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Abstract
Decentralization is a pervasive concept found across disciplines, including Economics,
Political Science, and Computer Science, where it is used in distinct yet interrelated
ways. Here, we develop and publicly release a general pipeline to investigate the
scholarly history of the term, analysing 425,144 academic publications that refer to
(de)centralization. We find that the fraction of papers on the topic has been
exponentially increasing since the 1950s. In 2021, 1 author in 154 mentioned
(de)centralization in the title or abstract of an article. Using both semantic information
and citation patterns, we cluster papers in fields and characterize the knowledge
flows between them. Our analysis reveals that the topic has independently emerged
in the different fields, with small cross-disciplinary contamination. Moreover, we show
how Blockchain has become the most influential field about 10 years ago, while
Governance dominated before the 1990s. In summary, our findings provide a
quantitative assessment of the evolution of a key yet elusive concept, which has
undergone cycles of rise and fall within different fields. Our pipeline offers a powerful
tool to analyze the evolution of any scholarly term in the academic literature,
providing insights into the interplay between collective and independent discoveries
in science.

Keywords: Decentralisation; Science of science; Interdisciplinary; Knowledge flows;
Complex networks

1 Introduction
“For students of recent domestic affairs it is becoming increasingly evident that ‘decen-
tralization’ is a magic word”. With these words in 1975 Herbert London opens his ar-
ticle “The meaning of decentralization” [1]. Almost 50 years later, Schneider states that
decentralization “is called for far more than it is theorized or consistently defined” [2].
(De)centralization (i.e., either Decentralization or its counterpart Centralization) has in-
deed become almost a buzzword, permeating not only the academic literature, but also
the public discussion. The debate between centralized and decentralized contact tracing
at the beginning of the COVID-19 pandemic is a clear example [3]. However, one of the
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major drivers of its growth has certainly been the rise of blockchain based technologies
such as cryptocurrencies, NFTs and the metaverse. [4–7].

However, (de)centralization is not a new concept, and has different connotations across
fields. In political science, it usually refers to the delegation of power to local communi-
ties with respect to a central government [8]. The concept has similar connotations when
referring to educational [9], fiscal [10] and more generally governance systems. Other do-
mains where the term is widely used include public health [11], internet protocols [12],
robot swarms [13] and social network analysis [14] among others, with the last one pro-
viding one of the few quantitative definitions available thanks to Freeman in 1978. Given
this background, some questions naturally arise: have these different disciplines indepen-
dently developed the concept of (de)centralization, maybe even with different meanings
(i.e., a case of polysemy)? Have they influenced each other? Which fields have been most
influential to the evolution of this concept?

Here, we address these questions by studying a corpus of scientific literature indexed
by the Semantic Scholar open database [15]. First, we observe an exponentially growing
interest in the topic, with an author in 154 contributing to a paper mentioning (de)central-
ization in its title or abstract in 2021. Then, we map the literature on (de)centralization by
focusing on the subset of relevant articles and clustering them according to their semantic
and citation information. This way, we discover that different academic fields have sepa-
rately contributed to this topic. We hence study how the different clusters have influenced
each other, showing how much more transfer of knowledge between different academic
areas is happening in recent years. Interestingly, our analysis reveals that STEM and so-
cial sciences did not influence each other. Finally, we focus on two paradigmatic examples:
Governance, interpreted generally as “the way that organizations or countries are man-
aged at the highest level, and the systems for doing this” [16], and Blockchain, including
all blockchain based technologies, from cryptocurrencies to NFTs and the metaverse. We
show how Governance is the first cluster to extensively make use of the term (de)central-
ization, containing the most or second most number of papers each year since its appear-
ance in the 1950s, and playing a leading role in the transfer of knowledge to other fields
until the 1990s. Blockchain instead has become both the most influential cluster and the
most productive cluster in the past 10 years, showing three different phases in its recent
history characterized by different interactions with other fields. Overall, our results shed
light on the history and evolution of the more and more important concept of (de)central-
ization. Furthermore, we publicly release the code of the pipeline developed in this study,
so that it may be used to study and understand the evolution of other concepts through
the lenses of the academic literature.

2 The pipeline
In this section, we briefly describe the pipeline we have set up and publicly released1 to se-
lect the data and perform the research described in this study. The pipeline is conceptually
divided into three steps: (1) data collection, (2) clustering of the dataset using a multilayer
hierarchical stochastic block model, and (3) analysis of the influence between clusters over
time using knowledge flows.

