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ABSTRACT 
 
While sociology is an increasingly more global endeavor, little attention is paid to the systemic 
features of how its research is produced and diffused. However, increased collaboration and 
cooperation makes it difficult to rely on traditional measurements for knowledge production, such 
as citations and co-authorships. Ecological models of interactions between habitats and their biota 
offer a practical and systematic framework. This paper applies the ecological nestedness model to 
study the growth and changes of knowledge production in the field of sociology. Using the 
Microsoft Academic Graph, abstract texts from journal publications for 169 countries from 2000-
2017 are extracted. Dynamic Topic models are applied to reveal distinctive research topics in 
sociology, and nation-labeled LDA models are utilized to uncover unique national areas of focus. 
Bipartite ecological measures then combine the two to form nation-to-topic association matrices. 
Nestedness, or the hierarchical structure of these matrices, is found to significantly increase from 
2000-2017. Additionally, nestedness is significantly correlated with absences and presences in 
future matrices. We find that nestedness reveals what topics are picked up by countries over time. 
Our results infer a more global field of sociology. However, the rate at which countries are 
increasing topic presence is not the same, indicating an unevenness in the discipline. Research is 
becoming more nested with countries following global trends commonly led by more active and 
wealthy nations, however, more localized areas of interest related to unique national experiences 
persist.  
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1. Introduction 

Scientific research and production are an increasingly global, interdependent, and diverse 

undertaking. However, while allowing for increased international and interdisciplinary dialogue 

and collaboration, this increased openness in science has also resulted in a more complex web of 

assigning attributions, thereby complicating research evaluation of knowledge production 

(Leydesdorf et al. 2016; Nielson and Andersen 2021; Petersen et al. 2019). Ecological networks 

mirror these structures and are useful systemic frameworks that underpin many social science 

theories. For instance, economists import ideas from ecology like diversity, local adaption, 

evolution, and competition in studies of international trade. Sociologists also employ ecological 

concepts, such as understanding oneself withing larger strata of relationship, community, and 

societal ecosystems (Fabinyi et al. 2014).  

Yet, when taken beyond the metaphor, ecological models can be applied to numerous fields 

in various domains of science, nature, and technology. Ecological studies have formed effective 

and efficient measures to describe the relationships between habitats and their biota, and the 

dynamic structures formed from it. By means of networked-based ecological models, the absence 

or presence of a species in an environment forms a binary matrix, which can then be reordered 

using nestedness, an ecological measure for interaction networks to describe the tendency for sites 

with lower number of species to be subsets of richer sites (Mariani et al. 2019; Wright and Reeves 

1992). Not only is nestedness a central feature of stable ecosystems, mitigating detrimental effects 

of ecological disturbances, it also enables ecologists to predict where a future absence or presence 

of a species may occur (Mariani et al. 2019; Nielsen and Bascompte 2007).   

This nestedness model has successfully been integrated into economics and international 

trade. Knowledge production, or mapping the development of scientific production, is a common 
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metric used as a proxy to measure innovation and economic growth (Singh 2005; Kelly et al. 

2018). Together, country-product bipartite networks are constructed, and nestedness reveals how 

countries stand in the world economy and predicts future economic trends and growth (Nemeth 

and Smith 1985; Ren et al. 2020; Saracco et al. 2016). But while economics flourishes with this 

model, little attention is paid elsewhere in the social sciences, which is surprising given how 

readily the social sciences incorporate ideas from the biological sciences (Benton 1991; Renwick 

2016). Additionally, topic models have not comprehensively been combined with nested models 

to create a larger picture of international knowledge diffusion.  

Therefore, the aims of this paper are twofold. First, to combine text data and nestedness in 

the study of knowledge production. And then, utilizing such data, this paper aims to analyze the 

ecological structure of countries to determine if the field of sociology exhibits a nested pattern, 

and, if so, how that pattern evolves over time. Is nestedness a beneficial tool of measurement to 

forecast which countries focus on which topics over time? And are there trends in which certain 

countries are more engaged than others in various topics? This paper uses data from sociological 

papers published in academic journals from 2000 to 2017 stored in the Microsoft Academic Graph 

(MAG), a free and public metadata repository of scientific publications, in order to determine 

what’s being studied and where. Dynamic Topic Models (DTMs) are used to determine unique 

topics of research within sociology, and are combined with nation-labeled LDA (NL-LDA) 

models, which reveal unique national areas of focus, to form country-to-topic relationships within 

sociology. Using an ecological metric called NODF (Nestedness Overlapping and Decreasing Fill) 

to study the nestedness of this network, this constructs a picture of which countries are researching 

which topics in a field over time.  
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This paper finds that sociology does indeed exhibit a nested structure, and that higher 

nestedness is associated with greater predictability of what topics appear or disappear among 

countries. This highlights a more systemic nature to international scientific production, giving us 

a fuller story of how and where sociological knowledge grows and spreads. Additionally, we find 

that while nestedness is increasing and most countries are increasingly generalist (or present in 

more topics) over time, the rate at which countries do so is not the same, indicating an uneven 

global uptake in the field of sociology.  

