel and original 

ideas combine past knowledge in a new way (Fleming 2001, Thagard 2012). A measure of 

combinatorial novelty generally indicates if a combination of knowledge elements is typical or 

atypical given the past usage pattern of those elements. Despite the diversity of specific research 

focus and methodologies, all studies found (mostly positive) association between combinatorial 

novelty and citation impact, and therefore this family of indicators could be utilized to identify 

trends in science. It must be emphasized that this particular approach to novelty measures the 

distance/similarity of co-occurrences. This approach can be traced back to early twentieth 

century, to Schumpeter’s (1934) innovation theory, and to Poincare (1910) in the philosophy of 

science. Poincare stressed that combinations are more innovative and radical if they combine 

disparate things. The assumption about the relationship between the distance/dissimilarity of 

ideas and innovativity still has an important role in this paradigm.  

 “Maximal marginal relevance” is a similar concept in information retrieval (Carbonell & 

Goldstein 1998, Clarke et al. 2008, recently: An & Huang 2017). It is a search result ranking 

criteria that assigns higher ranks for relevant records that contain new content than the previously 

ranked relevant records. A crucial difference however is that while combinatorial novelty 

evaluates the distance/dissimilarity of pairs of elements, this retrieval concept evaluates only the 

individual elements in the set. To use the example of Clarke and his coauthors (2008) a search for 

“jaguar” gives a document that discusses jaguar as a car brand high novelty if the search until that 

point only retrieved hits about the jaguar as cat. A document that combines the topic of the car 

and the cat at the first time, is not necessarily marginally novel. If all the information that such a 
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document contains has already been covered by previous search hits about both the car and the 

animal, the document has low novelty. From the perspective of combinatorial innovation 

however it is an atypical combination and considered to be highly novel, because it is unusual to 

combine those elements. 

 Returning to the literature on combinatorial innovation, the content of documents or the 

combined elements in research practice is measured typically as bibliometric classification codes 

assigned by indexing services, keywords, or journals. Although these studies share this basic 

insight and methodology, they are concerned with different aspects of the innovation process, 

sample vastly different fields of science and technology, and establish their measure of novelty 

on various systems of reference list aggregation or keywords. There are several discipline-

specific bibliometric classification systems, and other classification systems that journals and 

citation indexing services assign to publications. One can also use cited journal pairs as building 

blocks of combinations. The choice of the classification system is sometimes influenced by 

theoretical considerations. For example, for studies of the citation impact of interdisciplinary 

research (Lariviere et al. 2015, Yegros-Yegros et al. 2015) and for organizational theorists 

(Leahey & Moody 2014) atypical combinations are interesting because they span organizations 

and institutions. Therefore, combined elements must express organizational boundaries. 

However, the same theoretical construct can be operationalized as a classification system 

representing subfields (Leahey & Moody 2014), or as Web of Science subject categories 

representing sub-disciplines (Lariviere et al. 2015, Yegros-Yegros et al. 2015). On several 

occasions the choice is not justified in detail (Uzzi et al. 2013, Lee at al. 2015).  

 The paper will test and compare different aggregation levels of reference list 

combinations to predict high impact papers in astronomy, more specifically examining how the 
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operationalized definition of combinatorial novelty affects its relationship with citation impact. 

The question of aggregation of scientometric indicators is in fact quite general, and it requires 

great caution and reflection for students of science of science (Leydesdorff 2001). There are two 

important dimension of aggregation that will be investigated here: 1) Time: past, present, future; 

2) Classification levels: references to papers, to journals, to sub-disciplines. Moreover, since the 

references to papers (the lowest classification level of ideas in the study) will be investigated 

herein, “absolute novelty” can also be defined in the context of this paper. While co-citations to 

journals and subfields are enduring for a long time, the co-citation of particular papers is 

frequently unprecedented. 

 The paper will present a diversity of combinatorial novelty indexes, and study their 

association with citation impact, while aiming to filter out confounding factors. First, choosing a 

single discipline to study scientometric indicators similar to Kurtz & Henneken (2015) helps to 

filter out disciplinary effects. For example, Boyack & Klavans (2014) have shown that the results 

of Uzzi et al. 2013 on the effect of novelty and conventionality of published science papers on 

citation impact was confounded by disciplinary differences. Studying astronomy in particular 

helps also to minimize the influence of industry-financed research on novelty seeking behavior of 

research groups. Evans (2010) argues that biochemistry, which is heavily sponsored by industrial 

companies, produces research that is less theory driven when the research is sponsored by 

industry. It is assumed that research in astronomy and astrophysics is primarily concerned with 

purely scientific questions, therefore the influence of corporate research is negligible. Second, the 

tested novelty indexes are constructed on three levels of aggregation: references to research 

documents (articles, or letters), referenced journals, and Web of Science subject categories. The 

latter is a journal classification system used extensively by researchers studying interdisciplinary 
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science (Porter et al. 2007, Rafols & Meyer 2010). These three levels of aggregation of 

references can control for the extent of institutionalization from research articles to highly 

institutionalized sub-disciplines. 

 A new set of indexes of combinatorial novelty will also be introduced and tested along 

with the extant measures. If we assume that novel combinations are important, it is 

straightforward to hypothesize that anticipating the trends in the reconfiguration of science 

communication early on helps to disseminate new ideas. Aside from combinatorial novelty it will 

be shown how combinations that are gaining popularity early on or reaching high popularity in 

the future affect citation impact for publications.  

 This approach to novelty diverges from the concept introduced above. Instead of 

quantifying the atypicality of combinations, and attributing novelty to them, in this case the 

temporal shift of combinatorial activity is measured, and the theoretical assumption is that early 

trend setting behavior is rewarded by the scientific community. Certainly it is not precluded that 

trend setting is associated with novelty, but it is more straightforward to interpret the following 

measures as accurate anticipations in the shift in the focus of a research field. It is assumed that 

constructing these anticipation measures is another useful test of which level of analysis (articles, 

journals, and subject categories) is more predictive of future citation gain, and how the dynamics 

of these levels differ.  

 Although the study design is explorative and may seem technical, as demonstrated below, 

it will provide refutations to past theories of how new approaches and discoveries gain footing. 

The current work not only serves as an introduction to this exciting research agenda for the 

audience of ApJS, it also highlighting how the studied intellectual and institutional factors play 

out in a specific discipline: astronomy and astrophysics. The final section of the paper will 
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present “maps” of the core journals of astronomy and astrophysics as citation networks, where 

the behavior of the tested indexes can be investigated in a more concrete fashion. These maps can 

shed light on how different territories or clusters of publication venues drive trends at different 

institutional levels in the discipline. This presentation is very important because – given the 

narrow focus on a single coherent discipline – one can have a contextualized understanding of the 

meaning of the tested indexes. 

 

2. TESTED INDEXES AND DATA 

 

The samples of astronomy and astrophysics bibliographic records were retrieved from Web of 

Science. All the references are assigned to subject categories based on journal classification. The 

primary dataset contains all publications (articles and letters) that fall under any physics-related 

subject category in the past few decades, additionally including the subject category 

“Multidisciplinary Sciences,” which contains all journals that publish articles across the sciences 

(such as Science and Nature). To create the relevant sample from the records in the primary 

dataset, all publications were included that cited at least two journals listed under the subject 

category “Astronomy and Astrophysics.” This sampling procedure is inclusive, instead of 

sampling only the journals that are categorized as astronomy and astrophysics, several more 

physics publications were selected for analysis outside of strictly astronomical journals. This 

sampling approach reflects the general trend toward interdisciplinarity in physics (Sinatra et al. 

2015). For 2003 this procedure results in ~17,000 articles. The tests that are presented below are 

based on the 2003 data, and the Appendix shows key findings for 2007. To calculate past and 

future frequencies of combinations, and to derive citation impact, a 7-year window was used after 
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and before the sampled year. The above sampling procedure was applied to create both of these 

windows. I will refer to these three time intervals throughout the paper as present ��, past ���, 

and future ��. 

 Relying on references to papers in order to construct an index of combinatorial novelty is 

unprecedented. One probable reason why it is such a neglected measurement choice is that it 

gives a large number of data points. Doing so, however, provides a fine-grained and dynamic 

picture of how communication is configured in science (Small 1978, Leydesdorff 1998). The 

reference list of a paper is � = (��, �� …��), and a co-citation of two articles in this reference list 

is denoted as ���; ��� (�� ∈ �, �� ∈ �). From � we can derive the aggregated reference lists at the 

journal and subject category level. Two combined journals and two combined subject categories 

are denoted as ���; ��� and ���; ��� respectively. One journal can be assigned to several subject 

categories, and in these cases all the subject categories were included in the analysis.  

 To construct an index of combinatorial novelty we must first measure the raw count of 

combinations. This gives a raw affinity score for the combinations. All these combination 

frequencies at the three levels were recorded in three time intervals defined above (present ��, 

past ���, and future ��). Studies of combinatorial innovation create baseline frequencies based on 

the sum of past and present combinations. The past and future combinatorial frequencies are 

recorded to calculate the anticipation scores. These raw counts for the “present” are expressed as 

�������; ���� for citation pairs, �������; ���� for journal pairs, and �������; ���� for subject 

category pairs. Journals and subject categories exist for a longer time frame, and absolute novelty 

– when a pair is totally unprecedented in the past (��������; ���� = 0, ��������; ���� = 0) –  in the 

sampled time interval is rarer then new paper combinations. In this latter case absolute novelty is 

defined as: 
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�������, ���� = �
0, ��������; ���� > 0

1, ��������; ���� = 0
 

 

Therefore �������, ���� is 1 if the articles �� and �� have never been cited together before, and 

zero otherwise. Notice that this index disregards the degree of distance of the combined elements: 

two entities are either related or not.  

 The second component of a novelty score is a normalizing weight. This serves to deflate 

the raw counts of combined pairs if the citations to the individual constituents of the pair are 

higher. This is sometimes derived from a Monte Carlo algorithm (Uzzi et al. 2013), but is mostly 

defined as a simple function of the frequency of the individual combined elements and expressing 

an expected count of the pair (e.g. Leahey & Moody 2014, Lee et al. 2015). Here a simple weight 

� = 1/������ is defined, where �� and �� stands for the number of times the given article �� and 

��, journal �� and ��, or subject category ��� and ��� has been cited individually in the relevant 

time interval. 

 Similar to the previously discussed studies, a normalized score expresses the novelty – or 

more specifically the atypycality – of journal (referred as JR) and subject category pairs (SC). 

(Table 1 summarizes these scores in a comprehensive way.) The higher these scores, the more 

“atypical” (or novel) the combination is. For these two scores the recorded time intervals include 

the past and present. For the raw co-citations to articles a normalized score is also created (CIT) 

in a similar fashion, which indicates if a combination is less expected given the popularity of 

combined papers in the past and present. All three scores pertain to combinations; to aggregate 

them to the level of referencing articles the mean of the scores was calculated. Uzzi and his 
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collaborators (2013) suggest that both novelty and conventionality are important to create a 

ground-breaking paper. These are two separate dimensions of a publication, and the central 

tendency of their combination novelty score distribution is used to measure conventionality, 

while novelty is defined as the tail of this distribution. To include this theory in the test, aside 

from the mean, the 90th percentile of the scores is also investigated below (the score of the most 

atypical pairs).  

 NCIT is the index of the percentage of completely new co-cited article pairs �������, ����. 

No weighting was applied to this index.  
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Table 1 

Novelty indexes Tested in the Study 

Index Formula Description 

JR ����,�����; �����
 a Atypical/novel journal combinations. The number of times 

journal �� and �� have been co-cited at ��� and �� weighted 

by the normalization weight �. � is based on the past and 
present frequencies. 

SC ����,�����; �����
 a Atypical/novel subject category combinations. The number 

of times subject category ��� and ��� have been co-cited at 

��� and �� weighted by the normalization weight �. � is 
based on the past and present frequencies. 

CIT ����,�����; �����
 a Atypical/novel citation combinations. The number of times 

paper �� and �� have been co-cited at ��� and �� weighted 

by the normalization weight �. � is based on the past and 
present frequencies. 

NCIT �������; ���� New combinations. From this binary variable the 
percentage of articles that have not been co-cited in the 
past have been calculated. 

Notes. a � = 1/������ is a normalization factor. �� stands for the number of times a article, 

journal, or subject category � has been cited in the given time interval. 
 

Finally six new scores are introduced based on the concept of anticipating future trends in the 

changing configuration of combinations (Table 2). First there are three scores that contrast the 

past usage of referencing behavior with their emerging future usage. To define anticipation scores 

for co-cited articles (ACIT) I simply use the number of times the combination appears in the 

future, �������; ����, and normalize it with �. � in this case is based on the past and present 

frequencies. Given how popular the cited papers were separately, it expresses how popular their 

combination becomes in the future, with a higher index indicating more popular co-citation in the 

future. The anticipation scores for journals and subject categories are based on percentages. 

Combinations of journals or subject categories constitute a certain percentage of all combinations 

in the respective category. The anticipation score for journals (AJR) and subject categories (ASC) 

is the difference between these future and past percentages. Positive values mean that the 
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combinations become more popular in the future, while negative values indicate that the 

popularity decreases. 

 

Table 2 

Anticipation indexes Tested in the Study 

Index Formula Description 

ACIT �������; �����
 a Anticipation score for cited papers. The 

simple count of how many times co-cited 
papers appear together in the future (at 
��) normalized with �. � in this case is 
based on the past and present 
frequencies. 

AJR �������; ����

∑ �������; �����,�

−
��������; ����

∑ ��������; �����,�

 
Anticipation score for journals. The 
difference of the percentages between the 
past ��� and future �� frequencies of co-
cited journal pairs. 

ASC ������; ����

∑ �������; �����,�

−
��������; ����

∑ ��������; �����,�

 
Anticipation score for subject categories. 
The difference of the percentages 
between the past ��� and future �� 
frequencies of co-cited subject category 
pairs. 

JR (alt.) �������; ����

��������; ���� + 1
 

Alternative novelty measure based on the 
concept of anticipation for journals. The 
ratio of the frequency of present and past 
combination of �� and ��. 

SC (alt.) �������; ����

��������; ���� + 1
 

Alternative novelty measure based on the 
concept of anticipation for subject 
categories. The ratio of the frequency of 
present and past combination of �� and 
��. 

