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ABSTRACT

Finding idea-flow channels in a research network is an important issue because the channels 

influence the performance of a researcher. We developed a metric called followness that measures 

how closely in time one author gets ideas from another author. Followness is a sum of citation counts 

each weighted by citation delays. A network of authors constructed from the follow relations reveals 

fast idea-flow channels among authors. Using the Web of Science data for a prestigious journal in 

computer science, we show that the followness is more correlated to an author’s productivity and 

the quality of an author’s work than the number of coauthors or the citation count. Moreover, follow 

networks reveal idea-flow channels faster than those of coauthorship networks and citation networks. 

In addition, authors in a follow relation have a stronger relation than authors in a citation relation 

in terms of the degree, the connectivity, and the mutuality of the relation.

초  록

연구 네트워크에서 아이디어 흐름 경로를 찾는 것은 연구자 성과에 영향을 미치기 때문에 중요한 문제이다. 

본 연구에서는 한 저자가 다른 저자로부터 아이디어를 시간적으로 얼마나 가까운 시점에 받아들이는지를 측정하는 

방법으로 followness라는 지표를 개발했다. Followness는 인용 지연에 따른 가중치를 적용한 인용 수의 합이다. 

이러한 ‘팔로우 관계’를 바탕으로 구성된 저자 네트워크는 저자 간의 빠른 아이디어 흐름 경로를 드러낸다. 컴퓨터 

과학 분야의 권위 있는 학술지의 Web of Science 데이터를 활용하여 followness가 공동 저자 수나 인용 수보다 

연구자의 생산성과 연구의 질과 더 높은 상관관계를 가짐을 보였다. 또한 follow 네트워크는 공동저자 네트워크나 

인용 네트워크보다 아이디어 흐름 경로를 더 신속히 보여주며 ‘팔로우 관계’에 있는 저자들은 ‘인용 관계’에 있는 

저자들보다 관계의 양, 연결성, 및 상호성 측면에서 더 강한 관계를 가짐을 보여준다.
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1. Introduction

Researchers are extending and deepening their 

research areas while incorporating and developing 

ideas from others. Exchanging ideas with others is 

an important factor that significantly affects the pro-

ductivity of researchers and the quality of their work. 

For example, the performance of a researcher is af-

fected by the colleagues with whom the researcher 

exchanges ideas (Azoulay et al., 2010; Borjas & 

Doran, 2015; Oettl, 2012). Those groups of re-

searchers bound together by their research interests 

and ideas are called an invisible college (Crane, 1972; 

Wang & Barabási, 2021). Because idea-flows play 

such a central role in researchers’ productivity and 

the quality of their work, identifying such a cohesive 

community has been a main research topic (Palla 

et al., 2005; Palla et al., 2007; Perianes-Rodríguez 

et al., 2010).

In a research network, ideas flow mainly by means 

of publishing papers and reading them. We develop 

a metric called followness between authors. We say 

that an author follows another author when the former 

keeps track of the latter’s publications closely. This 

follow activity can be observed in the form of a 

citation. Specifically, we use the term follow to in-

dicate the behavior of a researcher who keeps citing 

another researcher’s papers soon after they are 

published. Followness is the weighted sum of citation 

counts whose weights are depreciated over the cita-

tion delay. The network built from the followness 

reveals fast idea flow channels and strong inter-author 

relations. Because the followness is a citation-based 

metric, there are inherent positive correlations be-

tween an author’s followness and the author’s pub-

lication counts as well as the citation counts.

Social network analysis reveals the opportunities 

and constraints an actor will encounter depending 

on the actor’s position in the network and hence, 

finding the positions of an actor in a network is 

essential to predict the actor’s performance (Borgatti 

et al., 2018). Centrality metrics for a social network 

can reveal the positional benefits of an actor regarding 

how ideas flow among actors (Borgatti, 2005). For 

example, the closeness centrality shows how fast 

one can hear ideas from the network, the betweenness 

centrality measures how often one is in the fastest 

idea-flow paths, the degree centrality indicates how 

many idea-flow channels one has, and so on. Varied 

by the underlying relations between actors, different 

research networks such as coauthorship networks, 

co-citation networks, citation networks, etc. (Egghe 

& Rousseau, 1990; Newman, 2001; 2004; Small, 

1973; Price, 1965) can be formed. In this paper, 

we build a follow network based on the follow relation. 