2. Literature Review 

I. Measuring Networks 

Scientific study is a long history of trying to make sense of the natural world. For 

ecologists, this is realized in the form of searching for patterns related to the interactions between 

species and within communities. Examples of such interactions explored are predators and prey, 

species and plants, hosts and parasites, or habitat choice of species. One consistent finding is that 

rarer species tend to occupy more diverse sites whilst more abundant species can be found in both 

diverse and non-diverse locales (Bascompte et al. 2003; Bastolla et al. 2009; Mariani et al. 2019; 

Wright and Reeves 1992). Through the systematic reordering of these interaction networks, the 

ecological tendency for sites with lower species richness to be subsets of richer sites is known as 

nestedness, and has been found both for species interaction networks as well as for species 

occurrences in communities (ibid.). For example, smaller islands may have less resources and thus 

less species present, while larger islands would likely be able to establish and sustain a more varied 

species population. Or, perhaps, a certain species may have very specified webs of interaction 

compared to others and thus may need more diverse habitats to account for that. Those found 

higher on the nested structure, i.e. across more locales, are referred to as “generalists”, whilst their 
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lesser-present counterparts are termed “specialists” (Nielsen and Bascompte 2007; Poisot et al. 

2015). Nestedness implies that there are a core set of generalists in an ecosystem to which a 

periphery of specialist species is attached (González et al. 2020; Payrató-Borràs et al. 2019). This 

is central a feature of stable ecosystems, as nestedness has been shown to increase robustness and 

mitigate the detrimental effects of habitat loss and species extinction (Bastolla et al. 2009; 

González et al. 2020; Nielsen and Bascompte 2007). The structural nature of nestedness also 

enables ecologists to predict where a future absence or presence of a species may occur (Mariani 

et al. 2019).   

Nestedness as a concept needs a means of measurement. As such, it is usually represented 

through binary data in presence-absence matrices, whereby 1 indicates a presence and 0, an 

absence. The NODF (Nestedness Overlapping and Decreasing Fill) metric is commonly used to 

then measure the nestedness of a matrix (Almeida-Neto et al. 2008; Hartmann et al. 2017; Song et 

al. 2017). Developed by Almeida-Neto et al., NODF is based on two parameters: decreasing fill 

(DF) and paired overlap (PO). For illustrative purposes, let’s assume for any given row and column 

row A is above row B, and column X is to the left of column Y. If the row marginals (sum of 1’s) 

for row B is less than the row marginals for row A, then the DF score for those two rows are 100. 

If the row marginals of row B is greater than or equal to those of row A, then the score is 0. The 

same is true for columns, so that if column Y is less than column X, DF is 100, but if it’s greater 

than or equal, the score is 0. Then, for rows, PO is the percentage of presences (1’s) in row B that 

are located in the same row position in another row A, and, for columns, it’s the percentage of 

presences in column Y that are also present in column X. If the DF score for paired rows A and B 

was 0 then the paired nestedness score is 0; if the DF was 100, then the nestedness score is PO. 

The same applies for paired columns A and B. This is then done for all pairs of columns and rows, 
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which are then averaged into a final nestedness score, by which all pair values are summed and 

then divided by the number of pairs (Almeida-Neto et al. 2008). With the NODF scores, one can 

accurately assign a specific and definite form to an interaction matrix.  

II. Moving Beyond Ecology 

This systemic model also can be, and has been, applied beyond ecology to numerous fields 

in various domains of science, nature, and technology. Most notably, nestedness has been 

successfully integrated into socieconomics, particularly manufacturer-contractor networks, the 

world trade web, and seller-buyer networks (De Benedictis and Taioli 2011; Hernandez et al. 2018; 

Saavedra et al. 2009; Saracco et al. 2016). For instance, in world trade research, country-product 

bipartite networks are used to look at how countries are mapped into structural positions in the 

world economy based on patterns of trading (Hartmann et al. 2017; Fagiolo et al. 2013; Nemeth 

and Smith 1985; Ren et al. 2020; Saracco et al. 2016; Smith and White 1992). Not only able to 

identify which countries are more sensitive to the cycles of international trade and which have 

more stable trends, nestedness has also been used to predict future economic trends and growth 

(ibid.). When focusing the economics lens particularly on growth and technology, knowledge 

production is often used as a proxy to measure innovation (Akcigit et al. 2017; Aslam et al. 2018; 

Kelly et al. 2018; Trajtenberg and Jaffe 2002). In fact, according to the OECD (Organization for 

Economic Co-operation and Development), the two are one and the same, with the Director for 

Science, Technology, and Industry, Andrew Wyckoff, writing that “knowledge is growth” (2013). 