1See https://github.com/alberto-bracci/decentralization.

https://github.com/alberto-bracci/decentralization
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2.1 Step 1: data collection
The first step consists in collecting the academic publications related to the concept of
(de)centralization, or potentially to other concepts. To perform a large scale analysis of
the academic literature, we exploit the possibility to access the publicly available Semantic
Scholar Academic Graph (S2AG, pronounced “stag”), which provides monthly snapshots
of research papers published in all fields [15]. Launched in 2015 by the Allen Institute
for Artificial Intelligence (AI2), Semantic Scholar provides this corpus as an open access
database with the specific scope of facilitating scientific analysis of academic publications.
It contains about 203.6 million papers (1st Jan. 2022 snapshot), 76.4 million authors, and
2 billion citations. Moreover, this database recently incorporated the Microsoft Academic
Graph (MAG) [17], which was shut down at the end of 2021 [18].

From this corpus we extracted the data about papers that contain the root string “cen-
trali” in words of the title or abstract, to capture possibly all variations of words related to
the concepts of Centralization and Decentralization (nouns, adjectives, etc.). In this way,
we also incidentally captured articles written in different languages, mainly Portuguese,
French and Spanish, and also a minority of unrelated articles (e.g., biology articles involv-
ing plant species including “centrali” in their name). More information on the frequency
of the words containing such root string can be found in Table S1 in the Additional file
1 (SM). The resulting dataset has 425,144 papers characterized by a series of attributes.
Among these, of particular interest to us there is the title, the abstract, the authors, all in-
and out-citations (respectively citations and references), the year of publication, and the
fields of study, which were determined based on machine learning field classifiers lever-
aging on the existing MAG taxonomy and classification [19]. Notice, however, that some
articles miss one or more of these attributes. See Table S2 in the SM for details on how
many papers have each of these attributes.

2.2 Step 2: hierarchical clustering
In the Semantic Scholar corpus almost each paper is associated to a list of fields of study.
However, these are high-level, as there are in fact only 19 fields of very heterogeneous
sizes (see Table S3 in the SM for details on how many papers are classified in each field of
study). Moreover, sometimes the fields are not correctly assigned. In the second step of the
pipeline, we hence use a multilayer hierarchical stochastic block model (hSBM) [20, 21],
developed to find statistically significant clusters at multiple hierarchical levels for the
analysis of text data with multiple data types. Here, in fact, we consider two layers. The
document layer —where links represent citations between papers— and the text layer —a
bipartite network between documents and the words present in their titles. The method
naturally produces clusters of documents and topics (word clusters), incorporating the
information from both layers in the process. Furthermore, as the name suggests, the model
produces a hierarchical clustering, providing a richer structure of both article clusters and
topics, which captures both small clusters and topics and how they are related to each
other in a higher level structure.

We consider only the papers in our dataset that have a non-empty title and contain at
least one citation or reference to another paper in the dataset (42.7% of the initial dataset),
as we are interested in how the concept of (de)centralization evolved in the academic lit-
erature, and citations are the most natural proxy for how knowledge is transferred. We
use title texts, instead of abstracts, for various reasons: firstly, because the title is more
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frequently available than the abstract (see Table S2 in the SM); secondly, because the title
has the advantage of being more distilled compared to abstracts [22]; lastly, because ti-
tles contain a significantly smaller number of words than abstracts, allowing us to obtain
a text layer similar to the document layer in terms of number of edges by simply cutting
out words present in less than 5 documents. It is indeed well known that the hSBM per-
forms optimally when both layers have roughly the same size, otherwise the smaller layer
is effectively ignored by the algorithm [21]. The filtered dataset hence consists of 181,605
documents and 15,381 different words, summing up to 590,215 document-to-document
citation links and 1,396,830 document-to-word links.

To ensure the robustness of our results, we performed 100 iterations of the algorithm.
Notice that the number of clusters and levels of granularity obtained is not fixed, but is
automatically suggested by the algorithm. By running the algorithm multiple times, we
aimed to capture the inherent variability and uncertainty in the Monte Carlo partitioning
process. Subsequently, the consensus partition is calculated by maximizing the overlap
with all the partitions from the 100 runs. Such consensus partition serves as a robust rep-
resentation of the underlying structure within the analyzed data. More statistics compar-
ing the single iterations of the hSBM and the consensus partition are shown in Fig. S2 in
the SM.

Afterwards, keywords are assigned to each cluster to roughly represent the content and
themes of the articles within them (for more details see Fig. S3, Fig. S4 and Table S4 in the
SM, with related section). Keywords are chosen by looking at the most frequent words in
the cluster, the most significant topics in the cluster according to the normalized mixture
proportion [21], as well as the first 5 papers in the cluster according to different measures
(see SM Sect. 2.1 for more details).