Because the followness wanes with the citation delay, 

the metric makes the fast idea-flow channels 

prominent. As a result, the follow network reveals 

fast idea-flow channels among authors.

To illustrate the usefulness of the follow network, 

we compare the network with other networks, namely 

the coauthorship network and the citation network. 

From the perspective of coverage and the coherency 

of a relation, coauthoring a paper is direct evidence 

showing who exchanges ideas with whom through 

an explicit collaboration. However, coauthorship is 



 Followness: Revealing Channels of Idea Flow in Research Networks  129

not an easy relation to make in the sense that some 

physical, topical, operational, and more conditions 

among authors need to be satisfied. As a result, a 

coauthorship network reveals only the restricted 

channels of direct idea-flows. On the other hand, 

citing a paper is an easier activity: one may freely 

reference anyone’s paper as long as the contents 

are relevant. As a result, a citation network shows 

diverse but possibly weak idea-flow channels be-

tween papers and hence between their authors. 

Moreover, its main driving force to flow ideas is 

the influence of papers rather than the merits of 

authors. Compared to these relations, following an 

author is not as restrictive as coauthoring a paper 

because one does not need to get the consent of 

the other, and at the same time it is not a weak 

relation because following someone is a targeted 

activity that requires nontrivial efforts. Hence, the 

network constructed from the follow relation reveals 

broad and consistent idea-flow channels between 

authors. Another favorable characteristic of the fol-

low network is the association of an idea-flow speed 

with the network structure. Because the follow net-

work discards slow idea-flow channels, the edges 

of the network are composed of fast channels. Hence, 

such metrics as the closeness centrality and the betwe-

enness centrality that reveal how fast one can receive 

new ideas from the network or conversely dissem-

inate her ideas to the network, and how many times 

one is in the fastest information flow paths re-

spectively (Borgatti, 2005) can assess the authors’ 

positional benefits in the network more accurately.

Using the Web of Science (WoS) data for IEEE 

Transactions on Software Engineering (TSE), a pres-

tigious journal in Computer Science, we show that 

the followness is more correlated to the productivity 

of an author and the collective quality of an author’s 

papers than the coauthor counts or the citation counts 

of the author. Moreover, a follow network reveals 

faster idea-flow channels compared to those based 

on the citation counts or the coauthorship counts.

2. Literature Review

A following behavior is often observed in Social 

Networking Services (SNS) and there are some anal-

ogies between an SNS and a research community: 

in an SNS, a user with many share-worthy postings 

has many followers and an article becomes a “hot” 

or popular topic if it is viewed by many users in 

a narrow-time window (Doerr et al., 2012; Kane, 

2018); similarly, an author who published cite-wor-

thy results would have many followers and such 

results would be cited promptly.

A citation network has been used as an analysis 

tool for the information flow in a research network 

(Garfield, 2004; Price, 1965). A citation network 

is a directed graph whose nodes are documents and 

whose edges represent the citation relationships be-

tween the documents. Ideally, due to the chrono-

logical ordering of citations, a citation network should 

not have cycles and form a Direct Acyclic Graph 

(DAG). Applying the ideas from the Strahler number, 

a numerical measure of the branching complexity 

of a tree that was first developed in hydrology to 
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measure the complexity of rivers and streams 

(Strahler, 1957), a flow metric has been developed 

for the DAG of a citation network to measure the 

flow of knowledge (Herman et al., 1999). Recently, 

an efficient dynamic algorithm was developed to 

compute the flow of the influence of a document 

while ascending the flow, i.e., giving credits to the 

cited documents (Renoust et al., 2016).

A coauthorship network is a tool to analyze the 

collaboration relation among authors in a research 

network (Palla et al., 2007; Wang & Barabási, 2021). 