Knowledge production falls under the sociology of scientific knowledge, which looks at how 

knowledge is constructed, shaped, and diffused. The field looks at things such as scientific funding, 

distribution of resources, patterns of citations, and career trajectories (Bloor 2004). In 1961, using 

scientific journals published over a period from 1650 to 1950, Derek de Solla Price was the first 
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to use scientific methods on science itself (de Solla Price 1986; Larsen and Ins 2010); and from 

there, the quantitative study of scientific production developed. Price, like many others afterwards, 

relied on citations to characterize the scientific network, though additional forms of interaction, 

such as co-authorships, patents, and even mobility of people, are used as well (Aslam et al. 2018; 

Chakraborty et al. 2020; Nielson 2021; de Solla Price 1986; Singh 2005).  

However, there are two issues that arise here: one that alternative literature can be brought 

as a solution, and another that is more troublesome and that this paper aims to solve. For one, in 

this increasingly global and collaborative research atmosphere, relying on citations as a means of 

measuring knowledge production can be problematic. Not only is scientific publication increasing 

every year, but the rate of citations is increasing as well, leading to citation inflation and, thus, 

potential bias (Peterson et al. 2019). Additionally, citations don’t reflect the quality of the research 

work, practices for citations differ among different disciplines, and there’s inequality in citations, 

with most scientists collaborating more but publishing less and only a select few engaging in both, 

resulting in a concentration of elite scientists accruing disproportionate citation shares (Leydesdorf 

et al. 2016; Nielson and Andersen 2021). Further, while economics flourishes with this model, 

there is scant research elsewhere in the social sciences of applying these ecological models to the 

study of knowledge diffusion. Given how readily the social sciences incorporate and integrate 

theories and ideas from the biological sciences, it is surprising how this ecological network model 

is underutilized in the quest to understand human interactions within social world (Benton 1991; 

Renwick 2016). Moreover, even less research has been done particularly on sociology – the field 

which aims to understand social life, change, and interaction, and from which the sociology of 

knowledge stems – looking at how it itself grows and spreads amongst countries. 
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The solution to the first issue lies in text analysis. Topic models based on text data from 

academic journals have been found as a viable alternative for examining knowledge diffusion 

(Anupriya and Karpagavalli 2015; Blei et al. 2003; Hu et al. 2016; Kim and Gil 2019; Lenz and 

Winker 2020; Mo et al. 2015; Ramage et al. 2009; Wai and Aung 2018). Topic models take texts 

provided and uses deep learning to evaluate the relationships between terms and phrases and 

likelihoods that they’d cluster together; terms that do frequently occur together can be considered 

topics (Blei et al. 2003). The consensus for text analysis of research articles is to use the abstracts 

(Anupriya and Karpagavalli 2015; Kim and Gil 2019; Muchene and Safari 2021; Wai and Aung 

2018). Unlike full papers, abstracts tend to be the same length across fields and follow a relatively 

standard format of introducing the problem and describing major findings and conclusions drawn 

from them, and as a result, contain the most important keywords, thereby facilitating the topic 

analysis (Kim and Gil 2019). However, using topic models to study knowledge diffusion is a still 

untapped resource in the social sciences, let alone utilizing them alongside nested models. Even in 

economics there is scant research applying them to study the growth and trends of research and 

innovation (Lenz and Winker 2020; Lüdering and Winker 2016; Wehrheim 2017). Therefore, this 

paper aims to fill this absence in research. First, nestedness measures will be used for the study of 

knowledge diffusion in sociology. And second, the paper will do so using abstracts from academic 

papers published in the field. With this, the goal is to see how and where sociological knowledge 

growths and spreads, and, thus, create a larger picture of international knowledge diffusion. 

3. Methods 

I. Data Collection 

This paper relies on publication metadata stored in the Microsoft Academic Graph (MAG) 

(Sinha et al. 2015). Updated weekly, MAG is a repository which contains information on scholarly 
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publications, such as abstracts, titles, authors, institutions, journals, fields of study, and citations. 

Four sources of information from MAG are used for this paper: country of affiliation, academic 

field, abstracts, and titles. The nations and field labels by MAG will be used as identifications for 

our analyses, surmounting to a total of 169 nations with publications classified under “sociology” 

over a 17 year period from 2000 to 2017. For simpler means of analysis, the nations are also 

organized into subgroupings. These are not meant to be decisive, but merely a means of illustrating 

trends. Nine regional subgroups are identified: (1) Asia and Oceania, (2) China, (3) Japan, South 

Korea, and Singapore, (4) Latin America and the Caribbean, (5) MENA and Sub-Saharan Africa, 

(6) Russia and Eastern Europe, (7) United Kingdom, Australia, New Zealand, and Canada, (8) the 

United States, and (9) Western Europe.  