2.3 Step 3: knowledge flows
In the third step of the pipeline, we want to better understand how the different groups
of documents identified by the hSBM have influenced each other throughout history. To
do so, we evaluate the knowledge flows between these groups, using article citations as
proxy [23]. In particular, we compute the knowledge flow from one cluster a in one year
Ya to another cluster b in a future year Yb. The computation takes into account the fraction
of citations towards papers in a of the year Ya from papers in b published in the year Yb

with respect to the fraction of citations towards a in Ya from all papers published in Yb, as
well as the overall fraction of papers of a in Ya. The citation network suffers indeed from a
series of inherent biases: field size, typical number of citations in a field or a journal, typical
number of references, age of the fields etc. This method de facto considers the number of
citations with respect to a null model, resulting in a link weight which is effectively a z-
score.

Mathematically, if a collection of papers is divided in a partition P of clusters such that
different clusters do not overlap and altogether form the collection of papers, then we can
define the knowledge flow units Ca→b(Ya, Yb) from papers in cluster a ∈ P published in
the year Ya to papers in cluster b ∈ P in a future year Yb by counting how many citations
have occurred from b to a in the two years, that is,

Ca→b(Ya, Yb) =
∣
∣
{

(x, y) : x ∈ a, Yx = Ya, y ∈ b, Yy = Yb s.t. y cites x
}∣
∣. (1)
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As said before, we need to normalize this number with respect to a null model, so as to keep
into account different sizes of clusters and different norms in citation practices. Hence,
the knowledge flow Ka→b(Ya, Yb) from a in year Ya to b in year Yb can be computed in the
following way:

Ka→b(Ya, Yb) =

⎧

⎨

⎩

1 if Ca→b(Ya ,Yb)
∑

c∈P Cc→b(Ya ,Yb) / |x∈a:Yx=Ya|
∑

c∈P |x∈c:Yx=Ya| ≥ 1,

0 otherwise.
(2)

After the normalization against the null model, knowledge flows can be indeed treated as
z-scores. Hence, in Eq. (2) we consider a knowledge flow as significant (i.e., a binary value
of 1) if higher than the threshold 1, and as not significant (i.e., 0) otherwise.

Therefore, we obtain a binary value for each pair of clusters and each pair of years. In
other words, the collection of (knowledge flow) links between all pairs of clusters and years
generates a temporal network of clusters, which we aggregate in different ways to facilitate
the following analysis. In particular, we consider the average knowledge flow Ka→b(Ya)
from a cluster a to another b from a specific year Ya as the average of the knowledge flows
Ka→b(Ya, Yb) from cluster a to b from year Ya to all years Yb > Ya, taking into account only
years Yb where there is at least one publication in b. Formally, this reads:

Ka→b(Ya) = Ka→b(Ya,•) =
〈

Ka→b(Ya, Yb)
〉

{Yb>Ya :∃x∈b s.t. Yx=Yb}. (3)

This value represents, on a scale from 0 to 1, how much publications in cluster a in year
Ya have influenced the future of cluster b. Analogously, we define the average knowledge
flow Ka→b(T) from cluster a to cluster b from a period of time T to the future by averaging
Ka→b(Ya) over all years Ya in T in which there is at least one publication in a, that is,

Ka→b(T) =
〈

Ka→b(Ya)
〉

{Ya∈T :∃x∈a s.t. Yx=Ya}. (4)

We can also measure the average influence in terms of knowledge flows from a cluster to
all other clusters and vice-versa, as well as the average knowledge flow among all clusters,
respectively as follows:

Ka→•(Y ) =
〈

Ka→b(Y )
〉

b,

K•→a(Y ) =
〈

Kb→a(Y )
〉

b,

K•→•(Y ) =
〈

Ka→b(Y )
〉

a,b.

(5)

Here, Ka→•(Y ) refers to the average influence from papers in cluster a published in year Y
towards all clusters in the future. On the opposite, K•→a(Y ) refers to the average influence
of the papers in all clusters in the year Y towards the future of cluster a. Finally, K•→•(Y )
refers to the average influence (towards the future) of all papers published in year Y .

3 Results
3.1 The decentralized evolution of (de)centralization
We start by analysing the number of papers mentioning (de)centralization over the years
(see The pipeline section for more details), comparing it to the total number of academic



