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Abstract: Population Economics (PopEc) covers a number of topics in Economics, as well as in 
Demography, Labor Studies, Sociology, etc. For example, the economic determinants of 
population change and demographic behavior covers topics such as household formation, marriage 
and divorce, fertility, gender, child bearing, schooling, access to labor markets, migration, well-
being, and ageing and mortality, among others. In this paper, we analyze the production and 
networks of a total of 6,472 authors who have published 5,070 papers in Population Journals 
(indexed in SSCI of WOS) between January 1969 and January 2021 (Journal of Population 
Economics, Journal of Human Resources, Feminist Economics, the Review of Economics of the 
Household, the Journal of Demographic Economics, Demography, Population and Development 
Review, and the European Journal of Population). Using the Impact Factor (IF) of these journals 
corresponding to the year of publication, our results first identify the academic leaders among 
those authors, as well as other results in terms of communities. Results reveal that the largest 
community is led by the sociologist Trude Lappegard, with the community led by the economist 
Hans-Peter Kohler as a close second. The latter community includes the most prolific author, the 
economist Samuel H. Preston. Additionally, we note that collaborations among these authors are 
very rare, with only their neighborhoods collaborating. 

Keywords: Population Economists; Impact factor; Leaders and co-authorship; Research 
production; Complex networks 
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1. Introduction 

Population Economics (PopEc) covers a number of topics in Economics, as well as in Demography, 

Labor Studies, Sociology, etc. For example, the economic determinants of population change and 

demographic behavior covers topics such as household formation, marriage and divorce, fertility, 

gender, child bearing, schooling, access to labor markets, migration, well-being, and ageing and 

mortality, among others. Articles in Population Economics are usually published in an extensive 

number of journals, with several journals being indexed as top SSCI journals. Figure 1 shows the 

number of articles published in a select group of SSCI journals, which can be included in the 

category of Population Economics: Journal of Human Resources, Journal of Population 

Economics, Feminist Economics, the Review of Economics of the Household, the Journal of 

Demographic Economics, Demography, Population and Development Review, and the European 

Journal of Population. Despite the increasing trend, particularly since 2008, of papers published in 

these journals (with a main explanatory factor being the establishment of the Review of Economics 

of the Household), no analyses of collaborations and production of participating Economists has 

been, up to now, undertaken. 

(Figure 1 about here) 

This paper partially bridges this gap, providing new insight into collaborations and outcomes of 

Population Economists by developing network analysis of those authors who have published in 

the selected PopEc journals, in order to illustrate their interrelations and partnerships. We identify 

five journals from SSCI-Economics (Journal of Human Resources, Journal of Population 

Economics, Feminist Economics, Review of Economics of the Household, the Journal of 

Demographic Economics) and three journals from SSCI-Demography (Demography, Population 

and Development Review, and European Journal of Population). We evaluate co-authorship 

structures and identify natural communities, hubs, and leaders in terms of centrality and influence 

(Newman 2010). Additionally, we perform a specific analysis of those who have published in the 

Journal of Population Economics. To perform the analyses, as well as for the graphical 

representations of the networks, we use the application Kampal Research (Alvarez et al., 2015). 
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The analysis of collaborative academic networks has emerged from Physics and Computational 

sciences (see, e.g., Price, 1965 and Cobo et al., 2011), looking for answers to questions such as 

“who are the researchers with a greater central role in the network, or who encourage more 

cohesion among the members of the network”. Network theory is a very useful framework in which 

to characterize the functioning of complex systems (Newman 2010; Estrada 2011; Latora et al. 

2016), providing a versatile representation of the interaction scheme between the different 

elements, where powerful tools from statistical physics (Albert & Barabasi 2002) and dynamical 

systems (Barrat & Vespignani 2008) can be used to study their functional and structural properties. 