Mathematically, it is a graph whose nodes are authors 

and whose edges are the coauthorship relation be-

tween authors, i.e., whether two authors coauthored 

any documents. One of the utilities of a coauthorship 

network is to analyze the flow of topics: in the process 

of collaboration the expertise of an author is trans-

ferred to another and vice versa, and hence, topics 

of one author’s networks can be propagated to the 

networks of the other author. A graph theoretical 

temporal topic model that identifies and tracks topics 

from their emergence has been employed by 

(Churchill et al., 2018) and a hierarchical topic model 

has been proposed by (Jiang & Zhang, 2016) to 

capture the topic evolution over time. Another re-

search direction involving a coauthorship network 

is to utilize the network for the tasks of topic models, 

for example, to capture the temporal patterns of re-

search interests of authors over time (Jeong et al., 

2020), to enhance the performance of the Latent 

Dirichlet Allocation (LDA) topic model identifying 

hidden topics (Tran et al., 2012), and so on. To 

analyze research topic flows between authors, 

Schäfermeier et.al. (Schäfermeier et al., 2023) pro-

posed a Topic Flow Network (TFN). A TFN is a 

coauthorship network whose edges are labeled by 

a year and a topic, discovered by the Non-negative 

Matrix Factorization topic modeling technique. The 

authors analyzed the intertopic and intratopic flows 

using the TFN.

3. Followness

The followness is a measure of how closely in 

time one author gets ideas from another author. In 

this section, we formally define the followness and 

other terms used in this paper.

Let A={a 1,a 2,…,a m } be the set of all authors 

and P={ p 1,p 2,…,p n } be the set of all papers. We 

define the following functions to precisely specify 

the relation between them:

∙ paper(a) is a function that takes an author a and 

returns the set of papers authored by a. We also 

define a function PC(a) for the number of papers 

an author a authored, i.e. PC(a)=|paper(a)|. For 

example, if an author a wrote papers p  and q  

and an author b  wrote papers q  and r , then, 

paper(a)={ p,q }, paper(b)={ q,r }, PC(a)= | { p,q }|= 2 

and PC(b)= |{ q,r }|=2.

∙ author(p) is a function that takes a paper p  

and returns the set of authors who authored 

p . For example, if authors a and b  coauthored 

a paper p , then author(p)= {a,b }.

∙ reference(p) is a function that takes a paper 
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p  and returns the set of papers referenced by 

p . For example, if a paper p  references papers 

q  and r , then reference(p)= { q,r }.

∙We represent the publication date of a paper as 

the number of months passed since January of 

year 0 to the publication date of the paper. date(p) 

is a function that takes a paper p  and returns 

the number of months from January of year 0 

to the publication date of p . For example, if a 

paper p  is published in March 2023, date(p) is 

equal to 2023×12+3-1. In addition, if p  references 

q , then date(p)- date(q) computes the citation delay, 

the number of months from the publication date 

of q  to the publication date of p . As an exam-

ple, if p  is published in March 2023 and q  is 

published in May 2021, then the citation de-

lay is: date(p)-date(q)= 2023×12+2-2021×12-4=22 

months.

With the definitions above, let us define several 

related terms used in this paper: the paper followness, 

the followness, the received followness, and the in-

duced followness. The paper followness between two 

papers is a metric, measuring how quickly a published 

paper is referenced by the other paper. Let a paper 

p  reference a paper q , then the paper followness 

PF α(p,q) between the paper is: 

PF α(p,q)= α
date( p)- date(q), (1)

where date(p)-date(q) is the citation delay and α 

is a depreciation constant, having a value in 0 < α≤1. 

The paper followness, representing how tightly in 

time p  references q , is a function monotonically 

decreasing with the citation delay between p  and 

q . The depreciation constant decides how quickly 

the paper followness shrinks for each passing month.

Fig. 1. The paper followness ( PF α) over citation delays for different 

depreciation constant values ( α): the smaller the constant α is, the 

sharper the depreciation is over citation delay
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Fig. 1 shows how PF α(p,q) changes over citation 

delays for different depreciation constant values: 

when α=1 there is no depreciation and when α=0.9, 

10% of the paper followness is depreciated for each 

passing month. We believe different values of α 

would be necessary for different fields and topics 

as the dynamics of each research area would be 

different. Finding an optimal value of α is beyond 

the scope of this paper. However, in general, smaller 

α would reveal faster idea flow channels and stronger 

relations between authors at the cost of making the 

network sparse. In the case study of this paper, we 

chose α=0.9 as it is small enough to make the result-

ing network distinguishable from the direct citation 

network but large enough to make the network not 

sparse. 