CIT (alt.) �������; ����

��������; ���� + 1
 

Alternative novelty measure based on the 
concept of anticipation for citations. The 
ratio of the frequency of present and past 
combination of �� and ��. 

Notes. a � = 1/������ is a normalization factor. �� stands for the number of times a article, 

journal, or subject category � has been cited in the given time interval. 
 



 

55 
 
 

The anticipation scores defined above give a sense of what anticipation means in the present 

context: instead of being an index of typicality, it attempts to grasp the direction of change where 

a field is shifting. However to calculate the score one has to know the future citation rates for 

combination at ��. It is not useful for prognosis. Of course this all depends on the time window 

one choses for ��. If someone wants to evaluate the future impact of recently published articles, 

one can set this time window to 0. This gives a simplified index also shown in Table 2. This 

alternative index is the ratio of past and present combination frequencies. One is added to the 

denominator, so no division with zero occurs. The nominator is always at least one, because one 

paper in the dataset must make this combination in the present to consider it in our calculation. 

That index can be interpreted as an indicator if a certain combination takes a fresh momentum. 

Notice that no weighting is added to this index. It is not necessary because the denominator (past 

frequencies) already contain information on the popularity of the combined elements. Using the 

past frequencies instead of the citation impact of the combined elements has a different meaning. 

While the latter deflates the given score for popular journals or citations, the first only deflates 

their score if they were already used together. Instead of assuming a “blind variation”, the 

alternative measures encapsulate the field specific usage pattern change.  

 

3. RESULTS 

 

Raw citation counts were converted to a binary variable. Several studies employ this strategy, and 

focus on high impact papers, and use a binary variable that indicates the top 5% of citation 

impact (Schilling & Green 2011, Uzzi et al. 2013, Lee et al. 2015). Many independent variables 

remain skewed after log transformation (Figures 1-4). CIT mean, AJR, CIT (alt.) is close to being 
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normally distributed. Several distributions have irregular shape. JR mean is almost bimodal. An 

interesting observation that we can make just based on the histograms is that most articles cite 

novel paper combinations. From this perspective novelty-seeking behavior is the dominant 

strategy. On the average, a paper cites 67% new article combinations (more precisely, these 

combinations are new in the sense that they did not occur in the past seven years). Both ASC and 

AJR are also heavier on the positive side, which suggests that the disciplinary diversity increased 

in astrophysics and astronomy in that time. Indeed the number of new journal pairs increased by 

29%, and the new subject category pairs by 39% in the given time period. The growth rate of 

cited paper combinations was 19%. It is also worth mentioning that the range of ASC is higher 

than AJR. Journal associations appear to be more conservative than sub-discipline boundaries. 

 To be able to present the association of citation impact and these other variables concisely 

and in a similar way for comparison, all independent variables are analyzed by their percentiles. 

This means that in the following figures and calculations, the probability of a hit paper is plotted 

along the percentiles of the independent variables, which avoids the analytical drawbacks of these 

non-normal distributions, and also allows detection of non-linear associations. 
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Figure 1. Distribution of novelty indexes. The figure shows the distribution of the three novelty 

scores (by columns), and their respective means and 90th percentiles (by rows).  

 

 

Figure 2. Distribution of the percentage of new combinations of research documents. 
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Figure 3. Distribution of the mean of anticipation scores. One is added to the ACIT score to fit 

on the log scale. 

 

 

Figure 4. Distribution of the mean of “alternative” novelty scores, based on the concept of 

anticipation. 

 

Surprisingly the novelty measures are not in line with previous findings (Figure 5, Figure A/1). 

The average of combinatorial novelty decreases citations in the future. This rate is not completely 

linear for subject category pairs. There are several explanations for these findings. While most 

studies found a positive relationship between the central tendency of novelty and citation impact 

(Schilling & Green 2011, Kaplan & Vakili 2015, Leahey & Moody 2014), the study by Uzzi and 

his coauthors (2013) also found a negative association. Current studies show mixed findings 
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about the success of publications combining sub-disciplines in terms of receiving citations 

(Lariviere et al. 2015, Yegros-Yegros et al. 2015). Boyack and Klavans (2014) showed that 

although combinatorial novelty generally brings success to articles, the magnitude of these effects 

depend on the disciplinary affiliation of the articles. In our case, as we can see later, novelty on 

the level of subject category pairs varies with the sub-fields of astronomy and astrophysics, and it 

is rather the citation impact of the sub-fields that explains the citation outcomes of an article. A 

more general explanation of this finding is that the normalization weight deflates the novelty 

scores of those combinations that are taking off in the sampled years, which would penalize 

research that sets up a trend by gaining fresh citations in the sampled years. The negative effect 

especially seems to be strong for CIT, for which such a novelty index has not been constructed 

yet. 

 Taking a look at the effect of the percentage of new article combinations (NCIT, Figure 6, 

Figure A/2), one can see that it has an inverted U shape: the most successful referencing strategy 

is to combine new papers, albeit doing so in moderation. This corroborates the observation of 

Uzzi and his collaborators (2013), and the hypotheses of Schilling and Green (2011), and Leahey 

and Moody (2014). All these studies assumed, for various theoretical reasons, that producing 

atypical combinations has a limit until which the return on citation impact diminishes. These 

studies used different methodologies, and no any study used NCIT or a similar index as a 

measure of novelty, but the current findings are in harmony with their expectations. 
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Figure 5. “Hit paper” probability by the means and 90th percentiles of the publications’ novelty 

scores (by column). The x-axis is the percentiles of the respective novelty score statistic (mean or 

90th percentile, row-wise).  

 

 

Figure 6. “Hit paper” probability by percentage of new combinations.  
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Turning to anticipation scores (Figures 7 and 8) first one should notice how crucial it is to cite 

early on papers that will gain popularity later (ACIT). This has a strong association with citation 

impact. The top 3 percentiles of ACIT have at least ~15% chance to contain high impact articles. 

CIT (alt.) also have a positive association with citation impact. However, knowing the future co-

citation frequencies (like in ACIT for the following 7 years) clearly has a better explanatory 

power over the future popularity of articles.  

 The behavior of the indexes that are based on paper citations is markedly different from 

the ones based on journal and subject category pairs. While the first type can be approximated 

with a monotonically increasing function (see details later), the latter type has a curvilinear 

association with citation impact. It is difficult to describe these associations. They are remarkably 

similar to each other across the two types of measures: AJR is similar to JR (alt.), and ASC is 

similar to SC (alt.). In the case of journal based measures the highest percentiles of the 

anticipation scores clearly yield more citations, while the subject category based measures show a 

fast decrease to the base line 5% at around the 80th percentile. This decrease happens earlier for 

CIT (alt.). This visual approach also has its limitations. Percentiles are sometimes ambiguous. 

One can observe on Figures 5, 7 and 8 that the subject category based scores have several 

percentiles around the 80th percentiles that have the same percentile value.  

 These results show that while the anticipation of citation trends clearly increases the 

chance to publish a high impact paper, if the shift involves the crossing of sub-disciplines or 

research field boundaries the reception of rewards has a more complex mechanism. Later we will 

see that this phenomenon can be partly explained by the sub-disciplinary structure of astronomy 

and astrophysics. 
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Figure 7. “Hit paper” probability by the percentiles of the publications’ anticipation scores.  

 

 

Figure 8. “Hit paper” probability by percentiles of alternative definition of novelty scores.  

 

Given these counterintuitive findings about CIT, JR, and SC, and to stay more focused, in the 

remaining of the article only the anticipation scores will be investigated further. 

 Table 3, and Figures 9 and 10 show the results of an attempt to fit statistical models on the 

anticipation/novelty scores. The primary reason to construct statistical models is to compare the 

magnitudes, and possibly to describe the relationship better. Polynomial logistic regressions have 

been fitted to the data, using the R package gnm (Turner & Firth 2015). The Figures (9, 10) plot 

the logit of the odds of hit papers by the percentiles of the scores. One can see that the models 
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generally fit poorly to the data, especially for the journal and subject category measures. The tests 

of the residual changes however are all statistically significant (Table 3). The author tried to fit 

the best functions up to 4-degree polynomials to the data. Using other types of functions in the 

analysis was difficult because of the frequent non-convergence of the maximum likelihood 

estimators. Table 3 shows both the bivariate association of the independent variables and the 

dependent variable, and the hierarchical model where the independent variables entered in the 

order: citation-, journal-, subject category based metrics. Both the subject category scores and the 

journal based scores are statistically significant when they enter in the hierarchical models. This 

suggests that the three levels of aggregation explain different aspects of how to gain citation 

impact. However we have to be careful to make this conclusion because of the poor fit. 

 In order to somewhat remedy the problems with the logistic models, mutual information 

scores are also reported in Table 3. Mutual information was fitted to the binary variables “hit 

paper”, and the percentiles of the scores. This measure does not enforce any particular form of 

the relationship. According to these results, citation based measures have the best explanatory 

power. The alternative SC index is better in that regard than the alternative JR index, while AJR 

is slightly better than ASC. However this ordering is not stable; see the results for 2007 dataset in 

the Appendix (Table A/1). Although one cannot make a clear judgment about the magnitudes of 

these relationships, the more linear character makes the paper-based ones more desirable for 

prognosis. 
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Table 3 

Fitted model statistics and mutual information for novelty and anticipation indexes 

Model 

Bivariate 
model, 

residual d.a 

Hierarchical 
model, 

residual d.b 
Mutual 

Informationc 

NULL �����(��) = �� 6672.3 6668.7 
CIT (a.) ��������� = �� + ��� + ���

� 6291.7 6288.4 0.021 
JR (a.) ��������� = �� + ��� + ���

� 6628.6 6276.7 0.009 
SC (a.) ��������� = �� + ��� + ���

� 6459.7 6116.2 0.017 
NULL �����(��) = �� 6672.3 6672.3 
ACIT ��������� = �� + ��� + ���

� 6155.8 6155.8 0.026 
AJR ��������� = �� + ��� + ���

�

+ ���
� 

6430 5970.5 
0.021 

ASC ��������� = �� + ��� + ���
�

+ ���
� 

6405.5 5917.2 
0.019 

Notes. a Residual deviance of bivariate logistic regressions. All models are significant at the > 
3σ confidence level.  
b Residual deviance of hierarchical logistic regressions. Variables for the novelty and 
anticipation scores entered in the order shown in the table. All models are significant at the > 
3σ confidence level. 
c MI stands for mutual information in bits. 
 

 

Figure 9. Observed and fitted log of the odds of publishing a hit paper as the function of 

anticipation scores. 
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Figure 10. Observed and fitted log of the odds of publishing a hit paper as the function of 

alternative novelty indexes. 

 

Finally we should investigate a little more closely the distribution of these indexes within the 

discipline. Figures 11-12 shows the citation map of the most important journals that publish 

articles about astronomy and astrophysics in 2003 and 2007. Tables 4-5 show the indexes for 

influential journals for these two years. Below, the author provides an interpretation of the 

visualization, but since this is an exploratory tool, the reader may find more and different 

approaches to the presented evidence. These maps do not contain all the journals that published 

relevant articles determined by the sampling method of this paper. The selection criteria for the 

drawings and the tables was the total citations each journal received in the period under study. 

Only the top ~70 journals were included for the drawing, and the tables show information for the 

top 36 journals. The size of the nodes in the figures is proportional to this value. The networks 

were drawn and manipulated in Gephi (Bastian et al. 2009). 

 The positions of the journals reflect their relative distance to each other given their 

propensity to cite one another. The nodes were manually repositioned to make the journal names 

non-overlapping. A clear division on the map is between physics, and astronomy and 
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astrophysics journals. This reflects the division between theoretical and observational astronomy. 

The center is occupied by the journals published by the American Astronomical Society, and 

other generalist astronomy journals. This means that they connect the two fields. On the upper 

regions one can see the planetary sciences with spectroscopy and physical chemistry. On the 

physics side one can clearly see a division between certain physics journals that are central for 

astronomy, and on the other hand specialized nuclear and mathematical physics journals, that are 

further away from astronomy. One can see that the above described regions changed in this 

relatively short time interval from 2003 to 2007, most importantly the theoretical and 

observational side moved closer to each other. 
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Figure 11. Citation networks of core astronomy and astrophysics journals in 2003.  
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Figure 12. Citation networks of core astronomy and astrophysics journals 2007. 
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Table 4 

Novelty and anticipation indexes by core journals in 2003 

 CIT (a) JR (a.) SC (a.) ACIT AJR ASC 
ANN PHYS-NEW YORK 1.033 0.580 0.188 0.256 -0.0005 -0.0023 
ANNU REV ASTRON ASTR 1.014 2.629 0.218 0.103 0.0015 0.0091 
ASTRON ASTROPHYS 1.019 0.780 0.213 0.519 0.0015 0.0113 
ASTRON J 1.004 0.555 0.216 0.535 0.0013 0.0125 
ASTROPHYS J 1.064 0.958 0.213 0.650 0.0016 0.0110 
ASTROPHYS J SUPPL S 1.153 0.668 0.209 0.725 0.0008 0.0085 
ASTROPHYS SPACE SCI 1.040 0.702 0.212 0.306 0.0013 0.0084 
CLASSICAL QUANT GRAV 0.996 1.360 0.200 0.414 0.0001 0.0005 
COMMUN MATH PHYS 0.926 0.731 0.191 0.203 -0.0004 -0.0028 
EUR PHYS J C 0.952 0.778 0.196 0.232 -0.0007 -0.0017 
GEOCHIM COSMOCHIM AC 0.947 1.041 0.261 0.129 0.0001 0.0020 
ICARUS 0.946 1.004 0.222 0.257 0.0002 0.0057 
INT J MOD PHYS A 0.917 0.512 0.195 0.214 -0.0006 -0.0018 
J CHEM PHYS 0.931 0.749 0.219 0.141 0.0000 -0.0003 
J GEOPHYS RES-PLANET 1.009 1.779 0.240 0.311 0.0001 0.0022 
J GEOPHYS RES-SPACE 0.909 0.573 0.211 0.235 0.0000 0.0054 
J HIGH ENERGY PHYS 1.250 1.008 0.199 1.157 -0.0008 -0.0019 
J MATH PHYS 0.936 0.627 0.187 0.213 -0.0003 -0.0018 
MOD PHYS LETT A 1.022 0.663 0.195 0.353 -0.0004 -0.0016 
MON NOT R ASTRON SOC 1.029 0.875 9.362 0.524 0.0022 9.1596 
NATURE 1.325 2.402 0.209 2.322 0.0006 0.0060 
NUCL INSTRUM METH A 1.010 1.150 0.182 0.189 -0.0001 -0.0003 
NUCL PHYS A 0.939 0.491 0.177 0.226 -0.0005 -0.0040 
NUCL PHYS B 1.043 0.645 0.197 0.319 -0.0016 -0.0029 
PHYS LETT A 0.994 0.537 0.186 0.435 0.0000 -0.0016 
PHYS LETT B 1.114 0.762 0.193 0.561 -0.0010 -0.0026 
PHYS REV A 0.920 0.611 0.173 0.154 0.0000 -0.0017 
PHYS REV C 0.938 0.532 0.175 0.320 -0.0003 -0.0048 
PHYS REV D 1.100 0.951 0.202 0.842 -0.0002 0.0015 
PHYS REV LETT 1.145 0.684 0.191 0.962 -0.0002 -0.0009 
PLANET SPACE SCI 0.929 0.964 0.230 0.142 0.0000 0.0044 
PROG THEOR PHYS 1.075 0.566 0.197 0.494 -0.0007 -0.0010 
PUBL ASTRON SOC PAC 1.049 0.800 0.214 0.889 0.0008 0.0119 
REV MOD PHYS 1.505 0.854 0.188 2.300 -0.0001 -0.0028 
SCIENCE 0.984 0.502 0.219 0.320 0.0008 0.0050 
SOL PHYS 0.958 0.701 0.213 0.257 0.0004 0.0098 
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Table 5 