In this paper, we apply complex network techniques to the set of authors who have published in 

Population Economics. The economics literature shows the importance of the evaluation of 

networks and productivity, with the general bibliography showing that collaboration in writing 

papers confers several advantages on co-authors, in terms of more citations (see Molina et al. 2020 

and 2021 for a review of this literature). In particular, complex networks have been extensively 

used in bibliometric analysis, with Price (1965) being a seminal paper, and Kumar (2015) being a 

review of the literature associated with co-authorship networks. The use of these techniques will 

help us to analyze the performance of the researchers, not only individually, but also as members 

of a community of collaborators, to determine their importance, not only from a purely statistical 

point of view, but also from the role they play in the topology and connectivity of the network. 

To construct the network, we define individual researchers as nodes, and relations between them, 

generated by common articles, as links. Network analyses then allow us to discern global 

properties and represent the results via maps that encode the relevant information in graphical 

terms, as well as numerical parameters that display the topological properties of the network. One 

important aspect when studying collaboration networks is the weight given to the links, as 

explained in Perianes-Rodriguez et al. (2016). In our case, as described below, we base this weight 

on the JCR Impact Factor (IF) of the articles published in common. To generate informative and 

comprehensible interaction analyses, a considerable amount of work is needed to obtain and ‘clean’ 

the data; that is to say, the identification of authors is not automatic, and there are bugs due to 

varying details in signatures and affiliations. Another important aspect, which we examine closely, 
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is the complementarity that can be obtained from a joint analysis of the production and the 

centrality of researchers in the network.  

We complete the study with an analysis of the main topics of interest present in the journals, not 

based on previously defined categories but on automatically identified “keywords” (words or text 

chains with a semantic content) extracted from the title and abstract of the publications. Many text 

analysis tools are based on classical TF-IDF algorithms (Luhn 1957, Spark Jones 1972, Robertson 

2004) that are complemented with certain vector-mapping techniques, to calculate semantic textual 

similarity (Le & Mikolov 2014). We use a combination of both approaches in order to find a precise 

set of words or text chains that ccan be identified as the topics of work of the different authors. 

The organization of the paper is as follows. Section 2 describes the data scope and processing. 

Sections 3, 4, and 5 describe the analysis and results for the whole set of PopEc journals, while 

Section 6 is focused on the Journal of Population Economics (JOPE). In particular, Section 3 

presents the network approach and the corresponding results for the author network, Section 4 

shows a country analysis, and Section 5 is centered on the collaboration communities and main 

topics of research. We close the paper with our main conclusions. 

 

2. Data 

Our data have been extracted from the Web of ScienceTM (WoS) in a group of JCR-ECON journals, 

with especial emphasis on PopEc, encompassing a total of 5,070 papers published between January 

1969 and January 2021, according to the following distribution: Journal of Human Resources 

(2,178 papers from 1966), Journal of Population Economics (799 papers from 1992), Feminist 

Economics (987 papers from 1998), the Review of Economics of the Household (487 papers from 

2008), the Journal of Demographic Economics (99 papers from 2015), Demography (3,124 papers 

from 1864), Population and Development Review (3,464 papers from 1975), and European Journal 

of Population (165 papers from 1985). 

There are difficulties in unequivocally identifying authors, mainly due to incoherencies in 

signatures or affiliations, but we have applied a series of processes to do so with a reasonable level 
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of accuracy. The most important questions we address in the process to filter and refine have to do 

with the following problems. First, the same researcher can use a significant number of different 

signatures (first name, last name, a rearrangement of those, special characters…) and, second, the 

same author can use different ways to specify his/her affiliation (address, center, city…). 

Additionally, one author can often change affiliation, corresponding to an actual relocation from 

one institution to another. 

To clearly identify the authors, we perform a process of unification, an evolution of the method 

described in Molina et al. (2020, 2021). In this case, we develop a general algorithm to 

automatically implement the human tasks of the previous work. We process the following maximal 

set of data for each initial (not yet unique) author: Researcher_Id, email, name, surname, name 

initials, city, country, affiliations, keywords. However, this information is incomplete; in general, 

for each author we only know a subset of this maximal list of variables. In particular, the 

Researcher_Id field, which in principle would directly identify a unique author, is available only 

in 10% of the cases. Furthermore, there are several researchers who have more than one 

Researcher_Id.  