The followness between two authors is a metric 

that measures how quickly an author’s papers cite 

the other author’s papers. To measure the followness, 

we need to build the set of referencing-referenced 

pairs of papers between two authors. Particularly, 

let us call an author a a follower and an author 

b  a followed, then R(a,b) is a function that takes 

two authors a and b , and returns the set of referenc-

ing-referenced pairs of papers (p,q) such that p  

is authored by a and q  is authored by b . In other 

words,

(2)

For example, suppose that an author a wrote papers 

p  and q , i.e. paper(a)={ p,q }; an author b  wrote 

papers p , q  and r , i.e. paper(b)={ p,q,r }; and p  refer-

ences q  and q  references r , i.e. reference(p)= { q } 

and reference(q)= { r }. Then, R(a,b)={ (p,q),(q,r) }.

The followness F α(a,b) between a follower a 

and a followed b  is:

F α(a,b)= ∑
( p, q )∈R(a,b)

PF α(p,q) (3)

Example 1 Fig. 2 shows relations about who authored 

which papers and which paper references which 

papers. In the diagram, author a wrote paper p  and 

q , author b  wrote papers q , r , and s, and author c  

wrote a paper t. That is, paper(a)={ p,q }, paper(b)={ q,r,s } 

and paper(c)={ t }. In addition, paper p  references 

q  and r , i.e. reference(p)= { q,r }; paper q  and r  

reference r  and s respectively, i.e. reference(q)= { r } 

and reference(r)= { s }; and paper t references q  and 

s, i.e. reference( t)= { q,s }. The numbers in a red font 

of the form year.month in the diagram represent the 

publication date (year and month) of the papers. For 

example, paper p  is published in April 2023. Hence, 

date(p)= 2023×12+4-1 and date(p)-date(q)=1. With 

this information, let us consider how much a follows 

b  when the depreciation constant α=0.9.

First, let us find which of a’s papers refer-

ence b’s papers, i.e. compute R(a,b). Because 

author(a)= { p,q }, author(b)= { q,r,s }, reference(p)= { q,r }, 

and reference(q)= { r }, R(a,b)= { (p,q), (p,r), (q,r) }.

As indicated in Fig. 2, suppose that p , q , r , 

s, and t were published in April, March, February, 

January, and April of 2023 respectively. Then how 

much a follows b  can be computed as
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Fig. 2. An example of computing the followness

F 0.9(a,b) = PF 0.9 (p,q)+PF 0.9 (p,r)+PF 0.9 (q,r)

= 0.9
1+0.9 2+0.9 1                 

□

The received followness RF α(a) of an author a is 

the sum of all followness the author received from 

the author’s followers and the induced followness 

IF α(a) of an author a is the sum of all followness 

the author induced while following other authors. 

In other words:

RF α(a)= ∑
b∈A
F α(b,a),    IF α(a)= ∑

b∈A
F α(a,b) (4)

4. Case Study

4.1 Data Collection

We collected the Web of Science (WoS) records 

for IEEE Transactions on Software Engineering 

(TSE) journal, a prestigious journal in Computer 

Science, from September 1994 to August 2023. We 

examined earlier WoS records for the journal from 

1977. However, in the earlier records, the author 

email field, used as an identifier in this paper, does 

not exist. From the records, we parsed 1950 article 

records and 5224 author records who authored those 

articles. For the stability of the analysis, we removed 

the authors who have less than three article records. 

After data cleaning and removing those author re-

cords, 630 author records remained. We performed 

our analysis based on the remaining 630 author re-

cords and their article records.

To compare the characteristics of the followness 

with other metrics, let us define the following 

functions. citing_docs(a,b) is a function that takes 

two authors a and b  and returns the set of a’s 

papers that reference some of b’s papers. That is,

(5)
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CC pair(a,b) is a function that returns the number of times 

a cites b’s papers, i.e. CC pair(a,b)= |citing_docs(a,b)| and 

CC(a) is a function that returns the total number 

of citations a received, i.e. CC(a)= ∑
b∈A
CC pair(b,a).

Similarly, coauthored_docs(a,b) is a function that 

returns the set of papers a and b  coauthored and 

coauthor(a) is a function that returns the set of co-

authors of a. Specifically,

coauthored_docs(a,b) = paper(a)∩paper(b)

coauthor(a)= { b∈A | coauthored_docs(a,b) /=∅} (6)

AC pair(a,b) is a function that returns the number 

of papers a and b  coauthored, i.e. 

AC pair(a,b)= |coauthored_doc(a,b)| and AC(a) is a 

function that returns the number of coauthors of a, 

i.e. AC(a)=|coauthor(a)|.

