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Abstract

As a rapidly developing research area, the science of science (SciSci) is devoted to quan-
tifying, understanding, and predicting scientific research and its outputs. While much
progress has been achieved on impact measuring and the collaboration network, the re-
search on the dynamical evolution of whole research systems is much less studied. This
is the key question we try to answer in this dissertation: how do we quantify, understand,
and predict the evolution of scientific research, and more generally, the processes of inno-
vation? Not only can the answer to this question help universities and research institutes
recruit new scientists, and point governments and companies to the most fruitful research
frontier to fund, it also opens up many new science questions: for example, are there any
laws governing the enterprise of scientific research?

To answer this question, we first built a data-driven framework for studying knowledge
evolution. Using the American Physical Society (APS) publications data sets, we con-
structed year-to-year bibliographic coupling networks, and identified validated commu-
nities — topical clusters (TCs) — that represent different research fields in them. We then
visualized their evolutionary relationships in the form of alluvial diagrams, and showed

how they remain intact through APS journal splits. Quantitatively, we saw that most fields
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12 Abstract

undergo weak mixing, and it is rare for a field to remain isolated or undergo strong mixing.
The sizes of fields obey a simple linear growth with recombination. We can also reliably
predict the merging between two fields, but not for the considerably more complex split-
ting. We reported a case study of two fields that underwent repeated merging and splitting
around 1995, and how these Kuhnian events are correlated with breakthroughs on Bose-
Einstein condensation (BEC), quantum teleportation, and slow light. This impact showed
up quantitatively in the citations of the BEC field as a larger proportion of references from

during and shortly after these events.

In addition to this empirical study of the APS data set, we also used the linguistic infor-
mation available in their abstracts to study how scientific memes evolve during knowledge
evolution. This can help us gain a more complete understanding of knowledge evolution
beyond citations. We found that particular memes are associated with particular TCs, mak-
ing memes good labels for the TCs’ research contents, at the same time making the alluvial
diagram more comprehensible. Like a TC, a meme also has a complex evolution process.
We measured the co-occurrence probability for meme pairs, and found ‘quantum’ and
‘optical” grew closer since 1981, which is consistent with the rise of quantum optics. The

co-evolution between memes and TCs is also discussed.

Given the close relationship between evolution processes and scientific breakthroughs,
it is important to be able to predict the future events. Having the predictive features de-
scribing a given TC and its known evolution in the next year, we can train a machine learn-
ing model to predict future changes of TCs, i.e., their continuing, dissolving, merging and
splitting. We found the number of papers from certain journals, the degree, closeness,
and betweenness to be the most predictive features. Additionally, betweenness of TCs re-
vealed its significant increase for merging events. Our results represent a first step from a

descriptive understanding of the SciSci, towards one that is ultimately prescriptive.
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CHAPTER 1

Introduction

Modern science shapes the society in many important ways and the role of scientific knowl-
edge continue to grow in human society. Because of its profound influence on our daily
life, companies and governments invest a lot on scientific research to make our world bet-
ter. In some sense this outlook resulted from the scientific revolution [ Cohen, 1976 ], which
made the practice of science increasingly professionalized and institutionalized, and scien-
tific research more than just personal interest. These changes are closely associated related
with industrial revolutions, which greatly boosted productivity, reinforcing people’s pos-
itive attitude towards science and making scientific research an indispensable part of our
society.

Given this importance in our society, understanding the process of scientific research
becomes crucial. For example, universities and research institutes need to find qualified
candidates; companies and governments need to develop funding policies; scientists also
need to select their research directions and topics to have considerable outcomes to get

promoted and obtain more research resources. These challenging issues have existed for

1
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a very long time. In the past, people rely on intuition and experience to solve them. How-
ever, as science develops and expands, these traditional solutions become inadequate to
handle the emerging problems and challenges. The effort made to meet this strong and
urgent demand is a new research area called the Science of Science (SciSci) [Fortunato etal.,

2018; Zeng et al., 2017].

As a rapidly developing field, SciSci aims to quantify, understand and model the prac-
tice of science, including not only the papers, but also the ideas, scholars, research or-
ganizations and so on. Two key conditions are crucial to the emergence of SciSci. The
tirst is data availability. Nowadays scientific documents are digitized and can be accessed
through the World Wide Web. Many data sources store and organize the massive scientific
literature (arXiv, Scopus, PubMed, Web of Science, the U.S. Patent and Trademark Offices,
and others). These datasets make the large-scale analysis of science and testing empirical
data with model possible. The second is the rise of the field of network science. In the last
two decades, the field of network science developed rapidly [ Albert and Barabasi, 2002;
Newman, 2010; Dorogovtsev et al., 2007]. As the name suggests, in the field of network
science we focus on the study of the components of the system, such that the interactions
between components are described by the network model and the whole system has non-
trivial behavior, unlike their components. The methodology of network science have been
found to be very useful in study of social network [Borgatti et al., 2009], the topological
structure of the Internet [ Doyle et al., 2005], transportation network [Banavar et al., 1999 ]
and the human disease network [Goh et al., 2007], which are very hard to study using
traditional methods. For the purpose of this thesis, we need to understand why network
science is so helpful for the research of SciSci? The reason is that the practice of science is
embedded within multiple networks. First, scientific ideas rely on previous achievements,

and thus form a network of ideas. Second, scientists collaborate to solve difficult questions,



forming a social network. Finally, papers cite other papers, forming a citation network. All
these facts suggest the science does not work alone, but through complex connections. To
understand the structure and dynamics of science, we need to understand these connec-
tions. Network methods proved to be very useful in such a study. With the aid of complex
networks, scientists are able to study the complex system of science, which includes ideas,
researchers, research institutes, funding agencies and research articles. Their relations are
indeed complex and intractable with traditional methods. It is also worthy to point out
that such benefits are mutual — complex network theory help solve problems in SciSci,
at the same time we ask new questions in SciSci stimulating the development of complex

network theory.

In the last decade, significant progresses have been made in SciSci at the macroscopic
and microscopic levels. At the microscopic level, that is individual paper or scientist,
[Wang et al., 2013; Radicchi et al., 2008 ] have found the universality of citation distribution
and predictability of long-term citation pattern. This universality suggests a general law
that governs the citation dynamics in all disciplines, which involves preferential attach-
ment [Jeong et al., 2001 ], attention decay [Parolo et al., 2015] and a fitness parameter that
depends on the intrinsic quality of paper [Eom and Fortunato, 2011]. Interestingly, some
papers deviate from this universal curve: they receive very little attention after publica-
tion but suddenly get a burst of citations some time later. This kind of papers are called
sleeping beauties and are particularly important for SciSci because they are related to scien-
tific breakthroughs [Ke et al., 2015]. As the producer of scientific knowledge, scientists’
behavior also attracts our attention. Studies have shown that the success of a scientific ca-
reer is indeed a complicated question, and is influenced by gender [Lariviére et al., 2013],
the scientist’s mobility [Deville et al., 2014 ], reputation [Petersen et al., 2014], and career

stage [Sinatra et al., 2016].
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If we group papers or scientists, we move to the macroscopic level, to gain a big picture
of science. As early as 1963, [ de Solla Price, 1963 ] showed that the corpus of scientific docu-
ments grow exponentially, and this rapid growth continues today [Fortunato et al., 2018].
This process is a serious challenge to the entire scientific community, and its effect has
been disscussed by [Pan et al., 2018]. Using bibliographic data, [ Skupin, 2004 ] visualized
a knowledge domain with cartographic means, and the result showed a clear landscape of
research frontiers. The history and development of particular disciplines have also been
studied in [Bettencourt and Kaur, 2011; Sinatra et al., 2015] for sustainability science and
physics. This idea can even be extended beyond individual discipline. By studying the
data set covering multiple disciplines, researchers create a map of the relations between
disciplines [Boyack et al., 2005; Leydesdorff and Rafols, 2009]. On the other hand, the
papers and scientists can also be group together based on nations or institutes to study

scientific competition [Cimini et al., 2014; Cimini et al., 2016].

The research mentioned above provide valuable insight to SciSci, cover both small and
large scales, include measurement, modelling and prediction. However, the mesoscopic
picture—the level between microscopic scale and macroscopical scale is missed. In the
language of complex network, the community level of science is not well studied. Commu-
nity structure is the level between individual nodes and the whole component. The idea of
community structure comes from the observation that there exist tightly knit groups inside
many real-world networks, which include social networks [Girvan and Newman, 2002],
transportation networks [Mossa et al., 2005], telephone networks [Blondel et al., 2008],
neural networks [Hizanidis et al., 2016] and citation networks [Chen and Redner, 2010].
The nodes within such groups are well-connected while at the same time there are only
looser connections between nodes in different groups. As anatural division within the net-

work, community structure is very important to understand the large-scale structure of the



network, function of the network structure, the dynamical process within the network and
also the principles for designing artificial networks. Unfortunately, the community is not a
well-defined concept. Many different definitions of community have been proposed. One
type is based on the difference between the internal and external edges, which is very easy
to follow: since the community is the group of nodes have more insider connections than
outside connections, such difference should be larger for “good” community division and
small for “bad” community division. Based on this idea, the concept of modularity have
been proposed [Newman and Girvan, 2004], and many algorithms have been devised to
get community partition by trying to maximize the modularity. Unfortunately, finding an
optimal graph partition which has maximum modularity is known in general to be an NP-
hard problem, and therefore many efforts have been devoted to heuristic methods [ New-
man and Girvan, 2004; Blondel et al., 2008; Sobolevsky et al., 2014]. Over the course of
these studies, people also realized that there are several problem with modularity. One is
the modularity landscape has a larger number of distinct partitions, whose modularity are
very close to the global maximum [Good et al., 2010], which may lead to meaningless par-
titions with high modularity. Another problem is about resolution limitation, that means
modularity optimization may fail to extract communities smaller than a certain size, which
depends on the total size of the network and on the degree of interconnectedness of the

modules [Fortunato and Barthelemy, 2007].

Another class of algorithms utilize random walk to reveal the community structure.
If nodes are well connected by intra-community links and loosely connected by external
links, random walkers would be trapped inside each community for a long time, before
finding a way out and moving to another community. Based on this idea, two popular
methods Walktrap [Pons and Latapy, 2005] and Infomap [Rosvall and Bergstrom, 2008 ]

are proposed . The Walktrap method calculate the similarity between nodes i and j by
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the probability that a random walker moves from i to j in a fixed ¢ steps. Such similarity
should be large between nodes in the same community and small between nodes in dif-
ferent communities. The Infomap method try to yield the minimum description length of
an infinitely long random walk. The code words that minimize the description length can

then reveal the community structure.

A different way to tackle the problem of community detection is to use statistical infer-
ence. The stochastic block model (SBM) is widely used as a generative model of graphs
with communities. Many different SBM models are proposed for community detection
with the same goal: getting the parameters which maximize the likelihood of model to gen-
erate the network [Karrer and Newman, 2011; Peixoto, 2014]. Beside SBM, some models
are proposed to explain the formation of community [ Gronlund and Holme, 2004; Ihiguez
etal., 2009]. A useful literature review about community detection can be found in [For-

tunato, 2010; Fortunato and Hric, 2016].

In this dissertation, we would like to address the evolution of science at the mesoscopic
scale—the community level. The work included in this dissertation is primarily motivated
by the observation that the discipline and subdiscipline structure in science can be well
described by the community structure. The study on this level may give rise to a new
understanding of the trend of interdisciplinary research in recent decades. The history of
science has shown that the interaction between different disciplines is very complex. On
the one hand, different disciplines have their own questions, assumptions, and methods,
which make them professional and different from other disciplines. One important driv-
ing force in history of modern science is differentiation, where starting from traditional
philosophy, we now have mathematics, physics and chemistry. From the tradition of Nat-
uralis historia, we have modern biology and geology. Such differentiation boost the research

in both breadth and depth. On the other hand, communication between the different dis-



cipliness is also very important, perhaps even indispensable. Nowadays scientists face
very complex questions, and need tools from different disciplines, a well known trend in
interdisciplinary science and SciSci itself is a good example. Also, research in one field
can inspire people in other fields, like topological insulators, fiber bundle, gauge theory,
quantum computation, and quantum information, just to name a few. Despite the impor-
tance of this question, the evolution of science at the mesoscopic level is in its infancy.
Researchers already noticed the community structure of the Physical Review citation net-
work and tracked the important papers over 80 years [ Chen and Redner, 2010]. The rapidly
developing discipline Neuroscience be identified as the outcome of interaction between
Psychology, Neurology and Molecular & Cell biology. [ Rosvall and Bergstrom, 2010]. Re-
search at the macroscopic level has already noted the importance of the mesoscopic level,
like the subfield structure in physics research [Sinatra et al., 2015]. We will take a further
step in this direction, to study the evolution of science at the mescoscopic level in a sys-
tematic way, propose a method to quantify this process and analyse the role of interactions

between different communities, to shed light on SciSci at the mescoscopic level.

The dissertation is organized as follows. In Chapter 2 we define the knowledge evolu-
tion in terms of community structure evolution and study this evolution in the APS citation
network. Chapter 2 is divided in two parts. In the first part, we argue that a group of pa-
pers published in the same time period sharing significant overlap of references can be
defined as a research field, which we call a topical cluster (TC). TC is the elementary unit
in knowledge evolution and the inheritance relation between TCs in consecutive years can
be defined in terms of their reference’s similarity, which we measure using intimacy in-
dices. The alluvial diagram of knowledge evolution in the APS dataset is drawn based on
TCs and their intimacy indices. This approach is general, and can also be used to track co-

citation evolution with some modifications (see Chapter 4). In the second part, we analyse
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the statistical distribution of merging and splitting, and the phenomenon of linear recom-
bination in merging. We find that strong inter-community connection is predictive of an
imminent merging event between two TCs, but a more complex correlation between intra-
community structure and a splitting event arising in the TC. We report a case study of two
tields that underwent repeated merging and splitting in the 1990s and how these events
produce large impacts on the TCs’ reference distributions. The results in this chapter were

published in [Liu et al., 2017]

In Chapter 3, we study the knowledge evolution process from a different perspective—
language. It is well known that different research fields use different terminologies and
like the reference, terminology also evolves with time. Using the concept of scientific
memes proposed in [Kuhn et al., 2014], which are words that successfully spread them-
selves through citations, we develop a method that can label TCs with highly-correlated
memes, to significantly improve the readability of alluvial diagrams. Like TCs, memes also
have rich interactions. We develop a method to measure the distance between memes and
found ‘optical” and ‘quantum’ to be among the strongest merging meme pairs in the last
three decades, consistent with what we know from the history of physics. The coevolution

between meme and TC is also discussed.

In Chapter 4 we move on to prediction, which has important implications for funding
policies. It has been shown in Chapter 2 that the correlation between evolution events and
network metrics is very complex. Therefore we introduce the machine learning techniques,
which are good at handling complex relations between multiple variables, to predict the
evolution event based on network structure. To do so, we modified the group evolution
prediction (GEP) method used in social network analysis to classify the evolution events
and predict future events based on a selected set of network metrics. The prediction per-

formance is significantly higher than random guesses, tell us therefore that the knowledge



evolution process is intrinsically predictable. Furthermore, feature ranking suggests that

betweenness is very informative for prediction, and this prompted us to do an in-depth

analysis of the relationship between betweenness and the knowledge evolution events.
We conclude in Chapter 5, summarizing our findings and discussing the outlook en-

abled by this study.



CHAPTER 2

Evolution of community structure in the Physical Review citation network

According to Karl Popper, science progresses through repeated hypothesis testing [ Popper,
2013]. Hypotheses contrary to empirical evidence must be rejected, while those consistent
with data survive to be tested another day. In this picture of the scientific enterprise, our
knowledge of the world around us is always tentative, but becomes more complete over
time. On the other hand, Thomas Kuhn believes that the accepted knowledge of a given
time is the result of consensus amongst scientists, based on evidences consistent with their
theories [Kuhn, 1962]. However, when too many conflicting evidences are found, a new
consensus can form around new theories in what he called a “paradigm shift’. Kuhn gives
special relativity and quantum theory as examples of paradigm shifts. Looking back, we
realize these two theories have enormous impacts on how we understand the world today.
But could there be paradigm shifts of various scales that have also contributed to reshaping

our knowledge of physics?

Many historians of science have noted the strongly reductionistic flavor of scientific re-

search in the last couple of centuries [Wootton, 2015]. Starting as natural philosophy, the

10
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body of scientific knowledge became separated disciplines of astronomy, biology, chem-
istry and physics. Within physics itself, we also observe the emergence of high energy
physics, condensed matter physics, biophysics, and photonics. These are the results of
the splitting of science into more specialized fields. At the same time we also observe
in parallel the merging of fields, such as the merging of astronomy and physics to give
astrophysics, biology and chemistry to give biochemistry, and others “that arose by di-
vision and recombination of specialties already matured" [Kuhn, 1962]. These develop-
ments have been discussed extensively by philosophers and historians of science, but un-
like our quantitative understanding of physics, our appreciation for the processes through
which we acquired our knowledge of physics remains at a highly descriptive level. Some
progress has been made in addressing this problem [Bollen et al., 2009; Kuhn et al., 2014;
Jia et al., 2017]. In particular, the following three papers provide the inspiration for our
study. Chen and Redner suggested that long-range connections can form between dis-
parate fields because of the development of “a widely applicable theoretical technique, or
cross fertilization between theory and experiment” [Chen and Redner, 2010]. Visualiz-
ing the cross citations between neuroscience journals, Rosvall and Bergstrom traced the
growth and maturation of neuroscience as a discipline [ Rosvall and Bergstrom, 2010]. Us-
ing embryology as a specific example, Chavalarias and Cointet created a phylomemetic

network visualization for the evolution of science [Chavalarias and Cointet, 2013].