To verify whether two authors in this initial list are the same, we compute a distance between them, 

a weighted sum of distances between each of the different fields (Researcher_Id, email, etc.). To 

compute these distances, we use different algorithms. For strings, we use the Levenshtein distance 

(Levenshtein 1966). For cities and countries, first we compare them with an international corpus, 

to obtain a unique text. For names and surnames, we extract the name initials (if they are not 

already in this format); next we compare initials, names, and surnames and compute a distance, 

which is zero if both are the same. Finally, we calculate the total distance between the two 

candidate authors through a linear combination of these elemental distances, where the coefficients 

differ depending on the capacity of the corresponding variable to discriminate between different 

authors (for example, the email coefficient is bigger that the institution one). If this total distance 

is smaller than a predefined limit, we assume that the two authors are the same and unify them, 

adding cities, countries, affiliations, and keywords. In this way, we obtain 6,472 unique authors 

(from a total of 10,083 initially present) who have published 5,070 papers between January 1969 

and January 2021. 
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3. Authors’ Networks 

We construct and analyze the network of researchers by applying methodologies from the Complex 

Networks discipline (see Boccaletti et al., 2006, and, specifically, Alvarez et al., 2015, for a more 

complete description of the specific tools and procedures we use). To build a network, we must 

define nodes and links. Here, the nodes will be the researchers under study (the authors who have 

published in the PopEc selected journals), while the links between any two nodes will be defined 

by the collaborations (common publications) and the weights of these links will be related to the 

strength of these relationships.  

A range of metrics are commonly used to measure the relevance of publications and, in 

consequence, of the authors; the number of articles, JCR impact factor (IF), quartiles, number of 

excellence papers, etc. Here, since the set of PopEc journals belongs to similar JCR categories, we 

will use the IF to weigh the importance of a node (author) and of a link (connection between two 

authors). Thus, the weight associated with a link between two authors - the common publication 

of an article in a certain journal - is its IF divided by its total number of co-authors. We include a 

self-link with the same weight, so, when we sum all the links generated by a particular paper for a 

certain author, we find that the weight associated with a given paper is in fact its IF. The total 

weight of the link between two authors is the sum of the weights associated with every common 

paper. 

To graphically represent the network, we consider the system to be mechanical, with forces making 

the system evolve, in a similar way to a system of particles. Using force-directed algorithms 

(Fruchterman et al. 1991), and a Monte Carlo process to separate overlapping researchers, we 

obtain graphs in which nodes with a stronger relationship are closer. This provides a geometrical 

vision of the network which is useful to visually identify groups of researchers with stronger 

internal collaborations, and lesser or weaker collaborations outside the group, which correspond 

to the intuitive concept of communities. For the automatic detection of these communities, we use 

walktrap (Pons and Latapy 2006) and leading-eigenvector algorithms (Newman, 2006). The latter 

is used for very large networks (>10,000 nodes) in order to reduce the computing time; for the 

present study, only the former has been necessary.  
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We can define different centrality indicators in order to measure the relevance of the nodes from a 

topological point of view, which are the most cohesive, or those with the greatest authority 

(Newman, 2006). In our study, we have used the between-ness centrality (Freeman, 1977; Newman, 

2005), which indicates the importance of a node to bridge different parts of the network, and the 

page rank centrality (Page et al., 1998), related to the number of important nodes that point to it 

and that provides an estimate of the importance or authority of the node within its neighborhood. 

The following Tables show the most important researchers in the PopEc network, according to a 

range of indicators. Table 1 shows authors ordered by total production (IF), with the Princeton 

economist, demographer and sociologist Samuel H. Preston occupying the first position. John 

Bongaarts is a Dutch-American demographer, and the Ph. D. in Economics Ronald D. Lee are 

second and third in this ranking. Five of the top 10 are economists, with the rest being 

demographers and sociologists. Table 2 similarly presents authors ordered by their between-ness 

or centrality, which indicates the capacity to build bridges between different groups. The 

psychologist Ariel Kalil is in the first position, with the sociologist Francis Goldscheider appearing 

second. Table 3 similarly shows authors by the indicator page rank, which constitutes a more local 

definition of centrality than between-ness, indicating the importance of the node in its 

neighborhood, with the economists Samuel H. Preston and Jere R. Behrman appearing in the first 

positions. 