Table 1 shows the top 20 follower-followed pairs 

sorted by their followness F 0.9
, i.e. the followness 

measured with the depreciation constant of α=0.9. 

In the rest of the paper we use the depreciation con-

stant of α=0.9 unless it is specified. In the table, 

CC pair
 and AC pair

 columns show how many times 

the follower cited some of the followed’s papers 

and how many papers they have coauthored 

respectively. In the table, the top follower-followed 

pair is AH and AH. It means that AH referenced 

many of AH’s own papers in a short duration of 

time. The top non-self-following pair is DL and XX: 

DL follows XX with the followness of 5.15 by refer-

encing 21 papers of XX. Conversely, XX followed 

DL with the followness of 3.06, by citing 14 papers 

of DL. They have coauthored 19 papers.

To bring insight into the followness metric, let 

us compare the two follower-followed pairs that have 

similar citation counts, but have somewhat different 

followness values. In Table 1, DL follows XX with 

the followness of 5.15 by citing 21 papers of XX 

and XX follows AH with the followness of 2.80 

by citing 24 papers of AH. To see what does the 

followness measure, we compared their citation pat-

terns over time. Fig. 3 shows the histograms of the 

citation delays. As the histogram shows, DL refer-

enced XX’s new papers soon after they are published, 

Table 1. Top 20 follower-followed pairs ordered by their followness F 0.9
. 

CC pair
 columns show how many times follower cited followed’s papers and 

AC pair
 columns show how many papers they have coauthored
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Fig. 3. Histograms of the citation delays between DL and XX (blue) and 

between XX and AH (red). In the legend a→b means the papers of a 

that reference some of b ’s papers, i.e. citing_docs(a,b)

whereas XX referenced AH’s new and old papers 

regardless of their ages. Hence, we say that DL fol-

lows XX more closely than XX follows AH.

4.2 Comparison Between Metrics

In this section, we compare the three metrics of 

the followness ( F α), the citation count ( CC), and 

the coauthorship count ( AC) with regard to how 

well they represent the productivity of an author 

and the quality of an author’s work. In general, the 

number of published papers of an author represents 

the author’s productivity and the number of citations 

a paper received represents the quality of the paper 

(Wang & Barabási, 2021). In this paper, we regard 

the number of papers an author authored as a measure 

of the productivity of the author and the total number 

of citations an author received as a measure of the 

overall quality of the author’s papers (Bornmann 

& Daniel, 2009).

Let us first compare the metrics with regard to 

the productivity of authors. Fig. 4 shows the scatter 

plots between the paper count PC(a) of each author 

a and (a) the received followness RF 0.9(a); (b) the 

induced followness IF 0.9(a); (c) the citation count 

CC(a); and (d) the coauthor count AC(a).

The correlation coefficients between the metrics 

and the paper count can be found in the second 

column of Table 2. The table shows the overall corre-

lation between paper count PC and received follow-

ness RF 0.9
, induced followness IF 0.9

, citation count 

CC, and coauthor count AC. As is often acknowl-

edged (Dong et al., 2017; Wang & Barabási, 2021), 

coauthor count has a strong correlation with an au-

thor’s productivity. However, as the table shows, 

the received followness has a marginally but larger 

correlation with an author’s productivity than the 

coauthor count. Interestingly, the induced followness 
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(a) (b)

(c) (d)

Fig. 4. Scatter plots between the Paper Count PC(a) of each author a and (a) the Received 

Followness RF 0.9(a) (corr: 0.739); (b) the Induced Followness IF 0.9(a) (corr: 0.671); (c) 

the Citation Count CC(a) (corr: 0.625); (d) the Coauthor Count AC(a) (corr: 0.736)

Table 2. Correlations between evaluation metrics and PC and between the metrics and CC
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takes the third place, not far behind from the first 

two. It indicates that taking ideas by following others 

can improve the productivity of an author. In addition, 

the citation count does not have as strong correlation 

with the productivity of an author as the other metrics 

have.

In order to see from where the differences in the 

metrics come, we further divide the authors into three 

groups based on their metric values and compute 

the correlations for the authors in each group. 

Examining the divided groups, the coauthor count 

has a strong correlation with an author’s productivity 

when the author has many coauthors. Compared to 

the coauthor count, the received followness show 

a larger correlation in the second group as well. 