Before further discussion on the knowledge evolution, we would like to emphasize that
in this thesis we focus on the quantitative study of knowledge evolution from the network
perspective, instead of launching into a philosophical discussion. Having said this, we
introduce the works of Karl Popper and Thomas Kuhn because our results suggest some
connection or parallel between the empirical evolution of scientific knowledge and their

philosophies of science. However a rigorous discussion of their philosophical opinions is
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beyond the scope of our thesis, therefore we would like to give our own definition here to
avoid potential confusion. The elementary unit of knowledge evolution in this thesis is a
topical cluster, which is a idea-researcher-paper complex. As the first step, we consider the
topical cluster at the paper level since evolution on multiple levels will make the analysis
significantly harder (see Chapter 5 for more discussion). Inside this unit, ideas are closely
connected with each other, researchers who have common interest collaborate with each
other and the papers cite each other. Like the ship of Theseus, the idea-researcher-paper
complex is also constantly changing. Considering the nature of these changes, it is very
helpful to classify them into two qualitatively classes. Therefore, we introduce two op-
erational definitions: Popperian processes and Kuhnian processes. A Popperian process
is the relatively smooth change of topical cluster whereas a Kuhnian process is the rela-
tively severe change in the topical cluster. These definitions are connected to the debate
between Popper and Kuhn, although their meanings are not exactly as what Popper and
Kuhn wrote in their books. An accurate and rigorous discussion about the connection
between Popperian, Kuhnian process and repeated hypothesis testing, paradigm shift is
beyond the scope of thesis. Therefore in the following chapters we only adopt our opera-

tional definitions.

2.1 Community structure of bibliographic coupling network

While these previous studies point to the evolution of scientific knowledge, they do not
identify the entity that is recognizably ‘knowledge’, or they do not study the interactions
between such objects. Therefore, it is instructive to discuss the definition of ‘knowledge’
tirst before studying its evolution. As the central topic of epistemology, ‘knowledge” is
a very subtle and complicated concept. We do not intend to engage with metaphysics in

this thesis, but would instead we would like to give an operational definition of knowledge
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which is useful from SciSci perspective. In this thesis, we define ‘’knowledge” as people’s
understanding of particular subjects. To motivate this definition, we have to understand
that scientific research is a process of reaching consensus. Each paper, even after peer
review, can only represent a single opinion. It is very common for people to hold differ-
ent opinions on the same topic or study the same topic from different perspectives. They
should all be considered as parts of the knowledge. Therefore we use “people” rather than
“person” in our definition. At the same time, science is about finding answers to concrete
questions, therefore people’s understanding always concern certain subjects rather than
something abstract. This definition is based on the features of scientific research, and is
therefore suitable for the SciSci study. On the other hand, this definition is quite general:
the method we take in following chapters is only one possible way to study knowledge
evolution under this definition, and other methods are possible. While in this thesis we
study knowledge evolution by tracing scientific papers, it is worth pointing out that knowl-
edge evolution also happens at other levels. If one day the discussion and interaction be-
tween scientists during conference is available for research, knowledge evolution can also
be studied using this data at the level of researchers. All of these are also consistent with

our definition of ’knowledge’.

To clarify what constitutes knowledge, we start with the bibliographic coupling net-
work (BCN) [Kessler, 1963 ], proposed by Kessler and used extensively in computer sci-
ence [Yan and Ding, 2012; Huang et al., 2003]. In a BCN, nodes represent papers, and
if two papers share w common references, we draw an edge with weight w between them
(see Fig. 2.1). The BCN is suitable for our purpose for two reasons: (i) the BCN for a given
year consists only of papers published that year and does not change after more papers are
published later, so features in the BCN represent the state of knowledge in that year; and

(ii) the appropriate collective unit of knowledge is a community in the BCN instead of a
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tew key papers or a journal. There is another way to construct the similarity network — co-
citation network (CN) [Small, 1973]. As in the BCN, nodes represent papers in CN, and
the edge between two nodes has weight w if these two papers are cited together by w other
papers. The CN is very useful for citation analysis because it provide a forward-looking
assessment on document similarity and thus we study the predictions on both BCN and
CN in Chapter 4. However in this chapter we only focus on the BCN because compared to
the CN, BCN is easier to interpret for knowledge evolution. As stated above, the BCN for
a given year consists only of papers published that year and does not change after more
papers are published later, so features in the BCN represent the state of knowledge in that
year. By contrast, the CN can only reflect the papers (published before) which influence
the knowledge in that year. In some sense, the BCN is the “first hand” network and the CN
is the “second hand” network for knowledge evolution. Therefore in the following part of

this chapter we only study the community evolution in the BCN.

Currently there are many large bibliographic data set available for research. The largest
one we know is the Web of Science (WoS) database [web, ]. According to its webpage, it
covers publications in 256 disciplines in science, social science, arts, and humanities. It
has more than 90 million records and each record includes citation indexing, author(s),
title, abstract, publication year and so on. The width and depth of this database make it
an ideal material for SciSci research, and many papers have been published based on the
WoS database [Sinatra et al., 2015; Parolo et al., 2015; Uzzi et al., 2013]. However we do not
have access to the WoS database, and therefore we do not use it in this thesis. Apart from
the WoS data set, several other data sets are also good for SciSci research, including the
APS data set, the NBER U.S. patent citations data set [usp, |, the ACL anthology reference
corpus [acl, |, etc. Among all these data sets, we chose the APS data set as the main

research subject for the following reasons. First, the APS data set is well known in citation
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network research and many important results are already known about it. These are very
useful for our own research, particularly the results in [Kuhn et al., 2014]. The second
reason is that we are from a physics department, and therefore when compared to data sets
from other disciplines, we have more domain knowledge on the APS dataset. This proved
to be very important when we perform the meme analysis. In another data set, even we
manage to find the representative memes, we will not understand the real meaning behind
these memes. Although our method is applicable to all disciplines, domain knowledge is

still very useful to gain particular insights when the research is in the primary stage.

The APS citation data is available from the American Physical Society for researchers
who meet their criteria [APS, ]. The data set includes two parts: one is for citing arti-
cle pairs (if paper A cites paper B, there will be an entry consisting of the pair of DOIs
for A and B), another is for metadata of papers (including DO, journal, volume, issue,
first page and last page, title, authors, affiliations, PACS codes, article type, etc.). Both
of them are essential for our study, where we use the first part to construct the network,
and the second part to mine more information about knowledge evolution beyond the
citation level (PACS codes are used to test the community structure, titles and abstracts
are used to extract scientific memes). The data set we used includes 541,448 papers from
1893 to 2013 and 6,040,030 citation pairs. Many important studies on SciSci have been
done using the APS data set. One of the earliest study is from [Redner, 2004 ], where he
studied the statistics of citations on APS papers from 1893 to 2003, and found it is con-
sistent with linear preferential attachment. After this, more researchers studied this data
set from different angles. Some researchers study the coauthorship network [Martin et al.,
2013], which is very important to understand the trend of collaboration in modern physics.
The problem of author name ambiguity has also been studied in the APS data set [Klosik

et al., 2014; Deville et al., 2014]. Other studies focus on the citation distribution [Radicchi
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and Castellano, 2011 ], citation prediction [Wang et al., 2013], or the measure of interdisci-
plinarity [Pan et al., 2012], just naming a few. In fact, these citation network research not
only deepen our understanding on physics research, but the methods developed can also

be used to study citation networks in other disciplines.

x/?
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Figure 2.1: Building a BCN (lower) from a citation network (upper): circles with numbers
are papers under consideration, circles with letters are their references, and numbers on
edges are weights.

To determine the statistical significance of our empirical BCNs (Fig. 2.2(a)), we built a
null model for comparison. In our null model, we fixed the out degrees and in degrees of
all papers (citing and cited), so that we can directly compare the null model to the empir-
ical BCN. To form the null model, we randomly rewired the edges of the citing and cited
papers to get an ensemble of artificial bipartite citation networks. The ensemble of artificial
BCNis is then obtained from these bipartite networks (Fig. 2.2(b)). If the empirical BCN
is obtained purely by chance, its distribution of edge weights should be close to the dis-
tribution of edge weights of the ensemble of artificial BCNs. The results show that in the
real BCN edge weights are far more heterogeneous (see Fig. 2.2(c)) than expected from
our null model, suggesting that these weights are meaningful, and not the result of purely

random connections. This heterogeneity can be explained by the presence of communi-
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ties that we extracted using the Louvain method. Compared to the null model, the real
BCN has more edges with high weight (in Fig. 2.2(c) all edges has weight more than 1 be
considered high-weight edge). We suspect these are the most meaningful edges, arising
from the paper’s content. If two papers focus on the same topic, they will more likely have
more than one reference in common. This effect also manifest itself in the degree distribu-
tion: the null model has a flatten degree distribution at small degrees because the edges
are drawn by chance, whereas in the real BCN this coupling is based on content, meaning
that papers will have edges mostly with papers that are trying to solve the same problems,
so the real BCN will have more low-degree nodes, fewer high-degree nodes compared the
null model. The most prominent feature of this content-sensitive citation is community
structure: in the real BCN, papers focussed on the same topic share more common ref-
erences with each other than papers focussed on different topics, so that the densities of
edges within topics are much higher than between topics. Therefore the modularities of
communities extracted by the Louvain method in the real network is much higher than in

the null model, as shown in Fig. 2.2(d).

As mentioned, after building the BCN, we applied the Louvain method based on the
maximization of modularity, to extract the community structure [ Blondel et al., 2008]. We
already mentioned in Chapter 1 that there are many different algorithms to extract com-
munity structure, and the Louvain method belongs to the family that tries to maximize
the modularity. The main inspiration of the Louvain method is that there are several
natural organization level—communities, sub-communities, or sub-sub-communities—
inside most large real-world networks. To discover the community structure, the Louvain
method is applied in two phases: we first identify small groups by optimizing the modu-
larity locally on all nodes. This phase will finish when no further improvement on modu-

larity can achieved. In the second phase, each small group is treated as a single node, and
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Figure 2.2: (a) Original citation network and its BCN. (b) A rewired citation network keep-
ing in degrees and out degrees fixed and its BCN. (c) Comparison of the degree and weight
distributions of papers published in 1991, between the real BCN and the null model. (d)
Modularities of the best partitions extracted by the Louvain method for the real BCNs
and the null model between 1991 and 2000. Results from null model are averaged over 10
different rewirings, and the error bars are much smaller than the marker size.

the local modularity optimization is repeated until the modularity cannot be increased
by any further clustering. The hierarchical structure will be revealed naturally through
the second phase. The Louvain method is widely used because it is efficient on large net-
works, and often chose as the benchmark for comparison between different algorithms. It
is important to note that currently we still not have a ‘silver bullet’ to decide which meth-
ods give us the ‘right’ results in real-world network without prior information. Therefore
the choice of algorithm depends on the network type and underlying mechanism. In our

study, since we do not know much about the mechanism underlying the BCN, we try to
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maximize the modularity as the first step to tackle this problem. Considering the fact that
papers around the same topic should have more common reference that papers in different

topics, maximizing modularity in the BCN to get the topical cluster is reasonable.

It is worth noting an important concern of community detection in any application,
that is false group identification. More specifically, node 1 ‘in fact’ belongs to group A4,
but the community detection give the result B. In the ideal case the detection algorithm
should assign each node with the correct group label. In reality, the situation is much more
complicated. First, because of the existence of interdisciplinary papers, there is no clear
and hard boundary between topical clusters. Some papers are bridges between different
topics, therefore it is very hard to decide which community we should put such papers in.
In other words, some nodes are intrinsically harder to classify than other nodes. In our
study, such nodes are more likely to be interdisciplinary papers. The result of community
detection on these nodes then depends on the algorithm type or even initial condition. One
possible way to solve this problem is to allow overlapping communities. However, over-
lapping communities will cause other problems with evolution quantification, a problem
we will discuss in greater detail in Chapter 5. Second, and perhaps more importantly, is
that in most cases we do not have information on the ground truth to test our detection
results against. Although we realize the risk of putting node 1 into group B rather than
into group A (the ground truth), we will not know beforehand that the ground truth is
that node 1 belongs to group A (this is why we do the community detection). Because
of these two reasons, we can not eliminate the false group identification easily. Notwith-
standing this, we are confident that the effect of false group identification is negligible.
The modularity of our community detection is very high (about 0.7). This suggests that
the intra-community connection is much denser that inter-community connection, in other

words, the boundary between communities is very clear, not fuzzy. The probability of false
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group identification is low in this situation. We also use node attributes (the PACS num-
ber) to cross validate the community detection results, as given in the next paragraph. As
far as PACS numbers are concerned, the communities are homogeneous (almost all papers

in a community having the same PACS numbers), and this result is statistically significant.

As mentioned above, to verify that the communities extracted are really focussed on
closely related questions, we check the Physics and Astronomy Classification Scheme (PACS)
numbers of members of the communities. PACS number is a scheme for classifying physics
and astronomy literature using a hierarchical set of codes. Each PACS code consists of six
alphanumeric characters divided into three pairs, with the lowest-level term giving the
most detailed information. For example, in PACS 2010 version, 03.XX.XX means Quantum
mechanics, field theories, and special relativity. If we go two levels deeper to 03.65.XX,
then we are talking about Quantum mechanics. Finally, under Quantum mechanics,
03.65.Nk is about Scattering theory, 03.65.Ud is about Entanglement and quantum non-
locality. Such numbers are provided by the authors to indicate which subfields of physics
their papers belong. In our case, we only use the first two digits of the PACS numbers, as
a balance between accuracy and coverage since the TC is a mesoscopic entity. We list the

first two digits of the PACS numbers in Appendix B.

To test whether the PACS numbers appearing in the communities could have occurred
by chance, we choose one year ¢, build its BCN, extracting the community structure with
sizes {s1,52,...,5,}, and then randomly assign papers in year ¢ into n pseudo-communities
of the same sizes, to remove any potential size effects. For a community of size s, we then
identify the largest subset of papers sharing the same PACS number. This PACS number
can represent the subfield of the community to a certain extent, and the fraction of papers

in the largest subset reflect the homogeneity of the community. The largest subset of pa-
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pers sharing the same PACS number in a random collection of s papers is typically small.
Dividing the sizes of the largest subsets in the empirical communities and in the random
collections, we find ratios are larger than 1 for most cases (see Fig. 2.3). That is to say, for
most communities, this is highly unlikely, so we conclude that the groupings of papers
extracted are meaningful. The results show that the communities extracted are papers re-
ally focused on closely related topics, so we refer to these validated units of knowledge as

topical clusters (TCs).
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Figure 2.3: Comparison of PACS homogeneity between real BCN communities between
1991 and 2000 with more than 50 papers, and their corresponding random collections. (a)
The red squares correspond to the sizes of the largest subsets of papers sharing at least
one PACS number, 7., in the empirical communities divided by the same quantity found
in the corresponding random collections, 7,44, as a function of the community size s. (b)
The fraction of the largest subset of papers sharing at least one PACS number as a function
of s for real communities in the BCN and random collections. For clarity, the small error
bars are not shown in the figures.

2.2 Evolution of community structure and alluvial diagram

To study how knowledge evolves, we investigate how TCs {6"} in year ¢ become {¢""'}

in year ¢ + 1. From now on we use C}, to denote a topical cluster m in time 7 and here ¢" =
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{c!,....C,,,....CL} and "1 = {C|!,...,Ci"1,...,CI" 1} are the collections of topical clusters
in time ¢ and ¢ 4 1 respectively, namely all TCs in time 7 and ¢ + 1. The papers published in
different years are distinct, but they do overlap in their references. Therefore we use this

fact to define a forward intimacy index I,, and a backward intimacy index IZ,,:

t+1 t

I{m ZN( i )N R r%m :
~ N (R, %#'t") L(%),)

b N (Ri,%,) N (R %;"")

Ion =3 :
=N (R %) L ()

R, "
17
(2.1)

to quantify how close C!, is to C;"!. Here we denote the references cited by papers in
C!, and C,*! as Z!, = #(C,) = [Rut, ..., Rmp] and Z,"1 = Z(C™1) = [Ry1,...,Ryg); and #' =
{Z#,,.... %], ...} is the collection of all references cited in year t. N(element,list) is the num-
ber of times element occurs in list, and L(list) is the length of list. Both forward and back-
ward intimacy indices take on values between 0 and 1, see Appendix A for the proof. The
larger the intimacy index, the clearer the inheritance relationship between two TCs. In
this definition, we assume each citation instance in 7 will be uniformly distributed over all
instances of the same citation in ¢ 4 1, while each citation in 7 + 1 receives equal contribu-
tions from all instances of the same citation in 7. In general, this index is asymmetric, i.e.
I/;n £1b ..y Decause the references are not cited the same number of times in the two years.
Take Fig. 2.4 for example, to calculate the intimacy indices between (D@ and ®@®), we
observe that: N(A,Z(®,?),®)) =3, N(A,Z(D,d)) =2, N(A,Z(©®,D),®,9,00,01D)) =3,
L#(D,2))=4,N(C,2(©,D,®)) =1,N(C,2(D,2))=1,NC.%(©®,,®,0,10,0)) =

4. Therefore, the forward intimacy index between (@) and ® @) ®) is = N @gi@@@@@@@ )
Na2(D.D)) Ne2(©.D.®) u @.Q) _ 3 | _ 0560
L#z((D,2)) T NC2®.0.8.9.00.0) * L@ @D.Q) >< 2+1x1=0.5625. Inasimilar

way, the backward intimacy index between D@ and ®@®) is 2 3 X 5 + Z X 5 =0.45.