(Tables 1, 2, 3 about here) 

The network formed by all the PopEc authors appears in Figure 2 (the size of the nodes is given 

by the IF of the researcher, while their color corresponds to the automatically detected 

communities). The largest connected cluster (giant cluster) consists of 1,941 researchers 

(approximately 30% of the total), showing that, in the subset of journals considered, a large 

collaborative structure is present, despite that many isolated communities also appear. In this 

Figure, we identify the academics who appear in the first position in the previous three tables: the 

economist Samuel H. Preston and the psychologist Ariel Kalil. 

(Figure 2 about here) 
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Additionally, we explore whether there is a relationship between the production in terms of IF of 

the researchers and their level of collaboration, or their position in the network. The Pearson 

correlations between the production of the authors and their between-ness, page rank, and number 

of collaborators are shown in Table 4. These three values of correlations are relatively large, 

although with significant differences. In fact, the correlation of production with between-ness is 

weaker, because the ability to build bridges between different regions of the network does not 

necessarily guarantee a much better performance. However, the two other magnitudes, more 

directly related to the local collaborative activity, present a strong correlation with production, both 

the number of collaborators and, especially, the page rank. In Fig 3, we show a scatter plot of the 

production and page rank of the researchers where, despite the element of dispersion, the strong 

correlations can be appreciated. 

(Table 4 about here) (Figure 3 about here) 

 

4. Country Networks 

For global activity by countries, as well as collaborations among researchers from different 

countries, we construct the Country Network, by grouping all researchers with the same country 

affiliation. The country production is the sum of the production of all members. We obtain a node 

for each country, and then create a link between two countries with weight proportional to the 

number of collaborations between countries (Figure 4). The US, the UK, and Germany are the 

most productive countries in PopEc  In the same Figure, we compute the Countries Communities, 

that is to say, the set of countries that collaborates internally more than the others, with the 

countries in the same community having the same color. We identify three clear groups: the close 

collaborations between US, Australia, and China, between Germany and the Nordic countries, and, 

finally, the collaborations of the UK with the Mediterranean countries. 

(Figure 4 about here) 

Table 5 shows the production for each country. Note that a paper authored by, e.g., two authors 

from different countries is added to both of them. The USA production is the largest one (total 
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impact 9,250), very much larger than the second (United Kingdom, 861) and the third one 

(Germany, 741). Centralities are also important because they give us information about the role 

played in uniting the global network. The most cohesive countries are USA and UK (as expected 

from their high production) and Canada, but the latter’s relevance originates in its collaborations 

with a large number of other countries, rather than being based in a high level of production. 

(Table 5 about here) 

 

5. Communities and main topics of research 

 In the previous section, we focused on quantifying the activity of individual researchers in terms 

of their production (IF) and of their position in the network (centralities). But the questions remain, 

how do they collaborate with each other and what do they work on? 

The first step is to extract from the title and abstract the main keywords or topics of interest (words 

or text chains with a semantic content) of each publication, and then associate these with the 

authors. To that end, we use a TF-IDF algorithm to extract a first list of keywords that we refine 

by mapping them to a semantic space, using a BERT neural network that works as a sentence 

encoder (Reimers and Gurevych 2019). In this way, we find a precise set of words or text chain 

that can be identified as the topics of work of the different authors. 

Table 6 shows the most frequent topics of the papers, appearing in the biggest countries (USA, 

India, China) and other geographical sets, such as sub-Saharan Africa. If we remove them from 

the list, the topics with the largest presence in the set of journals selected are fertility, children, 

labor supply, and marriage and mortality, in this way identifying the most important topics 

analyzed in our sample journals. When we do the same exercise for other countries of assignment, 

we appreciate clear differences among their main topics of interest. In the US, and due to the large 

quantity of publications, the topics are quite diverse, with some pre-eminence of demography. In 

the case of UK, the focus seems to be more influenced by geographical and cultural factors than 

by some specific topic, as many English-speaking countries are present in the list. In Germany, we 
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identify the family- and demography-related topics, whereas Canada is dominated by health-

related topics. Additionally, results show that Italy highlights education and life quality topics, the 

family economy topics dominate in Spain, and the main topics in France are related to immigration. 