Novelty and anticipation indexes by core journals in 2007 

 CIT (a.) JR (a.) SC (a.) ACIT AJR ASC 
ANN PHYS-NEW YORK 0.940 0.580 0.192 0.096 -0.0004 -0.0054 
ANNU REV ASTRON ASTR 0.973 4.038 0.253 0.150 0.0000 -0.0010 
ASTRON ASTROPHYS 0.975 0.746 0.219 0.347 0.0001 -0.0011 
ASTRON J 0.953 0.547 0.220 0.302 -0.0003 -0.0011 
ASTROPHYS J 1.025 0.645 0.219 0.603 -0.0004 -0.0010 
ASTROPHYS J SUPPL S 1.148 0.584 0.217 1.427 -0.0004 -0.0011 
ASTROPHYS SPACE SCI 1.027 0.628 0.213 0.362 0.0000 -0.0018 
CLASSICAL QUANT GRAV 1.002 1.156 0.196 0.568 -0.0001 -0.0056 
COMMUN MATH PHYS 0.970 0.917 0.207 0.202 -0.0002 -0.0041 
EUR PHYS J C 0.919 0.607 0.190 0.252 -0.0012 -0.0068 
GEOCHIM COSMOCHIM AC 0.981 1.140 0.275 0.160 0.0000 0.0023 
ICARUS 1.024 0.948 0.234 0.277 0.0000 0.0001 
INT J MOD PHYS A 1.000 0.661 0.196 0.326 -0.0008 -0.0061 
J CHEM PHYS 0.946 0.809 0.193 0.152 -0.0001 -0.0005 
J GEOPHYS RES-PLANET 0.935 1.030 0.245 0.290 0.0000 0.0014 
J GEOPHYS RES-SPACE 0.929 0.568 0.247 0.262 -0.0002 0.0003 
J HIGH ENERGY PHYS 1.122 2.092 0.191 0.804 -0.0010 -0.0082 
J MATH PHYS 0.969 1.313 0.200 0.254 -0.0002 -0.0042 
MOD PHYS LETT A 1.006 0.507 0.191 0.346 -0.0008 -0.0062 
MON NOT R ASTRON SOC 1.014 0.711 0.219 0.550 0.0007 -0.0011 
NATURE 1.096 0.881 0.228 1.006 -0.0002 -0.0001 
NUCL INSTRUM METH A 1.028 1.285 0.223 0.282 -0.0001 -0.0016 
NUCL PHYS A 0.935 0.730 0.179 0.183 -0.0002 -0.0028 
NUCL PHYS B 0.944 0.545 0.189 0.269 -0.0017 -0.0085 
PHYS LETT A 0.984 0.813 0.203 0.262 -0.0001 -0.0034 
PHYS LETT B 1.051 0.753 0.189 0.571 -0.0012 -0.0067 
PHYS REV A 0.983 2.058 0.197 0.275 0.0000 -0.0022 
PHYS REV C 0.950 2.042 0.178 0.314 0.0001 -0.0021 
PHYS REV D 1.055 1.737 0.194 0.790 -0.0007 -0.0057 
PHYS REV LETT 1.110 1.178 0.194 0.907 -0.0004 -0.0043 
PLANET SPACE SCI 0.984 1.145 0.254 0.262 0.0000 0.0002 
PROG THEOR PHYS 0.955 0.820 0.191 0.431 -0.0009 -0.0063 
PUBL ASTRON SOC PAC 1.032 0.868 0.222 0.385 -0.0002 -0.0010 
REV MOD PHYS 0.928 0.869 0.201 0.037 -0.0002 -0.0022 
SCIENCE 1.026 0.577 0.225 0.929 -0.0002 -0.0001 
SOL PHYS 0.925 0.701 0.227 0.202 -0.0003 -0.0007 

 

How does this morphology correlate with the indexes? Several observations can be made that 

support and clarify the earlier observations about our metrics. Let’s take our attention first to the 

citation based metrics. Larger nodes in the center have higher scores, and they set up trends for 
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citation combinations. The Annual Review of Astronomy and Astrophysics is interesting in that 

regard. It is the highest impact factor in the discipline. Reviews have a specific communicative 

function in a discipline, so it is informative to see the scores this journal receives. While its mean 

CIT (alt.) score is moderately high, the ACIT score is low. This makes sense, because being a 

review journal its attention is fixated on the well-established results (combinations) of the past. 

The journal based metrics have a different distribution over the regions. Astronomy and planetary 

science show more activity in this dimension in 2003, and the JR (alt.) scores are higher toward 

the planetary science edge. This difference between the two main regions in that regard is even 

more pronounced on the longer time scale of AJR. The theoretical physics journals have a 

conservative, stable journal combination pair structure, while most of the reconfiguration shifts 

toward the center of astronomy and astrophysics. However this difference is not observable in 

2007, when the general physics journals moved closer the “astronomy pole”. The Annual Review 

of Astronomy and Astrophysics again has a special behavior on the map, where it is very 

responsive to the shifts in journal co-citation pairs. The subject category based indexes look 

similar to the journal based indexes: theoretical physics is more stable than the rest of the map in 

2003. One can see the peak of shorter term activity (SC (alt.)) around the planetary sciences and 

physical chemistry. However, this peak on the longer time span (ASC) shifts to the center of the 

discipline. 

 To summarize these observations, the theoretical physics region is more conservative in 

terms of relying on stable journal and subject category combinations in the long run, while the 

interdisciplinary activity happens on the observational astronomy side. Again, we can see that the 

indexes grasp different aspects of the changes in disciplinary practices. While the selection of 

focus on the literature is happening in the core between theoretical physics and observational 
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astronomy, as one would expect, the interdisciplinary activity is more on the observational side. 

This “division of labor” to be receptive to institutional changes between the sub-fields of the 

regions can explain the non-linear association of citation impact and the journal and subject 

category based indexes (Figures 8-9): more specialized sub-fields and journals with lower 

citation rates initiate the re-configuration. This is clearly holds for JR (alt.) (compare Figure 9 and 

Figure 12). The behavior of the Annual Review of Astronomy and Astrophysics suggests the 

hypothesis that the selection of papers happens at a different time scale than the selection of new 

institutional boundaries represented by typical journal and subject category pairs. While the 

Annual Review of Astronomy and Astrophysics reacts to the latter by being at the 65th-90th 

percentiles with its journal and subject category based scores, its citation based scores are around 

the 45th-65th percentiles.  

 

4. DISCUSSION 

 

The studied indexes of combinatorial novelty have a tangible effect on citation impact in 

astronomy and astrophysics. The index based on the article level anticipation score (CIT alt.) 

shown to be a more straightforward tool for prediction of future dissemination of research 

findings than higher-level predictors, because of its linear association with citation impact. 

However, the magnitudes of these associations are rather weak. The measures poorly 

discriminate “hit papers” from the rest. The highest percentage of hit papers in the highest 

percentiles of the CIT (alt.) indexes are around 17-18%, while the baseline is 5%. This is very far 

from finding 100% of high impact papers by utilizing such indexes derived from reference lists. 

At this point it is not possible for scientometrics to fully predict the potential of a paper or a 
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scientist, or to predict the fate of research programs (Clauset et al. 2017). Altogether, metrics that 

are devised to detect trend changes - referred to here as anticipation scores - have good potential 

to be used in future studies. The proposed scores have a simple rationale, showing whether a 

given paper is citing combinations that are gaining popularity at the moment. In other words, this 

illustrates which combination pairs are getting fresh attention. Future studies may reveal whether 

the studied associations with citation impact are stable in other fields than astronomy and 

astrophysics. 

 This study presents several theoretically relevant findings about how the dissemination of 

innovation is shaped by institutional factors. It also provides methodological reflections on the 

better utilization of these indexes. Furthermore, article level scores – which have been neglected 

by previous research on the topic – have substantial potential. Conventional novelty measures 

actually have a negative effect on citation impact. Given the contradictory findings about this 

relationship in the literature, the result is not novel. Creating more new paper combinations 

(NCIT) is advantageous, but only until a certain threshold, beyond which it becomes a bad 

strategy. This is not completely a new finding. A previous study by Yegros-Yegros and his 

collaborators (2015) found similar association between impact and performing interdisciplinary 

research, although their methodology was different from the one applied here (Porter et al. 2007). 

Moreover, other studies (Schilling & Green 2011, Leahey & Moody 2014) hypothesized this 

inverted U-shape, but did not find it with their data and methods. Their reasoning is that spanning 

boundaries of specialized knowledge is considered to be innovative and beneficial, because one 

can rely on a greater scope and diversity of information, but it is also risky in several respects. 

For example, it is hard to master several specializations, and the audience can be resistant or 

unprepared to consume exported knowledge.   
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 The aggregation level differences of metrics are strong. Not only is the association pattern 

with citation impact markedly more complex at the journal and subject category level than on the 

paper level, but the journal citation maps also reveal journal clusters in the discipline to be 

responsible for trend changes at different levels. In short, theoretical physics is less responsive to 

institutional changes in the field that are taking off the in investigated time period. In light of this 

data, astrophysics and astronomy experience some shift in focus in the early 2000s. Heidler 

(2011) investigates the changing disciplinary relations of astrophysics, and argues that the 

discovery of the accelerating expansion of the universe in 1998/1999, and that dark energy and 

dark matter constitute 95% of the universe, induced a growing influence of high energy physics 

and a growing importance of cosmology, especially in America. Indeed, one can observe by 

comparing the journal citation maps of 2003 (Figure 12) and 2007 (Figure A/5) that 

astronomy/astrophysics and the pure physics journals moved closer to each other. Currently the 

growing importance of exoplanet research and the experimental demonstration of gravitational 

waves will open up the way for new and exciting research. Studying the processes of how these 

new findings gain footing is an interesting topic for future scientometric studies. 
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APPENDIX 

 

These figures show the same analysis for the year 2005 (Figure A/1-A/4) and 2007 (Figure A/5-

A/8). The curves on these figures are the same as in the main text, and they serve as a reference. 

The results are very similar across the three years. 

 

 

Figure A/1. “Hit paper” probability and the means and 90th percentiles of the publications’ 

novelty scores (by column) in 2007.  
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Figure A/2. “Hit paper” probability by percentage of new combinations in 2007. 

 

 

Figure A/3. Observed and fitted log of the odds of publishing a hit paper as the function of 

anticipation scores in 2007. 
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Figure A/4. Observed and fitted log of the odds of publishing a hit paper as the function of 

alternative novelty indexes in 2007. 

 

Table A/1. 

Fitted model statistics and mutual information for novelty and anticipation indexes for 2007 

Model 

Bivariate 
model, 

residual d.a 

Hierarchical 
model, 

residual d.b 
Mutual 

Informationc 

NULL �����(��) = �� 7628.7 7624.5  

CIT (a.) ��������� = �� + ��� + ���
� 7277.74 7272.7 0.017 

JR (a.) 

��������� = �� + ��� + ���
�

+ ���
� 

7619.937 7270.1 0.007 

SC (a.) ��������� = �� + ��� + ���
� 7488.188 7122.7 0.021 

NULL �����(��) = �� 7628.73 7628.73  

ACIT ��������� = �� + ��� + ���
� 7033.885 7033.9 0.026 

AJR ��������� = �� + ��� + ���
� 7590.33 7012.6 0.011 

ASC 

��������� = �� + ��� + ���
�

+ ���
� 

7493.774 6884.6 0.016 

Notes. a Residual deviance of bivariate logistic regressions. All models are significant at the > 
3σ confidence level.  
b Residual deviance of hierarchical logistic regressions. Variables for the novelty and 
anticipation scores entered in the order shown in the table. All models are significant at the > 
3σ confidence level except the addition of JR. 
c MI stands for mutual information in bits. 
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APPENDIX B: ARTICLE TWO 

 

CONVERGENCE AND SYNCHRONIZATION IN SCHOLARLY COMMUNICATION 

 

ABSTRACT 

 

A marked characteristic of the sciences is their cumulative growth. Here I formulate this growth 

as crowd behavior, which leads to the establishment of new topics. I identify two sub-processes 

of knowledge accumulation: 1) the emergence of certain research topics, correlated with an 

increased citation activity; 2) the subsequent combination of these different topics in close 

cognitive proximity. This latter assumption stems from the fact that the sciences utilize domain-

specific complex knowledge. The process of convergence is then understood as the co-emergence 

of literatures that represent new but different topics, and that carry the potential to form the 

background of new research agendas. To lay out the theory and operationalize research questions 

about convergence I draw upon theories of citation behavior and citation network dynamics. To 

demonstrate that converging co-citations form the foundation for the emergence of new topics, I 

study the evolution of these co-citations. Results show that converging novel co-citations induce 

synchronized citation behavior, which signals the establishment of a new topic. Furthermore, 

papers that reference the converging co-citations are more likely to be highly cited in subsequent 

years, because they lay the foundation of the new topic and utilize emergent knowledge rather 

than relying on stagnant discourses. 
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Keywords: sociology of science, knowledge accumulation, complex networks, citation analysis, 

emergence, synchronization, first mover effect 

 

INTRODUCTION 

 

It is a generally accepted view that the sciences develop through a cumulative growth process. 