Then, text data from the sociological abstracts and titles are passed into Python in order to 

construct the sociological corpus for a given year. First, all non-English abstracts are translated by 

means of the googletrans module, which utilizes the power of Google Translate to interpret the 

texts. After, Rapid Automatic Keyword Extraction (RAKE) from the rake-nltk module, is used to 

extract important unigrams, bigrams, and trigrams. The benefit of using RAKE over other 

algorithms is that, rather than relying on pretrained corpuses like Wikipedia to identify important 

terms, RAKE operates independently on documents without such a need; instead, it looks within 

the given texts themselves and analyzes frequency of n-grams and co-occurrences with other n-

grams to determine importance (Rose et al. 2010). Using RAKE cuts down on the likelihood of 

superfluous and nonsensical terms created, but in any event, the data is further cleaned by 

removing stop words – or sentence fillers such as, prepositions articles, and conjunctions – as well 

as academic stop words, determined by Coxhead (2000). These are comprised of commonly found 

academic phrases and terms, such as “concept”, “analysis”, “indicate”, and “method” (Coxhead 
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2000). Terms are then stemmed to remove plural forms and different tenses (for example, 

“waited”, “waiting”, and “waits” as “wait”). Lastly, the presence frequency of the n-grams across 

each corpus are calculated, and those that occur at least twice in within a given abstract are kept, 

thereby creating a corpus of terms and phrases that best capture the important concepts and ideas 

within the field of sociology.  

II. Topic Models 

i. Topic-to-Term Distributions:  

Dynamic Topic Models (DTM) are applied to the corpus to uncover topics of research over 

time. Developed by Blei and Lafferty and based off the LDA, the DTM is an unsupervised model, 

meaning that K, or the number of topics, needs to be supplied (2009). To determine the optimal 

number for K, the genism module in Python was used to run LDAs at multiple values of K, ranging 

from 10 to 300. A topic coherence score is then used to measure how distinct each topic is from 

each other at the different levels of K. For topic coherence, cosine similarity scores are calculated 

for the top 10 terms in each topic, and are then are compared to the other topics. A lower topic 

coherence score is ideal, as it indicates there is less similarity, or that the topics are more distinct 

from each other. For our purposes, 60 topics had the lowest average topic coherence value, and 

was considered the optimal K value for the corpus. Once K was determined, the tomotopy module 

in Python was used to construct yearly DTM matrices. These distribution matrices have n-grams 

as columns and topics as rows, and are filled with the probability that a given term is associated 

with each topic, totaling to 100%, allowing us to infer which terms are more likely to occur in one 

topic versus another. Utilizing these term distributions unique to each topic, the DTM constructs 

this matrix for every year, revealing not only what n-grams cluster as a topic, but also how each 

topic changes over the time period.  
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ii. Nation-to-Term Distributions:  

Once the topics are solidified, we then turn to the nations, with the goal of highlighting 

which topics and ideas are of interest to which nation. To do so, the nation-labeled LDA (NL-

LDA), a supervised topic model expanding on the unsupervised latent Dirichlet allocation (LDA) 

model, will be used (Blei, Ng, and Jordan 2003; Ramage et al. 2009). As a supervised model, NL-

LDA evaluates the relationship between terms in a corpus and identifies those that more readily 

group together into topics using labels – which, for this paper, are the national affiliations identified 

by MAG – provided through one-to-one mapping between topics and labels (Ramage et al. 2009). 

The NL-LDA is run for every year of 2000-2017, and distribution matrices are created with the 

nations (the “labels”) as columns and the n-grams as rows, and are filled with the probability of 

their associations, summing up to 100%. Thus, we can compute which terms are more closely 

related to which nations in each year, enabling us to infer who is focused on what internationally.  

iii. Topic-to-Nation Distributions: 

Our next focus is combining the two previous matrices in order to see how each nation’s 

research focus relays to each research topic in sociology. For every year, a cosine similarity score 

is calculated between each nation label distribution and each field topic distribution in order to 

examine how aligned the two distributions are. Ranging from 0-1, a lower score indicates more 

distinction while a higher score indicates more similarity. This results in yearly matrices with 

topics as columns and nations as rows that, with the values indicating the similarity between the 

two, measure how aligned countries are to the topics of sociology.  