 (Table 6 about here) 

To examine the topics at the communities level, we focus on those detected by the algorithms cited 

in the previous section. When we name each community according to its most productive 

researcher (the one with the largest IF), we find that the 10 communities with the largest total 

outcome are those presented in Table 7. All are associated with “leaders” who have significant 

individual production. However, the internal structure of those communities can differ significantly. 

The largest is led by the sociologist Trude Lappegard, the community with the largest production 

is led by the economist Samuel H. Preston, and the one associated with the most central author, 

the psychologist Ariel Kalil, is led by the economist Greg J. Duncan.  

(Table 7 about here) 

Lappegard’s is a large community (152 members), with many authors having a similar orientation 

(see Fig. 5). The main topics of interest are related to specific European countries, with some focus 

on family matters (cohabitation, birth order, divorce…). Preston’s is a much more compact 

community, with 81 members and a more hierarchical structure, with Preston standing out among 

the rest in terms of outcome (see Fig. 6). The topics in this community are more related to the US 

and some developing countries, in fields such as intimate partner violence, attitudes, and life 

expectancy. Duncan’s community seems to be a middle ground, with 72 members but a less 

hierarchical structure, with Duncan and Kalil having a slightly bigger influence than the rest (see 

Fig. 7). In this case, the focus of their work is on child-related subjects. 

(Figure 5, 6 and 7 about here) 

We have also analyzed the network formed by the top 10 authors (according to their IF) and all 

their coauthors (first neighbors). The result can be seen in Figure 8, where color indicates the 

different groups detected by the community detection algorithm. We can see that the collaborations 
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among these authors are very small. Only Hans-Peter Kohler and Jere R. Behrman have some direct 

collaboration, while the rest of the co-authorships are among the neighborhoods. The country 

structure of this network is very striking in that almost all authors in this excellence network are 

from the US, as can be seen in Figure 9, with the color indicating the author’s country (violet 

corresponds to the US). 

 (Figures 8 and 9 about here) 

 

6. JOPE Network 

In the particular case of the Journal of Population Economics (JOPE), after the process of author 

unification explained above, the initial number of 1,520 researchers is reduced to 1,246 unique 

authors who have published 799 papers, between January 1992 and January 2021. Our analyses 

here are similar to those described in the previous sections for the set of PopEc journals. 

The authors that have accumulated the largest IF with their publications in JOPE are listed in Table 

8, with all being Economists. We also show the centralities of those researchers, though in this 

network the magnitudes are not so important, since there is no significant connected component. 

The network restricted to JOPE is represented in Figure 10. We can see a number of small 

communities, but no large, connected structure. In this Figure we have identified Pierre Pestieau 

as the academic who is in the first position according to the outcome (IF). 

(Table 8 about here) (Figure 10 about here) 

In JOPE the production is, again, led by the United States, followed by Germany and the UK 

(Table 9). The main topics of interest are shown in Table 10, with Fertility, Children, Growth, 

Labor Supply, and Education appearing in the first positions, apart from the countries. Table 11 

presents the communities of the JOPE network, led by the economists Pierre Pestieau and Stephen 

J. Trejo. Fig 11 shows the network of the Pierre Pestieu community and its main topics of interest 

(Dependent parent, Altruism, and Family norms, among others). 
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(Tables 9, 10, 11 about here) (Figure 11 about here) 

 

7. Conclusions 

This paper provides new insight into the collaborations and production of Population Economists 

by developing a network analysis of authors who have published in seven SSCI journals (Journal 

of Human Resources, Journal of Population Economics, Feminist Economics, Review of 

Economics of the Household, Journal of Demographic Economics, Demography, Population and 

Development Review, and European Journal of Population). We identify 6,472 authors who have 

published 5,070 papers in the journals between January 1969 and January 2021. Additionally, we 

perform a specific analysis of authors who have published in the Journal of Population Economics.  