However, this process is overlooked by theories of how scientific fields emerge, and has not yet 

received a systematic investigation. What does cumulative growth of knowledge entail, 

precisely? Knowledge accumulation is associated with progress: knowledge grows, and new 

knowledge supersedes the old. Secondly, it also entails that the new knowledge grows out from 

preexisting knowledge (Freese 1980; Mahoney 2003). The third meaning of the notion of 

cumulative growth is that some theories and empirical findings consolidate and stabilize as 

accepted coherent knowledge (Freese 1980). This paper joins the second and third aspects of 

cumulative growth into a continuous process, and develops a structural theory of knowledge 

accumulation and field growth in the sciences, referred to herein as convergence. To flesh out the 

theory and the measurement framework, I rely on concepts of citation behavior and citation 

networks. My basic argument is that scientific progress can be understood on one hand as a 

cyclical process of the emergence of new findings or techniques, and on the other hand as a 

subsequent utilization and recombination of this stabilized knowledge to establish novel research 

agendas or topics. 

 In the following sections, I will argue – based on the observations about citation behavior 

– that the emergence of new findings is accompanied by increased citation activity around a set 

of publications that represents the evolving research topic. Given the domain specific nature of 
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scientific knowledge, I assume that topics emerging in proximate areas of citation networks (in 

close domains) form proto-fields of future research. By combining different emerged topics in a 

proto-field, new emerging topics may arise. The emergence of literatures in close proximity is 

correlated with an increased citation density between these corpuses. The growing density is due 

to the increased citation activity around emerging literatures of different topics of the same or 

similar domains. For this reason, the whole process is best understood as a convergence of a set 

of proximate emerging literatures.1 

 In this analysis, I assume that such increased attention in the evolving literature, 

manifested as heightened citation activity, indicates the emergence of a coherent topic, which can 

be either a consolidated research technique or finding. The heightened interest around a set of 

papers representing the emerging agenda serves the dual purpose of validating the knowledge 

claims of this agenda and better articulating the significance of the new findings being 

established by the research community. Research agendas that pass their prime or run into 

validation or articulation problems tend to stagnate. Therefore, I argue that scholars are more 

likely to commit their resources to emerging regions of the citation network, instead of tying their 

work to stagnating regions.  

 The empirical test of these claims first requires identifying converging literature 

combinations and then showing that these regions of the citation network induce increased 

citation activity, which indicates the birth of a novel topic. Convergence is measured by 

enumerating short paths in the evolving citation network between hitherto unrelated publications. 

I will show that papers that cite converging literatures for the first time have an increased chance 

of being the most highly cited papers in the future. These papers are considered to be the ground 
                                                           
1 The process could also be called co-emergence. However, the term convergence conveys the relatedness of the 
co-emerging discourses, because of their shared domain, and the possible synergies due to the relatively close 
proximity and compatibility. 
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breaking foundational literature of a topic, essentially enjoying a first-mover advantage. I will 

also show that hitherto unrelated converging literature combinations attract citations in a short 

time interval from multiple papers. In other words, converging paper combinations induce 

synchronized co-citations: citations to a pair of converging papers. This proliferation of new co-

citations around converging literatures indicates the birth of a new topic. As mentioned above, 

emerging topics (rather than stagnating topics) appear to researchers to be more promising for 

combination. Therefore, it is plausible to hypothesize that these regions attract more researchers. 

The study develops a baseline model to control for confounders of convergence, such as the 

differences in volume of citations across fields. 

 The proposed model of knowledge accumulation as crowd behavior in scholarly 

communication echoes some observations of Merton on multiple discoveries (Merton 1961). The 

model posits that the synchronization of scientists’ behavior feeds primarily upon a “deposit of 

accumulated knowledge,” which is the collective intellectual background of more or less 

independently-working scientist (Merton 1963). This intellectual background is often regimented 

around state-of-the-art knowledge, where research efforts are focused towards some highly 

important facts with possibilities for gaining lots of attention (Hacking 1992, Medawar 1967). 

The main contribution of the present study is to identify a dynamic in citation networks that 

captures this process of converging topics in close cognitive proximity forming the foundation of 

the new core for future research agendas. 

 

RELATED LITERATURE 
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Social and institutional factors shaping research fields and specialties are a longstanding and 

regularly renewed focus of the sociology of science (e.g. Mullins 1968; Crane 1972; Breiger 

1976; Zuccala 2006, Frickel and Gross 2005; Mohr and White 2008; Shwed and Bearman 2010). 

However, perspectives on the intellectual background of science fields tend to be static.2 This 

background is conceptualized as foundational assumptions and paradigms, or as enduring 

subjects of research (Crane 1972; Zuccala 2006, Casadevall and Fang 2015). Recently, however, 

Shwed and Bearman (2010) studied the dynamics of contested claims within a field. They 

demonstrated that highly contested competing scientific claims tend to form segregated citation 

clusters until they form consensus. Below I will refer to their work, along with other studies of 

citation behavior, to argue that emergent stabilizing findings and techniques tend to cluster 

together. Shi, Foster, and Evans (2015), inspired by actor network theory, investigated the 

evolution of clustering in knowledge networks. They studied the formation of new combinations 

of research entities in the biomedical sciences, including: authors, chemicals, diseases, and 

methods. They found that indirectly related entities are more likely to be linked by future 

research. The present article relies on similar ideas of network proximity to predict new co-

citations.3 Compared to the aforementioned literatures, this study aims to understand field 

                                                           
2 The growth and stagnation of scientific fields had an important role in the philosophy of Lakatos (1976). In his 
view, rivaling “research programmes” evolve from a set of core ideas (akin to Khunian paradigm) by building a 
protective belt of auxiliary hypotheses around the core to make successful predictions. If the programme is unable 
to predict new empirical discoveries, it stagnates. The theoretical background of this study is also centered on 
growth and stagnation. However, I do not assume that scientific discourse is organized around self-contained 
theoretical cores. Rather, I rely on recent philosophical investigations that emphasize the importance of practices 
around data- generation and evaluation, and the open-endedness of conceptual development (Cartwright 1984, 
Bogen and Woodward 1988, Hacking 1992, MacLeod 2012, Rouse 2015, Feest 2016).  
3 Clustered networks evolve through a mechanism that concentrates link formation within groupings. Approaches 
to link prediction utilize this insight (for a review see Kleinberg and Liben-Nowell 2007). The most common 
approach is to expect a new tie between two nodes that are connected by several short paths. Typically, the length 
of the path is the shortest path that is possible aside from a direct edge. This study essentially treats the prediction 
of synchronization as link prediction. However, the important difference is the purpose: others aim to predict edge 
formation, whereas I aim to predict the appearance of multiple connections (defined as co-citations), i.e. 
synchronization. I am also investigating the effect of the temporal trajectory of path formation. 
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formation and change as a collective movement of scientists toward emergent regions of citation 

networks, which signals fresh accumulated knowledge. 

 Recently, novelty-seeking behavior has gained attention in science and technology 

studies. Novel ideas can be represented as unprecedented combination of existing knowledge. 

This line of research has shown that a combinatorial view of the sciences is a versatile tool, and 

focuses on the organizational aspects of scientific work, such as risks and benefits of boundary-

spanning (Leahey and Moody 2014), the interplay of conventionality and novelty (Uzzi et al. 

2013; Foster, Rzhetsky, and Evans 2015), career strategies (Foster et al. 2015; Trapido 2015), and 

the innovativeness of teams (Uzzi et al 2013; Lee, Walsh, and Wang 2015). This fruitful 

modeling strategy of innovation was first utilized in technology management (Fleming 2001; 

Youn et al. 2015; Kim et al. 2016). It has also produced a great deal of interesting research about 

the integration of sub-fields in the social sciences (Schilling and Green 2011; Leahey and Moody 

2014; Kaplan and Vakili 2015). 

 These studies recognize that the prerequisite of innovation is to span the existing 

boundaries of knowledge, and that this move also carries uncertainties about the reception and 

feasibility of original research. For example, Uzzi and his collaborators (2013) show that high-

impact papers tend to cite mostly highly conventional journal pairs but also a small number of 

atypical journal pairs. This demonstrates the benefits of balancing highly novel and conventional 

knowledge. Moving from journal pairings to chemical pairings, Foster, Rzhetsky, and Evans 

(2015) affirm that despite the potential for higher rewards, scientists rarely pursue research 

problems that could (by creating new pairings) enlarge clusters of traditional knowledge, because 

of the inherent risks. Both studies demonstrate that optimal research strategies find a way to 

balance tradition and innovation. 



 

88 
 
 

 The present study shares these methodological assumptions, but pursues new and 

different questions and measures. I also trace novel claims in papers as new combinations of 

existent knowledge. However, the degree of novelty of the new combinations is not 

problematized. Instead what differentiates papers in this study is their references’ level of 

convergence, which is the temporal trajectory of their novel co-citations. If papers recognize 

emerging topics early, and thereby avoid combining stagnating topics, they are more likely to be 

successful.  

 Network scientists extensively studied citation networks to find universal rules of network 

evolution. The primary interest of this line of inquiry is to understand how global features – most 

importantly the in-degree distribution – evolve as a result of the locally-focused behavior of 

agents (e.g. Vázquez 2003; Menczer 2004; Wu and Holme 2009; Peterson, Pressé, and Dill 2010; 

Golosovsky and Solomon 2017). Recursive search (the copying of references from relevant 

papers) and aging are identified and studied extensively as such mechanisms (Vázquez 2003; 

Krapivsky and Redner 2005; Wu and Holme 2009; Goldberg, Anthony, and Evans 2015; Ren, 

Shen, and Cheng 2012). The intrinsic potential for success of an individual publication, which is 

the main concern for social scientists, is called “fitness” (Bianconi and Barabasi 2001) in this line 

of inquiry, and is estimated from the data rather than being conceptualized a priori. The fitness of 

research projects is a central question of the present study and research on novelty seeking 

behavior as well. The observations on the accumulative growth, and the convergence of the 

knowledge base may potentially inform modeling efforts of citation networks and research on 

network evolution in general. 

 

THEORETICAL BACKGROUND 
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Under the theoretical framework presented in this paper, scientific knowledge accumulation is 

understood as a two-step circular process. First the research front, which is considered to be 

highly contested (Cole 1992; Fuchs 1993), establishes consensus and selects significant and valid 

novel findings and techniques. Subsequently these emerging knowledge claims form the basis of 

the future research fronts: new research programs are built on the emerging and stabilizing 

knowledge of the past research front. Because scientific research is primarily communicated in 

published material to disseminate results, and to establish priority claims (Merton 1957), the 

theory and methodology of detecting knowledge accumulation is informed by citation behavior. 

Throughout the paper I will refer to emerging findings and techniques as topics. I will argue 

below that individual papers (and the references to these papers) are the placeholders of these 

topics in scholarly communications.  

 In the following theoretical background, firstly I discuss consensus formation about the 

validity and significance of novel finding as selecting and stabilizing a corpus of publications 

about some topic. Stabilization is based on a dual process of validating and articulating research 

practices and observations. This process is fleshed out both in terms of citation behavior and 

consensus formation about research practices. I label this process both as stabilization and 

emergence. The second term is used to emphasize the temporal evolution of the topic, and that it 

is accompanied by a heightened citation activity around the stabilizing literature about the topic. 

Secondly, I continue by stressing that scientific knowledge and skills are domain specific and 

therefore the bulk of research efforts are utilizing new findings in relatively close cognitive 

proximity. Finally, I conclude that topics maturing around the same time and in close proximity 

constitutes the ground to form new fields of inquiry which restart the cycle of knowledge 
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accumulation. This discussion is followed by a set of testable hypotheses to show how co-

emerging literatures attract future citations and lay the ground work for future topics and later 

high impact science. 

 I begin by introducing the emergence and stabilization of a new discussion as a dual 

process of validating and articulating the new topic. I elaborate these ideas both in terms of 

citation behavior and scientific practices. According to Latour and Woolgar ([1979] 1986:75-81), 

as a new finding solidifies, the statements about it in referencing papers contain fewer and fewer 

speculations about its validity. Moreover, as papers start to receive negative citations, their future 

citation rate decays quickly (Chubin and Moitra 1975) and their discourse stagnates. To 

strengthen their own position, researchers are eager to tie their own knowledge claims (and make 

citations) to papers considered to be unproblematic in the community (Latour 1987:80). This 

explains why negative citations are relatively rare (Bornmann and Daniel 2008), and why rivaling 

discourses segregate into separate literatures (Shwed and Bearman 2010). The net result of this is 

that strengthening ideas in scholarly communication attract citations. 

 However, framing a research agenda requires more than just collecting and referencing 

facts to underpin one’s own argument. Referencing past research also involves the 

reinterpretations of that research (Amsterdamska and Leydesdorff 1989) to articulate and 

organize the research front as knowledge grows and evidence accumulates (Braun, Schubert, and 

Kostoff 2000). Because references are references to past knowledge from the perspective of new 

speculations, a reference to a paper also redefines past knowledge to some extent (Leydesdorff 

1998). Therefore, knowledge accumulation involves a collective interpretive effort that narrows 

down the content of papers (Small 2004). During consensus formation, papers that contributed to 

the articulation of novel ideas and techniques become “symbols” of certain claims (Small 1978) 
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and their contents become more “stylized” (Latour 1980:42). Because of their expressive 

function, these papers and their “oeuvre” receive more and more citations as they further the 

discussion of an emerging research topic. Much later, the consensual interpretation of these 

papers’ content turns into handbook knowledge and is not cited anymore (Merton 1949; Latour 

and Woolgar [1979] 1986). 

 In terms of scientific practices, emergence and stabilization can be understood as 

establishing a consensus over a theoretically articulated and empirically validated phenomena 

that is reproduced and used across different research groups (Hacking 1983:229; Bogen and 

Woodward 1988). Manipulating data for argumentation is often loaded with idiosyncratic 

confounders. Research is aimed at finding uniform and uncomplicated instances of certain 

phenomena that can be utilized by future research (Bogen and Woodward 1988). In disciplines 

where experimentation has a central importance, such as molecular biology or particle physics, 

stabilization primarily means to form consensus over certain reproducible experimental effects. 