According to the above mentioned methodology we visualized the sequence of TCs
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t t+1

Figure 2.4: Topical clusters (papers 1, 2 citing reference A twice, reference B once, and
reference C once; and papers 3, 4, 5 citing reference A once, reference C three times, and
reference D twice) in year ¢ (left) and (papers 6, 7, 8 citing reference A three times, ref-
erence C once, and reference F once; and papers 9, 10, 11 citing reference C three times,
reference D once, and reference E once) in year # + 1 (right), and their forward (right of
the year-t TCs) and backward (left of the year-t 4 1 TCs) intimacy indices, shown as flows.

and their intimacy indices, the evolution of physics research they represent in the form
of alluvial diagrams and the results are very clear. For example, in Fig. 2.5 we can clearly
see the birth of PRA, PRB, PRC and PRD from PR in 1970. Each journal consist of several
TCs, which existed even in the PR era. The editorial decision to split PR is consistent with
the self-organized TCs even though it was done without classification analysis. We also
plotted an alluvial diagram for 1991 to 2000, showing the splitting of PRA into PRA and
PRE. As we can see from Fig. 2.6, before 1993, there were several PRA-dominated TCs. Af-
ter the split in 1993, some PRA-dominated TCs remained PRA-dominated, whereas other
PRA-dominated TCs became PRE-dominated. This means that even before 1993, papers

in PRA were already divided into groups based on different topics, some of which are
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Figure 2.5: The alluvial diagram of APS papers from 1965 to 1974. Each block in a column
represents a TC and the height of the block is proportional to the number of papers in the
TC. Only communities comprising more than 100 papers are shown. TCs in successive
years are connected by streams whose widths at the left and right ends are proportional
to the forward and backward intimacy indices. The different colors in a TC represent the
relative contributions from different journals.
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predecessors of the PRE TCs.
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Figure 2.6: The alluvial diagram of APS papers from 1991 to 2000. Each block in a column
represents a TC and the height of the block is proportional to the number of papers in the
TC. Only communities comprising more than 100 papers are shown. TCs in successive
years are connected by streams whose widths at the left and right ends are proportional
to the forward and backward intimacy indices. The different colors in a TC represent the
relative contributions from different journals.

More importantly, from the alluvial diagram we can identity the key interactions be-
tween TCs that are correlated with important publications. Here we showcase one such
episode between 1991 and 2000, involving interesting interactions between quantum op-
tics (QO), quantum information (QI), and Bose-Einstein condensation (BEC). These three
fields experienced breakthroughs in the 1990s. In Fig. 2.7 we highlighted the evolution of
TCs that are related to these three topics and show the three most cited papers in these TCs
in Appendix C. At the beginning of the decade, we see two PRA-dominated TCs. Based
on the papers they contain, we can loosely associate one with quantum information (QI)

and trapped atomic ions (BEC), and the other with quantum optics (QO). In 1993, the QI
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+ BEC TC cited many QO papers, and in 1994, the QO TC cited many QI + BEC papers.
Following this ‘cross-fertilization’, the two TCs merged in 1995, the same year Cornell et
al. [Anderson et al., 1995] and Ketterle et al. [Davis et al., 1995] published their seminal
papers demonstrating BEC in dilute atomic gases. In recognition of their works, Cornell,
Wieman, and Ketterle were awarded the 2001 Nobel Prize in Physics. The PRA-dominated
TC split after 1996 to give one that is exclusively BEC, and another that is still a combination
of QI + QO. It was after Zeilinger demonstrated in 1997 experimental quantum telepor-
tation [Bouwmeester et al., 1997] that the QI + QO TC split into a QI TC and a QO TC.
After receiving more influence from another PRB-dominated TC, the QO cluster produced
yet another breakthrough paper, in the form of ultraslow light in hot atomic gases [Kash
et al.,, 1999]. Without the data visualization done here, few may suspect the existence of

such connections between BEC, quantum teleportation and slow light.
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Figure 2.7: The same alluvial diagram of APS papers from 1991 to 2000 as Fig. 2.6, where
we colored only TCs highly related to quantum optics, quantum information and Bose-
Einstein condensation.
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2.3 Analyses of the evolution

Some TCs have more references overlapping with those in the previous year, while other
TCs have less. To quantify the evolution of references, we sum the forward and backward
intimacy indices for each TC. These represent the percentage of a TC’s references going to
the next year, and the percentage of references the TC inherited from the previous year,
which we think of as the ‘outflow” and ‘inflow” respectively. As shown in Fig. 2.8(a) and
(b), most outflows and inflows are distributed within a narrow range, but there are ex-
ceptional cases as well: such as a single peak in Fig. 2.8 (b), whose references overlap sig-
nificantly less than normal with the previous year. In the context of birth, death, growth,
decay, split, and merge knowledge processes, we are inclined to call this event in 1993 the
birth of a TC. Further analysis shows that most common PACS codes are: 03 (Quantum
mechanics, field theories, and special relativity), 42 (Optics) and 63 (Lattice dynamics).
Looking at the references of this TC, we find that most of these comes from 1990, 3 year be-
fore. This interesting phenomenon is therefore more appropriately identified as a sleeping

beauty [Ke et al., 2015].

Every year, physicists absorb new references and drop old references as their fields
progress. Although this ‘metabolism” differ from TC to TC, the whole process is quite
stable over all TCs, as shown in Fig. 2.8(c) and (d). This universal curve can be used as a

benchmark for the test of scientific impact, as we have done in Fig. 2.16.

From Fig. 2.5 and Fig. 2.6 we see a diversity of inflows and outflows from one TC to
another: some TCs are derived almost exclusively from one source, others receive strong
contributions from a small number of sources, or weak contributions from a large number

of sources. To quantify such diversity, we construct a forward mixing degree of community
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Figure 2.8: The metabolic analysis of APS papers in the 1990s. (a) The distribution of out-
flows of TCs. (b) The distribution of inflows of TCs. (c) Proportions of APS paper’s refer-
ences published in different years. (d) Proportions of APS paper’s references published in
different years, relative of the year 0 of publication. (e) The distribution of forward mixing
degree of TCs. (d) The distribution of backward mixing degree of TCs.

C!, and backward mixing degree of C;"! analogous to the Gini-Simpson index [Jost, 2006]:

2
Mi=1-Y, (I/:m/znllin,> ,

M= 1%, (% /X 12,7,

(2.2)
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which measure the probabilities that two streams taken at random from the TC’s out-
flow/inflow (with replacement) represent different streams. A TC with low forward /back-
ward mixing degree has effectively one child /parent, whereas a TC with high forward /back-
ward mixing degree undergoes/results from strong splitting/merging. Asshownin Fig.2.8
(e), (f), neither are frequent. It is more common to find weak mixing between TCs, how-
ever the mechanism behind this weak mixing is still not clear. It is wroth noting that the
shapes in Fig. 2.8 (e), (f) are largely depend on our definition of intimacy indices and
mixing degree and even the community detection algorithm. The mechanism behind not
mixing — weak mixing — strong mixing is not well-understood, and this may be the key to
understanding the evolution of scientific knowledge. Please refer to Chapter 5 for more

discussion.

At this point, let us recall the Popperian and Kuhnian pictures of the evolution of
knowledge, where we expect incremental growth punctuated by abrupt paradigm shifts.
Certainly, at the aggregate level of PR series of premier physics journals, the number of
articles published has grown over the years. When we partition these articles into TCs, we
naively expect that some clusters will grow/shrink because of growing/declining interest
in their topics. From the alluvial diagrams, we realize that the real picture is far more com-
plex because of recombinations between TCs. Therefore, instead of measuring the growth
rates of pure TCs, we need to measure the growth of recombined TCs. To do this, we as-
sume that the contribution of C', to the size of C,"! is proportional to the size of C!, and

also the normalized forward intimacy index I,‘,’in /¥, I;f,n, ie.
L) = L L(Cl) (i | L Tin). (23)

When we plot the predicted sizes L'(C.,"!) against the observed size L(C/*!) in Fig. 2.9, we

find (L'(C,*1),L(CT1)) scattered about a straight line with slope with 1.06, which is the
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Figure 2.9: (a) Plot of observed (y-axis) against predicted (x-axis) sizes of recombined
TCs, showing a linear growth with slope 1.06 (dashed line). This linear growth is the
same for TCs with (b) high (red) or (c) low (blue) backward mixing degree.

annual growth rate of the number of papers in APS journals. This tells us that the growth

of recombined TCs is also Popperian.

Next, we consider the Kuhnian processes of splitting and merging. For merging events,

the similarity

S(C,Cy) = Yl | S V(AL ) L ) (2.4)

measures the overlap between the offsprings of the TCs C;, and C!, in year ¢. If C}, and C!,
merge perfectly into a single TC in year 7 + 1, S = 1. On the other hand, if the offsprings
of C}, and C!, are distinct, S = 0. In general, 0 < § < 1. The value of S cannot be treated as
a ‘prediction’, because we made use of information from years ¢ and ¢ 4+ 1 to compute it.

As two TCs evolved from being distinct to merging into a single TC, we expect to find few,
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low-weight edges between them in the BCN when they are distinct. This sum of weight of
edges would gradually increase until the sum of weight between C;, and C/,, is comparable
to the sum of edges within C,, and C,,. At this point, the two TCs merge. Therefore, to do

the prediction, we define

(G Co) = W(C,,, G/ (L(C,)L(Cy)), (2.5)

where W(C,,,C"

m'

ized against the sizes of TCs involved. Fig. 2.10 shows that S(C!,,C’ ) and T(C!,,C!,) are

) is the sum of weights of edges between papers in C;, and C!,, normal-

highly correlated. High T(C},,C,) leads with a large probability to a high S(C,,C’ ). An-
alyzing the APS papers in the 1990s, we found a Spearman’s rank coefficient of 0.804 be-
tween T(C},,C!,) and S(C;,,C! ) over all TCs (with at least 100 papers). However, because

the average Pearson correlation coefficient is only 0.504, such a relation is not linear (see

Fig. 2.11).

s(ct . Ct)

igex

m)

Cvtn ’)

0 0.64 O 0.0135
2 056 2 0.0120
4 0.48 4 0.0105
6 040 6 0.0090
0.0075

8 032 8 0.0060
10 024 10 0.0045
12 0.16 12 0.0030
14 0.08 14 0.0015
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Figure 2.10: (left) S(C;,,C!,) of 16 TCs in 1991, computed using forward intimacy indices
going from 1991 to 1992. (right) T'(C;,,C!,) of the same 16 TCs, using information from
1991 only. We use the same ordering of TCs in both matrices.
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Figure 2.11: The scatter plot between T'(C},,C},,) and S(C;,,C! ) among all TCs (with at least
100 papers) in 1990s.

We also tried to predict the splitting events. The first factor we considered is TC’s size.
We divided all TCs in 1990s into two groups: one for TCs larger than median size, another
for TCs smaller than median size. The medians and means for the forward mixing degree
in these two groups are very close. Furthermore, the Pearson correlation coefficient be-
tween size and forward mixing degree is —0.031 (see Fig. 2.12). Therefore, we concluded
that a TC does not become more likely to split as it grows larger. The second factor is the
TC’s internal structure. Here the situation is more complex: when we use the dendrogram
extracted from the Louvain method to identify subcommunities, we found that different
TCs have different internal structures (see Fig. 2.13), some have a few large subcommu-
nities, while others have many small subcommunities. Naively, we expect the criterion

for splitting is the opposite to merging, i.e. the easier it is to tell one subcommunity from
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others, the higher the chances for a split. The boundary index

Ziﬁéiz Zjlecil A(Jl Y jz)/Zl}#h L(Cil )L(Cl )
J2€Ciy

YiXj hec AU, j2)/ LiL(G)L(C;)

B= , (2.6)

which is the ratio between inter-subcommunity edge density and intra-subcommunity
edge density, measures how indistinct the subcommunities are in a TC. Here A(jy, j») is the
weight of the edge between papers j; and j,, and C; is a subcommunity in the given TC.
However the picture we find is not as simple as the merging case. When we plot forward
mixing degree M/ against B, we find the expected decreasing trend, but at the same time,
the large scatter makes it impossible to reliably predict a splitting event using B. To better
understand the relationship between M/ and B, we use quantile regression [Sienkiewicz
and Altmann, 2016] to find that the B has no ‘prediction power’ when M/ is small, but
becomes ‘predictive’ when M/ is large. That is to say the relation between B and M/ de-
pends on the decile, as shown in Fig. 2.14(a), (b). The slopes show that for the decile of
most strongly splitting TCs, increasing the standardized B by one standard deviation will
decrease M/ by about 0.05, whereas for the decile of the least strongly splitting TCs, there

is no obvious trend.

We also define a fragmentation index
i:jli)

where w; is the size fraction of the top level subcommunity i, s jli] 18 the relative size fraction
of subsubcommunity j inside subcommunity i. The more fragmented a community is, i.e.,
more and smaller subcommunities, the closer F is to 0. Quantile regression between F and
M/ gives very similar results as B and M/, i.e., for the decile of most strongly splitting TCs,

increasing the standardized F by one standard deviation will decrease M/ by about 0.06,
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whereas for the decile of the least strongly splitting TCs, there is no obvious trend as 8

close to 0, as shown in Fig. 2.14(c), (d).
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Figure 2.14: Relation between boundary index, fragmentation index and forward mixing
degree of TCs in 1980s and 1990s. (a) Each dot corresponds to one TC, dash lines show
QR results for quantiles 7 = 0.1,0.2,...,0.9. (b) B coefficients (slopes of QR in the (a) as a
function of 7. The red arrows show By, = B(t =0.1), Brur = B(t =0.5) and B, = (7 =
0.9), as, respectively, the nock, a circle on the shaft, and the head of the arrow, the blue
solid line represents 0. (c) Each dot corresponds to one TC, dash lines show QR results
for quantiles 7 =0.1,0.2,...,0.9. (d) B coefficients (slopes of QR in the (c) as a function
of 7. The red arrows show B, = B(t =0.1), Bruy = B(T =0.5) and B, = B(T1 =0.9), as,
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Finally, we want to know the impacts of such merging and splitting events. To do
this, our analysis should obey the principle of causality, that is any results must be due
to something that happened in the past, and not something that happen in the future.

This means we should use the backward intimacy index for correlation analysis, because
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the backward intimacy index will provide information about the past, while the forward
intimacy index is about what happens in the future. We first check for an increase in the
number of publications after such events, but found an insignificant difference in paper
numbers in strongly and weakly mixing TCs (see Fig. 2.9(b) and (c)). We suspected this
isbecause our data set is confined to the APS publications, and a more careful check should
include other physics journals to capture any ‘influence spillover’. When we think of high-
impact research, we also think of highly-cited papers. Therefore, to quantify the impact of
strongly-splitting events in the alluvial diagrams, we counted the citations of TCs resulting
from splittings. As shown in Fig. 2.15, we did this for number of citations 2 years after the
events, and also 5 years after the events. There were no obvious trends. The results of

backward mixing degree, i.e. merging, are similar.

Focusing on the highly productive chain of knowledge processes that led to experi-
mental realizations of BEC, quantum teleportation and slow light, we checked the citation
profiles between 1995 and 1998. While the 1995 BEC+QI+QO TC cited a slightly lower
proportion of 1995 papers than the APS 0-year average, the 1996 BEC+QI+QO, the 1997
BEC TC, the 1998 BEC TCs all cited significantly more 0-year papers. The full effect of this
BEC breakthrough can be seen in the large proportions of 1996 papers cited by the 1997 and
1998 TCs and the proportion of 1997 papers cited by the 1998 TC (see Fig. 2.16). Indeed,
we have provided early evidence suggesting that strongly-mixing Kuhnian processes are
associated with greater impact. It is worth noting that the relation we observed is only a
correlation, not a causation. Our analysis above mainly focus on significant changes on
the citation curves, but to really confirm the correlation between Kuhnian processes and

scientific breakthroughs, a more systematic investigation is necessary.

To test the correlation between an abnormal reference distribution and the foreward /backward
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Figure 2.16: Proportions of a TC’s references published in different years, relative to the
year (0) of the TC. The black solid line is the proportions averaged over all TCs in the 1990s,
while the area shaded gray is up to one standard deviation away from the mean. Other
color lines represent the distribution of four different BEC related TCs.

mixing degree, we define the distance from the average distribution as:

D(TC) = Z |TC(i) —M(i)|, (2.8)

1

where i is the relative year, TC(i) is the proportion of TC’s reference in relative year i, M (i)
is the average proportion of all TC’s reference in relative year i. If the TC’s reference dis-
tribution is close to the average curve, the distance is close to 0, while the more it deviates
from the average curve, the larger the distance. For example, if the average distribution is
20% in relative year 0, 40% in relative year —1, 30% in relative year —2, 10% in relative year
—3, and the TC we want to study has a uniform distribution: 25% for relative year 0, —1,
—2, =3, then the distance between the two is |20% — 25%| + |40% — 25%| + |30% — 25%| +
|10% — 25%| = 0.4. From Fig. 2.17 we can see most TCs’ reference curves are very close

to the average curve: most distances are less 0.2, and only a few TCs deviate significantly
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1990s.

from the average curve, having distances larger than 0.2.

We then calculated the Pearson correlation coefficient between the forward /backward
mixing degree and distance from average distribution. As we can see from Fig. 2.18, the
coefficient is very close to zero. The results are similar for Spearman’s coefficient. How-
ever it is too early to conclude that Kuhnian processes are not correlated with scientific
breakthroughs. To illustrate this plausibility, we picked the 10 most deviant TCs based
on their distance from the average distribution (see Fig. 2.19, Fig. 2.20), and found that
two of them are from the BEC case study, six of them are closely related with birth, which
should also be considered a Kuhnian process. However, limited by our measure of mixing
degree (see Eq. 2.2), such birth-related events have very low mixing degrees in Fig. 2.18.
This may be the source of the low Pearson and Spearman’s coefficients. To study the cor-
relation between the Kuhnian process and scientific breakthrough, an improved version
of mixing degree is needed to give appropriate emphasis to birth processes. Please refer

to Chapter 5 for a detailed discussion.
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Figure 2.18: The scatter plots of forward /backward mixing degree and distance from av-
erage distribution for all TCs in 1990s.
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Figure 2.19: Proportions of a TC’s references published in different years, relative to the
year(0) of the TC. The black solid line is the proportions averaged over all TCs in the 1990s,
while the area shaded gray is up to one standard deviation away from the mean. The other
color lines represent the 10 most deviant TCs” distributions.
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CHAPTER 3

Meme labelling of TCs and analyses

In Chapter 2 we developed a framework to study knowledge evolution in Physical Review
journals. However, in this framework we include only citation information. One obvious
shortcoming of this method is that even though we know the members of each TC, we do
not know what research the TC represents until we read the papers’ titles and abstracts.
For example, to trace the evolution of quantum optics, quantum information and Bose-
Einstein condensation (see Fig. 2.7), we checked the 10 most highly cited papers in each TC
and judge whether it is related to quantum optics, quantum information or Bose-Einstein
condensation research. This method is time-consuming, relies on the expert’s subjective
judgments and is therefore not scalable. To overcome such limitations, we would like to
extract from each TC a set of ‘keywords’ that can help us roughly understand its research
content, and how the knowledge represented by the TC evolves over time. This is our first

motivation for doing meme labelling of TCs.