Using the Impact Factor (IF) of these journals corresponding to the year of publication, our results 

first indicate the authors ordered by total production (IF), with the economist Samuel H. Preston, 

occupying the first position. John Bongaarts, a Dutch-American demographer, and the economist 

Ronald D. Lee follow. Five of the top 10 are economists, with the rest being demographers and 

sociologists. With respect to the authors ordered by their between-ness or centrality, the 

psychologist Ariel Kalil is in the first position. The network formed by all the PopEc authors shows 

that the largest connected cluster (a giant cluster) consists of 1,941 researchers (approximately 30% 

of the total). Additionally, the Pearson correlations between the production of the authors and their 

between-ness, page rank, and number of collaborators are relatively large, though with significant 

differences. In fact, the correlation of production with between-ness is weaker. However, the two 

other magnitudes, more directly related to the local collaborative activity, present a strong 

correlation with production, both the number of collaborators and, especially, the page rank.  

The US, the UK, and Germany are the most productive countries in PopEcs, with three 

communities that show the close collaborations between the US, Australia, and China, between 

Germany and the Nordic countries and, finally, the collaborations of the UK with the 

Mediterranean countries. The most frequent topics, after removing the names of countries from 

the list, are fertility, children, labor supply, marriage, and mortality. 
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The 10 communities with the largest total outcome are associated with “leaders” who have 

significant individual production. The largest is led by the sociologist Trude Lappegard, followed 

by the community led by the author with the largest production, the economist Samuel H. Preston. 

Lappegard’s is a large community (152 members), and the main topics of interest are related to 

specific European countries, with some focus on family matters (cohabitation, birth order, 

divorce…). Preston’s is a much more compact community, with 81 members and a more 

hierarchical structure, with Preston standing out among the rest in terms of outcome. The topics in 

this community are more related to the US and certain developing countries, in fields such as 

intimate partner violence, attitudes, and life expectancy.  

Finally, we have analyzed network collaborations for authors who have published in the Journal 

of Population Economics, with 1,246 authors having published 799 papers between January 1992 

and January 2021. The authors who have accumulated the largest IF are all Economists. Pierre 

Pestieau is the academic in the first position according to the outcome (IF). In JOPE, the production 

is, again, led by the US, followed by Germany and the UK, with the main topics of interest being 

fertility, children, growth, labor supply, and education. 
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Fig. 1 Number of publications on Population Economics (annual) 
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Table 1 Authors ranked by Total Outcome 

  Total outcome Between-ness Page Rank Contributors 

Samuel H. Preston (Economist) 41.94 0.60 1.00  22 

John Bongaarts (Demographer) 32.04 0.28 0.64 10 

Ronald D. Lee (Economist) 27.34 0.70 0.73 15 

Mikko Myrskyla (Demographer) 26.13 0.31 0.55 12 

S. Philip Morgan (Sociologist) 26.03 0.58 0.74 15 

Alberto Palloni (Sociologist) 25.39 0.11 0.75 14 

Hans-Peter Kohler (Economist) 22.89 0.77 0.73 26 

Kathryn M. Yount 
(Demographer) 

22.89 0.742 0.772 24 

Jere R. Behrman (Economist) 22.32 0.90 0,79 29 

Catalina Amuedo-Dorantes 
(Economist) 

21.64 0.36 0.58 11 
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Table 2 Authors ranked by Between-ness 

  Between-ness Total outcome Page Rank Contributors 

Ariel Kalil (Psychologist) 1.00  16.98 0.55 15 

Fk Goldscheider (Demographer) 0.95 14.46 0.45 11 

Natascha V. Pikauskas (Social 
Work)) 

0.94 10.52 0.29 6 

Trude Lappegard (Sociologist) 0.93 17.43 0.50 11 

Jere R. Behrman (Economist) 0.90 22.32 0.79 29 

Elizabeth Thomson (Sociologist) 0.88 13.18 0.40 11 

Arland Thornton (Sociologist) 0.82 15.39 0.45 18 

Marcia J. Carlson (Sociologist) 0,79 7.58 0.24 8 

Greg J. Duncan (Economist) 0.78 19.39 0.59 12 

Hans-Peter Kohler (Economist) 0.77 22.89 0.73 26 
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Table 3 Authors ranked by Page Rank 