This is achieved by adjusting theory, experimental apparatus (manipulation of equipment or 

model organisms), and data processing to reach a sufficient fit between these practices of 

research (Hacking 1992). The focus of adjustment may also be the operational definition of 

experimental phenomena (Feest 2016) (which affects conceptual development), or the limits of 

generalizability of particular observations. Replicating previous research does not simply mean 

that a phenomenon is valued as more reliable. The motivation behind replicating someone else’s 

findings is to reproduce it creatively by testing a new question regarding the phenomena, 

therefore articulating it further (Hacking 1992; The National Research Council 2019). Again, if 

these practices encounter validity problems, and peers are unable to accommodate new emerging 



 

92 
 
 

findings and experimental approaches into a domain by articulating them in a more nuanced and 

clear fashion, it is likely that they will receive negative citations and then stagnate.4 

 The second important aspect of knowledge accumulation is that speculations and 

adjustments are concentrated around proximate research agendas. Scientific research is a domain 

specific cognitive activity.5 Expertise and disciplinary values and practices limit scientific 

domain-spanning and knowledge transfer. This aspect of scientific knowledge production gained 

attention especially in the research on interdisciplinary collaborations and research and 

development activities in firms (Hansen 1999; Borgman et al. 2007; Macleod and Nersessian 

2014). However, domain-specific expertise should not be regarded only as a constraint on 

innovation. It is a functional necessity of scientific research, and it enables creative thinking. 

Intuition, a central factor of scientific creativity (Poincare 1910; Polanyi 1967; Medawar 1969; 

Scheffer 2014), and expert decision making (Evans and Stanovich 2013) are both enabled and 

constrained by domain specific knowledge. An important general finding of the research area of 

expert judgment is that intuitive insight is only reliable if it is based on a highly valid domain of 

knowledge (Shanteau 1992; Kahneman and Klein 2009). Therefore, a research domain must be 

sufficiently stabilized to provide an adequate basis for intuition.  

 The two main observations of the argument above help to pinpoint a process that 

underlies topic formation in scholarly communication and research, which I call convergence. 

The first observation is the stabilization process of literature, whereby it gains footing and 

receives considerable amount of citations, and the second is the domain specificity of research. 

Given these assumptions, I suggest that proximate co-emerging knowledge claims form the 

                                                           
4 Hacking (1983:120-121) argues that stagnating research programs can sustain themselves for a considerable 
amount of time. If a program is entrenched because funding agencies and researchers invest time and money into 
it, the incentives to abandon it could be quite low even if it does not produce new results. 
5 For a comprehensive review of the question, with a specific focus on complications of interdisciplinary research, 
see MacLeod (2016). 
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potentially relevant set of accumulated research findings and techniques for novel research 

programs. In other words, these co-evolving literatures form a proto-field for future research. I 

label this process as convergence, because I assume that the elaboration of various novel 

phenomenon through articulation provides synergies for the future combinations of these threads 

of research. In other words, convergence is the process in which accumulated evidence about 

various knowledge claims manifests and jointly forms a new domain of discoverable phenomena. 

The construction of a research agenda around a set of converging topics then restarts the process 

of emergence: when the newly emerged findings and techniques are combined we may see the 

emergence of a new topic. 

 If converging literatures truly indicate knowledge accumulation that underlie proto-fields 

of future scientific investigations, then the citation activity related to this literature must exhibit 

certain characteristics. These characteristics reflect the second step of the cycle of knowledge 

accumulation: increased citation activity around a set of emerging literatures. First, researchers 

who start to work on the combination of different emergent topics, and thereby contributing with 

foundational literature should enjoy the first movers’ benefit (Merton 1968; Newman 2008): their 

papers will be referenced throughout the emergence of the new topic they contributed to at an 

early phase. Convergent literatures also have the advantage that they offer tractable problems 

(Medawar 1967; Polanyi 1967; Zuckerman 1978), given that they are considered to be by 

definition valid and significant topics. Competent researchers, who are knowledgeable about the 

state of the art of their field, can identify these emerging literatures and commit their resources to 

work on them early on. These observations suggest that utilizing information from convergent 

literatures would lead to high citation impact.  
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 Second, if convergent literatures are proto-fields, they must induce a collective migration 

of scientists to converging research topics. In other words, convergent literatures must attract 

synchronized citation activity around the emerged topics. Emergent regions of the citation 

network produce consolidated knowledge, in terms of higher validity and better articulation. 

Scholars who have an accurate view of stabilizing information in their field are collectively 

attracted to emergent topics and attempt to combine them into new research agendas. Thereby 

several scientists should be aware of emergent novel findings at the same moment, and the 

citation of the converging set of relevant publications must happen simultaneously. 

 

METHODS AND DATA 

 

Measuring convergence 

 

To detect converging literatures, I measure the dynamics of citation networks. A co-citation by a 

focal paper or a set of focal papers is the primary unit of the analysis. The co-cited papers are the 

representations of the combination of knowledge claims by the focal paper. The 

operationalization of convergence of co-citations must address three aspects of the process. The 

first is the novelty of co-cited papers. Literatures that are converging belong to more or less 

distinct discourses that are combined anew. The second aspect is that converging literatures are in 

close proximity. Cognitive proximity in a citation network translates to short paths in the 

network. If two publications are connected by a high density of short paths it means that they 

belong to the same field or similar fields. Finally, the growing density of paths between disparate 

but proximate corpuses are the indicators of convergence. As the stabilization of findings and 
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techniques are co-emerging the short paths become more abundant. This happens because as 

papers, and their oeuvre, are stabilizing and receiving more citations it is more likely that bridges 

build up across different emerging topics.  

 As mentioned above, this study has two levels of analysis. The first level is the focal 

papers that potentially cite converging literature. Focal papers are constituted by a corpus 

published in a certain year. I will refer to this year as the sampled year. The second level is the 

novel focal co-citations that the focal papers make. The first question of the operationalization is 

how the novelty or disparity of a focal co-citation can be determined. If two papers are not related 

in the citation network before the sampled year, they are considered to be a novel co-citation. 

Generally, there are three distinct strategies in scientometrics to decide if papers, let’s say paper 

A and B, are part of the same field or topic (Boyack and Klavans 2010): 1) co-citations, when A 

and B are cited by a third paper C; 2) bibliographic couplings, A and B cite C; 3) direct citation, 

A cites B. It is important to note that co-citations are the most prevalent relation between papers 

in citation networks. Co-citations can grow infinitely by time, whereas direct citations and 

bibliographical couplings cannot grow after the youngest paper in the pair is published.6  

 It may happen that two papers establish a relationship in the past, but their citation history 

diverges and they embed into different clusters. Therefore, to demarcate novel co-citations I also 

use as a criterion the age of the papers. To sample the history of the studied citation networks I 

rely on a sampling window of six years plus the sampled year. If a pair of papers are not related 

in this period I consider it to be a potentially novel co-citation. Based on these assumptions a 

focal co-citation is a novel focal co-citation if in the sampling window it 1) has not been cited 

together before, 2) does not cite the same paper, and 3) does not cite each-other. 
                                                           
6 The number of direct citations or the number of bibliographical couplings are set at the moment when the newest 
article in the pair is published. After that they cannot change. These two relations depend on the reference lists of 
the co-cited articles, whereas co-citations can appear at any moment in the future from newer papers. 
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 Convergence of focal novel co-citations is measured by enumerating short paths between 

the cited papers: the higher the rate of growth of short paths between two papers the stronger the 

convergence around those papers. A walk in a network is a sequence of connected nodes. Paths 

are walks with non-repeating nodes. An observation of many short paths between two papers 

indicates that they belong to the same cluster of scholarly communication, and therefore the more 

we can observe, the more integrated or embedded the two nodes are. Paths have been used to 

measure information flow and information search between nodes in previous research on social 

and knowledge networks (Katz 1953; Liben‐Nowell and Kleinberg 2007; Shi et al. 2015), but this 

is the first time the rate of growth of paths in communication networks is measured.  

 The growth of paths between focal novel co-citations is recorded within a window of 

seven years, including the sampled year. The reason to include the path growth in the final year 

(sampled year) is that emergence is not considered to be a process with a certain end in the 

studied period. Publications do not necessarily represent the most up to date research, as some 

information is flowing through preprints or conferences. However, they may influence the 

reception of novel findings. Including the newest publications remedies this problem slightly. 

Paths up to the length of four are enumerated for this study. In the results section, I will show that 

lengths three and four are indeed short distances in the studied citation networks. It will also be 

shown that the bulk of the focal novel co-citations is within this distance. Therefore, we can say 

that this specific distance captures citation activity around domain specific knowledge. 

 

Notations and metrics 
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��� refers to a novel focal co-citation to papers �, � by paper �. The number of paths between 

papers �, � cited by focal paper � is denoted as �(���). Paths between �, � for constructing �(���) 

cannot contain the focal paper �. In other words, the focal paper cannot contribute to the 

convergence of its own co-citation, while contemporaries of the focal paper (i.e. other papers in 

the sampled year) can, as justified above.  

 To have a single path metric at the focal paper level I take the average number of paths 

across the novel co-citations of the focal paper: �(�) = ∑ �������� /�, where � is the number 

of references paper � makes. Similarly, to have a single path metric for the focal novel co-citation 

� and � regardless of the identity of the focal paper, I take the average number of paths at the co-

citation level: �(��) = ∑ ������� /� where � is the number of times � and � has been co-cited by 

the papers in the sampled year. If �(��) is high, the co-citation is strongly embedded, and it is 

possibly converging. If �(�) is high, the focal paper potentially relies on converging knowledge. 

 

Outcome variables 

 

The outcome variables, citation impact, and synchronization, are defined at both levels of the 

analysis. The impact of a paper is a binary variable that indicates whether a paper is in the top 5% 

of the citation distribution. The impact of a novel co-citation is also a binary variable. If a co-

citation was cited by any top paper it is a high impact novel co-citation. Synchronization is 

measured as a simultaneous citation of novel co-citation by the focal papers in the sampled year. 

It is denoted as �(��) = �. This metric is aggregated to the focal paper level by averaging across 

all of its novel co-citations �(�) = ∑ �������� /�. Each novel co-citation has been co-cited by at 

least one focal paper. Therefore, the minimum synchronization of a co-citation is one. 
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Field specific citation volume 

 

Some fields have more scientists in their workforce, and publish more, which affects indexes 

based on citations (Ioannidis, Boyack, Wouters 2016). The prevalence of paths between the 

papers (�(�) and �(��)) is influenced by field densities. Larger and more active fields also have 

a higher chance to produce high citation impact publications, and to synchronize more. There are 

two ways to control for these field differences. One is to plot the associations, at the focal co-

citation level, by the average number of citations the co-cited paper received in the studied 

period. The other is to plot the results by actual fields, which in this case are Web of Science 

subject categories. 

 

Baseline score and testing trajectories 

 

The metrics proposed thus far make a static analysis possible. This allows a concrete 

representation of the main associations and the possible confounding variables. However, 

convergence is a dynamic process. To examine how the number of paths grow between co-cited 

papers I designed a random network model that takes into account and controls for several 

variables. Utilizing this random network model, I construe a measure of relative growth, which 

compares the growth rate to a baseline measure. 

 The random network retains the temporal structure of the original network. The simulated 

version of each paper enters to the random network at the same time as the real paper. The history 

of the citation network is recorded in monthly intervals. The simulated paper also receives and 



 

99 
 
 

sends out as many citations as the real paper. Moreover, papers at each time step in the random 

network interchange citations with the papers at other time points at the same rate as they are 

observed in the real citation network. The construction of a random model for a specific focal 

paper is done in the following way. The random version cites as many papers as the real one from 

the random networks described previously. The randomly chosen cited papers (the reference list) 

for the modeled focal article have the exact same age and degree distribution as the focal paper. 

This approach ensures that the simulated focal paper has the same average nearest neighbor 

degree and age as the real one. 

 The convergence history of a focal paper’s reference list is the average number of paths 

around the co-citations at time �, and denoted as ��(�). The number of paths at time � for the 

simulated focal paper ��
�(�) represents the expected growth holding the above described 

structural parameters constant. ��
�(�) is a result of 10 simulations of the entire network. The 

relative growth is the ratio ��(�) = log	(��(�)/(��
�(�)). ��(�) is then the relative growth of 

paths of focal paper � at time � given the random network model. 

 If a focal paper is targeting a converging region of the citation network, the observed 

growth rate will be higher than expected. In other words, the proposed index will grow faster by 

time if the references converge. This method helps also to deal with the unknown field densities 

of the focal papers and their citations. For example, if we imagine two papers (paper a and paper 

b), paper a references converging literatures in a small density field with less citation activity, 

while paper b is in a high citation activity field but does not cite converging literatures. Although 

��(�) (the number of pats at time t) on the average will be higher than ��(�), the slope of ��(�) 

by time will be steeper.  
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 To test if the convergence trajectories of high impact papers differs from the rest, and to 

see if converging literatures synchronize, I applied a multilevel regression model (Singer and 

Willet 2003). This model tests the convergence trajectories of focal papers (level 1) “nested” 

within paper level characteristics (level 2). The time invariant level 2 variables are impact and 

synchronization. Impact, as described above, is a binary variable, and it shows if the paper is 

among the top 5 percentile of most highly cited papers. Synchronization �(�) is the average 

synchronization rate of the novel co-citations of the focal papers. 

 

Data 

 

The studied disciplines are physics and biology. These disciplines represent the two main 

branches of science, physical sciences and life sciences. The data are obtained from Web of 

Science records (articles and letters) and cover the years between 1990 and 2014. The citations of 

the focal papers are measured for the next eight years of publication (similar to Uzzi et al. 2013). 

To construct a temporal citation network, the time window includes the sampled year and the 

preceding 6 years (2000-2005). Mullins (1968) found that the median length of a biologist to 

work on a problem is six years. The lifetime of a viable research question should be around that 

value. A shorter window may not detect emergence. Another reason to choose a six-year window 

is that a wider window would substantially slow down the computations for this study. The 

sampled years for the analysis are 2006 and 1996. These years fit with the two time-windows for 

measuring citation impact and convergence.  