Di Bona et al. EPJ Data Science           (2023) 12:42 Page 6 of 16

Figure 1 The rising interest of academic literature towards (de)centralization. (a) Fraction of papers
mentioning (de)centralization in the Semantic Scholar corpus. (b) Fraction of authors mentioning
(de)centralization in the Semantic Scholar corpus. Both fractions have been steadily increasing since the 1950s,
showing growing interest in the topic. (c) Number of papers in the clusters at the 3rd level of the hierarchy in
each year. Clusters are ordered respecting the hierarchical network on the left, in which node and link sizes
are proportional to the total number of papers in the related cluster. In the heatmap, white lines individuate
clusters belonging to the same cluster at the 2nd level of the hierarchy, while red lines divide different clusters
at the 1st level. The representative keyword of the clusters at level 3 is reported in bold in the respective rows,
while all the specific keywords identified at the 4th hierarchical level are shown within brackets. Clusters with
less than 500 papers in total are not shown in the figure

outputs (papers, books etc.) produced in time, which is known to be exponentially in-
creasing [24]. As shown in Fig. 1(a), the fraction of papers mentioning (de)centralization
has been exponentially increasing in time since the 1950s, rising to around one paper every
315 in 2021. The growing interest in this topic is also reflected by the increasing number
of authors involved in such academic research. Indeed, as shown in Fig. 1(b), the frac-
tion of authors producing such research has risen exponentially by more than one order
of magnitude, with almost one academic every 154 writing a paper mentioning the topic
in 2021. This growth is also seen in terms of raw number of publications and authors, as
shown in Fig. S1 in the SM, where we compare these numbers for the S2AG corpus and
the (de)centralization dataset and find a stronger exponential rise for the latter. Notice that
for both papers and authors there are some periods with a higher or lower increase in the
fraction, showing spikes of interest at particular times. For example, in Fig. 1(a,b) we can
see that between the late 1970s and the 1980s the growth rate was faster than the overall
exponential fit.

In order to understand what has characterized the origins and evolution of the topic,
we set to identify topics and clusters of papers in the dataset by using the hSBM algo-
rithm [20, 21] described in The pipeline section. In the following analysis, we focus our
attention only to years after 1950. Before this date there are only around 100 papers in our
(de)centralization dataset. The very first is a political science one from 1851 on local self-
governments versus centralized governments [25]. Among the others in this period, apart
from around 50 papers that relate to (de)centralization in governments, organizations and
states, we have detected 30 papers that are actually false positives of the selection process.
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Considering also how, in general, digitalization issues may have contributed to the small
number of papers before 1950, the reliability and coverage of the first 99 years of the data
are unclear, and we opted to exclude them from the analysis.

The consensus partition, obtained by collecting the outcomes of 100 runs of the hSBM
algorithm, consists of 7 hierarchical levels. On the left of Fig. 1(c), we draw this hierarchy
only until the 3rd level (starting from the common root at level 0) for visualization clarity.
More information on the number of clusters in each level can be found in Sec. S2.1 in
the SM, where we also conduct a comparative analysis of the consensus partition with the
individual runs of the hSBM algorithm.

On the right of Fig. 1(c), we also show the heatmap of the number of papers in time
for each cluster at the 3rd level, for a total of 16 different clusters after excluding other 5
clusters with less than 500 papers not included in this analysis. The keywords shown in the
heatmap have been manually assigned to roughly characterize each cluster. In particular,
the keywords between parentheses have been chosen amongst the most frequent and most
significant in the clusters at the 4th level, while the most representative keyword at the 3rd
level has been chosen and printed in bold. For details on how they were assigned see The
pipeline section and Sec. S2.2 in the SM.

In the following, we refer to a cluster at the 3rd level by its representative keyword (cap-
italized). As shown by the hierarchy and by the horizontal red lines in the heatmap, clus-
ters are divided in three main branches. Looking at the two biggest branches, we can see a
clear division between more STEM oriented documents (top branch) and those in Politi-
cal sciences, Social sciences, as well as Medicine (bottom branch). Notably, a third smaller
branch appears isolated, including papers at the intersection of the other two, mostly about
Wireless technologies and their applications. Going into more details, in the STEM branch
we notice how Cybersecurity, Control theory and Telecommunication (clusters 1, 6, and
10 respectively) are the ones producing most publications, with Blockchain (cluster 3) be-
coming the most relevant in the last 5 years in terms of number of papers published per
year. On the other branch, Governance (cluster 12), including works in Political science,
Education and Fiscal federalism, is the most relevant cluster, while Environment, Social
network analysis and Health clusters (respectively clusters 13, 14, and 15) have produced
a smaller number of papers. Furthermore, see Fig. S5 and Fig. S6 in the SM respectively
for a similar plot done at the 4th level and for a bipartite hierarchical network showing
how clusters are represented in the various topics.