  Page Rank Total outcome Between-ness Contributors 

Samuel H. Preston (Economist) 1.00 41.94 0.60 22 

Jere R. Behrman (Economist) 0.79 22.32 0.90 29 

Alberto Palloni (Sociologist) 0.75 25.39 0.11 14 

S. Philip Morgan (Sociologist) 0.74 26.03 0.58 15 

Hans-Peter Kohler (Economist) 0.73 22.89 0.77 26 

Ronald D. Lee (Economist) 0.73 27.34 0.70 15 

Kathryn M. Yount 
(Demographer) 

0.72 22.88 0.42 24 

Jeroen van Bavel (Humanities) 0.69 21.62 0.32 19 

Julie Davanzo (Economist) 0.68 17.82 0.24 14 

Wolfgand Lutz (Demographer) 9.66 20.69 0.14 15 
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Fig. 2 Author networks   
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Table 4. Pearson correlation between the production (IF) of the researchers and their between-ness, 
page rank, and number of collaborators 

     Pearson 

Correlation 

Production/Between-ness    0.595 

Production/Page Rank    0.784 

Production/Collaborators    0.688 

     

 

  



 

  23  

 

Table 5 Country production (IF) 

  Total outcome Centrality Relevance Contributors 

United States 9250.17 1 1 63 

United Kingdom 861.36 0.17099 0.24295 40 

Germany 741.19 0.12558 0.22945 31 

Netherlands 439.55 0.05088 0.14459 25 

Canada 430.76 0.1726 0.18476 24 

Italy 386.33 0 0.09609 18 

Australia 377.85 0.02576 0.13544 23 

Spain 367.02 0 0.08456 17 

Sweden 321.39 0.02576 0.10434 21 

China 316.21 0 0.08228 16 
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Fig 3 Plot of the Production/Page Rank correlations 
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Fig. 4 Country networks 
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Table 6 Most frequent topics  

 Total US UK Germany Canada 

India Children US Fertility US 

Fertility India Britain US Mortality 

Children Mortality India West Germany Age/Cohort 

China Fertility England Mortality Children 

Labor supply Marriage Wales Children Health 

Marriage China Education Empirical India 

Mortality Health Children International Labor Supply 

Developing Developing Germany Family Marriage 

Gender Labor Supply Cohabitation Education Africa 
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Table 7 Communities 

 Community   Outcome (IF) Members 

Trude Lappegard (Sociologist)   549.60 152 

Hans-Peter Kohler (Economist)   444.l55 117 

Haoming Liu (Economist) 

Samuel H. Preston (Economist) 

Joseph P. Price (Economist) 

Jeron Van Bavel (Humanities) 

S. Philip Morgan (Sociologist) 

Catalina Amuedo-Dorantes 
(Economist) 

Kathleen Mullan Harris 
(Sociologist) 

James P. Smith (Economist) 

William G. Axinn (Sociologist) 

Greg J. Duncan (Economist) 

John Bongaarts (Demographer) 

Robert A. Hummer (Sociologist) 

Robert F. Schoeni (Economist) 

  411.72 

394.25 

361.98 

333.84 

315.38 

311.39 

 

289.71 

 

286.56 

286.09 

287.33 

274.79 

273.54 

269.42 

99 

81 

99 

81 

74 

98 

 

77 

 

99 

62 

72 

60 

60 

74 
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Fig. 5 Lappegard’s community 
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Fig. 6 Network & Keywords of Preston’s Community 
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Fig. 7 Network & Keywords of Duncan’s Community 
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Figure 8 Network formed by the top10 authors according to their IF and all their coauthors, colored 
by community. 
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Figure 9 Network formed by the top10 authors according to their IF and all their coauthors, colored 
by country. 
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Table 8 JOPE Total IF ranking of authors 

  Total outcome Between-ness Page Rank Contributors 

Pierre Pestieau (Economist) 11 1 1 12 

Gregory Ponthiere (Economist) 7.80 0.25 0.65 5 

Akira Yakita (Economist) 7.36 0.04 0.71 3 

Klaus Prettner (Economist) 6.41 0.10 0.69 4 

Deborah A. Cobb-Clark 
(Economist) 