The cosine similarity matrices are then discretized using the Revealed Comparative 

Advantage (RCA) index. Developed by Balassa for international economics, the RCA is a ratio of 

two shares; the numerator is the share of a country’s total exports of a product/commodity over its 
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total exports, and the denominator is the share of world exports for that product over the total world 

exports (1965). The RCA allows us to understand national specializations of a country by 

comparing what each country produces with the production of that product globally. For our 

purposes, the “product” here is the research topics in sociology. If the ratio is greater than one, that 

country is said to have a comparative advantage in that a topic compared to other countries; if the 

value is less than one, the country does not have a comparative advantage. This enables us to 

discretize each yearly matrix into a binary absence and presence matrix akin to bipartite ecological 

networks, with rows as species (countries) and columns as sites (topics) and entries indicating the 

presence (1) or absence (0) of a species in a site (country in a topic).  

iv. Nestedness Metric: 

Thus, we can now measure the nestedness of the matrices. NODF (Nestedness Overlapping 

and Decreasing Fill) is a common metric used to measure nestedness (Almeida-Neto et al. 2008). 

Scores range from 0 to 1, with 0 representing a matrix that is completely modular, or non-

overlapping, and 1 representing a perfectly nested matrix. A matrix with a score of 1 indicates 

complete overlap of presences from successive column and rows (paired overlap), and decreasing 

marginal totals between all pairs of columns and all pairs of rows (decreasing fill). An additional 

parameter, known as “modularity” will also be looked at. In essence, it’s in contrast to NODF, as 

it determines, not the decreasing fill of a matrix, but the clustered groups. This tests whether the 

countries in the network operate in smaller compartmentalized modules isolated from the rest of 

the network in which they interact only with topics the rest of their module does as well (Barber 

2007). Also a score between 0-1, 0 indicates low modularity and 1 indicates complete modularity.  

With these nested discretized RCA scores, we can also see if countries are more specialist 

and focus on a few research areas or are more generalist and have a wider research net. To do this, 
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the values for each row, i.e. country, is summed, and the total is normalized by the number of 

topics to get a percent. Countries with higher percentages are considered more generalist, while 

those with lower percentages are specialist. For presentation purposes, these generalist scores are 

also grouped by the nine regional classifications, with scores per year averaged based on median. 

Similarly, due to the nested structure, column values are summed to get totals for each topic. A 

topic with higher presence has more countries focusing on it and is considered a core topic; topics 

with lower totals procure less national involvement and are peripheral, likely due to being newer 

or less accessible.  

III.  Statistical Analysis 

All statistical tests were two-tailed and performed at ±=0.05 for inference using R 

programming language (R Core Team 2019). Means and standard deviations were computed to 

describe continuous variables, while frequencies and percentages were used for categorical 

variables. Pearson’s correlation will be used to determine if nestedness is significantly changing 

over the time period.  

Additionally, using the nested matrices, the goal is to model where topics get researched. 

For every given year, we take its nested structure and calculate what a perfectly nested structure 

would look like, i.e. a matrix with a NODF of 1, and then that idealized matrix is compared with 

the matrices for five years into the future from that given year. For instance, for the year 2000, the 

idealized matrix would be compared to the actual matrices in 2001, 2002, 2003, 2004, and 2005. 

After, we look at which research topics are expected to appear or disappear within the nested 

structure. To do this, the percentage of instances that were consistent, missed, and predicted 

according to the perfectly nested matrix are calculated. Consistent entries are those that stayed in 

line with what the idealized matrix expects. In other words, an entry that would either be present 
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or absent to incur a NODF of 1 was found to accordingly exist as either an absence or presence in 

the future matrices. Missed instances are those that don’t follow the perfect nested matrix and 

decrease the overall nestedness score. For instance, the last cell of the bottom row of a perfectly 

nested matrix should not have a presence in order for perfect decreasing fill to be upheld. If it is 

present for the given year’s matrix and it stays present in the future matrices, it would be considered 

a missed entry. And finally, predicted entries are those that bring the future matrices closer to the 

idealized matrix and increase nestedness. These are cases that either were absent and became 

present or had been present but turned absent where appropriate. Continuing the previous example, 

if that last cell of the bottom row initially is present but then becomes absent in the future matrix 

it would be considered predicted.  

4. Results 

For all years, the average NODF score was 0.56 (SD=0.31), and the average modularity 

score was 0.10 (SD=0.12). When comparing the variables over time, that NODF scores for 

sociology were found to significantly increase (r(16)=11.09, p<0.001). This was also strongly 

correlated, with a coefficient of 0.94 (see figure 1). Barber’s Modularity, however, was not found 

to be significant (r(16)=-1.11, p=0.28)). NODF and Barber’s Modularity were also not found to be 

correlated with each other (r(16)=-1.27, p=0.22).  
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Figure 1. NODF and Barber’s Modularity scores over time. A higher NODF score indicates greater 
nestedness, while a higher Barber’s Modularity score indicates a more modular network.  
 