In Fig. 1(c) we have shown how the number of papers in each of these clusters has evolved
over time. Looking more into details of the early history of (de)centralization, the first pa-
pers adopting the term have all been in the Social sciences branch, most importantly the
Governance cluster, followed by Social network analysis and Health. In the 1950s, indeed,
there are 58 papers in Governance, which represents the first cluster to adopt the term
and use it extensively. Some of these articles refer, among other things, to democracy as a
form of centralized decision-making system [26]. Other clusters with more than 10 papers
refer to Social network analysis and Health, as seen for example in Kaufman’s “Toward an
interactional conception of community” [27]. Here, centralization is depicted as a force
gradually destroying the concept of community as a social unit. Notably, most of these
papers have no citations from other articles in the full corpus, with only some citations
within the cluster of governance. In the 1960s, the largest growth is found again in the
Governance and Health clusters, both reaching around 150 papers each in the decade.
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An important example of the former is that of Bachrach et al. [28], where they highlight
how different disciplines (i.e., social and political sciences) reach completely opposite con-
clusions about the (de)centralization of power. In the same decade (de)centralization also
appears in other relevant clusters, namely Social network analysis (50 papers) and Invest-
ments (29 papers), with a significant number of citations in both directions between them.
The term is picked up from the STEM branch only later in the 1970s, especially through
works in Control theory and Optimization [29], coming significantly to a popular domain
as Cybersecurity only in the 1980s.

We have seen how different domains have picked up the concept of (de)centralization at
different times. It is therefore natural to ask whether they developed such uses separately,
or they influenced each other in some way. The hierarchical clustering partially answers
this question, as it gives a degree of separation between domains based on citation and
semantic information. However, significant information is still present in the citations be-
tween papers of different clusters. We exploit this by computing knowledge flows [23],
whose aim is to quantify the transfer of knowledge given by the citations between groups
of papers through a comparison with a null model (for more details see The pipeline Sec-
tion). We thus study the average knowledge flow Ka→b(T) from papers in a cluster a, at
level 3 of the hierarchy, in a period of time T to future publications in another cluster b,
represented by a number between 0 and 1 showing how significant this influence has been.

Here, in Fig. 2 we consider three different periods of time T : 1970-1989, 1990-2007 and
2008-2020. Similarly to what we will do in the next figures, we have excluded the year
2021 as a source of knowledge flow, because our dataset ends at the end of 2021, thus
meaning that we cannot evaluate knowledge flows from papers of 2021 to future years. In
the figure, all clusters are ordered as in Fig. 1(c), with the representative keywords shown
in the legend below. For each period T , the color of the cell of row a and column b of the

Figure 2 Temporal evolution of the influence between clusters. Average knowledge flows Ka→b(T ) from each
cluster a to each cluster b at level 3 in the period T = 1970-1989 (a), T = 1990-2007 (b) and T = 2008-2020 (c),
represented by the different colors according to the colorbar in the bottom left part of the figure. A
representative keyword for each cluster is reported on the bottom right part of the figure. White lines denote
clusters belonging to the same 2nd level cluster, whereas red lines mark different branches at the 1st level. In
the first period, little to no communication is happening between different clusters. In recent years, more
communication happens inside the same 2nd level cluster, and towards the middle branch (cluster 11).
However, little communication happens between the two other branches, roughly representing the STEM
and social sciences communities respectively
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heatmap refers to the average knowledge flow Ka→b(T) from papers in cluster a in that
period of time to future papers in cluster b, according to the colormap shown below.

Starting from the first period in Fig. 2(a), between 1970 and 1989 clusters have little to
no influence on the future of the other ones. We have previously seen how in these years
the use of (de)centralization started to rise across some domains, mostly being Gover-
nance, Control theory, Social network analysis, Health, Cybersecurity, and Investments.
However, apart from Governance and Control theory (clusters 12 and 6), these clusters
have low knowledge flow even to themselves, meaning that the use of (de)centralization
was only relegated to sporadic and not so influential papers in the literature. This also
confirms that the topic has appeared independently at this early stage.

Then, looking at the period from 1990 and 2007 in Fig. 2(b), we can see how much
more transfer of knowledge has occurred between clusters. As shown in Fig. 2(c), this
trend is even more pronounced in the last and more recent period, whose start coincides
with the creation and rise of blockchain technologies. Interestingly, these transfers reflect
the structure of the hierarchy and denote significant differences between the high-level
domains. The STEM branch (made of the clusters 0 to 10) shows clear communication
between clusters belonging to the same group both at the 2nd and 1st level (respectively
within white and red lines), whereas the right bottom branch shows almost no communi-
cation with the other domains, especially after 2008. The only significant knowledge flow
from this branch in the middle period goes from Environment (cluster 13) to Optimiza-
tion (cluster 5), while in the last period this is only relegated between Environment and
Smart grids (cluster 2). The middle branch instead shows clear influence from the other
two, and little influence towards them, especially in the last period.