 A detailed analysis below will be presented for the sample of physics in 2006. This 

dataset contains 135,370 focal papers. The six-year time window to measure convergence for the 
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sample year 2006 contains 785,677 publications. These publications cite four and a half million 

documents. 

 The data to test the temporal model do not include all the focal papers, because the 

computation of path growth is time consuming. This model is based on a sample. The sample 

contains 500 top papers, and 500 non-top papers. This main test of convergence is repeated for 

the three other samples mentioned above: biology in years 1996 and 2006, and physics in 1996. 

The width of temporal windows to record convergence and to measure citation impact, as well as 

the sample size for the multilevel model, are the same as for the main sample of physics 2006. 

See the appendices for these results. 

 

RESULTS 

 

Descriptive Statistics 

 

First the distribution of paths will be examined to justify the choice of particular path lengths 

defining domain specific co-citations. Figure 1/a shows the distribution of shortest paths in the 

network based on a randomly chosen set of papers cited in the corpus. The distances have been 

calculated on a sample of a thousand nodes. The average path length in the network between two 

randomly chosen nodes is about 5.9. The maximum path length studied herein is length four. The 

probability to find a pair with four as the shortest path distance is 0.088, and with three it is only 

0.007. Therefore, the studied lengths are short in this network. Path weights four-three-two are 

distances that connect domain specific publications. It turns out that the bulk of the co-citations 

of the focal papers are within this distance (72 percent). We can conclude that by following the 
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methodological decisions laid out in the previous sections we grasp domain specific dynamics of 

convergence. 

 The focal nodes in the sampled year create 35 million novel co-citations. Novel co-

citations at the focal paper level are abundant (Figure 1/b). The average reference list has 70 

percent novel co-citations. Only 0.7 percent of the sampled papers do not have any novel co-

citation. These papers have been excluded from the later analysis because the subjects of this 

study are the novel co-citations of papers. Because novelty is often associated with citation 

impact, a Fisher-exact test has been conducted to see if the papers with no novel co-citations have 

less or more chance to be top papers, but no significant difference has been found (odds ratio = 

1.107, p > 0.05).  

 

Figure 1. Distribution of distances, novel combinations, and the dependent and independent 

variable. 
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The average number of paths between the references of the articles is 269, and the standard 

deviation is 716. The distribution of path weights �(�) is positively skewed (Figure 1/c). Some 

publications referenced only papers that are not connected with any paths (to be more precise 

their path distance is higher than four or only one focal paper cited them). In other words, these 

focal papers do not rely on domain specific knowledge. These papers constitute around 3 percent 

of the entire sample. 

 Figure 1/d shows the distribution of the synchronization score �(�). It is a highly skewed 

distribution (mean = 1.12, std. = 0.306) even on the logistic scale, so it is better described with its 

mode and median. The mode of �(�) is 1, and it constitutes 23 percent of the sampled papers. In 

other words, 23 percent of the articles do not co-cite any pairs of papers that another article 

published in the sampled year has also co-cited. The median value is 1.035. The interpretation of 

this value is that the median article’s co-citations on the average have been co-cited by 0.35 other 

articles in the sample. Both �(�) and �(�) are log transformed when they enter into the analysis.  

 

Static View 

 

The purpose of this section is to flesh out the key associations of the proposed measures in a 

transparent way. To my knowledge no prior study has analyzed the association of paths in 

citation networks and future citation impact, or has synchronized co-citations. This analysis will 

show that the simple volume of path s�(�) – or in other words the embeddedness of co-citations 

– is a good predictor of the outcome variables even after controlling for field size differences. 
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Generally speaking, embeddedness is the result of the cumulative growth of paths. The higher 

this value of a co-citation, the more likely that the co-citation is converging. 

 Path weights �(�) are correlated both with synchronization �(�) and impact. Placing 

references to papers in the citation network where path weights are abundant increases the chance 

of publishing a top paper. This association was tested with a simple logistic regression model 

(coef. = .090, std. error = .004, p < .001). The simple linear regression model testing the 

relationship between the path weights and synchronization as the outcome variable is also 

significant (coef. = .026, std. error = .0002, p < .001).  

 These relationships hold across the subfields of physics (Figure 2). The subfields are Web 

of Science subject categories, assigned to the journals. The memberships in the subject categories 

can overlap. Fields size differences clearly affect both the probability that a field generated a top 

paper or the synchronization rate of papers. For example, compared to the much smaller field of 

acoustics, astronomy and astrophysics has a higher chance to publish a high impact paper within 

physics and a higher chance that the papers synchronize. Path weights influence the outcome 

variables in a consistent manner in all fields. Fitting logistic regression models to predict impact 

for each subfield I found positive relationships that are significant within all categories (p < 

.001). Across all the subfields of physics synchronization increases with the path weights as well. 

All regression coefficients by the subfields are significant too (p < .001). These relationships are 

predominantly monotonic as can be seen in Figure 2.  
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Figure 2. The effect of Path Weights �(�) on impact (probability of top paper) and 

Synchronization �(�) by the Subfields.  

Note: Bars and the corresponding left y-axis represent impact; the line graphs and the right y-axis 

represents synchronization; error bars are standard errors. 

 

Next I examine at the level of co-citations the three-way associations between impact, 

synchronization, path weights, and the volume of citations. Although previously I showed that 

the associations hold across the fields, because fields are somewhat arbitrary concepts it is 
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important to examine the effects of the level of citation activity in general. The degree of a paper 

in the citation network is the number of times that paper has been cited in the studied period. It is 

the measure of the baseline volume of citations. If a field in generally has a higher citation 

volume, it can confound the relationship between the studied assocations. 

 In Figure 3 the degree of the co-citation (deg(��)) is the average degree of the co-cited 

papers. Top papers tend to cite higher degree co-citations (Figure 3/a). However, the increase is 

not monotonic: around the 7-8th deciles, the probablity of a top paper starts to stagnate and then 

decrease. The increasing portion can be explained by field size differences. A likely explanation 

of the decreasing portion of the association is related to the dynamics of emergent topics. 

Assuming that the most highly cited papers contains many old papers, articles that refer to these 

old papers are referring to stagnating knowledge, and therefore have less chance to be top papers. 

The degree and the synchronization of the co-cited papers have a similar inverted U-shaped 

relationship (Figure 3/b). Again, the explanation could be that stagnating old topics are still cited, 

but not in a synchronized fashion. 
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Figure 3. Co-citation level associations.  

Note: Axis x and y are deciles, axis z is the average of the pertaining variables at the deciles. 

 

The effects of path weights on the outcome variables are mostly positive at all deciles of degree, 

which supports the hypotheses. The probability of a top paper and synchronization both increases 

by w(��) at every decile of deg(��). There is an interaction of degree and path weights over 

synchronization. This interaction is rather complex. Below the 4th decile of degree, the path 

weights variable has a curvilinear relationship with synchronization. The “peak” of 
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synchronization is constantly shifting toward the higher path weights across the deciles of degree. 

In other words, low degree co-citations synchronize less when they have high path weights 

compared to co-citations with medium path weights. A possible explanation is based on the 

observation that low degree co-citations have both many old and new papers mixed. Older, less 

significant findings generate many paths and do not synchronize, while young papers have less 

path weights because of their age, but they may synchronize more. 

 Because I formulated some arguments about the role of age in the studied associations 

shown on Figure3/a-b, I examined the effect of degree normalized by the age of the co-citation. 

The age of a co-citation ���(��) is the average age of the co-cited papers. Figure 3/c-d presents 

the effect of this measure. Most importantly path weights still have a positive effect on impact 

and synchronization. Normalizing degree by age smooths out the relationships, as expected. The 

normalized measure of citation activity generally exhibits a monotonic positive effect both on 

impact and synchronization. 

 

Dynamic View 

 

To compare the growth of paths between low and high impact papers, and to see if 

synchronization varies by the growth rates of relative path weights, I fitted a multilevel model of 

change. Relative path weight ��(�) is the logarithm of how much larger the number of paths 

around the future co-citations of the focal paper � are at time � compared to the baseline model. 

This is the dynamic metric of convergence. I expect that the paths grow faster around the future 

references of top papers, because they rely on converging knowledge. I also expect that the 
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reference lists with faster growth rate will have a higher synchronization rate. The goal of the 

model is to elucidate the differences of the slopes of change by impact and synchronization rate. 

 As mentioned above, the dynamic model was calculated on a sample of 1000 focal 

papers. The time interval of recording information about paths between the references was 

months. The bulk of the referenced literature is published before the sampling time window, so 

they enter to the analysis first at time one. The measurement of ��(�) starts when the first path is 

observed among the references of the focal paper; therefore, the time variable is unbalanced. The 

time variable is centered on the first occasion of measuring paths. 

 Table 1 presents the results. Comparing the unconditional means model (Model A) with 

the unconditional growth model (Model B), we can conclude that the linear growth trajectories fit 

well for the histories of the papers. When introducing the time variable, the within-publication 

residual variance decreases by 74 percent from Model A (.519) to Model B (.135).  
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Table 1. Multilevel model of change  

  Model A Model B Model C Model D 
Fixed Effects      
Initial status Intercept 1.150*** 

(.035) 
.390*** 
 (.048) 

.356*** 
(.068) 

.280*** 
(.065) 

 Impact   .068 
(.095) 

 

 Sync.    .246* 
(.099) 

Rate of 
Growth 

Intercept  .021*** 
 (.001) 

.019*** 
(.001) 

.018*** 
(.001) 

 Impact   .005** 
(.001) 

 

 Sync.    .007*** 
(.002) 

Variance 
Components 

     

Level 1 Within 
publication 

.519 
(.003) 

.135 
 (.001) 

.135 
(.001) 

.135 
(.001) 

Level 2 In initial 
status 

1.238 
(.056) 

2.243 
 (.101) 

2.241 
(.101)   

2.228 
(.101) 

 In rate of 
change 

 001 
 (.00002) 

.001 
(.00002) 

.001 
(.00002) 

 
Covariance 

 -.024 
(.001) 

-.024 
(.001) 

-.024 
(.001) 

Note: *p < .05; **p < .01; ***p < .001 
 

 Model C tests the differences of growth trajectories by impact. The initial relative path 

weights of top papers do not differ significantly from the rest of the papers (.356 vs. .424). The 

growth rate of relative path weights for non-top papers is .019, and it is statistically significant. 

This means that the number of paths in the random network model – which serves as a baseline – 

are growing at a slower rate than the paths in the real network. This is understandable, because 

the random network model does not reproduce the clustered structure of the real network. Finally, 

Model C shows that high impact papers have a higher rate of path growth than the rest of the 

papers. The estimated differential is .005, and it is statistically significant (p < 0.01). This 

confirms the hypothesis that converging articles have a higher impact. Model D tests trajectories 
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by synchronization rate. Papers that synchronize more have higher initial relative path weights 

(.280 vs. .526). This difference is statistically significant. Non-synchronizing papers have a .018 

growth rate of paths. Synchronization rate is increasing with the growth rate of paths. The 

differential is 0.007 (p < .001). This confirms the hypothesis that synchronization is induced by 

convergence. Testing the same model for the three other cases (physics 1996, biology 1996, and 

biology 2006) yields very similar results (see the Appendix). Most importantly, the differential 

growth rates pertaining to the two hypotheses are statistically significant at the .05 alpha level in 

all other cases as well. 

 

DISCUSSION 

 

The evidence presented above shows that hitherto unconnected papers that are increasingly 

embedding into a dense portion of the citation network through many short paths underlie new 

emerging topics. These paper combinations are cited simultaneously by several papers in a short 

time interval. Furthermore, top papers in the future tend to cite these paper combinations, which 

indicates that these top papers contributed to the foundation of a new discussion. According to 

the theoretical framework of this paper, the converging papers represent emerging topics in the 

literature that are gaining footing in scholarly communication. Their subsequent combination 

starts a new cycle of research agenda articulation and validation: a new cycle of emergence. This 

evidence supports the paper’s claim that knowledge accumulation and topic formation in the 

natural sciences can be captured by the dynamic process of literature convergence in citation 

networks. 
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 The analysis has several limitations, and there are many ways to further this research. 

First of all, the method presented here does not identify the emerging topics that converge. The 

conceptual background and the methodological constructs do not preclude the development of a 

tool to monitor future emerging topics in scholarly literature based on the idea of convergence. 

However, it is a complicated task due to inherent ambiguities of demarcating fields in the 

sciences. Scientific fields are elusive. For example, Gieryn (1978) suggested a typology of topics 

in scientific communication as a nested structure of specialties, problem areas, and problem sets. 

Fields can also overlap. Problem sets in Gieryn’s formulation, pursued by individual research 

groups, are construed from overlapping problem areas. Similarly, case studies, conducted by 

Amsterdamska and Leydesdorff (Amsterdamska and Leydersdorff 1989; Leydesdorff and 

Amsterdamska 1990), on how scientists use citations to communicate their findings have shown 

the multivocal character of publications. Papers can engage with multiple topics, and the 

subjective reason to cite a particular paper can be different from the referenced paper’s own 

argumentative intent.7 

 These observations lead to discussion of some additional aspects of convergence. 

Considering the nested and overlapping structure of scientific discourse8, convergence is aimed 

towards isolating a structural dynamic that can take place at any level and in between different 

fields. Topics may emerge within emergent discourses. In this sense, convergence is a scale-

invariant construct (Abbott 2001; White 2008). The presented method also does not scrutinize the 

timing of which some finding or technique finally emerged. The intricacies of the timing of 

consensus formation in scholarly communications have been demonstrated by the work of 

                                                           
7 Despite these complications, it is possible to identify emerging topics in citation networks with clustering methods 
in a simplified manner (see for example Small, Boyack, and Kalvans 2014). 
8 Nestedness (or hierarchy of groupings) and overlaps are general characteristics of the clustering structure of 
complex networks (Palla et al. 2005, Fortunato 2010).  
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Schwed and Bearman (2010), who showed that normal science practices give rise to spirals of 

investigative efforts around a core finding. This again suggests that sub-problems within an 

emerging topic may have their own convergence dynamics: as discussion about a topic emerges, 

new problems arise that generate their own topics. 

 Taking into account the social fabric behind convergence opens up new research 

questions. Although in this study I did not consider social networks and institutional boundaries, 

most likely these structures transmit and modulate the process of convergence. The emergence of 

new findings and techniques can be fueled or blocked by institutional and social factors. 