However, beyond its use as a label, meme can be the subject of a quantitative study

of its own. In principle, knowledge evolution is a complex process and will show many

43
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different telltale signs in research papers. Citation pattern is one, and other would be the
language people used in papers, more precisely, the memes. When people make scientific
discoveries, attention shift will occur since people’s attention is limited. These changes will
be reflected in the papers’ language and memes. Although this sounds like an obvious
statement, quantitative studies are limited. More importantly, this knowledge evolution
occurs simultaneously in the TC level and meme level and the relation between them has
never been discussed. In this chapter we will try to fill in this gap by investigating the
evolution of scientific memes in the Physical Review journals and the co-evolution relation

between memes and TCs.

3.1 Scientific memes in the Physical Review journals

The word ‘meme” was first used by the evolutionary biologist Richard Dawkins in his book
The Selfish Gene [ Dawkins, 1976 ], to refer to the self-replicating unit in the diffusion of ideas
and cultural phenomena — as the gene does in biological evolution. Although memes have
mostly been used in the study of mass media and popular culture [Leskovec et al., 2009],
like blog space and Twitter, this concept can also be used to study science, since science is
also about the diffusion of ideas. Kuhn et al. propose a simple formulation that can extract
memes from papers automatically and the results show that these memes are very close to
the scientific concept representative of the papers [Kuhn et al., 2014]. Therefore we adopt
their method and meme list to label the TCs and also to analyse meme evolution in the
APS data set.

In a nutshell, a scientific meme is an n-gram that appears in the title and abstract of a
paper, and those of a paper citing it (i.e., if paper A cites paper B and the titles, abstracts
of A and B both include the n-gram M, then M can be considered a meme that was re-

produced itself from B to A). This definition is simple and intuitive, but not all n-grams
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that reproduce themselves through citations are equally interesting. For example, people
use ‘the” in almost every paper’s title and abstract, so it is a meme according to the defini-
tion. However, this meme arise more from the English grammar than from real intellectual
similarity, and is therefore less interesting than say ‘gravitational wave’. To quantify this
degree of scientific interest, Kuhn et al. introduced the propagation score P,,, which is high
for a meme that appears frequently in papers that cite meme-carrying papers but rarely
appears in papers that do not cite a paper that already contains the meme. Formally, they

define the propagation score P,, and meme score M,, as

p = dmoom
dom * doyy (3.1)
Mm :mem7

where d,_,,, is the number of papers that contain meme m and also cite at least one paper
containing meme m, while d_,,, is the number of all papers that cite at least one paper
that containing meme m, d,, o 18 the number of meme-carrying papers that do not cite
any paper that containing meme m, and d o 18 the number of all papers that do not cite
publications containing meme m. Here f,, is simply the frequency of occurrence of m (i.e.
the ratio of papers containing meme m). Some terms in Eq. 3.1 can be zero, especially
for infrequent memes, therefore Kuhn et al. introduce a noise parameter 6 to modify the

propagation score:
_ dm—sm dm—>% +6
Cdogm+96 d_,+ R

(3.2)

Py

In this study we set 0 = 3 unless stated otherwise. The meme score M, tells us whether a
meme is important ( f,,) and whether it is interesting (P,,), and can be used to extract ideas
representative of the paper’s content because n-grams associated with these ideas will have

high meme scores. This feature can be seen very clearly from Tab. 3.1 and make memes
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Table 3.1: Top 50 memes according to their meme scores from the APS data set. The sym-
bol + indicates memes where the human annotators agree that this is an interesting and
important physics concept, while the symbol * indicates memes that are also found on the
list of memes extracted from Wikipedia. Reproduced from [Kuhn et al., 2014].

1. Loop quantum cosmology+* 14. Strange nonchaotic 27. Na,CoO»+ 38. Inspiral+

2. Unparticle+x 15. In NbSe; 28. The unparticle+ 39. Spin Hall effect+x

3. Sonoluminescence+* 16. Spin Hall+ 29. Black 40. PAMELA

4. MgB,+ 17. Elliptic flow+x 30. Electromagnetically induced 41. BaFeyAsy+

5. Stochastic resonance+* 18. Quantum Hall+x transparency+* 42. Quantum dots+*

6. Carbon nanotubes+ 19. CeColns—+ 31. Light-induced drift+ 43. Bose-Einstein condensates+
7. NbSe;+ 20. Inflation+ 32. Proton-proton bremsstrahlung+  44. X(3872)x

8. Black hole+x 21. Exchange bias+* 33. Antisymmetrized molecular 45. Relaxor+

9. Nanotubes+ 22. SroRuO4+ dynamics+ 46. Blue phases+

10. Lattice Boltzmann+ 23. Traffic flow+x 34. Radiative muon capture+ 47. Black holes+-x

11. Dark energy+* 24. TiOCl 35. Bose-Einstein+ 48. PrOs4Sb,+

12. Rashba 25. Key distribution+  36. Cep+ 49. The Schwinger multichannel method+
13. CuGeO;+ 26. Graphene+x 37. Entanglement+ 50. Higgsless+

very useful for labelling and content analysis. The details of scientific meme definition and
analysis can be found in [Kuhn et al., 2014].

Through Tobias Kuhn who is now with the Vrije Universiteit Amsterdam we have ob-
tained the full list of 1,578,079 memes in all 503825 APS journal papers published between
1964 to 2013. The average number of memes per paper is 9.26. A sample data is shown in

Tab. 3.2.

3.2 Meme pair analyses

As a new scientific discovery is reported, interested researchers will follow this trend and
use the same memes in their own papers. Over time, some memes will become more
commonly used, while others will lose popularity and be forgotten. This phenomenon
was discussed in [Kuhn et al., 2014] and shown in Fig. 3.1. A single meme can grow
(become more popular), decay (become less popular), or even appear and disappear. In

fact, most of the time scientific discoveries are not the recitals of individual memes, but the
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Table 3.2: The sample data showing the list of memes for the paper “Random graphs with
arbitrary degree distributions and their applications” [Newman et al., 2001 ]. In this table,
memes are enclosed by quotation mark and separated by semi-colon.

DOI

https://doi.org/10.1103/PhysRevE.64.026118

Title

Random graphs with arbitrary degree distributions and their applications

Abstract

Recent work on the structure of social networks and the internet has focused at-
tention on graphs with distributions of vertex degree that are significantly differ-
ent from the Poisson degree distributions that have been widely studied in the
past. In this paper we develop in detail the theory of random graphs with arbi-
trary degree distributions. In addition to simple undirected, unipartite graphs,
we examine the properties of directed and bipartite graphs. Among other results,
we derive exact expressions for the position of the phase transition at which a
giant component first forms, the mean component size, the size of the giant com-
ponent if there is one, the mean number of vertices a certain distance away from
arandomly chosen vertex, and the average vertex-vertex distance within a graph.
We apply our theory to some real-world graphs, including the world-wide web
and collaboration graphs of scientists and Fortune 1000 company directors. We
demonstrate that in some cases random graphs with appropriate distributions
of vertex degree predict with surprising accuracy the behavior of the real world,
while in others there is a measurable discrepancy between theory and reality, per-
haps indicating the presence of additional social structure in the network that is
not captured by the random graph.

Meme list

‘, the’; ‘been’; ‘the network’; ‘, the mean’; ‘simple’; ‘that’; ‘a giant component’;
‘. we’; ‘the size of the giant component’; ‘has’; ‘results’; ‘if’; ‘between’; ‘, and’;
‘which’; “in’; ‘properties of’; “degree’; ‘this’; ‘size of’; ‘and the’; *,’; *.; *, including’;
‘size’; ‘scientists’; ‘on the’; ‘exact’; ‘in the’; ‘of the’; ‘some’; *. in’; ‘other’; ‘for’; *,
including the’; ‘networks’; ‘our’; ‘we’; ‘network’; ‘paper’; ‘are’; ‘and’; ‘, we’; “of’;
‘by’; "have’; ‘number of’; “of scientists’; ‘behavior’; ‘on’; /, and the’; ‘a’; ‘studied’;
‘transition at which’; “‘one’; ‘transition’; ‘the’; ‘with’; ‘component’; ‘the position of
the’; ‘collaboration’; ‘giant component’; ‘to’
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Figure 3.1: Meme scores of five exemplary memes from [Kuhn et al., 2014]. They exhibit
very different histories: four of them show bursts at different points in time, while the
fifth ‘quantum’ shows a very steady and almost linear path. The time axis is scaled by
publication count. Reproduced from [Kuhn et al., 2014].

choruses of many memes. Science involve the complex interactions between many ideas,
and therefore we expect it to show up as complex interactions between multiple memes at
the linguistic level. This interaction of memes has been discussed in many papers [Weng
et al., 2012; Gleeson et al., 2014], but they all focus on memes in social media. Research
on scientific meme interactions is still lacking, and we will address this gap in the present
section.

We start our study with the meme pair for two reasons: (i) the meme pair is the sim-
plest model for interaction and what we learn from it will be useful for constructing more
advanced models like triple interaction or general multiple interaction, (ii) this model is
consistent with our understanding of the history of physics: physicists often propose the
simplest theory first, before adding on higher-order corrections. At the meme level, we
expect therefore the emergence of a core meme, before new memes are added one by one.
This process can be well described by a meme pair model. For example, in the beginning
we have quantum mechanics, then we add relativistic correction to quantum mechanics to obtain
relativistic quantum mechanics. This process can be considered an interaction between the

meme ‘quantum mechanics’ and meme ‘relativistic” with the product ‘relativistic quantum
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mechanics’.

To figure out whether scientific memes can merge or split, we first counted all meme
pairs in papers published between 1981 and 2010. To reduce the computational complexity
and focus only on meaningful meme pairs, we cleaned the meme list before counting the
pairs. The original meme list includes all n-grams that reproduce themselves through cita-
tion, and therefore include such n-gram as ‘we’, which has no scientific meaning. If we in-
clude ‘we’ in the meme-pair count, we will end up with many un-informative meme pairs
like ‘we’-’quantum’, ‘we’-’gravity” and so on. This will introduce noise into our analysis,
but also produce a complete meme-pair list that is so large it cannot fit into our computer
memory. Therefore we remove all memes in a blacklist, or contain a meme in the blacklist
(see Tab. 3.3). Take Tab. 3.2 for example, ‘a giant component” will be removed because it
contains ‘a’ in the blacklist, while ‘giant component” will be included in our meme-pair
counting. After this, we also removed memes that only appeared once in one year, since
most of them are rare long n-grams like “via nonequilibrium molecular dynamics’, which
have complex meanings and therefore cannot be considered elementary memes. These
two constraints can help us remove around 75% of the original memes. For example, in
1981 and 2010, the lengths of the original meme lists are 45,351 and 193,293, while the
lengths after cleaning are 11,184 and 43,478. To focus on meme pairs that are activated
between 1981 and 2010, we removed memes that appear less than or equal to 10 years
during this time period because such memes are very rare in general and therefore are not
well-accepted by the physics research community. Meme pairs containing such memes are
therefore not very informative for our study. After this last filtering exercise 10,940 memes

are left and we only consider the meme pairs between them.

We then counted the co-occurrences of meme pairs (two memes appearing together in

at least three papers) between 1981 and 2010. The number of meme pairs under consider-
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Table 3.3: The blacklist of memes that have no scientific meaning. All punctuations are
enclosed by quotation mark.

Type Memes

Article the, a, an

Pronouns that, those, this, these, which, we, it, all, both

Preposition | in, on, at, of, for, with, from, to, by, as, between, than, into, through, out, within

Conjunction | and, but, or, so, because, when, before, although, where, if

Verb is, are, was, were, be, been, have, has, can
Determiner | our, such, its, their, other, no, not
Adverb also, not, here, however, how, there
Punctuation | “., ", "/, *’

ation is 1,067,422 and we noticed that many meme pairs appear only in a few isolated years
because they have no significant relations. To remove such pairs that occur by chance, we
removed all meme pairs that appeared fewer than 10 years between 1981 and 2010 and
with this the number of meme pairs is reduced to 136,852. These meme pairs are the ob-

jects of our study in this section and we show a sample of this data in Fig. 3.2.

To identify meme pairs that grew closer with time, we ranked meme pairs by the ratio

they grew between 1981 and 2010, that is ]It,]ggé?g , in which N(1981) is the number of times

the meme pair appear together in 1981, and N(2010) is the number of times the meme pair
appear together in 2010. This formula can be improved by adding a control parameter &

as Kuhn et al. did in Eq. 3.2 to overcome the problem that some memes may not appear in

N(2010)+5

1981. Ultimately we calculated the growth ratio Fiogr 5

using 0 =5 in this section unless
stated otherwise. We list the top 10 growing meme pairs and top 10 decaying meme pairs

in Tab. 3.4 and Tab. 3.5.

Although these lists of top 10 growing and decaying meme pairs are very useful, they

N(2010)+8

do not tell us whether two memes are merging or splitting because growth ratio N(1981) 55

only consider the change of absolute number of the pair, which is high correlated with

the populations of the individual memes. In the top 10 list of growing meme pairs, we
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MEME1 MEME2 1981 1982 1983 1984 1985 1986 1987 1988 ~
;57132 =mode1 results 2309 319 322 341 368 409 400 519 S%
67627 results using 213 175 154 170 198 236 258 302 39
48012 field magnetic 157 156 183 173 207 207 207 268 33
57350 model using 176 138 153 140 155 209 208 268 31
57251 model study 74 76 79 a3 98 116 124 174 20
69692 state states 148 156 152 152 214 198 188 219 25
62965 phase transition 165 152 153 168 187 218 267 264 31
57330 model two 157 161 143 159 184 207 183 244 3@
65729 quantum states 33 36 58 54 62 75 97 126 15
67519 results study 66 77 89 95 1e7 133 168 183 21
65728 quantum state 16 16 26 39 48 63 82 83 11
71533 two using 74 76 63 58 92 101 92 126 15
34838 energy using 184 145 156 145 152 187 220 221 26
67616 results two 129 138 143 159 172 187 169 253 36
34385 energy model 241 223 242 244 254 291 287 360 38
34635 energy results 268 272 272 263 293 351 379 428 43
67437 results show 72 75 91 77 95 112 134 154 21
53684 magnetic magnetic field 99 98 129 111 149 155 152 208 25
48013 field magnetic field 94 107 127 111 142 151 143 191 24
78353 study using 48 45 41 34 57 58 81 7 11
38189 experimental results 228 241 217 239 259 296 291 333 38
71181 theory using 121 92 110 117 127 119 161 171 26
65762 quantum two 21 25 28 48 45 53 56 81 10
67570 results theory 228 215 247 234 385 303 285 315 35
65739 quantum system 24 30 24 53 52 76 85 88 94
65767 quantum using 20 19 21 17 26 43 47 46 59
68536 shew using 23 30 34 28 35 40 56 62 91
56996 model phase 114 90 117 133 124 161 161 204 23
53878 magnetic spin 62 63 74 68 78 85 84 183 11
69887 states using 131 114 121 186 119 146 132 164 18

Figure 3.2: A screenshot of the DataFrame containing 139,248 meme pairs between 1981
and 2010. The first row tells us that the meme pair ‘model” and ‘results” occurred 290 times
in 1981, 319 times in 1982 and so on.
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Table 3.4: The top 10 growing meme pairs Table 3.5: The top 10 decay meme pairs be-
between 1981 and 2010 using growth ratio. tween 1981 and 2010 using growth ratio.

Rank Meme pair 1981 | 2010 | | Rank Meme pair 1981 | 2010
1 results, simulations 0 418 1 deduced, reactions 132 6
2 simulations, using 0 | 369 2 mev, reactions 293 | 19
3 model, simulations 0 364 3 angular, deduced 50 0
4 quantum, regime 0 322 4 elastic scattering, mev 46 0
5 coupled, quantum 0 302 5 deduced, mev 119 8
6 model, standard model 0 293 6 mev, 016 39 0
7 different, dynamics 0 291 7 mev, pion 38 0
8 quantum, single 0 283 8 distorted-wave, mev 36 0
9 dynamics, state 0 277 9 mev, targets 35 0
10 simulations, study 0 273 10 c12, mev 35 0

notice that four meme pairs contain the meme ‘simulations’. It is possible that these meme
pairs are not really becoming closer to each other, but because the meme ‘simulations’ is
becoming more popular, i.e. all other conditions remaining the same, but the numbers of
meme A and meme B both increase about 10 times, then the number of A-B pair will also

increase about 10 times.