The difference might be caused by the fact that the 

coauthorship includes only the explicit idea-flows, 

but the follow relation includes implicit idea-flows 

as well. Compared to other metrics, the citation count 

has a larger correlation in the third group although 

it does not have as large correlation as the other 

metrics in the first group.

Next, we compared the metrics with regard to 

an overall quality of the authors’ papers. Fig. 5 shows 

the scatter plots between the citation count CC(a) 

of each author a and (a) the received followness 

RF 0.9(a); (b) the induced followness IF 0.9(a); and 

(c) the coauthor count AC(a). Plotting the relation 

between CC(a) and CC(a) is skipped as the dots 

are simply on the diagonal line with the correlation 

coefficient of 1. The correlation between the citation 

count CC of an author and the other metrics for 

the author are summarized in the third column of 

Table 2. Comparing the overall correlation, the re-

ceived followness has the strongest correlation with 

the collective quality of an author’s papers, followed 

by the number of coauthors. When divided into three 

groups by the value of each metric, the coauthor 

count shows the relevance only for the first group, 

but the received followness maintains larger correla-

tions in all three groups. In general, the received 

followness shows a more stable relevance for the 

productivity of an author and the overall quality of 

an author’s work than the coauthor count.

Because the received followness and the coauthor 

count have similar correlation coefficients with the 

paper count and the citation count, we further exam-

ined the relation between RF 0.9(a) and AC(a). Fig. 

5 (d) shows a scatter plot between RF 0.9(a) and 

AC(a). The correlation between them are 0.729.

4.3 Network Analysis

An author’s position in a network affects the per-

formances of the author because some opportunities 

and constraints are associated with the position of 

the author in the network (Borgatti et al., 2018). 

In this section, we construct three networks of authors 

based on their follow relations, citation relations, 

and coauthorship relations, and compare them in 

the view of idea-flow speeds as well as the strength 

of the relation in terms of the degree of relations, 

the connectivity, and the mutuality. 

A follow network Fn α=< A,E> is a labeled di-

rected graph whose nodes are the authors and whose 

edges represent the follow relation. We write a─→f b 
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(a) (b)

(c) (d)

Fig. 5. Scatter plots between the Citation Count CC(a) of each author a and (a) the 

Received Followness RF 0.9(a) (corr: 0.695); (b) the Induced Followness IF 0.9(a) (corr: 

0.469); and (c) the Coauthor Count AC(a) (corr: 0.601). (d) Scatter plot between 

RF 0.9(a) and AC(a) (corr: 0.729)

for the edge representing the relation that a follows 

b  with the followness f=F α(a,b). Fig. 6 (a) shows 

a sub-graph of a follow network. Because the whole 

network has many nodes and densely wired edges 

connecting them, it is not practical to present the 

entirety in this paper. Moreover, by reducing the 

graph to include only the dominant elements of the 

network, we can identify the key structure more 

easily. Specifically, we reduce the network to contain 

only the edges with the largest followness such that 

100 authors are included in the network. Such a 

sub-graph can be built as follows:

∙Let Fn
(n)
α =< A',E'> be a subgraph of 

Fn α=< A,E>, i.e. A'⊆A and E'⊆E, such that 

|A'|=n and the followness of edges in E' are 

larger than or equal to those in the rest, i.e. 

for all a'─→f' b'∈E' and for all a─→f b∈E-E', 

f'≥f holds. For simplicity, we also call Fn (n+1)
α  

as Fn (n)
α  when Fn (n)

α  does not exist.

∙Starting from Fn ( 0)
α =< ∅,∅>, we construct 

Fn (n)
α  from Fn (n-1)

α  by adding the edge with 
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the largest followness in the remaining edges 

until one or two new authors are added to Fn (n)
α  

- two authors can be added together when an 

edge added has two new authors not in Fn (n-1)
α .

∙Stop the incremental construction when Fn ( 100)
α  

is built.

The network in Fig. 6 (a) shows Fn ( 100)
0.9

 constructed 

this way. To visualize the differences between the 

networks explicitly, the nodes in all three networks 

of Fig. 6 are drawn such that the size of a node 

is proportional to the node’s eigenvector centrality 

and its color indicates the community the node be-

longs to. The eigenvector centrality of a node reflects 

the influence of the node in the network (Freeman, 

1978). The nodes in a network are grouped by the 

Louvain algorithm (Blondel et al., 2008) which parti-

tions the network into communities based on the 

ratio of each node’s inbound edges and outbound 

edges.