Collective organized efforts of scientists to support a research agenda can give an impetus to 

emergence (Frickel and Gross 2005), and the migration of scientists to converging areas must be 

regulated by social networks. From the perspective of crowd intelligence, it is an interesting 

question if the studied synchronized citations are truly the result of independent local information 

searches, or more likely to be coupled to some centralized social events (Saavedra, Hagerty, and 

Uzzi 2011). 

 Another related discussion is the understanding of interdisciplinary science practices. 

Interdisciplinary science is considered by policy makers to be a crucial research venue to 

synthesize knowledge from disparate fields (National Research Council 2014). However, the 

circumstances under which interdisciplinary science can live up to these expectations is still 

debated (Yegros-Yegros, Rafols, and D’Este 2015). The method applied here (proximities in 

citation networks) can be helpful to unravel potentially successful boundary spanning research. 

Research on novelty seeking and reception has shown how important domain boundaries are to 

propel or thwart novelty. Although in this study I assumed that proximities in citation networks 

correspond to cognitive proximity, it may be the case that sometimes converging findings are not 
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combined because institutional factors divide the field, and there is no overlapping research 

interest or collaborations to combine converging topics. 

 Information scientists have long entertained the idea of automated discovery (e.g. Holland 

et al. 1989; Thagard 1993). Swanson formulated the concept of “logically related noninteractive 

literatures” (or Swansonian linking for short), which he used in a series of articles to successfully 

predict future findings in the medical literature (Swanson 1986; Swanson 1990). This idea is 

based on transitive relations. For example, if it is known that a dietary factor A influences a 

physiological process B, and it is also known that the disturbance of that physiological process B 

is associated with a disease C, then we reasonably assume that disease is influenced by dietary 

factor B. Swansonian linking is also based on the idea that information in close proximity has a 

potential to be linked through the shared knowledge base. Recently, information scientists 

inspired by Swanson are developing recommender systems to suggest potential discoveries in 

cancer research publications, and have shown that Swansonian-like linking can predict actual 

research results in medical journals (Valenzuela-Escárcega et al. 2017; Luo et al. 2018). Taking 

into account temporal dynamics of emergence and convergence can potentially improve the 

performance of these methods. 

 Finally, convergence may be present in other dynamic networks. Networks that show 

modularity (clusteredness), growth, and expand through the mixing of clusters may also evolve 

through convergence. This would be the case if in such networks, agents are responsive to signals 

of strong growth in relatively close proximity when forming ties.  
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APPENDIX 

 

Table A1. Multilevel model of change, physics 1996 

  Model A Model B Model C Model D 
Fixed Effects      
Initial status Intercept 1.453*** 

(.036) 
.596*** 
 (.049) 

.614*** 
(.071) 

4.056*** 
(.429) 

 Impact   -.036 
(.099) 

 

 Sync.    -.203 
(.111) 

Rate of 
Growth 

Intercept  .024*** 
 (.001) 

.019*** 
(.001) 

.016*** 
(.001) 

 Impact   .009*** 
(.002) 

 

 Sync.    .019*** 
(.002) 

Variance 
Components 

     

Level 1 Within 
publication 

.669 
(.004) 

.179 
 (.001) 

.179 
(.001) 

.180 
(.001) 

Level 2 In initial 
status 

1.286 
(.058) 

2.433 
 (.109) 

2.432 
(.109)   

2.421  
(.109) 

 In rate of 
change 

 .001 
 (.00003) 

.001 
 (.00003) 

.001 
(.00003) 

 
Covariance 

 -.027 
 (.002) 

-.027 
(.002) 

-.027 
(.002) 

Note: *p < .05; **p < .01; ***p < .001 
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Table A2. Multilevel model of change, biology 1996 

  Model A Model B Model C Model D 
Fixed Effects      
Initial status Intercept -.992*** 

(.038) 
-1.688*** 
 (.047) 

-1.816*** 
 (.066) 

-1.859*** 
(.066) 

 Impact   .253* 
(.093) 

 

 Sync.    .386*** 
(.106) 

Rate of 
Growth 

Intercept  .019*** 
 (.001) 

.015*** 
(.001) 

.011*** 
(.001) 

 Impact   .008*** 
(.001) 

 

 Sync.    .017*** 
(.002) 

Variance 
Components 

     

Level 1 Within 
publication 

.506 
(.003) 

.164 
 (.001) 

.164 
(.001) 

.164 
(.001) 

Level 2 In initial 
status 

1.35 
(.063) 

2.059 
 (.095) 

2.043 
(.094)   

2.029 
(.093) 

 In rate of 
change 

 .0005 
 (.00002) 

.0005 
(.00002) 

.0004 
(.00002) 

 
Covariance 

 -.018 
 (.001) 

-.019 
(.001) 

-.019 
(.001) 

Note: *p < .05; **p < .01; ***p < .001 
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Table A3. Multilevel model of change, biology 2006 

  Model A Model B Model C Model D 
Fixed Effects      
Initial status Intercept .258*** 

(.038) 
-.389*** 
 (.049) 

-.573*** 
(.067) 

-.705*** 
(.067) 

 Impact   .380*** 
(.096) 

 

 Sync.    1.127*** 
(.166) 

Rate of 
Growth 

Intercept  .017*** 
 (.001) 

.016*** 
(.001) 

.012*** 
(.001) 

 Impact   .003* 
(.001) 

 

 Sync.    .018*** 
(.002) 

Variance 
Components 

     

Level 1 Within 
publication 

.448 
(.002) 

.138 
(.001) 

.138 
(.001) 

.138 
(.001) 

Level 2 In initial 
status 

1.355 
(.63) 

2.112 
 (.102) 

2.175 
(.101)   

2.106 
(.098) 

 In rate of 
change 

 .0004 
 (.00002) 

.0004 
(.0002) 

.0004 
(.0002) 

 
Covariance 

 -.020 
 (.001) 

-.020 
(.001) 

-.022 
(.001) 

Note: *p < .05; **p < .01; ***p < .001 
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ABSTRACT 

 

The exponential increase in the number of scientific publications raises the question of whether 

the sciences are expanding into a fractured structure, making cross-field communication difficult. 

On the other hand, scientists may be motivated to learn extensively across fields to enhance their 

innovative capacity, and this may offset the negative effects of fragmentation. Through an 

investigation of the distances  within and clustering of cross-sectional citation networks, this 

study presents evidence that fields of science become more integrated over time. The average 

citation distance between papers published in the same year decreased from approximately 5.33 

to 3.18 steps between 1950 and 2018. This observation is attributed to the growth of cross-field 

communication throughout the entire period as well as the growing importance of high impact 

papers to bridge networks in the same year. Three empirical findings support this conclusion. 

First, distances decreased between almost all disciplines throughout the time period. Second, 
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inequality in the number of citations received by papers increased, and as a consequence the 

shortest paths in the network depend more on high impact papers later in the period. Third, the 

dispersion of connections between fields increased continually. Moreover, these changes did not 

entail a lower level of clustering of citations. Both within- and cross-field citations show a similar 

rate of slowly growing clustering values in all years. The latter findings suggest that domain 

spanning scholarly communication is partly enabled by new fields that connect disciplines. 

 

Keywords: citation analysis, complex networks, science of science 

 

Significance Statement: The constantly expanding volume of scientific research engenders 

specialization, which narrows the focus of research fields. Does this pattern of scientific growth 

prevent information from circulating between fields? Does motivation to explore new problems 

and combine innovations across domains counteract this process? This analysis, based on the 

Science Citation Index, shows that the distances in citation networks decrease from 1950 to 2018. 

This provides evidence that the sciences diffuse information more easily over time. The 

shortened distances are due to more dispersed citation activity between fields and growing 

centralization of citations. Despite these changes, the clustering of citations did not decrease. Co-

citations are slightly more embedded over time, which suggests that cross-field ties create their 

own field boundaries. 

 

INTRODUCTION 
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Scientific research is conducted in specialized subfields. The division of labor helps to maintain 

an effective production system, which splits knowledge and expertise into manageable units. 

Human intelligence cannot effectively handle increasingly large volumes of information, and 

therefore the organization of learning and evaluation of new knowledge necessitates autonomous 

expert networks (1-3). As subfields grow they spawn new specialties (4). This fragmentation into 

subspecialties is a marked property of scientific advancement, as the number of publications has 

been growing exponentially since the scientific revolution (5-8). 

 From the individual scientist’s perspective, the proliferation of new specializations is 

often a worrisome development. It correlates with the frustrating impression that potentially 

relevant literatures grow at a pace that makes monitoring relevant information impossible. More 

importantly, subsequent specialization confines the focus of research and education (9-11, 4). On 

the other hand, the motivation to innovate offsets the over-expansion of the scientific universe 

and stimulates cross-field communication. It is a widely held assumption that importing 

information from disparate fields could lead to novel ideas (12-16). Accordingly, research policy 

doctrines propagate interdisciplinary practices to incentivize knowledge synthesis (17), and there 

is evidence that interdisciplinarity is becoming somewhat more popular (18, 19). Other 

institutional changes may also promote the integration of distant corners of the sciences. The 

communication infrastructure around scientific research is improving, the importance of team 

science is growing (20), and universities now often establish research centers to foster 

interdisciplinarity and focus on applied topics (21).   

 Are the modern sciences becoming fragmented due to the enormous growth of scholarly 

output? Are the incentives to broker information balancing out this tendency, and even blurring 

the boundaries of specializations, as scholars suggest (21, 22)? To answer these questions, this 
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study investigates the temporal evolution of citation networks retrieved from Web of Science 

(WoS), and reports the distances and clustering of these networks. The general research questions 

are broken down to four tractable analytical questions.  

 First, how did the average citation distance change in the literature? It is a common 

assumption in scientometrics that ideas in the sciences are disseminated through references (23) 

and that patterns of citations and co-citations are indicative of field boundaries and the evolution 

of knowledge domains (24-25). If the sciences are unable to maintain integration, the distances 

between the cited literatures would increase, and the diffusion of ideas would be more difficult. 

The opposite scenario is that the above mentioned institutional trends counterweight 

fragmentation, in which case the distances between publications are decreasing. Second, the trend 

of citation distance is perhaps influenced by changes in the distribution of citation impact. 

Scientific credit is allocated unevenly (26), and the connectivity of the citation network depends 

heavily on these high impact papers (27). Accordingly, Derek de Solla Price (6) – who first 

studied the exponential growth of science – speculated at the dawn of “big science” in the sixties 

that networks of scientists who are prominent representatives of their respective fields will 

integrate research findings across specializations. Third, I also track the evolution of lateral 

citation relations between enduring fields, based on the WoS classification scheme for subject 

categories. Similar to centralization, dynamics of cross-field ties provide an explanation about 

why distances in the literature are changing.  

 Finally, does the clustering of citations remain stable over time? If the connectivity 

between the disciplines in terms of shorter paths in the literature is indeed improving, is this 

accompanied by more permeable field boundaries? Network science has shown that short paths 

can evolve in networks without fundamentally destroying the overall clustering of the networks 
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(28). In a similar vein, some sociologists studying interdisciplinary research suggest that 

boundary spanning agendas that bridge disciplines tend to form their own discipline-like fields, 

and that boundary spanning research does not necessarily involve new institutional forms (21, 

29). To examine the clustering of scholarly communication, this study investigates the co-citation 

behavior over time, and quantifies the prevalence of overlaps between reference lists of papers.  

 

DATA AND METHODS 

 

Scholarly communication is represented as bipartite (two-mode) networks, where one set of 

nodes is constituted of papers that are published in a sampled year, and the references of those 

papers constitute the second set of nodes. No edges are possible within the same set of nodes. In 

this study, an edge in the network is referred to as a citation. The citation connects the referencing 

paper in the sampled year with its references. The two sets of nodes are called the source and the 

target of the citation, respectively. The source node is the paper that makes references in the 

sampled year, and the target nodes are the references. If a source node cited another source node 

(i.e. it is a citation within the sampled year) the edge is still recorded as a citation by duplicating 

the cited source node, and representing it as a target node as well. This method ensures that no 

citation information is lost in the network. 

 Representing the citation networks in this way is justified by the widely used technique of 

co-citation analysis. This technique is utilized to map fields and scientific advancement (24-25). 

The “link” between scientific works in this perspective is a shared reference between two papers. 

The co-citation is a sign that the two publications share a common subject and interest. Therefore, 

I assume that a chain of co-citations that links two papers is a possible channel of knowledge 
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diffusion. Taking yearly snapshots of the evolving co-citations is an indicator of how papers have 

been shared and utilized between researchers at a given moment. 

 The examined literatures are indexed in the Science Citation Index (SCI) of WoS. The 

SCI is a selective index, which follows the high impact journals of each field. In relation to this, 

the number of publications grows at a slower rate than the overall growth of scientific literature 

(5). Nevertheless, the SCI is a collection of important journals, which provides a good 

representation of scholarly communication at the research front across all the sciences. This study 

includes every fifth year from 1950 until 2018. The analysis is restricted to references that can be 

recognized as scientific periodicals, which is a common practice in bibliometrics. It is more 

difficult to index books, book chapters, or ephemera (e.g. editorials, comments). 

 The shortest path lengths in the networks were measured to appraise the distances and 

connectivity of research papers through their references. This quantity is also called the graph 

geodesic. The average shortest path between two nodes is the minimal number of steps along the 

edges of the network to reach one node from another node. Because the studied networks are 

bipartite networks, the shortest possible path between two papers in the sampled year is a co-

citation (two papers co-cite a third one), which is a 2-path. To make this measure more similar to 

the commonly used notion of graph distance, the presented distance values are divided by two, so 

the minimal distance is one. These distances have been calculated between the source papers on 

repeated samples of 2,000 source papers selected randomly in each year. This equals 1,999,000 

paths between all pairs of nodes. This sampling method was repeated thirty times for each 

network. The SI Appendix describes in detail the random network generating procedure used in 

the study. 
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 To quantify the clustering of the network, an edge clustering coefficient (C) was 

calculated for each citation in the network. C measures the density of citations between the 

neighborhoods (nodes connected to a focal node) of the two nodes constituting the focal citation. 

In short, it measures the embeddedness of citations. This is the log ratio of the number of 

citations between the nodes that are connected to the focal citation’s source and target nodes, and 

the expected frequency of citations between these nodes. While the nominator is the number of 

citations between the source and target paper’s neighborhood, the denominator is the randomly 

expected number of connections between the neighboring nodes given the degrees of these nodes. 