To overcome this limitation and measure the real distance between memes, we pro-
posed a simple probabilistic model: if there are N memel and N, meme2, and the prob-
ability they appear together with each other (occurring in the same paper, but not neces-

sarily consecutively) is p, then the probability there are N memel-meme?2 pairs is:

pv) = (V) () = pymmisioo, (33)

Using the method of maximum likelihood estimation, we get the best estimation of p as:

N

min{Nl,Nz}' (3.4)

p=

We can then use p to check if two memes are become closer or further away by calculating
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Table 3.6: The top 10 merging meme pairs Table 3.7: The tOp 10 Sphttil’lg meme pairs
between 1981 and 2010 based on the prob- between 1981 and 2010 using probabilistic

abilistic growth ratio. growth ratio.
Rank Meme pair 1981 [ 2010 | | Rank | Meme pair 1981 | 2010
1 quantum, transitions 0 182 1 | quantum hall, Shown. 0 0
2 quantum hall, scattering 0 0
2 coupled, quéntum 0 302 3 oscillations, quantum hall 0 0
3 quantum, Slngle 0 283 4 confinement, dot 0 5
4 nuclear, quantum 0 87 5 scanning tunneling mi- | 0 0
5 optical, quantum 4 384 croscopy, steps
6 exchange, quantum | 0 | 106 6 | mesoscopic, small 0 0
7 electronic, quantum 0 167 7 | films, noise _ 4 0
3 emission, quantum 0 113 8 Proposed, scanning tunnel- 0 4
9 cross section, mev 0 50 9 :;0‘(’; energies 0 i
10 | excitations, quantum 0 122 10 | band, wells 0 0

the ratio Zggé?; To overcome the problem that some term maybe 0, we introduce =5 to

modify the Eq. 3.4 to
N+6
min{N1 ,Nz} +6

p= (3.5)

With this metric, the top 10 meme pairs that grew closer to each other and meme pairs that
grew apart from each other are shown in Tab. 3.6 and Tab. 3.7. The top meme pairs are
highly correlated with quantum optics, like ‘quantum’-‘transitions’, ‘optical’-’quantum’,
‘emission’-’quantum’ and ‘excitations’-‘quantum’. Take ‘quantum’” and ‘optical” for exam-
ple: in 1981 we have 308 instances of ‘optical” and 327 instances of ‘quantum’ with only 4
instances of ‘quantum’-‘optical” pair; in 2010 we have 1,527 instances of ‘optical” and 3,635
instances of ‘quantum’ with 384 instances of ‘quantum’-‘optical” pair. Both ‘quantum” and
‘optical’ became more popular going from 1981 to 2010, but the rise of their pair was even
more significant than the rises of the memes themselves. Therefore these two memes re-
ally did get closer to each other. This is consistent with what we know about quantum
optics, which has a long history — including an early part where most of the discussion

is purely theoretical. With the advancement of laser techniques, physicists can finally test
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Table 3.8: The top 10 growing/merging meme pairs between 1981 and 2010 and their ranks
in the two ranking systems.

Rank in Meme pair Rank in | Rank in Meme pair Rank in

growth proba- proba- growth

ratio bilistic bilistic ratio
growth | growth
ratio ratio

1 results, simulations 780 1 quantum, transitions | 61

2 simulations, using 1392 2 coupled, quantum | 5

3 model, simulations 1490 3 quantum, single 8

4 quantum, regime 312 4 nuclear, quantum 869

5 coupled, quantum 2 5 optical, quantum | 29

6 model, standard model | 75871 6 exchange, quantum | 433

7 different, dynamics 241 7 electronic, quantum | 76

8 quantum, single 3 8 emission, quantum | 348

9 dynamics, state 334 9 cross section, mev 4989

10 simulations, study 4913 10 excitations, quantum | 260

the theories in the lab and many papers are published after 1980s, and also stimulating

other fields like quantum information and condensed matter physics.

Other meme pairs in this list are also informative: ‘nuclear’ and ‘quantum’ is highly cor-

related with the nuclear physics, ‘exchange” and ‘quantum’ is highly correlated with cal-

culation in quantum mechanism involving identical particles. However the same method

does not work well with decaying pairs in Tab. 3.7. When we check the decaying pairs, we

find that from 1981 to 2010, the populations of the high ranked pairs remain at very low

levels, close to 0, but they both grew a lot separately. Because of the 6 in Eq. 3.5, p is non-

zero even the N is zero. Due the growth in min{N;, N>}, p(2010) will be significantly smaller

than p(1981). Therefore the pairs in Tab. 3.7 can not really represent splitting meme pairs,

but may be artifacts because our equation amplify the change of probability in rare meme

pairs.

Even with this shortcoming, the probabilistic method is still reliable in detecting rising
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pairs, which is very useful for detecting emerging fields. Compared with simply counting
the number of co-occurrences, the performance of this method is much better and we can
see it from Tab. 3.8, in which top 10 rising pair in probabilistic growth ratio all have high
rank in growth ratio, which means that their growth in absolute numbers are also high; on
the other hand the top 10 rising pairs in growth ratio do not have high rank in probabilistic
growth ratio in general, which means that their rise is more due to the rise in N; or N,
and not really because they are growing closer. Examples like ‘quantum’ and ‘optical’,
‘quantum” and ‘transitions” show that emerging fields do change the linguistic habits of
scientists and their co-occurrences can be used as a signal to detect this abstract trend. For
splitting pairs, Tab. 3.5 provides better results. A more advanced method is needed to be

able to simultaneously detect both merging and splitting pairs.

3.3 Meme labelling of TCs

Research thus far has already shown that memes are highly concentrated in their own
medium-sized or small communities [Kuhn et al., 2014]. This characteristic inspired us
to link memes with TCs because the correlations between memes and TCs can give us
a much more comprehensive picture of the TCs’ contents. In other words, we want to
utilize this characteristic to label a TC with several key memes. If this labelling works
well, we can roughly know the research content very quickly by reading the memes, as
if they are "keywords’ provided by the authors, since keywords do not exist for Physical
Review journals. This is much faster than reading the title and abstract, and the challenge
of picking up relevant TCs (a problem we discussed in the beginning of this chapter) will
be solved. For example, in Fig. 3.3 we intuitively realize that TC ‘Group 1’ is closely related
to Meme 1, whereas Meme 2 appears in all Group 1, Group 2 and Group 3, and is therefore

not a good label for any of these three TCs.
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Group 1 Group 2 Group 3 4

Figure 3.3: In this figure, circles represents papers, hexagons represents memes, and
squares represents TCs. An edge from a paper to a meme means that the paper contains
the meme, whereas an edge from a paper to a TC means that the paper belongs to the TC.
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There are many different ways to measure the correlation between the topics and arti-
cles, like the topic model in machine learning and natural language processing [Blei, 2012].
In this section we will focus on two simple methods: Jaccard index and mutual information
from the network science perspective. The Jaccard index is given by:

|P(M;NTC;)]

J(M;,TC;) =
(M;, TC;) |P(M;UTC))

, (3.6)

in which P(M;NTC;) represents the papers in 7C; containing meme M;, P(M; UTCj) repre-
sents the union of papers containing meme M; and papers belonging to 7C;. The mutual

information (MI) is given by:

I(M:TCy) = H(M;) — H(TC;) — H(M,, TC), (37)

in which H(M;) is the marginal entropy of papers containing meme M;, more precisely, it is
the entropy of randomly picking up one paper containing the meme M;; H(7C;) is marginal
entropy of papers belonging to TC;; H(M;, TC;) is the joint entropy of papers belonging to
TC; and containing meme M;. To remove the effect introduced by H(M;) and H(TCj;), we
can use the normalized mutual information (NMI):

I(M;TC))
H(M;)+H(TC;)

NMI(M;;TC;) = (3.8)

We calculated the Jaccard index, MI and NMI between all memes and all TCs over the

years 1981 to 2010. The results for 1981 are shown in Tab. 3.9.
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Table 3.9: The top 5 memes for TCs in 1981 using MI, NMI, and Jacaard index (values
enclosed in parentheses). The naming convention is such that 00 is the bottom block in
Fig. 4.2, 01 is the block just above 00 and so on.

TC number | Top 5 meme using MI | Top 5 meme wusing | Top 5 meme using Jac-
NMI card index

00 neutrino (0.0183), | neutrino (0.0553), | gauge (0,143), mass
gauge (0.0147), lep- | leptons (0.0498), | (0.138), neutrino
tons (0.0147), su(5) | su(5) (0.0498), uni- | (0.126), decay (0.124),
(0.0147), unified | fied (0.0475), higgs | weak (0.11)

(0.0145) (0.0407)

01 quark (0.0211), quan- | quantum chromo- | gauge (0.14), produc-
tum  chromodynam- | dynamics (0.0507), | tion (0.131), quark
ics  (0.0211), gauge | quark (0.0493), gauge | (0.128), quantum
(0.0182), production | (0.0366), production | (0.113), quantum chro-
(0.0149), confinement | (0.0292), confinement | modynamics (0.101)
(0.00921) (0.0244)

02 reactions (0.0881), | reactions (0.119), | reactions (0.397),
mev (0.071), reaction | mev  (0.103), de- | mev  (0.35), mea-
(0.0277), deduced | duced (0.049), reac- | sured (0.202), reaction
(0.0267), measured | tion (0.0484), nuclei | (0.186), scattering
(0.022) (0.0386) (0.174)

Continued on next page
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Table 3.9 — continued from previous page

TC number | Top 5 meme using MI | Top 5 meme wusing | Top 5 meme using Jac-
NMI card index

03 reactions (0.0469), | fragments (0.0833), re- | reactions (0.258),
mev (0.0256), frag- | actions(0.0806), fusion | mev (0.197), angular
ments (0.0222), fusion | (0.0721), + (0.0628), | (0.155), + (0.149),
(0.0196), + (0.0182) fission (0.0559) fragments (0.143)

04 laser (0.0191), coher- | laser (0.0506), coher- | laser (0.171), opti-
ent (0.0125), two-level | ent (0.0417), two-level | cal (0.109), coherent
(0.00797), bistabil- | (0.0295), bistabil- | (0.102), time (0.0954),
ity (0.00731), optical | ity (0.0285), optical | field (0.0896)
(0.00729) bistability (0.0236)

05 cross (0.0138), colli- | electron caputre | collisions (0.152), ions
sions (0.0137), cross | (0.0592), capture | (0.151), cross sections
sections (0.0136), ions | (0.0432), collisions | (0.145), cross (0.138),
(0.0136), electron | (0.0376), ions (0.0356), | electron (0.132)
capture (0.0132) projectile (0.0344)

06 laser (0.00897), plas- | plasmas (0.0356), | laser (0.122), plasma
mas (0.00731), electron | laser field (0.0306), | (0.1), electron
(0.00673), plasma | laser (0.0294), free- | (0.0954), plasmas
(0.0065), laser field | free (0.0267), plasma | (0.0852), electrons
(0.00553) (0.0234) (0.0754)

Continued on next page
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Table 3.9 — continued from previous page

TC number | Top 5 meme using MI | Top 5 meme wusing | Top 5 meme using Jac-
NMI card index

07 critical (0.0424), | critical (0.0803), | critical (0.262),
renormalization- ising(0.0543), phase (0.19), tran-
group (0.0221), | renormalization- sition  (0.151), two-
phase (0.0217), ising | group(0.054), ising | dimensional  (0.137),
(0.0216), ising model | model (0.0509), expo- | renormalization-group
(0.0185) nent (0.0424) (0.136)

08 localization  (0.0193), | localization (0.0813), | localization  (0.157),
spin-glass (0.0153), | spin-glass (0.0669), | random (0.133),
random (0.0122), | spin-glasses (0.0538), | spin-glass (0.128),
spin-glasses (0.0113), | random (0.0459), | conductivity (0.113),
disordered (0.00983) disordered (0.0407) disordered (0.105)

09 auger (0.00908), | graphite (0.0261), | spectra (0.118), states
graphite (0.009), | auger (0.0258), pho- | (0.105), ev (0.096),
spectra (0.00819), pho- | toelectron (0.0229), | state (0.0918), atoms
toelectron (0.00773), 4f | 4f  (0.0213), ryd- | (0.0895)

(0.00702) bery(0.0193)
Continued on next page
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Table 3.9 — continued from previous page

TC number | Top 5 meme using MI | Top 5 meme wusing | Top 5 meme using Jac-
NMI card index

10 self-consistent (0.029), | self-consistent band (0.168), elec-
band (0.0235), elec- | (0.0558), band | tronic (0.158), surface
tronic (0.0215), reac- | (0.0373), electronic | (0.155), results (0.151),
tions (0.0188), silicon | (0.0345), silicon | structure (0.145)
(0.0173) (0.0341), pseudopo-

tential (0.0338)

11 superconducting superconducting superconducting
(0.0158), supercon- | (0.0579), supercon- | (0.159), tunneling
ductivity (0.0118), | ductivity(0.0502), (0.121), supercon-
tunneling (0.011), | tunneling (0.0422), | ductivity (0.113), k
electron-phonon electron-phonon (0.0967), electron-
(0.00804), supercon- | (0.0344), superconduc- | phonon (0.087)
ductors (0.00667) tors (0.0301)

12 excitons (0.0102), | excitons (0.0664), | excitons (0.142),
electron-hole electron-hole (0.0599), | electron-hole (0.132),
(0.00924), exciton | exciton (0.0483), | exciton (0.118), lumi-
(0.00767),  lumines- | electron-hole  liquid | nescence (0.094), gaas
cence (0.00577), | (0.0432), luminescence | (0.0906)
electron-hole  liquid | (0.0377)

(0.00557)

Continued on next page
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Table 3.9 — continued from previous page

one-dimensional

nbse3 (0.0487), chain

TC number | Top 5 meme using MI | Top 5 meme wusing | Top 5 meme using Jac-
NMI card index
13 solitons (0.0127), | solitons (0.0624), | one-dimensional
soliton (0.0127), poly- | soliton (0.06), poly- | (0.135), chain (0.119),
acetylene (0.0115), | acetylene (0.0583), | soliton (0.118), solitons

(0.109), polyacetylene

(0.0112), chain | (0.0464) (0.093)

(0.0107)

In general, the top 5 memes are very informative for labelling. For example, the top
5 meme using MI for TC 00 is ‘neutrino’, ‘gauge’, ‘leptons’, ‘su(5)” and “unified’. Any re-
searcher with background in physics can point out this field is about particle physics with
emphasis on grand unified theory. With the help of these key memes, researchers in any
field will be able to use the alluvial diagram method to trace the evolution in their field.
Researchers no longer need to read the titles and abstracts to judge the research content
of a TC: with the help of key memes, they can get a rough impression first, and read few

paper to check, which is much faster.

From Tab. 3.9 we find that the performances of the three indictors are slightly different:
in general the top 5 memes obtained using the Jaccard index are worse than those obtained
using MI and NMI since the Jaccard index typically gives priority to very frequent memes
like decay, weak, time, field, which are widely used by many fields, and therefore less infor-
mative to the contents of specific TCs. MI results are very close to NMI results in general,
and in many cases they give the same top 5 memes, differing at most in ranks. In some

cases the NMI result is slightly better than the MI result, like for TC 00, NMI picks the



3.3 Meme labelling of TCs | 63

N PRL B PRD
Emm PRA  mmm PRE

EEE PRB RMP — C}w:
iR

g %T‘gﬁ\“,‘ %71 N

AN mvlllhlllv""fiﬂlell‘|=|||5||‘¢=""‘/ .:/m_“’\/ a

= maEeR mR N W N VY

NN R A A e N e W
R el il e PN o

1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

Figure 3.4: The alluvial diagram of APS papers from 1981 to 2010, where we colored only
TCs which has NMI higher that 0.01 for the meme ‘laser’”.

higgs, for TC 02 NMI picks nuclei, which are very informative memes. Therefore we use

the NMI for the later part of this chapter.

We can use this technique to automatically pick up streams that are high correlated
with specific topics, like the case study in Chapter 2. In the BEC case study we had to read
the 10 most cited papers’ titles and abstracts to determine whether this TC is BEC-related or
not. Using NMI, we can simply set a threshold and highlight the related streams. It’s very
fast and convenient compared to identifying the TCs manually. In Fig. 3.4 we highlighted
the TCs highly correlated with the meme ‘laser’ (laser cooling is the key technique for
Bose-Einstein condensation), and we notice that this figure is very similar to Fig. 2.7. This

similarity is a testimony to the utility of our method.

In summary, in this section we tried to label the TCs using informative memes. To do

this, the Jaccard index, MI, NMI can all be used as indictors to pick up the top represen-
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tative memes. These top representative memes can then used as keywords in place of the
research contents of TCs. A comparison between the three indictors show that the perfor-
mance of NMI is better than MI and Jaccard index. Using NMI we can automatically pick
the streams that are highly related to some special topics. This automatic technique will
make our alluvial diagram method more efficient and friendly to researchers in any field

who want to trace the evolution of their science.

3.4 Meme community structure

The previous results shown that different TCs have different representative memes. This
suggest that we should also think about the community structure of memes since such
community structure is very clear in the citation network, as shown in Chapter 2. The in-
tuition that guide us here is that the language people used in one TC is not constructed
randomly but is intelligently organized. Therefore particular memes will co-occur sig-
nificantly more frequently than others. This is very much like a community structure,
therefore we try to extract the community structure of memes from the APS data set.

We do so by first constructing a meme network, where nodes are the memes and an
edges between two memes represent that the two meme appeared together in at least one
paper, and the weight of the edge is the number of papers that two memes appeared to-
gether in. Thereafter we tried to use the Louvain method to detect the community struc-
ture in this meme network, but find unfortunately that the modularity of the best partition
is very low. Take the meme network in 1981 for example, the network contain 15,575 nodes
and 1,053,209 edges, and its average degree is 135.4. The modularity of best partition is
only 0.194, and four largest communities contain about 27.1%, 25.9%, 23.9%, 17.7% of the
nodes, while the remaining 6 communities only have 5.4% the nodes of the whole network.

This modularity is much lower than the typical modularity of BCN (around 0.7), and the
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Table 3.10: The top 10 frequently used memes in the 1st, 2nd, 3rd and 4th largest commu-
nities detected in 1981 meme network.