As we construct a follow network, we can build 

a citation network as Cn=< A,E>, where A is the 

set of authors and E represents the citation relation: 

an edge a─→c b means that a cited b’s papers 

c=CC pair(a,b) times. To compare the strength of 

inter-author relations, we construct a coauthorship 

network. A coauthorship network An=< A,E> is 

an undirected graph, where A is the set of authors 

and E represents the coauthorship relation: a─→c b 

means that a and b  coauthored c=AC pair(a,b) 

papers. Because An is an undirected graph, if a─→c b 

is in E, then b─→c a is in E as well by the symmetry. 

We construct Cn ( n) and An ( n) by the same procedure 

as we build Fn (n)
α . The networks of Fig. 6 (b) and 

Fig. 6 (c) are Cn ( 100) and An ( 100) respectively. In 

the rest of the section, we will explain the differences 

between the three networks.

Let us first compare how fast ideas are flowing 

through the edges identified by the three networks. 

To compare the idea-flow speed of each network, 

we collect the citation delays among the paper written 

by authors incident with the edges in the network. 

In other words, given a network N=< A,E>, we 

construct the multi-set of citation delays DN  as the 

union of citation delays between the papers of all 

authors. Specifically, DN is defined as below:

D N= ∪
a─→
c
b∈E

{date(p)-date(q) | (p,q)∈R(a,b) }

Observe that because DN uses only the publication 

dates of papers, it is not specific to the follow network 

but applicable to all networks. As an illustration, 

let us consider the example of Fig. 2. Suppose that 

a simple network N=< A,E> is composed of two 

authors A={a,b } and a singleton edge E= {a─→
c
b }, 

where the weight c  may differ by the kind of the 

network. Then, the set of citation delays DN is

The overall idea-flow speed between authors in 

a network is inversely proportional to the mean of 

the collected citation delays, i.e. the idea-flow speed 

is proportional to 1
mean(DN)

. 
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(a)

(b)

(c)

Fig. 6. (a) a follow network, (b) a citation network, and (c) a coauthorship network. The 

node colors represent the communities grouped by the Louvain algorithm and the node 

sizes represent the influence of the node measured by the eigenvector centrality
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Table 3. Citation delays of different networks

Table 3 shows the mean and the standard deviation 

of the citation delays of the three networks. Based 

on the table, ideas flow fastest in the follow network: 

on average, a paper is cited 24.11 months later after 

it is published. The coauthorship network is the next: 

it takes 30.46 months on average before a paper 

is cited since it is published. The citation network 

is the slowest of the three: the citation delay is 59.10 

months on average. The reason the follow network 

is composed of fast idea-flow channels is because 

the underlying follow relation accounts for the cita-

tion delays negatively, i.e. each citation relation is 

depreciated by its citation delay.

The different idea-flow speeds in the networks 

have implications in the centralities of the networks. 

For example, the closeness centrality of an author 

shows how close the author is from the center of 

the network, commonly measured by the edge counts 

in the shortest path between nodes, and it indicates 

how fast an author can disseminate her ideas 

(Freeman, 1978). Because ideas flow fast through 

the edges comprising a follow network, the authors 

with a high closeness centrality in this network are 

more likely to disseminate her ideas faster in physical 

time than the authors with a high closeness centrality 

in other networks. Similarly, the betweenness central-

ity that measures how many times an author is in 

the shortest idea-flow paths between two authors 

is also affected by the citation delay. The smaller 

the citation delay of a network is, the more the betwe-

enness centrality accounts for the fastest idea-flow 

paths in time, not just the smallest hop-count paths.

Let us examine the networks from the perspective 

of the ease of making the underlying relations, an 

indirect measure of the strength of the inter-author 

relations, with regard to the degree of relations, the 

connectivity, and the mutuality. We assume that fol-

lowing an author requires more time and effort than 

citing a paper of an author and authoring a paper 

together with other authors is the most difficult rela-

tion of the three as it requires a fluke as well as 

committed time and effort. As an illustration, let 

us simply assume that the number of relations an 

author has is uniformly distributed with a mean μ, 

then the probability that a randomly chosen author 

has k  relations follows the Poisson distribution 

(Grimmett & Stirzaker, 2001).