6.08 0.10 0.66 4 

Luciano Fanti (Economist) 5.38 0.04 0.52 3 

Zhong Zhao (Economist) 5.34 0.55 0.77 8 

Juan Pantano (Economist) 5.25 0.10 0.63 4 

Massimiliano Bratti (Economist) 4.98 0.29 0.62 5 

Carol Graham (Economist) 4.98 0.14 0.58 4 
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Fig 10 JOPE network 
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Table 9 JOPE Total IF ranking of authors’ countries 

 

 

 

 

 

 

 

 

 

 

  

  Total outcome Between-ness Page Rank Contributors 

United States 380.43 1 1 30 

Germany 186.48 0.43 0.46 20 

United Kingdom 133.38 0.26 0.54 21 

Italy 121.04 0.07 0.27 13 

Australia 83.85 0.00 0.24 9 

China 74.59 0.06 0.24 6 

Sweden 69.43 0.00 0.21 8 

France 67.67 0.12 0.40 12 

Canada 54.83 0.06 0.27 8 

Japan 52.02 0.00 0.19 6 
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Table 10 JOPE Topics 

 Total 

Fertility 

US 

Children 

Growth 

Labor supply 

Education 

China 

Germany 

Migration 

Intergenerational 
transmission 

Birth order 
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Table 11 JOPE Communities 

 Community    Outcome (IF) 

Pierre Pestieau (Economist)    38.92 

Stephen J. Trejo (Economist)    23.99 

Jan C. Van Ours (Economist) 

Zhong Zhao (Economist) 

Maxximiliano Bratti (Economist) 

Catalina Amuedo-Dorantes 
(Economist) 

Caron Graham (Economist) 

Lawrence M. Kahn (Economist) 

Mizuki Komura (Economist) 

Deborah A. Cobb-Clark 
(Economist) 

   20.96 

19 

17.78 

17.28 

 

15.47 

15.08 

13.60 

13.47 
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Figure 11 Pierre Pestieu community 
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	A range of metrics are commonly used to measure the relevance of publications and, in consequence, of the authors; the number of articles, JCR impact factor (IF), quartiles, number of excellence papers, etc. Here, since the set of PopEc journals belon...
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	Additionally, we explore whether there is a relationship between the production in terms of IF of the researchers and their level of collaboration, or their position in the network. The Pearson correlations between the production of the authors and th...
	(Table 4 about here) (Figure 3 about here)
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	For global activity by countries, as well as collaborations among researchers from different countries, we construct the Country Network, by grouping all researchers with the same country affiliation. The country production is the sum of the productio...
	(Figure 4 about here)
	Table 5 shows the production for each country. Note that a paper authored by, e.g., two authors from different countries is added to both of them. The USA production is the largest one (total impact 9,250), very much larger than the second (United Kin...
	(Table 5 about here)
	5. Communities and main topics of research
	In the previous section, we focused on quantifying the activity of individual researchers in terms of their production (IF) and of their position in the network (centralities). But the questions remain, how do they collaborate with each other and wha...
	The first step is to extract from the title and abstract the main keywords or topics of interest (words or text chains with a semantic content) of each publication, and then associate these with the authors. To that end, we use a TF-IDF algorithm to e...
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	(Table 7 about here)
	Lappegard’s is a large community (152 members), with many authors having a similar orientation (see Fig. 5). The main topics of interest are related to specific European countries, with some focus on family matters (cohabitation, birth order, divorce…...
	(Figure 5, 6 and 7 about here)
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	(Figures 8 and 9 about here)
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	Using the Impact Factor (IF) of these journals corresponding to the year of publication, our results first indicate the authors ordered by total production (IF), with the economist Samuel H. Preston, occupying the first position. John Bongaarts, a Dut...
	The US, the UK, and Germany are the most productive countries in PopEcs, with three communities that show the close collaborations between the US, Australia, and China, between Germany and the Nordic countries and, finally, the collaborations of the U...
	The 10 communities with the largest total outcome are associated with “leaders” who have significant individual production. The largest is led by the sociologist Trude Lappegard, followed by the community led by the author with the largest production,...
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