Finally, notice how the highest knowledge flows between different clusters in Fig. 2(b)
are from those that, in the first period, were starting to be more influential. Similarly in
the last period the clusters with highest influence on other ones are mostly within the
STEM branch. Overall, the heatmaps show a clear decentralized birth of the concept of
(de)centralization, appearing in different fields and domains with little to no communica-
tion between each other. Instead, in recent years, we find a more coordinated evolution,
even though still sectorial in some cases, and mainly lead by STEM related clusters.

3.2 The case of governance and blockchain
Having analyzed the concept of (de)centralization in the general academic landscape, we
now focus on two of the most important clusters in the history of this topic: Governance
and Blockchain. As shown in Fig. 1(c) and in Fig. S7 in the SM, these two clusters are
among the biggest across time in terms of number of papers. The Governance cluster
has always been first or second with respect to the other clusters at the 3rd level, while
Blockchain was barely present before 2008, the year of the bitcoin white paper [4]. After
that, Blockchain gradually increased in size and had an exponential explosion after 2015,
coincidentally with the increasing hype around the technology and its applications, in par-
ticular bitcoin and ethereum [30–32]. Finally, it has become the most productive cluster
since 2019, surpassing governance.

To better understand their role in the evolution of the literature on (de)centralization,
we consider the average knowledge flows between clusters for each year, that is looking at
Ka→•(Y ), K•→a(Y ), and K•→•(Y ), defined in Eq. (5). Therefore, in Fig. 3 we rank clusters
year by year using Ka→•(Y ) in (a) and K•→a(Y ) in (b), i.e., looking at how much the papers
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Figure 3 Ranking the influence of Blockchain and Governance in the (de)centralization literature. (a) Ranking
in time of the influence coming from a cluster in the 3rd hierarchical level, computed on the average
knowledge flow Ka→•(Y) from papers in cluster a published in the year Y towards all other future papers. (b)
Ranking in time of the influence to a cluster in the 3rd hierarchical level, computed on the average
knowledge flow K•→a(Y) from papers published in the year Y towards future papers in cluster a. The
blockchain cluster, highlighted in blue, has become a central actor in the recent literature on
(de)centralization, supplanting the governance cluster, highlighted in red

of a cluster a in a year Y have influenced, on average, the future of all other clusters (a), or,
vice versa, how much all clusters have influenced the future of a (b). From these plots we
can see how, on the one hand, Governance has been in the top ranks until the late 1980s,
both as a source and target of knowledge flows. However, in the early 1990s it started to
decrease in importance, reaching the bottom ranks in the 2000s, despite being the first
cluster in terms of number of papers each of these years. On the other hand, in Fig. 3(a)
we notice that the rise of Blockchain started only in 2010, being almost always outside of
the (de)centralization literature discussion until this point. Then, very sharply, Blockchain
becomes the first cluster in terms of influence towards other clusters in 2013, maintaining
its position in the following years. Hence, the literature on Blockchain has been key in
the development of the (de)centralization discussion in the most recent years. Moreover,
looking at Blockchain in Fig. 3(b), papers of other clusters before early 2000s have had
almost no impact on the scientific future of Blockchain. Interestingly, it has received a lot
of influence from publications between 2006 and 2012, that is about when the blockchain
and bitcoin originated [4], as well as after 2017, mostly due to the increasing amount of
applications using blockchain in the most diverse contexts in recent years. Finally, notice
the loss of influence on Blockchain from papers between 2013 and 2016.

These results are corroborated by the time evolution of the average knowledge flow com-
pared to the overall average K•→•(Y ). Indeed, in Fig. S8 in the SM we show how Gover-
nance has been increasingly important in influencing other clusters until the 1980s, while
since the 1990s it has had a lower average knowledge flow than the average among all clus-
ters. Similarly to what shown by the ranks, after 2013 Blockchain starts to have a much
higher influence towards the other clusters compared to the average. Moreover, in Fig S9
in the SM we compare the average knowledge flow within the same cluster and towards
other clusters, isolating the clusters Governance and Blockchain from the rest of the clus-
ters. We find that on the one hand Governance has maintained a very high knowledge flow
to future papers in the same cluster throughout the years. On the other hand, starting from
1990s, the exchange in knowledge flow towards and from other clusters has decreased.
Blockchain, instead, has received a higher than average knowledge flow from other clus-
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ters in the 2000s, starting to provide maximum knowledge flow to itself and more than
average to other clusters in the next and most recent decade.