Fig. 7 shows how the Probability Mass Function 

(PMF) changes with μ: as the relation becomes diffi-

cult to make (small μ), the PMF graph peaks at 

a smaller k  and becomes narrower, i.e. all authors 

will have similar number of relations, but as the 

relation becomes easy to make (large μ), the PMF 

curve peaks at a larger k  and becomes wider, i.e., 

some authors may have much larger number of rela-

tions than some other authors.
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Fig. 7. Probability Mass Function of Poisson distributions with different mean

Table 4 summarizes the means and the standard 

deviations of the number of relations (edges) each 

author has in the three networks of Fig. 6.

In accordance with the assumed difficulties of 

the three relations, the coauthorship network has the 

smallest mean and the smallest standard deviation, 

followed by the follow network and the citation net-

work has the largest mean and the standard deviation 

values.

Now, let us examine how the difficulty of making 

the underlying relations affects the connectivity of 

the network.

The Count column of Table 5 shows the number 

of Strongly Connected Components (SCC) (Cormen 

et al., 2009) in the follow network and in the citation 

network and the number of Connected Components 

(CC) in the coauthorship network of Fig. 6. Because 

the coauthorship is the most difficult relation of the 

three, each author has a small number of relations 

with others and hence the network is partitioned 

into many small connected components. By the same 

reasoning, the follow network takes the next position 

in the number of SCCs and the citation network 

has the smallest number of SCCs. The maximum 

number of authors in the (S)CCs and the mode of 

those would be in the reverse order of the (S)CC 

counts as the table shows. Fig. 8 shows a histogram 

of the size of (S)CCs: the harder a relation is to 

make, the narrower its distribution is and the smaller 

value its peak is at.

Table 4. In-degree and out-degree of different networks
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Fig. 8. Histograms of the size of (S)CCs

Table 5. Statistics of (S)CCs

Table 6. The compositions of relation types of different networks

Finally, let us consider how the difficulty of a 

relation affects the mutuality of the relation. Table 

6 shows the number of one-way relations and the 

number of mutual relations in the three networks 

of Fig. 6.

In an SNS, we may follow an influential person 

easily even though the relation is not mutual. 

However, many SNS users expect reciprocation by 

default (Consalvo et al., 2006). Similarly, in a re-

search network, we postulate that more relations will 

be mutual if the relations are hard to make. Citing 

a paper is the easiest relation to make and hence 

the relations between authors in a citation network 

will have more portions of one-way relations than 

other networks. As indicated in Table 6, Fig. 6 (b) 

is composed of 90.07% of one-way relations and 

9.93% of mutual relations. Because the follow rela-

tion is more difficult to make than the citation relation, 

Fig. 6 (a) will have more mutual relations than Fig. 

6 (b). As confirmed in Table 6, the former is composed 

of 74.63% of one-way relations and 25.37% of mutual 

relations. The coauthorship relation, the most difficult 

relation of the three, is by definition a mutual relation.

5. Conclusion

In this paper we designed a new metric called 

followness to measure how closely an author gets 

ideas from another author. The followness has a 

strong positive correlation with an author’s pro-

ductivity, measured by the publication counts, and 
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the overall quality of the papers the author published, 

measured by the citation counts.

A follow network, a graph of authors constructed 

based on the follow relation between authors, shows 

idea-flow channels among authors. Compared to a 

coauthorship network and a citation network, a follow 

network reveals fast idea-flow channels because its 

underlying follow relation accounts for an idea trans-

fer delay. In addition, while the edges in a coauthor-

ship network show only explicit idea exchange chan-

nels, the edges in a follow network include implicit 

idea-flow channels as well.

Relations between authors are evolving dynam-

ically over time (Palla et al., 2007). As a future 

research direction, we are studying how the follow-

ness metric can be utilize to uncover the dynamics 

of collaboration patterns among authors, and to pre-

dict the changes of the productivity of an author 

and the quality of an author’s work over time.

With the rapid advance of technologies, re-

searchers obtain ideas from others faster than ever 

and identifying fast idea-flow channels is essential 

to predict the collaboration dynamics among authors 

and their performances. We believe the followness 

and the follow network will be a useful tool to under-

stand the evolution of research networks.
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