1st 2nd 3rd 4th
energy model observed results
scattering theory temperature states
measured also transition using
data two measurements found
reactions field magnetic structure
Cross function phase obtained
state one behavior calculations
mev approximation lattice experimental
energies system range calculated
potential shown dependence effects

number of large communities is also much less than the typical number of TCs (between
10 and 20). We also checked the members of the four largest communities, and found
that they are all widely used across many fields, instead of being closely related to specific
tields (see Tab. 3.10). Based on the above reasons, we believe that such groups detected

cannot be considered as meme communities in this section.

We also tried other methods to detect community structure, like Infomap [Rosvall and
Bergstrom, 2008] and clique percolation method (CPM) [Palla et al., 2005]. Unlike Lou-
vain method, which tries to optimize the modularity function, Infomap reveal community
structure by compressing the description length of the probability flow in network and
CPM tries to find the overlapping community structure in the form of cliques. However,
neither of them can solve this problem well: Infomap extracted a gaint community, which
is about 83.6% of whole meme network in 1991, and this is against our intuition of there
being more than one meme communities. The CPM software CFinder [Palla et al., 2005]

cannot finish the detection in a reasonable time because of the size of the network.

Given how well community detection works in the paper networks, and the demon-

strated correlation between memes and specific TCs in the previous sections, why is it that
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community detection cannot work for memes? We believe the real reason is the redun-
dancy built into language, as well as the way we build the network. Because of redundancy
in language, we will include many repeated memes, many of them sharing the same mean-
ings. If any two memes appear in one paper, we will draw an edge (complete graph) even
if they appear together just by chance. These two reasons together will introduce many
‘noisy” edges into our graph and make the whole network much more homogeneous, mak-
ing the real community structure very hard to detect no matter which method we used.
To solve this problem, we can construct the network differently, including but not limited
to merging similar memes into one meme or removing the memes that are widely used
but not very informative about any specific field. Another possible way to overcome this
problem is backboning [Serrano et al., 2009 ], which can remove insignificant edges to make

the underlying community structure detectable.

Even with these difficulties, we are eventually still be able to cluster the memes based
on their distances along the TC dimensions. Instead of using co-occurrences in papers, we
used the memes’ distribution among the TCs. Specifically, we pick the 1000 most frequent
memes, then count how many times they appear among different TCs to get their distri-
bution vectors. For example, if meme A appears in TC 00 ag times, in TC 01 a; time and so
on, the distribution vector of meme A is then A = (ag,a;...). The distance between meme

A and meme B can then be defined as the cosine similarity between vector (ag,q;...) and

(b(),b]...)t
A-B

D(A,B) = TATIET (3.9)

Finally we performed hierarchical clustering using cosine similarity with the complete-
linkage algorithm and the dendrogram of top 1000 memes is shown in Fig. 3.5. With a
threshold very close to 1, like 0.99, we can easily cluster the 1000 memes into N groups,

where N is the dimension of the distribution vectors, which is also the number of TCs for
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Figure 3.5: The dendrogram of top 1000 frequently used memes in 1991, each leaf repre-
sents one meme, and the y-axis is the cosine distance.
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that year.

Although this method produces very clean clusters, we must emphasize that these do
not form a ‘real’ meme community, because the distances between memes are based on
their distributions among the TCs, and therefore are not their intrinsic distances. They are
more like the label groups for the TCs instead of a meme community. However the memes
that be clustered together are indeed closer to each other than they are to memes outside
the clusters because they appear very often in the same TCs, so while the results are not
really the meme community structure, we are one step closer to our goal. In other words,
our problem of discovering how memes are associated with each other is only half solved

and remains an open question. We will discuss potential solutions in Chapter 5.
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memel

memel |— memel

meme2
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Figure 3.6: A example of trivial coevolution in form of alluvial diagram, each block repre-
sents a TC and the text inside is the meme it carries.

3.5 Coevolution between TCs and scientific memes

Inspired by our discovery that there are merging meme pairs like ‘quantum” and ‘optical’,
we want to know whether there is any correlation between meme interactions and TC
interactions. We noticed the parallel between this two and believe they are two sides of
the same coin: at the paper level, TCs can interact with each other to split or merge, at the
same time the memes in the papers may have the same behavior: the merging of ‘quantum’
and ‘optical” coinciding with the rise of the field of quantum optics. What is the correlation
between TC interactions and meme interactions? This is the question we want to address
in this section.

Indeed, this question is rather complex, and the reality is not quite as simple as that
shown in Fig. 3.6, which is one of the simplest cases we can imagine. In this example,
the top stream evolves independently and the meme it carries also does not change. In
contrast, the TC carrying meme2 and the TC carrying meme3 merge together and the new
TC contains both memes and continue evolve as a merged field ‘24-3’". In this case, the
merging of TCs and merging of memes are perfectly synchronous. However, reality itself
is much more complicated than what is suggested by this naive model, as memes may be

distributed across multiple TCs and individual TCs may evolve in very complex fashions
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Figure 3.7: In this alluvial diagram, we only highlight the TCs which are highly correlated
with “quantum” and “field”. The threshold we used is Jaccard index = 0.07 for ‘quantum’
and Jaccard index = 0.05 for ‘field’.

(for example, one TC may split and merge at the same time). Therefore it is very difficult
to link TC merging and splitting events with meme merging and splitting events. Take
Fig. 3.7 for example, the two memes ‘quantum’” and ‘field” are popular, and therefore they
are distributed across several TCs. In some streams, they developed independently, and in
other streams they merged and evolved together. If we pick one evolution event (splitting,
merging or continuing), then it is very easy to compare the meme populations before and
after the event. However, each TC contains hundreds of memes, so how do we figure out
which memes are correlated with the events? More importantly, as APS published more
and more papers over time, many popular memes showed slow and steady growths. Thus
we also need to distinguish the real signal from the background trend before we do the

correlation analysis. Due to these factors, it is very challenging to quantify the correlation
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of interacting memes.

To handle this challenge and develop a general theory of meme dynamics, we study
this problem from another perspective: will splitting and merging affect the population
of memes? In Fig. 2.9 we have shown that the size of a TC is governed by a simple linear
recombination relation Eq. 2.3. Therefore we propose the same model for the meme popu-
lation: the contribution of C!, to the meme population in C,"! is proportional to the meme

population in C!, and also the normalized forward intimacy index I,J:m /¥, I,{;n, ie.
M (C™) = £, M(CL) (B / T T (3.10)

where M'(C'*!) is the predicted population of meme M in TC C;"! and M(C?)) is the ob-
served population of meme M in TC C},. To test this model we first chose the top 1000
frequently used memes in 2010 and trace their populations in each TC between 1981 and
2010. For each meme in each TC between 1982 and 2010, we show in Eq. 3.10 the pre-
dicted meme population, compared to the real data. The regression results are similar to
those shown in Fig. 2.9 but the fluctuations are larger. Then we divided all the TCs in two
group based on their backward mixing degrees. The first group has backward mixing de-
gree higher than median, the more merging group, and the second group has backward
mixing degree lower than median, the less merging group. If a merging event can stim-
ulate the spreading of memes in general, then the real value will tend to higher than the
predicted value, or at least the more merging group will behave differently from the less
merging group. However, we did not observe significant differences between (b) and (c)
in Fig. 3.8.

This does not mean that we have to conclude that merging will not affect meme spread-
ing, because of reasons stated below. In Fig. 3.8 we included all memes in a TC to test our

hypothesis. It means that if a TC has high backward mixing degree, we include all data
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Figure 3.8: (a) Plot of observed (y-axis) against predicted (x-axis) meme population of re-

combined TCs, showing a linear growth with slope 1.06 (dashed line). This linear growth
is the same for TCs with (b) high (red) or (c) low (blue) backward mixing degree.
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points in (b) even when such memes are not relevant to new scientific discovery. Nor-
mally each TC will focus on one research direction and make contributions to that field.
Therefore, if T; is a highly merging TC that focus on the field F, we would expect a boost
only for memes related to the field F. However in Fig. 3.8 we have included all top 1000
memes to make our test general. Consequently even if there is really a boost effect, it will
be masked by overwhelmingly many memes that do not benefit from the merging event.
To overcome this problem, we need to pick memes are really correlated with the merging
event. However, if we do that, we run the risk of circular reasoning.

To end this Chapter, let us remind ourselves that our initial goal was to quantify the
correlations between meme interactions and TC interactions. However, the evolution on
the two different levels are very complex indeed, and it is challenging to even study them
within a unified framework. In fact, even after simplifying our question to test the boost
effect of merging events, our simple linear recombination model Eq. 3.10 can fit the top
1000 meme populations between 1981 and 2010 well, but did not find any significant dif-
ference between memes in highly merging TCs and less merging TCs. We believe this is

because of our poor choice of partition and we will discuss more about this in Chapter 5.



CHAPTER 4

Evolution prediction and betweenness analysis

In Chapter 2, we demonstrated the utility of visualizing and analysing scientific knowledge
evolution for physics at the aggregated mesoscale through the use of alluvial diagrams
[Liu et al., 2017]. In this picture, papers are clustered into groups (or communities) and
these groups can grow or shrink, merge or split, new groups may arise while the others
may dissolve. This shares a very strong parallel with what some researchers discovered in
social group dynamics [Palla et al., 2007]. More importantly, many breakthroughs were
made by scientists absorbing knowledge from other fields, often in a very short time. On
the alluvial diagrams, these knowledge transformations manifest themselves as merging
and splitting events. Clearly, funding agencies, universities and research institutes would
want to promote growing research fields, and particularly those where breakthroughs are
imminent. This is why it is important to be able to predict the future events. We attempted
this in Chapter 2 by analysing the correlation between event types and several network
metrics. Unfortunately, such predictions are very noisy. While merging events are highly

correlated with interconnections between communities, the correlation between splitting

73
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events and the internal structure of communities are much more complex; besides, the

predictions of forming, dissolving, growing, shrinking were not considered at all.

Given the recent successes in the area of machine learning and artificial intelligence to
a variety of prediction problems [Carrasquilla and Melko, 2017; Ahneman et al., 2018], as
well as having developed and validated a general framework to predict social group evolu-
tion in [Saganowski et al., 2017], we decided to utilize machine learning techniques—more
specifically, Group Evolution Prediction to fill the gap in predicting scientific knowledge
events [Saganowski et al., 2015; Ilhan and Ogﬁdﬁcﬁ, 2016; Pavlopoulou et al., 2017]. The
overall idea behind the Group Evolution Prediction (GEP) method is to build a classi-
fication model trained with historical observations in order to predict the future group
changes based on their current characteristics, such as size, density, average degree of
nodes, etc. A single historical observation consists of a set of features describing the group
at a given point in time, and an event type that this group just experienced. The profile
of the group may reflect its structure (e.g. density), dynamics (e.g. average age of its
member articles) or context (e.g. the journals which the articles—group members—come
from). The GEP method is a general framework rather than a fixed algorithm. Therefore
it is very convenient to apply it to different type of networks and test the effect of different
factors. This gives us a lot of freedom to test different classifiers. In total, we used over
100 features, some of which were already known to the literature, whereas the others fo-
cusing on the dynamics and context are the new, unique features proposed in this paper.
Indeed, when we rank the most valuable features contributing to successful prediction of
knowledge evolution events, the new features are among the best ones. In order to be able
to perform prediction of future group changes, we have to track and learn the model on
the historical cases. For that purpose, the group changes from the past (historical evo-

lution) need to be defined and discovered using the methods successfully applied to the
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Social Network Analysis field, e.g. the GED method [Brédka et al., 2013], Tajeuna et al.
method [Tajeuna et al., 2015] or other [Brodka et al., 2014 ]. Most of the methods consider
the similarity between the groups in the consecutive time windows as a major factor to
match similar groups and further to identify the evolution event type between them. In
this chapter, we apply the GED method, which varies both the group quantity (the num-
ber of common members) and the group quality (the importance of common members),
in order to match related groups. By comparing the inclusion measure between groups
with control parameters o and 8, GED can assign groups with event labels accordingly.
By adjusting the parameters o and 8, GED can be used in any type of evolving networks
without changing any other parts. This feature gives the GED method high flexibility.

This allows us to enrich the co-citation evolution network with information about member

relations, which is depicted in the Social Position measure [Brodka et al., 2009].

The entire analytical process consists of several steps that are primary defined by the
Group Evolution Prediction (GEP) framework. The GEP method is the first generic ap-
proach for the prediction of the evolution of groups [Saganowski et al., 2017], in our case
groups correspond to TCs. The GEP process consists of six main steps: (i) time win-
dow definition, (ii) temporal network creation, (iii) group detection, (iv) group evolution
tracking, (v) evolution chain identification and feature calculation, and (vi) classification
using machine learning techniques. Thanks to its adaptable character, we were able to
apply it to the BCN and CN differently. First, the bibliographic coupling network (BCN)
and co-citation network (CN) are extracted from the references placed in the papers from
a given time window, see Fig. 4.1, and this is carried out separately for each period. As a
result, we get a time series of BCNs/CNs. Next, paper groups called topical clusters (TCs)
are extracted using the Louvain clustering methods, independently for each BCN/CN in

the time series. Having TCs for consecutive periods, we were able to identify changes in
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TC evolution using the Group Evolution Discovery (GED) method that appropriately la-
bels the TC changes. Each group is described by the set of predictive features. Finally, we
applied the Auto-WEKA tool to find the best predictive model and its parameters from
the wide range of all possible solutions. The commonly known average F-measure was
used as a prediction performance measure. Independently, the features ranking and its
validation were performed to find the most valuable TC measures. Based on this ranking,
a structural measure node betweenness was selected for the more in-depth studies as the

early signal for splitting or merging.

In this chapter, we extract groups—topical clusters (TCs)—from the bibliographic cou-
pling networks (BCNs) and independently from the co-citation networks (CNs) for the
period 1981-2010. Next, the GED method is utilized to label four types of evolution events
(changes of TCs): continuing, dissolving, merging and splitting. Then, we use an auto-
adaptive mechanism to find the most predictive machine learning model together with
its parameters for each network. Additionally, two scenarios were considered for each
network: when the number of events of each kind is imbalanced (the original case) and
balanced by equally sampling. In general, the prediction quality was satisfactory good
for all event types, with F-measures substantially exceeding 0.5. Such values are signifi-
cantly greater than the baseline F-measures as of 0.14-0.21 for both networks. The feature
ranking tells us that the most informative features are context-based like the number of
PRE, PRB, and RMP papers belonging to the group, and the structural features like the
degree, closeness, and betweenness. While looking more carefully at the betweenness of
papers from two merging TCs, we find the significantly higher betweenness for papers that
are linked across these two TCs than those connected inside the TCs. No such enhance-
ment in betweenness was found for continuing TCs, while a significant decrease in average

betweenness was found for splitting TCs. In summary, our findings suggest that evolution-
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ary events in the landscape of physics research can be predicted accurately using various
machine learning models, and understanding this predictive power in terms of important

features is a worthwhile future research direction.

4.1 Training data for evolution prediction

Physics research evolution for 1981-2010

We begin with studying how scientific knowledge evolved in terms of communities of re-
search papers, and how these communities changed over time. There are several studies
on evolution of knowledge within the set of whole journals [ Rosvall and Bergstrom, 2010],
which is considered as the analysis on the macroscopic level. Also some research has been
carried out for the collection of papers, usually involving some subjective criterion pro-
vided by the authors, e.g. only papers cited at least 100 times [Chen and Redner, 2010].
As a result, they focus only on a small subset—the most prominent, frequently cited pa-
pers, which do not represent the whole diverse domain knowledge. This kind of analysis
is considered as microscopic. In our approach, we assume that the most informative way
is to analyse neither the entire journal, nor the most cited papers, but whole communi-
ties of closely related papers. These communities emerge naturally since they share the
same citation patterns. The analysis at such level provides better balance between high
and low granularity. We call this kind of analysis as mesoscopic, because it is in-between
the macroscopic scale of journals and the microscopic scale of individual papers. How-
ever, if we perform community detection directly on the citation network, we might end
up with communities consisting of both old and recent papers simultaneously. In such
case, it is difficult to interpret how scientific knowledge has evolved from the past to the

present. We should be able to explain that such and such communities represent scientific
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Bibliographical Coupling Network BCN
for time window ¢

Papers published in one time window (year) ¢

©. o0
S
Cited papers

Figure 4.1: The process of building a Bibliographical Coupling Network (BCN) and Co-
citation Network (CN) from the citation bipartite network for a given period—year ¢. Both
BCN and CN are undirected and weighted; the weights denote the number of shared ci-
tations (BCN) or co-citing papers (CN). Separate topical clusters are extracted for BCN
(C1, C2) and CN (Cs, C4). Nodes with numbers are papers from a given period being
considered and nodes with letters are their references.

knowledge from an earlier year, whereas the other communities correspond to scientific
knowledge from another consecutive year. This enable us to compare them and to distill a
picture of how scientific knowledge has evolved from past to present. It requires, however,
to construct the networks from research papers that are published in a given year (biblio-
graphic coupling), or papers that are cited in a given year (co-citation). The bibliographic
coupling network (BCN) reflects the relation between present publications while the co-
citation network (CN) represent the relation between papers which have strong influence
on recent publications. In this way, we can detect communities over the years, and study

how they evolve year by year.