So far we have seen how Governance has been influential in the early literature about
(de)centralization, and how Blockchain has risen in recent years as the most important in-
fluential cluster, contributing in terms of knowledge flow towards other branches of litera-
ture. It is therefore a natural next step to investigate with higher granularity which clusters
in particular have influenced or have been influenced by Governance first and Blockchain
then, and see how these interactions have changed over time. We start this analysis from
the more recent case of Blockchain. This cluster started to appear only around 2008 with
the bitcoin white paper [4]. Moreover, we notice a decrease in the influence on this clus-
ter in mid 2010s. We therefore divide the 2008–2020 time span in three parts, following
the blockchain history: 2008–2014, representing the origin of blockchain applications be-
fore the advent of ethereum; 2015–2018, when the field got more recognition thanks to
ethereum and bitcoin; and the final 2019–2020 period, in which we have seen the explo-
sion of academic literature production and the widespread success of multiple applications
such as DeFi, NFTs and the metaverse.

In Fig. 4 we plot, in a decreasing order, which clusters have been most influenced by
(a) and have most influenced (b) Blockchain during the three periods. To this end, we
use a Sankey diagram, showing how the overall picture has changed in the three differ-
ent phases. The plot is done using the average knowledge flows Ka→b(T), where T is the
selected period, while a and b are fixed to Blockchain in Fig. 4(a) and Fig. 4(b) respectively.

Firstly, in Fig. 4(a) we analyze the influence of Blockchain on the these other clusters. The
early literature of Blockchain has had a strong impact on most of the clusters. As a matter
of fact, there are only a few cases where the average knowledge flow from Blockchain to
another cluster is zero, shown by a circle in the respective node and a lighter color in

Figure 4 Influences between Blockchain and the other clusters on (de)centralization. (a) Change in the
ranking of the most influenced clusters by Blockchain between its early period (2008-2014), its middle period
(2015-2018), and its late period (2019-2020), calculated using the average knowledge flows Ka→b(T ), where T
is the selected period, and a is fixed to be Blockchain. (b) Change in the ranking of the clusters having most
influenced the Blockchain literature (same periods as in the previous panel). In both cases, if Ka→b(T ) = 0, we
print a circle in the corresponding gray node and use a lighter color in the respective link. Moreover, we print
a star when 0.01 < Ka→b(T ) ≤ 0.1, and two stars when Ka→b(T ) > 0.1
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the corresponding link. We also notice that Cybersecurity, Smart grids, Edge-computing,
Wireless technologies, and Federated learning have a very significant average knowledge
flow from Blockchain, i.e., Ka→b(T) > 0.1, shown by the double stars, while other clusters
with 0.01 < Ka→b(T) ≤ 0.1 are represented with only one stars. Notice how Blockchain has
continued to have a big impact on these mentioned clusters, in particular Smart grids and
Wireless technologies, as well as Cybersecurity to a lesser extent. Looking altogether at
the three periods, notice how Cybersecurity and Edge-computing have lost influence from
Blockchain over time. Moreover, in the last period there is no significant knowledge flow
to all other clusters, which is peculiar if we consider that, for example, Federated learning
and Edge-computing received a very significant knowledge flow in the previous years. We
argue that the recent decrease in knowledge flow is mostly due to the time needed for a
paper to attract citations, especially outside its own cluster. Additionally, we find that some
clusters, such as Health, Electricity, Control theory and Governance, have received no
significant influence from Blockchain in all these years, even if, Governance, for instance,
has been second only to Blockchain in terms of number of papers.

Secondly, in Fig. 4(b) we investigate the impact of the different clusters on Blockchain’s
literature. Cybersecurity, which has been one of the clusters that grew the most among all
STEM clusters from the 1980s to the 2010s, has been stably the most influential cluster
on Blockchain. The other top positions have instead changed from the first period con-
sidered, with Smart grids, which did not even have any influence on Blockchain at first,
and Social network analysis becoming the most important clusters after Cybersecurity.
Notice also how Robot swarms and Investments have experienced an increase in knowl-
edge flow towards Blockchain, while the opposite has happened for Telecommunication,
Optimization, Governance and Health.

Comparing the two plots in Fig. 4, we find examples of only unidirectional influences
between Blockchain and the other clusters. The cluster of Social network analysis, third
in position since 2015 to influence Blockchain, has not been influenced by it during the
same period, which is also the case of Robot swarms and Governance. A similar situation
is found for Wireless technologies, that has been strongly influenced by Blockchain over
time, but only in recent years it has had a small impact on it.