A strongly embedded citation passes through a high-density part of the network (i.e. the reference 

lists overlap) and C has a high value. See the SI Appendix for more information on the 

calculation of C and its relation to similar measures. 

 I also utilized WoS Subject Categories, which is a journal classification system that 

represents subdisciplines across the sciences. Subject Categories are initially assigned to journals, 

and subsequently to individual papers. To assign subject categories to the target papers, I used the 

journal list of Science Citation Index Expanded, which indexes more journals than SCI. Although 

this classification system is used widely to measure interdisciplinarity (3, 18, 30) and for 

normalizing citation impact, Leydesdorff and Bornmann (31) warn against mapping fields of 

science solely based on Subject Categories. For present purposes – in line with the intentions of 

the developers (32) – I use them as a “heuristic method” to examine enduring disciplinary 

boundaries. 

 

RESULTS 
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The number of source papers in the networks increased between 1950 and 2018 from 18 thousand 

to 760 thousand, while the cited literature increased more substantially from 151 thousand to 11 

million (SI Appendix, Table S1). The length of the bibliographies of the publications also 

increased during the same time period, on average from 11 to 35.4 references. This observation 

has already been made by other researchers (33). As noted elsewhere (8), the citation behavior 

reflects the growth of published material by referencing an increasing amount of documents. 

 Figure 1/A demonstrates that the distances have been decreasing throughout the studied 

period between source papers. The decrease is less substantial until 1970, after which the rate of 

change is quite steady. While the average distance was 5.33 in 1950, it has been reduced to 3.18 

steps, which is a 40% decrease. The mode shortest path length decreased from 5 steps to 3 steps 

(Figure 1/B). The chance in 1950 that two randomly selected papers are three references away 

from each other is 0.116, and in 2018 it increases to 0.725. These findings are robust when 

applying larger sample sizes to estimate the distances (SI Appendix, Figure S3). An alternative 

way to define the links in the network is to take into account the size of the overlap between the 

reference lists of source papers. In this case, the more references two papers share, the shorter the 

distance between the two papers. Following this weighted distance approach to appraise the 

changes we observe similar results (SI Appendix, Figure S4). 
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Figure 1. Changing distances in the citation networks and between subdisciplines (Subject 

Categories). (A) Average distance in the citation networks and in their random counterparts by 

time. The average distances in the real networks were calculated with repeated sampling: a 

random sample of 2,000 nodes was created for each network, and the sampling was repeated 

thirty times. For each sample the average distance was calculated between the 2,000 nodes. The 

figure shows the averages three SDs across the repeated samples (blue line). The green line 

shows the average distances and three SDs across the thirty random networks. The average 

distance in a single random network was calculated between 2,000 randomly selected nodes. (B) 

Distribution of distances at the beginning (1950) and at the end (2018) of the studied time period. 
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Each marker on the figure represents the average probability of a given distance in the thirty 

repeated samples. Error bars are three SDs. Normal curves are fitted to the distributions. (C) 

Cumulative distribution of distance changes between subdisciplines in four time intervals. The 

distributions on the figure are based on the matrices in SI Appendix, Figure S5. The latter 

matrices on Figure S5 show the average distance between the subdisciplines. For a given three-

year time period, I took the average of the corresponding cells (representing the distance between 

two subdisciplines). The figure here shows the cumulative distribution of the percentage change 

of the averages between the two time periods for each cell. 
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Figure 2. Growing citation impact inequality and its influence on the changing distances. (A) 

Lorentz curves and Gini coefficients describing the distribution of citations to target papers (i.e. 

citation impact). Target papers with only one citation are omitted from the distributions, because 

they don’t affect distance, which is the subject of this study. (B) The increase of distances after 

removing the highest impact papers from the network. At each removal the average distances 

have been estimated on a repeated sample of 2,000 nodes. The error bars show the SDs of the 

average distances across the thirty repetitions. 

 

 Could it be that the longer reference lists in articles can account for the decreased 

distances in the literature? One way to approach this question is to compare the observed trend 
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with the distances in random networks, which have the same degrees as the real networks. Figure 

1/A shows the average distances in the random networks, which serve as baselines. The ratio of 

the observed distances and the baseline measures is decreasing as well, which overall suggests 

that the more extensive surveying of the literature later in the period would not be responsible in 

itself for the shortened distances. 

 Is the decrease of distances consistent across subdisciplines? To study the distribution of 

distances across subdisciplines, I sampled 10,000 source articles in each year, and measured the 

distances of all the source articles to this sample. From this I assembled the subdiscipline distance 

matrix, in which the rows and columns are the subdisciplines, and the cells indicate the average 

distances between the papers in the particular subdiscipline pairs. The rows are based on all 

source papers, while the columns represent the subdisciplines of the sampled papers. Figure 1/C 

shows the distribution of the percentage change of the average distance between all subdiscipline 

pairs across four time periods. The proportion of subdiscipline pairs in which the distances 

increased is between 4.8% and 0.8% in the four time intervals. SI Appendix, Figure S5 shows the 

distances between subdisciplines in each year, which reveals that the decrease of distances is 

more or less homogeneous across the subdisciplines, except that the decrease of distances 

between the life sciences is less dramatic. In fact, the subdisciplines within the life sciences had 

shorter distances throughout the whole period, which is why the decrease of distances is slightly 

less substantial. 

 The majority of the shortest paths in networks with strongly right skewed degree 

distributions is likely to pass through the most well-connected nodes of the network (27). Citation 

impact, or the degrees of the target nodes, has a distribution that closely follows the power law 

(34). It is therefore important to investigate closely how that distribution affects the changing 
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distances. Figure 2/A shows the Lorentz curves of these degree distributions. The curves indicate 

the share of the total citations by the top x-percent of nodes. A curve runs closer to the bottom-

right corner as we approach the present, which demonstrates that the inequality is growing. While 

in 1950 the top 4% of the papers received 13.6% of the citations, by 2018 their share grows to 

24.2%. 

 To investigate further the effect of growing citation impact inequality on distances, a test 

was conducted to determine whether the robustness of the average shortest path length depends 

more over time on the top target papers. By removing these nodes and recording the average 

shortest path lengths in the resulting network one can reveal to what extent shortest paths pass 

through the top nodes. Figure 2/B shows that indeed this dependence increases over time. The 

removal of the top 0.5% target papers increases the distances in 1950 by 5.7%. In 2018, the 

increase after the removal is 19.56. Removing the top 5% causes a 19.3% increase of the average 

distance in 1950 and a 41.2% increase in 2018. Although the deletion of these nodes shifts the 

average distances, it does not alter the shape of distribution of distances, which generally follows 

a Gaussian function (SI Appendix, Figure S6). 

 Increased lateral connectivity between fields provides another explanation of the 

decreased distances. I approach this question by examing the relations between subdisciplines 

with subdiscipline citation matrices (SI Appendix, Figure S7), where cells show what percentage 

of all citations from source papers in given subdisciplines refer to target papers in any 

subdiscipline. The typical citation stays within a single subdiscipline (i.e. both the source and 

target papers are in the same subdiscipline). The average percentage in such cells decreases over 

time from 29.8% to 18.3% (Figure 3/A). The changes from 1950 to 1975 could be partly due to 
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the increasing number of subdisciplines in the dataset, but by the 1990s this number was fairly 

stable and does not affect the results (SI Appendix, Figure S8/A). 

 Citations are also less concentrated into specific subdisciplines. Figure 3/B-C shows the 

Herfindahl-Hirschman concentration indexes (HH index) for each subdiscipline. The HH index 

(which is also called the Simpson index in ecology) is computed for each row of the subdiscipline 

citation matrix. In the current context, the index is the probability that two target papers – taken at 

random and cited by source papers published in a specific subdiscipline – are in the same 

subdiscipline. The higher this index, the more concentrated the citations are to specific 

subdisciplines. The figure reports two variants of the index. In the first case, the computation of 

the index takes into account all target subdisciplines (Figure 3/B). In the second case, it only 

measures the concentration among the subdisciplines that are different from the source papers’s 

subdiscipline (Figure 3/C). Both variants of the index decrease steadily by around 60%. In other 

words, the predictability of the target subdiscipline of a citation based on the source paper’s 

subdiscipline decreases over time. This is not simply due to the decrease of homophilious 

citations (citations with the same source and target subdisciplines), because the second variant of 

the index – which omits these citations – shows the same trend. These results suggest that the 

sciences increased their interconnectivity by developing connections and possibly new fields that 

bridge the subdisciplines. Further analysis shows that this trend is not affected substantially by 

the growth in the number of subdisciplines (SI Appendix, Figure S9). It should be noted that the 

distribution of all citations across the subdisciplines is becoming more even over time (SI 

Appendix, Figure S8/B-C). However, the decreasing concentration of citations at the level of 

sudisciplines is independent of this general trend (SI Appendix, Figure S8/D-E). Finally, it is also 
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important to note that cross-subdisciplinary ties have likely been developing between 

subdisciplines that are already cognitively close to each other (18). 
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Figure 3. Distribution of citations between subdisciplines (Subject Categories). (A) Percentage of 

citations where both the source and target articles are in the same subdiscipline. The figure shows 

the distribution of within subdiscipline citations. Boxes show the interquartile range, whiskers 

indicate the range, the middle vertical lines are the median, and triangles are the means. A 

Kruskal-Wallis H-test has been performed (P < 0.001) to see if the temporal trend is statistically 

significant. The pair-wise comparison of the years with Welch’s t-tests shows that 67 out of 105 

year-pairs differ significantly from each-other at the P < 0.05 level. Therefore, the association is 

not driven by a few diverging years. (B) Herfindahl-Hirschman indexes for each subdiscipline. 

The HH index is a concentration measure. In the context of the present article it is the probability 

that two randomly chosen citations with the same source article subdiscipline have the same 

target discipline. The index is higher if the citations of papers originating from the specific 

subdiscipline disperse more to all the subdisciplines. The Kruskal-Wallis H-tests are statistically 

significant (P < 0.001). The Welch’s t-tests indicate that the average HH indexes differ (P ≤ 0.05) 

in 84 out of the 105 year pairs. (C) While the first variant of the HH measure takes into account 

all citations from the given subdiscipline, the variant here only considers the distribution of the 

citations where the source and the target subdisciplines differ. Kruskal-Wallis H-tests are 

statistically significant in this case as well (P < 0.001). 83 out of the 105 Welch’s t-tests are 

significant (P ≤ 0.05). 
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Figure 4. Edge clustering coefficients. (A) Distribution of C for all citations in the networks. The 

pairwise comparison of the clustering coefficients with Welch’s t-tests are all statistically 

significant (P < 0.001). (B) Clustering coefficients of citations situated within the same 

subdiscipline. (C) Distribution of C for cross-subdisciplinary citations. 

 

 Although the data presented here provide evidence for an increasingly interconnected 

scholarly communication network, this trend is not accompanied by decreased clustering of the 

networks. The edge clustering coefficient C does not follow a linear trend (Figure 4/A), and is 

rather stagnant. While C increases between the beginning and the end of the studied period, it 

falls back slightly from 2005. The SI Appendix provides a more detailed examination of edge 

clustering. In short, the number of connections in the vicinity of the median citation increased 

over time, while the expected number did not change substantially, which is why C shows the 

temporal trend described above. 

 Because we have seen lateral connections between fields became more prevalent, it is 

necessary to examine how clustering between differing subdisciplines changes. Citations with the 

same source and target subdisciplines have slightly higher edge clustering than those citations 

that connect different subdisciplines in all years (Figure 4/B-C). The trend is very similar to the 
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overall trend of C, as both of these coefficients of the two sub-samples increase. In conclusion, 

although lateral citations were on the rise constantly, the embeddedness of citations across 

subdisciplines does not decrease in the studied period.  

 

DISCUSSION 

 

Fear of fragmentation in the sciences is shared by both scientists and policy makers. The latter 

promote boundary spanning research that integrates branches of the sciences to respond to 

scientific and societal needs, which requires a unified perspective (17). Fragmentation can also 

lead to unnecessary parallel discoveries, resulting in non-optimal allocation of work effort (35). 

Enormous scholarly output, especially in the medical sciences, has recently motivated scholars of 

information retrieval and computational linguistics to automate information aggregation from the 

text of published material (36).  

 The evidence presented above suggests that science has become more interconnected over 

time, despite continuous expansion. This increased connectivity can be explained by the 

centralization of citations over time and the growth of cross-field communication. These 

conclusions are based on three main observations. First, distances decreased between almost all 

subdisciplines. Second, the citation impact inequality was rising and shortest paths in the citation 

network had an increased dependence on top papers. Third, the salience of citations between the 

same subdisciplines slightly decreased, and the dispersion of citations between subdisciplines 

increased significantly from year to year.  

 Finally, this increased interconnection of fields did not reduce the embeddedness of 

citations. While the scientific “small world” shrank further, clustering slightly increased. Cross-
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subdiscipline citations became more prevalent and more diverse over time. However, the average 

clustering of these citations remains high. It is quite conceivable that a disciplinary framework 

provides the organizational background for growing cross-fertilization (21, 29). These findings 

suggest that domain spanning scholarly communication is enabled by new fields that connect 

disciplines. This study provides further evidence that cross-disciplinary fields can demarcate 

themselves similarly to disciplines, and at the same time they can establish new bridges in the 

sciences.  

 Universities and research organizations have always been at the forefront of new 

communication technologies. The second half of the studied period experienced an accelerated 

development of digital and online indexing and abstracting services, and of electronic publishing 

and data sharing (37). However, the decrease of distances is steady and constant throughout this 

period, and no salient trend change is detectable that could be tied, for example, to the 

widespread use of the Internet beginning in the late 1990s. The growth of co-authorships and 

multi-university research collaborations shows the same even trend (20, 38).  

 While the findings about citation connectivity presented herein do indicate growing 

integration of scholarly communication, it is quite conceivable that other forms of fragmentation 

pose problems for knowledge synthesis. One type of fragmentation mentioned above is when the 

literature output on a topic is so vast that researchers cannot monitor new findings effectively. 

Another type of fragmentation occurs when scientists are not motivated to pursue research 

synthesis and instead concentrate their efforts on specialized research (4). New information 

infrastructures, innovative approaches for research synthesis, and research policy initiatives may 

overcome these difficulties in the future. 
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