In the BCN and CN, nodes represent papers and undirected but weighted edges denote
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the bibliographic coupling strengths and co-citation strengths, respectively. That is, if two
papers share w common references, the BCN edge between them would have a weight
of w. For example, papers 1 and 2 in Fig. 4.1 share three citations: A, B, and C, whereas
papers 3 and 4 commonly cite only one paper—E. On the other hand, if two papers are
cited together by w’ papers, the edge between them in the CN receives weight w'. Papers
A and B are cited together by two other papers: 1 and 2, but papers B and C by three, i.e.
additionally by paper 3. Both BCN and CN are temporal networks, in which the nodes are
all papers published within a specific time window (BCN) or papers cited within a given
time window (CN). We assume that the reasonable time window for bibliographical data
is one year to facilitate the analysis of changes in scientific knowledge, i.e. changes in
topical clusters year by year. For the BCN, only the giant component, which in most cases
occupies 99% of the whole BCN, will be considered for the TC detection and evolution
analysis. For the CN, we do not use all papers cited in the given time window because
most of them are cited only a small number of times, and thus they have little influence on
the broader knowledge evolution. Therefore, we rank all available N papers pi,p2,...,pn
in the descending order by the number of times they are cited in this time window (year):
fi,fo, o v, f1 > fo > ... > fy. Next, we choose the top n papers pi, p2,.. ., pn, that totally

gathered ] of all citations, i.e. such that n < N is the smallest integer to satisfy Y7, f; >

1 vN
iXj-1fj

After building BCN and CN, the Louvain method was used to extract the community
structures. By checking the Physics and Astronomy Classification Scheme (PACS) num-
bers of the papers in these communities, we have shown that the BCN communities are
meaningful and reflect the real structure of the scientific communities in Chapter 2. For
the CN communities, this validation is tricky because of two problems: (i) the old Physics

Review papers have no PACS numbers, and (ii) PACS was revised several times, so the
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same numbers in different versions can potentially refer to different topics, or the same
topics are referred to by different numbers in different versions. Nevertheless, systematic
validation seems to be impossible although a quick check on some CN communities after
2010 suggests that CN community structure also reliably reflects the actual scientific com-
munity. We refer to these validated units of knowledge evolution as topical clusters (TCs)

in BCN and CN.

In Fig. 4.2, we provide the alluvial diagram that depicts the evolution of TCs within the
BCNs for the period between 1981 to 2010. The equivalent alluvial diagram for the CNs
is shown in Fig. 4.3. In both alluvial diagrams, we visualized the sequences of TCs, their
inheritance relations, which can be intimacy indices (for the BCN communities), fraction
of common members or inclusion measures (for the CN communities), and the evolution
processes they undergo. The events (changes) that we can discern from the alluvial dia-
gram (shown in Fig. 4.2 and Fig. 4.3) are analogous to those recognized in social group evo-
lution [Palla et al., 2007]. They represent forming, dissolving, growing, shrinking, merg-
ing and splitting. We found in Chapter 2 that the prediction of such events is hard, since
the correlation between them is nonlinear and complex. This challenge is addressed in the

following section by tapping into the power of machine learning.

Event labelling

The Group Evolution Discovery (GED) method [Brédka et al., 2013 | was used for tracking
group evolution for historical cases—to learn the classifier and for testing cases to validate
classification results. The GED method makes use of the similarity between groups in the
following years as well as their sizes to label one of six event types: continuing, dissolving,
merging, splitting, growing, shrinking. However, we have adapted the GED method to

label only four types of events: continuing, dissolving, merging, splitting, as these are the
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Figure 4.2: The alluvial diagram of APS papers from 1981 to 2010 for the BCN. Each block
in a column represents a TC and the height of the block is proportional to the number of
papers in the TC. For clarity reason only TCs comprising more than 100 papers are shown.
TCs in successive years are connected by streams whose widths at the left and right ends
are proportional to the forward and backward intimacy indices. The colours inside a TC
represent the relative contributions from different journals.
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Figure 4.3: The alluvial diagram of APS papers’ references from 1981 to 2010. Each block
in a column represents a TC extracted from the CN. The height of the block is proportional
to the number of papers in the TC. For clarity, only TCs comprising more than 1% of all
papers are shown. TCs in successive years are connected by streams whose widths at the
left and right ends are proportional to the relative overlap percentage. The colours inside
a TC represent the relative contributions from different journals.
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most important to us. The other two (growing and shrinking) are covered by continuing.
In general, the GED method allows us to use various metrics as a similarity measure be-
tween groups. Therefore, the intimacy indices defined in Eq. 2.1 were used for the BCN
to match similar groups in the consecutive time windows. However, the original GED in-
clusion measures were used for the CN. It means that the similarity between two groups
from two successive time windows is reflected by the inclusion measure, which is calcu-
lated for two scenarios: inclusion I(C%,C, 1) of a group C!, from time window ¢ in another
group C,'! from time window 7+ 1 (forward, Eq. 4.1), and inclusion I(C.F!,C!) of this sec-
ond group C.! from ¢+ 1 in the first group C, from ¢ (backward, Eq. 4.2). The inclusion
measure makes use of the Social Position SP(p), which is a kind of weighted PageRank. It
denotes an importance of paper p being cited among all other papers [Brodka et al., 2009].

The inclusions for CN are defined as follows:

group quantity

” t t+1|| SP(p)

cnC pe(CnCih)

(ch,chily=+_-m 1.~ -100%, 4.1

A i = -
pe(C)
group quality

group quantity
1(CH ) = [(eaared P6<C%*1“C5)Sp(p) 100% (4.2)
S T L SP(p) |

pe(Ci)
group quality

The GED method has two main parameters (alpha and beta), which are the levels
of inclusion that groups in the consecutive years have to cross in order to be considered
as matching groups. The theoretical range of values for alpha and beta is between 0%
and 100%. However, the most common values are selected from the range from 30% to

70%, depending on the density of the network and node’s fluctuation year by year. In
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general, the selection of parameters should reflect the needs of researchers. For example,
one may choose very high value (e.g. 80%) in order to preserve only very similar groups.
In another case, it might be necessary to set very low value, e.g. 10% if the network is
sparse or the fluctuation is high. In our study, we ran the GED method with alpha and beta
parameters varying from 5% to 100%, to see how the number of events varies. Our goal was
to have at least one event assigned to each TC. As the splitting and merging events involve
several groups, we aimed to have on average slightly more than one event per TC. With this
assumption, we selected 30% for both alpha and beta parameters in case of BCN, and 10%
for alpha and beta parameters in case of CN. This values produced in total 479 events per
430 groups for BCN, and 492 events per 457 groups for CN. In both networks, the events
distribution was imbalanced with the continuing event dominating over all other types,
see Fig. 4.5A1 and Fig. 4.5B1. If both inclusions (CN) or both intimacy indices (BCN)
are greater than the percentage thresholds alpha and beta, the method labels the event
continuing. If at least one inclusion or one intimacy index exceeds one of the thresholds,
the splitting and merging events is considered, the proper event is assigned depending on
the number of similar groups in ¢ and 7 + 1. If both inclusions or both intimacy indexes are
below the thresholds, i.e. the group has no corresponding group in the next time window,

the dissolving event is assigned.

The details of four events considered in this chapter are:

e continuing—a research field is said to be continuing when the problems identified
and solutions obtained from one year to another are of an incremental nature. It cor-
responds to the repeated hypothesis testing picture of the progress of science pro-
posed by Karl Popper [Popper, 2013]. Therefore, in the CN, this would appear as
a group of papers that are repeatedly together cited year by year. In the BCN, this

shows up as groups of articles from successive years sharing more or less the same
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reference list.

e dissolving—a research field is thought to disappear in the following year if the prob-
lems are solved or abandoned, and no new significant work is done after this. For the
CN, we will find a group of papers that are cited up to a given year, but receives very
few new citations afterwards. In the BCN, no new relevant papers are published in

the field, hence, the reference chain terminates.

e splitting-—a research field splits in the following year, when the community of sci-
entists who used to work on the same problems, start to form two or more sub-
communities, which are more and more distant from one another. In terms of the
CN, we will find a group of papers that are almost always cited together up till a given
year, breaking up into smaller and disjoint groups of papers that are cited together
in the next year. In the BCN, we will find the transition between new papers citing a

group of older papers to new papers citing only a part of this reference group.

o merging-——multiple research fields are considered to have merged in the following
year when the previously disjoint communities of scientists found mutual interest in
each other’s field so that they solve the problems in their own domain using methods
from another domain. In the CN, we find previously distinct groups of papers that
are cited together by papers published after a given year. In the BCN, newly pub-
lished papers will form a group commonly citing several previously disjoint groups

of older papers.

Correlation between overlap and inclusion measure

For BCN, we use the forward and backward intimacy indices to measure the closeness

between TCs in consecutive time windows (years). For CN, we considered two types of
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measure: (i) a simple overlap measure of two groups (the relative fraction of common
members), and (ii) an overlap of two groups enriched with the information about the
importance of the common members. The latter is suggested by the GED method au-
thors, who named their similarity measure the inclusion measure. One way to evaluate
the importance of TC members is to use node centrality measures to rank them within the
group. In this chapter, we are using the Social Position measure [Brodka et al., 2009] (as
suggested in the GED method), an idea based on the PageRank algorithm [Page et al.,
1999]. [Saganowski et al., 2012] found that using a richer similarity measure allows us to
track group evolution more reliably. To better understand the difference between the sim-
ple overlap measure and the inclusion measure we compared values obtained with both
measures in Fig. 4.4. It turned out that the inclusion measure is on average 20% lower than
the simple overlap measure, and the corresponding values, i.e. 30% for the simple overlap
and 10% for the inclusion measure, produce roughly the same number of the evolution
events. However, the more complex version of the similarity measure (i.e. the inclusion
measure), provided slightly better initial prediction results. Therefore, we finally utilized

the inclusion measure in our calculations for CN.

4.2 Prediction and feature ranking

Future events prediction

The machine learning approach to prediction requires dividing the data into two parts: the
training data set and test data set. The training data is used to learn classifier, which can
then label events in the test data. The labelled values are compared with the event labels
and the prediction performance is calculated. More than 450 observations were used to

train the classifiers. Each observation contained 77 features (preselected from the initial
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Figure 4.4: The scatter plots for simple overlap measure and inclusion measure for CNs
between 1981 to 2010. The left panel (A) is for the alpha parameter, i.e. how the groups
in t are close to groups in ¢ 4 1. The right panel (B) is for beta parameter, i.e. how the
groups in ¢ + 1 are close to groups in ¢. The sizes of circles are proportional to the number
of instances. The red dash lines are y = x for reference only.

100) divided into three categories: microscopic features (related to nodes in the group, e.g.
node degree), mesoscopic features (related to the entire group, e.g. the group size), and
macroscopic features (related to the whole network, e.g. network density). Mesoscopic
teatures calculated for individual nodes are commonly aggregated for all nodes from the
group, e.g. average node degree or betweenness in the group. See the Appendix D for
the complete list of features used. To automatically select the best classification algorithm
(model) as well as its hyper-parameter settings to maximize the prediction performance,
the Auto-WEKA software package [Kotthoff et al., 2016] was utilized. The Auto-WEKA
package is based on WEKA, a unified workbench that allow researchers easy access to
state-of-the-art algorithms in machine learning [Hall et al., 2009 ]. However, for researchers
outside of machine learning but would like to adopt the power of this technique, it is
very hard to choose the appropriate algorithm and set its hyper-parameters [Thornton

et al., 2013]. By Bayesian optimization, Auto-WEKA is able to automatically and simul-
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taneously select a learning algorithm and set its hyper-parameters to optimize empirical
performance. For each network, we ran the Auto-WEKA for 48 hours, which allowed us
to validate nearly 20,000 configurations per network. The metric being maximized was the
F-measure, commonly used for multi-class classification. The overall classification qual-
ity was calculated as the average F-measure for all event types, treating them as equally

important.

The predicted output variable (event labels) had an imbalanced distribution. Com-
monly, classifiers tend to focus on the dominant event type (class), which is very well
predicted, but at the expense of the minority event types. For the imbalanced BCN data
set, the best performance was achieved with the Attribute Selected Classifier (with the
SMO as base classifier), which performs feature selection [Platt, 1999]. The percentage
of the correctly classified instances was 80.6%, while the average F-measure was only 0.50
due to classifier focusing on continuing, which was the most frequently occurring event
type, see Fig. 4.5A. For this event, the F-measure value was equal to 0.89, and only 7 events
out of 352 were incorrectly classified. The worst classified was the splitting event, whose
F-measure was only as of 0.11. Most of the splitting events were incorrectly classified as
continuing (31 out of 33 events). The second worst was merging, with F-measure 0.35.
Again, the majority of the merging events were wrongly classified as continuing events:
38 out of 56. Interestingly, the splitting and merging events were never cross-classified mis-
takenly. For the imbalanced CN data set, the best performance was achieved with a lazy
classifier, which uses locally weighted learning [Christopher et al., 1997]. The percent-
age of the correctly classified instances was 73.3%, while the average F-measure was only
0.53, again due to the classifier concentrating on the dominating continuing event type, see
Fig. 4.5B. The F-measure value for the continuing event was only 0.83, however, as many

as 50 continuing events (out of 337) were wrongly classified as dissolving. Alike to BCN,
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Figure 4.5: The prediction quality of classification results. The F-measure values for the
imbalanced BCN (A) and CN (B) data sets, as well as the balanced BCN (C) and CN
(D) data sets. The distribution of classes in the training sets are provided for each data
set: Al, B1, C1, D1, respectively. For the imbalanced data sets, the classifier focused on
the dominating continuing event. Balancing the data sets increased the overall prediction
quality by over 20%.



90 ‘ CHAPTER 4. EVOLUTION PREDICTION AND BETWEENNESS ANALYSIS

many splitting and merging events were incorrectly classified as continuing: 17 out of 22

events, and 24 out of 46 events, with F-measure equal to 0.30 and 0.42, respectively.

By balancing the imbalanced training data sets (i.e. by equally sampling them), we
force the classifiers to pay more attention to the features rather than to the number of oc-
currences of the particular majority event type. As aresult of balancing data sets, the previ-
ously minor event types (dissolving, merging, and splitting) were predicted much better,
but with a significant drop in performance of the continuing event classification. More
importantly, by balancing the data sets we increased the overall prediction quality by over
20%. For the balanced BCN data set, the best performance was achieved by means of the
boosting-based classifier AdaBoost with the Bayes Net as the base model. The percentage
of the correctly classified instances was 62.0% and the average F-measure was 0.61. The
biggest sources of errors were merging events, which were wrongly classified as continu-
ing and dissolving, as well as continuing wrongly classified as splitting. The best classified
event was dissolving (only 4 mistakes in 27 classifications, the overall score 0.79) followed
by the splitting event (6 mistakes in 27 classifications, overall F-measure 0.70). For the
balanced CN data set, the Attribute Selected Classifier (with the PART as base classifier)
provided the best results—the percentage of the correctly classified instances was 69.32%,
while the average F-measure was 0.69 [Frank and Witten, 1998]. The dissolving, merging,
and splitting events were classified very well with the F-measure values equal to 0.79, 0.82,
and 0.75 respectively. Most of the continuing events were wrongly classified as splitting

(13 out of 22), which resulted in lower F-measure value 0.40.

What is interesting for us to note is that the prediction results for the CN being slightly
better than for the BCN. A possible explanation is that for the CN we used a richer similar-
ity measure containing users importance information. Thus the event tracking and there-

fore the ground truth could be more accurate. Overall, the prediction quality expressed
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by the average F-measure was very good for the imbalanced as well as for the balanced
data sets, as the baseline results obtained with the ZeroR classifier were much worse: F-
measure 0.21 for both, BCN and CN, imbalanced data sets, 0.18 for the balanced BCN and
0.14 for the balanced CN. For each data set different classifier turned out to be the best,

however most models were wrapped with the boosting or meta classifiers.

Predictive feature ranking

The feature selection technique is used in machine learning to find the most informative
features, to avoid classifier overfitting, to eliminate (or at least to reduce) the noise in the
data as well as to provide some explanations about phenomena. Rankings of the most
prominent features was obtained by repeating the feature selection 1000 times using a ba-
sic evolutionary algorithm [ Yang and Honavar, 1998], as proposed in [Saganowski et al.,
2017]. By repeating the feature selection 1000 times, we obtain 1000 sets of selected fea-
tures. Next, we calculate how many times each feature has been selected, thus, receiving
the ranking of the most often selected features. For the BCN, the context-based features
dominated the ranking. It referred, especially the number of papers from the Physical Re-
view E, Physical Review B, and Physical Review A, see Fig. 4.6A. Beside the context, the
network features based on degree, betweenness, size and closeness measures were most
informative, which tells us that the structural properties are as important as context aware-
ness. The context-based feature, i.e. the number of papers published in Review of Modern
Physics, was the most often selected for the CN data set. It is followed by closeness- and
degree-based features in the ranking, see Fig. 4.6B. For both networks macroscopic fea-
tures were ranked rather low, which suggests that the general network profile is not very
important, perhaps because of the smooth changes in the entire network. Surprisingly, the

dynamic features, e.g. related to the average age of references (for BCN) and age of arti-
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cles (for CN) did not show informative value and were ranked very low for both networks.
The rankings were validated in the additional two years of data available (2010-2012). The
prediction was performed twice: (i) using all features, and (ii) using the top 10 ranked fea-
tures only. Selecting only the top 10 features, boosted the quality of the prediction by 11%

for the CN, and by 2% for the BCN, which underlines the necessity of the feature selection

process.
A B
600 m context 300 , m context
= micro ® micro
17, (%]
Q ® meso 3
e e H meso
o 400 | macro o 200
o —
o —
=] =
o Q
o Q
o o
Y— Y—
© 200 © 100
o o
= =2
0 | IIII 0
“E LSS T ¢ S S L EEE S ES
S F o &L EST &S TP s e s
T TS Ss ¥ T E > & .8 ¥ g &Y ¢
¥ &§ F &5 L o ¥ & ¥ & & ¥ T
S < & S S r X 9
TEFFgFrseggeg ey SFF S5 FESS
I N ) > > O
5 S5 e&e S $ & &8 s &y s Fs
& o g T & S v @ S & & S o A
S £ & ¢ & SN G F & &
F & §F 3 & $ § & & & ¢
S ’ S N N
S & 3 3 % &
S S
L
&

Figure 4.6: Feature ranking. The most frequently selected features in 1000 iterations for the
BCN (A) and CN (B) data sets. The context-based features (number of papers published
in a given journal) turned out to be the most informative, followed by the microscopic
structural measures, especially closeness, degree and betweenness.