For generalist scores, there was an average score amongst the nations of 0.54 (SD=0.11) 

for all years. From 2000 to 2017, 16.56% of countries decreased in generalist score whilst 82.01% 

of countries had higher scores in 2017. When looking at the regional breakdown on figure 2, all 

regions experienced higher median generalist scores in 2017 compared to 2000, save for the United 

States which marginally decreased, though still had the highest generalist score. There is no 

significant relationship with generalist scores over time, however (r(2146)=0.92, p=0.36) (see 

figure 3A). Though when median scores are compared with NODF scores, there is significance 

correlation between the two (r(16)=3.15, p=0.006), with a correlation coefficient of 0.62 (see 

figure 3B).  
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Figure 2. Median regional change in generalist score from 2000 to 2017. Circles indicate generalist 
score in 2000 and triangles indicate score in 2017. 
 
 

 
Figure 3. A) Generalist scores over time. Darker and larger circles indicate greater number of 
countries with that score in that year. Higher generalist scores indicate more presence in topics. B) 
Median generalist scores and NODF scores over time.  

 

Figure 4 displays the results for forecasting future matrices. Plot A shows all cosine 

comparisons of the matrices of a given year with previous years. Darker color indicates lower 

cosine similarity between matrices for two years and lighter color indicates more similarity. As 
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time goes on, matrices for a current year are significantly more similar with each other 

(r(151)=7.10, p<0.001). Plot B introduces NODF scores to the cosine scores, and for a given year, 

each of the five future matrices was found to have significant correlation between cosine and 

NODF (r(63)=11.83, p<0.001). Each correlation is also strongly related, with an overall correlation 

coefficient of 0.83, and each particular year’s correlation ranging from 0.76-0.94. As the years go 

on, the higher the nestedness, the more similar future matrices are with a given year. The last pane 

shows the percentage of consistent, missed, and predicted presences for a current year’s future 

matrices. “Consistent” scores would keep the nestedness as is, “missed” would decrease a matrix’s 

nestedness, and “predicted” would elicit positive changes to the matrix structure. Each of the three 

groups were found to be significant, with the percentage of consistent (r(73)=11.01, p<0.001) and 

missed (r(73)= 8.35, p<0.001) instances having strong positive correlations with NODF scores 

(0.79 and 0.70 respectively), while the predicted group (r(73)= -11.24, p<0.001) was found to have 

a strong negative relationship with NODF (-0.80). Nestedness, therefore, can significantly predict 

presences or absences.   
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Figure 4. A) Cosine similarity scores of all binary matrixes in a given year with all past binary 
matrices. Lighter scores indicate greater similarity. B) Correlation of NODF scores by Cosine score 
for a current year and future years. Points are colored by current year. C) Comparison of future 
matrices of a given year to a perfectly nested matrix. Points reflect the percentage of predicted, 
missed, and consistent instances for each yearly matrix. 

 

Figure 5 shows the nested matrices by regions. To get these, the yearly matrices are 

averaged by the 9 regional subgroups based on median scores. If the average is above 0.5, it is 

considered a presence, and below is considered an absence. The subgroups are then reordered into 

a nested matrix, with more generalist regions and more core topics first. In 2017, the matrix looks 

much more nested than it did in 2000. And this is backed up by the NODF score, which went from 

0.52 in 2000 to 0.59 in 2017 (see figure 1). 
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Figure 5. Nested binary matrices for the year 2000 and 2017. Based on regional classification 
median scores. Black cells indicates an presence and white indicates an absence. 

 

In figure 6, the number of nations present in each topic is tallied and ordered for the year 

2000 and 2017. The 25 most frequently populated topics are considered the core, while the bottom 

25 least frequent topics are the periphery. The countries are then grouped by region based on 

median presence, which is then tallied to account for how many times a region was present in a 

more popular and less popular topic. Figure 6 displays these results. Regions are overall more often 

present in more popular topics than in less popular ones. (Figure 7 expands on the trends shown in 

figure 6.) 
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Figure 6. Presence in top 25 core and periphery topics in 2000 and 2017 for regional subgroups. 
Blue bars indicate core topics, whilst red indicate periphery. 2000 amounts are overlaid with 2017 
amounts, so that the darker colors indicate the presence in 2000, and the lighter colors indicate the 
2017 amounts.  
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Figure 7. Presence in top 25 core and periphery topics in 2000 and 2017 for all nations. Blue bars 
indicate core topics, whilst red indicate periphery. 2000 amounts are overlaid with 2017 amounts, 
so that the darker colors indicate the presence in 2000, and the lighter colors indicate the 2017 
amounts. 
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5. Discussion 

There has been a gap in literature with regards to applying ecological measures to 

knowledge production. This paper studied sociological papers from 2000 to 2017 for over 150 

countries, and found that not only can text analysis be adequately used to measure knowledge 

production, but also that nestedness can meaningfully be applied to scientific production. And 

moreover, nestedness in sociology is on the rise, meaning, it’s increasingly exhibiting and 

mirroring the same dynamics that characterize ecological ecosystems. Countries are moving in 

predictable ways towards becoming a more nested field. This is evident by merely looking at the 

matrices from the beginning time period to the end.  