Finally, we have conducted a similar analysis on the Governance cluster in Fig. S10 in
the SM. In this case, we consider three different periods of times: 1950–1980, that is the
early stage when it was the most important cluster overall; 1981-1990, when the amount
of knowledge flow from Governance stopped to increase, still remaining among the top in
terms of ranking; and 1991–2000, in which its role diminished and got surpassed by almost
all other clusters by the end of the period. We do not find many noticeable differences
between the first two periods. Most clusters have no significant knowledge flow from and
to Governance, showing how (de)centralization developed independently in this cluster at
first. Differently from Blockchain, the top clusters to have interactions with governance are
Environment, Social network analysis and Investments. Wireless technologies, Blockchain
and Robot swarms have also been influenced by Governance, but not vice-versa, apart
from the sporadic case of Wireless technologies in the middle period. We can also see
that the influence from Governance has increased over time on clusters like Blockchain,
Optimization and Robot swarms, showing how the last years of the last century have been
important milestones for the future of these clusters.
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4 Discussion
In this paper we have developed and presented a framework that allowed us to quanti-
tatively investigate how different topics have risen in the (de)centralization literature and
have influenced it. By exploiting the S2AG corpus, we have shown that the literature on
(de)centralization has exponentially increased in the past 70 years, with an author in 154
contributing to articles on the topic in 2021. We have observed a diversification of re-
search fields engaging in (de)centralization studies, starting from Governance as the most
prolific field and gradually expanding to include various other disciplines. Furthermore,
analyzing the evolution of knowledge flows between clusters, we have revealed a gradual
increase of influence between different fields. Initially, the various fields operated in isola-
tion, with minimal cross-disciplinary interaction. However, as the literature developed, we
observed a growing interconnection among these fields, with high knowledge flows espe-
cially within STEM subjects. Finally, we have shown how Governance has lost its leading
role in the (de)centralization literature in favour of Blockchain. In fact, if Governance has
remained mostly independent after the 1990s, without influencing or being influenced by
other clusters, Blockchain has been the most influential cluster for the last ten years, and
has recently become the most productive one.

A significant aspect of the framework we have developed is its versatility. The method-
ology can be used to examine the evolution of any scholarly term or concept within aca-
demic literature. For example, future work could use it to investigate the unfolding of such
important topics as “gender inequality” and “artificial intelligence”. Additionally, it can be
utilized to explore the interplay between collective and independent innovation in the field
of science. Our pipeline relies on two key methods, the multilayer hierarchical stochastic
block model [21] and knowledge flows [23]. On the one hand, we employ the first one to
cluster documents and words in the dataset to identify different themes and topics, using
information of both citations between papers and of the words used in each document.
On the other hand, knowledge flows allow us to identify significant influences between
clusters over time. With the present paper, we publicly release the pipeline code to allow
other researchers to perform similar analyses on other concepts.

Our study presents some limitations which also represent directions for future work.
First, we only consider academic papers that directly mention the word (de)centralization
or one of its variants (e.g. “centralised”, “centralizing”, etc.). A broadened analysis could
also include all articles cited by these papers, in order to further understand the roots of
this topic in the different fields. Moreover, we have limited the semantic information to the
words of document titles. Future studies could build on state of the art large scale language
models and Natural Language Processing techniques to extract more information from the
articles text (i.e., abstract and/or full text) and offer more detailed insights of their content.
For example, a set of keywords could be used instead of the plain text of the title [33], so as
to better characterize papers and disambiguate terms that could have different meanings
in different contexts. In fact, the stochastic block model assigns one block to each node
of the network [21, 34], thus indirectly assigning the main meaning of a word to a certain
topic, disregarding other nuances of the word. A possible way to take this into account
is to consider mixed-membership stochastic block models [35, 36], where each node is
assigned to a distribution or mixture of categories.

Finally, our methodology is able to identify direct flows of knowledge between two fields
but misses less straightforward chains of interaction. For example, a field a could indi-
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rectly influence field b if there is a direct knowledge flow between field a and another field
c, which in turn influences field b. The inclusion of temporally and causally compatible
higher order interactions (i.e., more than pairwise) is therefore an obvious route to im-
prove on the current work. Moreover, it would be interesting to investigate the presence
of citation biases or other spurious effects that have affected the evolution of science. For
instance, the rise of interdisciplinary knowledge flows could have been favoured by the
presence of online easily-accessible papers. Furthermore, even though the combination
of clustering and knowledge flows are a powerful tool to detect statistically significant in-
fluence across fields and time, it is worth noticing that citations can be noisy, and are not
always a definitive indicator of cross-pollination. We hence emphasize the need for com-
plementary methods and approaches, such as qualitative historical analyses and expert
interviews, to provide a more comprehensive understanding of the development of the
concept of “decentralization” in different disciplines. We leave such research questions to
future work.

Overall, our analysis provides new insights in the origin and evolution of the ubiquitous
concept of (de)centralization, shedding light on the academic roots and influence of the
blockchain technology. Additionally, our pipeline can be used to analyse quantitatively
any other concept in the academic literature, and can be easily combined with other text
and network analysis tools. We therefore anticipate that our results will be of interest to
researchers working in a vast array of disciplines.
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