We see the nested trends in figure 5 mirrored with median regional generalist scores in 

figure 2. Here, all subgroups overall experienced increased generalist scores from 2000 to 2017. 

Only the United States decreases, though marginally from 0.73 in 2000 to 0.70 in 2017, and even 

still the United States holds the highest generalist score in sociology by far. The fact that there was 

no significant trend to generalist scores (figure 3A) is not completely surprising, when one 

considers what it means for nestedness to increase (which it has). If we look at the alpha and size 

of the points in figure 3A, we see that the majority of countries are in the middle range of scores, 

with only a portion of generalist nations involved in a lot of topics and, similarly, a small group of 

outlying specialist nations involved in a select few topics. For a traditional nested matrix, one 

needs to have both a few generalists and a few specialists, with the rest falling somewhere in the 

middle. And indeed, though not significant themselves, the median generalist scores are, in fact, 

significantly correlated with NODF scores (figure 3B). So as nestedness is increasing, countries 

are falling into expected spaces and following expected dynamics.  
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Similarly, we can look at the most core and most periphery topics as well, as shown in 

figure 6. Overall, the regions are more present in more popular topics than in less popular topics. 

And most decreased in periphery topics from 2000 to 2017, while increasing in the core topics. 

Again, the United States is the only one to decrease in both, but we did see its generalist score 

slightly decrease, so this is unsurprising considering. Still, in the periphery side, the groups with 

the greatest frequencies in 2017 are the United Kingdom, Australia, New Zealand and Canada 

group, the Western Europe region, and the United States, all of which are also higher on the 2017 

nested binary matrix in figure 5. This trend also holds when we look at all countries in the data in 

figure 7. There is overall more engagement with the core topics (that is, the blue side is overall 

much larger). And when a country was present in 2000, there’s more often a decrease in periphery 

topics and an increase in core topics (i.e., for the red side, the 2000’s bar is larger than the 2017 

bar, and for the blue side, the 2017 bar generally overtakes the 2000 bar). If the 2017 periphery 

bar is larger, it is either a more generalist nation (for instance, Germany takes on some more 

periphery topics), or it’s a nation that is increasing its presence in general (for example, Iran is 

present overall much more in 2017 than in 2000). This greater interaction with some topics over 

others aligns with the nature of nestedness in the sense that there is a core set of topics most nations 

focus on and more periphery topics in which only a few more generalist nations engage with.  

Further, with nestedness on the rise, we can surmise what is eventually researched and 

where. In figure 4, we find that yearly matrices are becoming more similar to each other over time, 

and this increased similarity is also correlated with increased NODF scores. This is significant, as 

each matrix is fully independent of each other. Although the DTM tracks how each topic changes 

over time, it’s not necessarily the case that one nested structure in one year will coincide with the 

nested structure of another year. Further, figure 4 shows that, with rising NODF scores, we can 
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significantly determine where an absence or presence in a future matrix will occur. All this speaks 

to global trends in sociology. From this we infer that there is an opening up of sociology over time. 

Whereas a modular structure would indicate division of expertise and interest by country, a more 

nested world suggests there is greater alignment with what is important across borders. Not every 

country has the resources to be involved in every topic, so it is telling that they choose to focus 

said resources on specific core topics and not other periphery ones.  

It is worthy to note, however, that the percentage of predicted instances, i.e. changes in a 

matrix that would increase NODF, is decreasing with higher nestedness (figure 4). Additionally, 

Barber’s Modularity experienced no significant increase or decrease during this time period (figure 

1). In 2000, there was a score of 0.10, and in 2017, it was still 0.10. And indeed in the nested binary 

matrices in figure 5, we see a few subregions seemingly resisting the nested structure. In 2000, the 

Japan, South Korea, and Singapore group, the Latin America and the Caribbean group, and China 

are all midway in the matrix order, with the 3 all focusing on some topics on the right side of the 

matrix, which should’ve been “less popular” topics. And by 2017, these 3 groups fall to the bottom 

of the nested structure, with all 3 still focusing on some rightmost topics. According to nestedness, 

they shouldn’t be involved in those topics, as they are considered more periphery. This leads us to 

surmise, that while nestedness is increasing and in general most countries are falling in line with 

what’s to be expected, there is a small but consistent group of nations not interested in global 

trends as much as unique national interest. When a future matrix’s nestedness is low, the matrix 

has a higher number of cases that changed to be absent or present according to the idealized matrix. 

But when nestedness is high, there’s a greater number of instances in future matrices that already 

align with the idealized matrix, and less, then, that can become absent or present. The missed 

percentage is also slightly increasing because with a higher NODF we would expect the typically 
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upper-left triangle of presences, but there is some stubborn regions in sociology – like we observed 

above – that still persist in topics in the lower right of the matrix, which become more glaring as 

the rest of the matrix increases it’s nestedness. And thus, this also contradicts the predicted 

percentage measure, as these nations should be changing but are not.  

The reason for this may lie in the very nature of sociology as a field. It is crucial to 

remember that sociology is a soft science. Unlike, say, physics, which has more international 

structure and consensus, a sociological course or discussion in one country may be very different 

from that of another. For instance, even with two similarly urbanized and industrialized countries 

with no language barrier, like the United States and the United Kingdom, there are differences in 

how sociology is taught and perceived, the former of which has a history of treating it more 

quantitatively while the latter, more philosophically. That the United States is the most generalist 

nation is not surprising. From the end of the Second World War, American researchers had taken 

over the sociology field (Münch 1991; Oromaner 1970). During this time, Western Europe, the 

previous sociological frontier, was rife with diverse schools, principles, and methodologies that 

created a more fractured and less developed European sociology. Additionally, there was less 

effort in Europe to differentiate sociology from fields such as philosophy, history, and economics, 

and in fact many sociological thinkers identified themselves by those other fields (Calhoun 1982). 

There have been efforts from the 1990s onward to change that and increase Europe’s presence and 

synthesize a coherent and common framework to counteract that Americanized hegemony (Münch 

1991). And indeed we see in our data that Western Europe has increased its standing and presence 

on the world stage. Additionally, by nature of it studying the social world, sociology is then 

impacted by the society it is learned in, which can then lead to unique experiences and subsequent 

areas of research. For example, Japanese sociology developed a unique subfield known as shakai-
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ishikiron; translated as the study of social consciousness, it was developed as a result of Japanese 

sociologists’ concern with contemporary problems in Japan rather than direct Western influence 

(Yamagishi and Brinton 1980). So, while what research topics get picked up where follows a larger 

systemic pattern observed in ecology, it’s a bit harder, with a higher NODF score, to say for the 

remaining countries that they will definitely change into/out of a topic to further the perfect nested 

structure. This relays back to the fact that we observed mainly East Asian regional subgroups 

maintaining a presence in topics that seemingly counteract traditional nestedness. Like with 

Western Europe, here also we see a trend of East Asia both having interest in mainstream 

sociology, as commonly determined by America, but also holding on to unique interests and 

research. Thus, the field of sociology is both increasing in nestedness while also maintaining and 

sustaining localized areas of research. This can be viewed positively, as moderate nestedness may 

indicate a stability to the field of sociology, whilst the slight resistance against the standard and 

popular sociological theories allows for a diversity in the field to better capture unique national 

and cultural social realties.  

Though, this research was conducted for a relatively short time span. Additionally, it is 

possible that English translations of texts were mistranslated or unable to convey the original 

intents of the author(s). Future research should look at other fields to see if these trends apply.  

6. Conclusion 

Composed of both international and intellectual interactions, networks of research 

production and transmission form systematic structures capable of being researched unto itself.  

Ecology offers a well-studied structural framework to do so. Using nestedness, ecologists study 

the structural relationship between habitats and their biota, and the absences or presences formed 

within. Not only can nestedness attest to the stability of an ecosystem, it can also indicate where 
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biota may appear or disappear. Though, traditionally used to study habitats and their species, this 

ecological model has consistently and effectively been applied to other fields, notably economics 

and international trade.  

However, surprisingly, little knowledge production research elsewhere in the social 

sciences has utilized nestedness. Additionally, scientific research is increasingly a global 

enterprise, thereby complicating traditional methods of citations and co-authorships to study 

knowledge production. Text data from journal articles is a viable, and perhaps even superior, 

alternative. Machine learning takes the actual texts published and groups terms likely to occur 

together into topics of research. This produces data which accurately and categorically reflects 

what is researched and where. This paper, therefore, takes this well-established nested ecological 

framework and, combined with topic models, applies it to the study of knowledge production in 

the field of sociology.  

We find that nestedness is associated with greater predictability of what topics appear or 

disappear among countries. This highlights a more systemic nature to international sociological 

knowledge production. Additionally, we find that while nestedness is increasing, a handful of  

countries seem to resist the trends and maintain their niche research areas in the field. Further, 

while most countries are increasing their topic presence overall, the rate at which countries do so 

is not the same. All together, we find that, although what gets researched is generally impacted by 

global forces, with trends mainly led by wealthier countries with greater resources, there is a 

slightly uneven global uptake in the field of sociology, possibly due to cultural differences.  
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