4.3 Changes to the Betweenness Distributions Associated with

Merging and Splitting Events in BCN

Having the list of best predictive features, Fig. 4.6, we can analyse some of them more

in-depth to look for early warning signals. Basically, we believe that scientific knowledge
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evolves slowly, and this slow evolution drives the evolution of citation patterns. There-
fore, there must be specific changes in citation patterns that precede merging and splitting
events. Besides the number of PRE papers in a TC, the sum_network_betweenness is also
a strongly predictive feature, see Fig. 4.6A. This suggests that we should look at the be-
tweenness of papers in the BCN more carefully. The betweenness of the node denotes
what percentage of shortest paths between all pairs of nodes in the network passes a given
node. Values of nodes” betweenness can be aggregated (sum, average, max, min) for all
nodes in the TC, as what we list in Tab. D.1. However, in this section we only focus on the
distribution of original node betweenness. Naively, when we consider the part of the BCN
adjacency matrix corresponding to two TCs that ultimately merged, we expect to find few
links between TCs at first. But as the number of links between TCs increase over time, the
modularity-maximizing Louvain method will eventually merge the two TCs into a single
TC. This is shown schematically in Fig. 4.7, where in general betweenness will increase

on average with time as the two TCs merge. In reality, there are always links between

(A) (B) (C) (D)

Figure 4.7: Part of the BCN adjacency matrix for two TCs (red boxes) that ultimately
merged. (A) No links between the two TCs at first. (B) Few links between the two TCs.
(C) More links between the two TCs. (D) Many links between the two TCs, leading to
their identification as a single merged TC (big red box) by the Louvain method.

TCs, and the numbers and strengths of these links fluctuate over time. To develop a more
quantitative description of the merging events outlined in Fig. 4.2, as well as splitting and

continuing events, we focus on five events going from 1999 to 2000, shown in Tab. 4.1.



94 ‘ CHAPTER 4. EVOLUTION PREDICTION AND BETWEENNESS ANALYSIS

. PRL s PRD
. PRA s PRE
I PRB RMP
. PRC

TC in 1999 event TC in 2000
1999.01 split 2000.02, 2000.03
1999.01, 1999.02 | merge 2000.03
1999.04 continue 2000.06
1999.11, 1999.12 | merge 2000.15
1999.13 continue 2000.16

Table 4.1: The five evolution events from 1999 to 2000 in the BCN alluvial diagram Fig. 4.2
that we will study quantitatively. The naming convention for TC is that four digits before

‘L7

. is the year of TC, two digits after *." is the position of the TC in the diagram, starting
with 00 for the bottom TC, the one just above bottom is 01 and so on. In the left panel, we
highlight the related TCs.

1999.01 +1999.02 — 2000.03

Let us consider the part of the BCN associated with the TCs. For example, for 1999.01
and 1999.02, we can see from Fig. 4.8(A) that connections within 1999.01 and 1999.02 are
very dense, but there are also some links between the two TCs. In fact, we find 164 out
of 1849 papers in 1999.01 with non-zero bibliographic coupling to 144 papers in 1999.02
(344 papers). The natural question we then ask is: are the betweenness of the 164 papers
in 1999.01 that are coupled to 1999.02 larger, equal, or smaller than the betweeness of the
rest 1685 papers in 1999.01 not coupled to 1999.02? Alternatively, if we think of the 164
papers as randomly sampled from the 1849 papers in 1999.01, are we sampling the 164
betweenness in an unbiased fashion? To distinguish the different parts of the TC, we call
all papers in 1999.01 which have coupling with papers in 1999.02 as 1999.014, and the rest
of papers as 1999.01b. For more detail analysis, we will divide 1999.01a and 1999.015 into
1999.01act, 1999.01af3, 1999.01bcr, 1999.015B. 1999.01ac: consist of 17 papers in 1999.01a
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Figure 4.8: (A)The adjacency matrix of the BCN associated with the TCs 1999.01 (top
dense block) and 1999.02 (bottom dense block). (B)The adjacency matrix of the BCN
associated with the TCs 1999.11 (top dense block) and 1999.12 (bottom dense block).

that do not have references in common with papers in 1999.015, 1999.01af consist of 147
papers in 1999.01a that have references in common with papers in 1999.015, 1999.01bc
are 907 papers in 1999.0156 that have references in common with papers in 1999.01a and
1999.01b represents 778 papers in 1999.01b that do not have references in common with
papers in 1999.01a.

In Tab. 4.2, we show the 25th, 50th and 75th percentiles of the papers in these smaller
groups, compared to those of 1849 papers in 1999.01 and 344 papers in 1999.02. As we
can see, the 25th, 50th, 75th percentile betweenness in the connecting parts (1999.01a
and 1999.02a) are all higher than the 25th, 50th, 75th percentile betweenness in the non-
connecting parts (1999.015 and 1999.02b). More importantly, these percentile between-
ness are higher than the 25th, 50th, 75th percentile betweenness of the TCs 1999.01 and
1999.02 themselves. To test how significant these quartiles are in 1999.01a, we randomly
sampled 164 betweenness values from 1999.01 10° times, and measured the quartiles of
these samples. When we draw random samples from a TC, the 25th percentile, the 50th

percentile, and the 75th percentile, depends on the size of the TC. There is more variabil-
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percentile
25 50 75
1999.01 | 8.06x107° [ 573 x107° | 2.05x10~*
1999.0la | 5.90x 107> | 1.58 x 107* | 4.67 x 10~
1999.0lac | 7.77x107° [ 1.95x 1077 | 2.44 x 10~*
1999.01afB | 529x107° | 496x 107> | 2.48 x 10~*
1999.01» | 6.22x10°° | 5.04 x 107> | 1.88x 10~*
1999.01ba | 8.59x 107° [ 6.00x 107> | 2.14 x 10~*
1999.016f | 7.97x107° | 5.32x 107> | 1.83 x 10~*
1999.02 [2.47x107°[554x107° [ 2.13x107%
1999.02a | 3.08 x 107> | 1.13x107% | 3.17x10~*
1999.026 | 2.14x 1077 | 1.44x 107> | 1.60 x 10~
1999.11 | 1.73x 107> [ 9.04x 107> | 2.81 x 10~
1999.11a | 6.38x 107> | 1.98 x 107* | 4.61 x 10~*
1999.115 | 991 x107° | 6.17x 107> | 2.17x 10~
1999.12 | 6.56x10°° | 454 x 107> | 1.62x 10~*
1999.12a | 2.74x 107> | 9.08 x 107> | 2.33 x 10~*
1999.12b | 2.52x10°° | 2.69x 107> | 1.20x 10~*

Table 4.2: The 25th, 50th and 75th percentiles of the betweenness of 1849 papers in 1999.01,
the 164 papers in 1999.01q, the 17 papers in 1999.01ac, the 147 papers in 1999.01af3, the
1685 papers in 1999.01b, the 907 papers in 1999.01ba, the 778 papers in 1999.016f3; the
344 papers in 1999.02, the 144 papers in 1999.02q, and the 200 papers in 1999.02b; the 1014
papersin 1999.11, the 299 papers in 1999.11q, the 715 papers in 1999.11b and the 988 papers
in 1999.12, the 347 papers in 1999.12q, the 641 papers in 1999.125.



4.3 Changes to the Betweenness Distributions Associated with Merging and Splitting Events
in BCN | 97

ity in these quartiles in smaller samples than they are in larger samples. Therefore, in the
test for statistical significance, the observed quartile has to be tested against different null
model quartiles for samples of different sizes. To do this, we draw samples with a range
of sizes from the same set of betweenness, and for a given quartile (25%, 50%, or 75%),
fit the minimum quartile value against sample size to a cubic spline, and the maximum
quartile value against sample size to a different cubic spline. With these two cubic splines,
we can then check whether the observed quartile value for a sample of size n is more than
or less than the null model minimum or maximum using cubic spline interpolation. From
the histograms shown in Fig. 4.9(A), we see that the betweenness quartiles of 1999.01a
are statistically larger than random samples of the same size from 1999.01, at the level of
p < 107%, which means the papers in 1999.01a have significantly larger betweenness than
other papers in 1999.01.

We also checked the statistical significance of the larger betweenness values of 1999.024,
against 10° random samples of the same length (144) from 1999.02. From Fig. 4.9(B), we
can derive that the quartiles of 1999.02a are only a little larger than the tails of the quartile
histograms of the random samples, but their statistical significance is still at the level of

p <1075,

1999.01 — 2000.02 + 2000.03

When a TC splits into two in the next year, we expect the links between two parts a and b in
the TC to have thinned out to the point that the modularity Q of the whole is lower than the
modularities Q, and Q), of the two parts. However, in general, we would not know how to
separate the TC into the two parts a and b. Fortunately, for the 1999.01 — 2000.02 +2000.03
splitting event, we also know the part 1999.01a, which merged with 1999.02a, became
2000.03. Therefore, we might naively expect 1999.015 to be the part that split from 1999.01
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Figure 4.9: The lower quartile (top), median (middle), and top quartile (bottom) of the
betweennesses in (A) 1999.01q, (B) 1999.024, (C) 1999.01b, (D) 1999.01b¢, (E) 1999.015,
(F) 1999.01ac, (G) 1999.01af, (H) 1999.11a, (I) 1999.115, (J) 1999.124, (K) 1999.12b
shown as red vertical lines, and 10° random samples of the same number of betweennesses
from 1999.01 (A, C, D, E, E G) or 1999.02 (B) or 1999.11 (H, I) or 1999.12 (], K) shown as
blue histograms. All x-axes are quartile value, all y-axes are null model density.
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to become 2000.02. If we test the quartiles of 1999.015, against random samples of the same
size from 1999.01, we find the histograms shown in Fig. 4.9(C). As we can see, the between-
ness quartiles of 1999.0156 are quite a bit lower than the typical values in 1999.01, but this
difference is statistically not as significant as the quartiles of 1999.01a. Thinking about
this problem more deeply, we realized that while papers in 1999.015 have no references
in common with 1999.02, some of them do share common references with 1999.01a. Let
us call these sets of papers 1999.01ac (papers do not have references in common with pa-
persin 1999.010), 1999.01af (papers have references in common with papers in 1999.015),
1999.01ba (papers have references in common with papers in 1999.01a), and 1999.0168
(papers that do not have references in common with papers in 1999.01a). In Fig. 4.9(D),
we learn from the histograms that the betweenness quartiles of 1999.01ba are indistin-
guishable with random samples of the same size from 1999.01. On the other hand, from
the histograms in Fig. 4.9(E), we find out that while the lower betweenness quartile of
1999.01b is indistinguishable with the random samples of the same size from 1999.01, its
median and upper quartile are both on the low sides of the random sample distributions.

This suggests a split of 1999.01 to (1999.01a + 1999.01bax) + 1999.015.

Just to be safe, we also checked the betweenness quartiles of 1999.01ax and 1999.01a3,
against random samples of the same sizes from 1999.01. As we can see from Fig. 4.9(F)
and (G), the lower quartiles and medians are lower than those obtained from random
samples, but the upper quartiles are decidedly higher. However, the difference between
1999.01acx and 1999.01af is not as obvious as difference between 1999.01bc and 1999.0156f3,
one possible reason is the smaller sample size (17, 147 vs. 907, 778). Again, these results
are consistent with the picture that the rise in betweenness in 1999.01a is driving the merg-
ing with 1999.02a, while the fall in betweenness in 1999.015 is driving a splitting inside
1999.01.
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1999.11 +1999.12 — 2000.15

Although a small part split off from each of 1999.11 and 1999.12, the main event associated
with the two TCs was a symmetric merging. Looking again into the relevant parts of the
BCN, we found 299 out of 1014 papers in 1999.11 coupled to 347 out of 988 papers in
1999.12, and we call them 1999.11a and 1999.12a, respectively. As we can see from the
histograms in Fig. 4.9(H) and (J), the betweenness quartiles in 1999.11a and 1999.12a are
significantly higher than one would expect from random samples of 1999.11 and 1999.12.
Simultaneously, the betweenness quartiles in 1999.1156 and 1999.12b are significantly lower
than in random samples of 1999.11 and 1999.12 (see Fig. 4.9(I) and (K)). Therefore, what
we are seeing here might be the early warning signals of merging, as well as that of the

asymmetric splitting.

1999.04 — 2000.06 and 1999.13 — 2000.16

So far we have learnt that a decrease in betweenness within a TC signals a possible split,
whereas an increase in betweenness of the part of the TC coupled to another TC signals
a merger between the two TCs. For this story to be consistent, we must not see these sig-
nals in the continuing events 1999.04 — 2000.06 and 1999.13 — 2000.16. However, if we
go through the full BCN, we find that 370 out of 389 papers in 1999.04 and 308 out of 319
papers in 1999.13 are coupled to papers outside of these TCs, which suggests the possibil-
ity of merging or splitting. However, as we can conclude from Tab. 4.3, while the lower
betweenness quartiles of the coupling parts of 1999.04 and 1999.13 with other TCs may be
significantly larger than those of random samples of the two TCs, the highest betweenness
quartiles are never significantly larger. Therefore, at the same level of confidence that we
have set for the precursors of merging between 1999.01 and 1999.02, as well as between

1999.11 and 1999.12, we have to say that there is no significant precursors for 1999.04 and
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1999.04 1999.13
size percentile size percentile

25 50 75 25 50 75
1999.00 | 12 [9.0x107° [ 1.1x1073 [ 23x1073 | 1 - - 1.8x 1073
1999.01 | 56 | 1.6x10 %[ 42x10* | 1.0x103| 6 | 20x107* | 49x10* | 6.5x107*
1999.02 | 6 [3.0x10%[51x10%|74x10%] 2 | 6.0x10~* - 2.6x107°%

1999.03 | 25 [1.6x107° [ 43x10% [ 81x10*| 0 - - -
1999.04 | - - - - 8 | 1.5x107*% | 48x107* | 8.0x10~*
1999.05 | 179 | 49x 107> | 1.7x107% | 45x10% | 4 | 22x107* [ 43x107* ] 6.5x10°*
1999.06 | 110 | 8.7x 107> | 20x107% | 62x10* | 40 | 59x107° | 1.6x107* [ 45x10°*
1999.07 | 29 | 1.7x107% | 56x10% | 12x103 | 44 | 1.4x10* [ 3.1x107*[55x10°*
1999.08 | 63 | 1.1x10% | 32x10%|86x10%| 17 | 22x107% [ 52x107* [ 8.5x107*
1999.09 | 49 | 7.8x107° [2.6x10% | 8.0x10*| 99 | 80x10° |25x10* | 48x107*
1999.10 | 53 | 1.2x107% [ 3.8x10% | 82x10* | 254 | 3.6x107° | 88x 107> | 2.7x 10~
199911 | 89 | 1.0x10°% [32x10 % [92x10* | 71 | 1.4x10* | 34x10*|57x107%
1999.12 | 53 | 87x107° [29x10% | 93x10% | 39 | 1.3x107% | 27x107* | 4.6x10~*

1999.13 | 9 | 13x107% [42x107* | 1.1x1073 | - - - -
1999.14 | 62 | 1.4x10% | 48x10* | 1.0x103 | 210 | 42x107° | 1.0x107* [ 2.7x107*
1999.15 | 17 | 1.8x107% | 3.6x107% | 9.7x10* | 176 | 5.1x107° | 1.3x107* [ 3.1x107*
b 88 [2.1x10°[22%x10° [58x10°| 27 [9.1x10° M [43x10°]1.8x107°

Table 4.3: The distributions of betweennesses of papers in 1999.04 and 1999.13 that share
common references with the other TCs in 1999 (1999.00 to 1999.15). Four columns be-
low “1999.04” and “1999.13” denote: the first column shows how many papers have com-
mon references with the other TCs, while the second, third, and fourth column show the
lower, median, and upper quartile values of betweennesses of these papers, respectively.
For example, there are 25 papers in 1999.04 that share common references with papers in
1999.03, and the betweennesses of these papers have a lower quartile value of 1.6 x 107,
a median value of 4.3 x 107%, and an upper quartile value of 8.1 x 10~*. Similarly, there
are 254 papers in 1999.13 that share common references with papers in 1999.10, and the
betweennesses of these papers have a lower quartile value of 3.6 x 10>, a median value
of 8.8 x 1073, and an upper quartile value of 2.7 x 107*. The bottom row ‘b’ represent
1999.04b and 1999.13b respectively, which are papers in 1999.04 and 1999.13 have no ref-
erences in common with papers in other TCs. A betweenness value in red means that
it is larger than the maximum of the corresponding quartile distribution of 10° random
samples, and a betweenness value in blue denotes it is smaller than the minimum of the
corresponding 10° random samples.
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1999.13 to merge with other TCs.

What about splitting then? A TC is likely to split into two if at least one of two parts has
reduced betweenness. We see in Tab. 4.3 that betweenness in the coupling parts of 1999.04
and 1999.13 are not significantly lower than those of random samples. Therefore, we look
at the non-coupling part, i.e. papers in 1999.04 and 1999.13 which have no references in
common with papers in other TCs, but they may have common references with papers in
the same TCs. We call these non-coupling parts 1999.04b and 1999.13b, respectively (the
bottom row in Tab. 4.3). Only the top betweenness quartile of 1999.04b falls below that
of random samples from 1999.04 in Tab. 4.3. Therefore, the early warning for a splitting
event in the next year is not strong enough. For 1999.13b, on the other hand, all three
betweenness quartiles fall below that of random samples from 1999.13, even after we have
accounted for the small size of 1999.13b. This suggests that the probabiiity of a splitting
event next year is high, but 1999.13 continued on to 2000.16, which thereafter continued to
2001 without merging or splitting. This might be because additional conditions, like the

size of TC being large, must be satisfied before a splitting can occur.



CHAPTER D

Conclusions

51 Summary

In this dissertation we set out to study the knowledge evolution at the community level
quantitatively using empirical citation network data set. As the importance of scientific
research continues to grow in our society, understanding the mechanisms and rules of sci-
entific progress become more and more crucial. In addition to its enormous implication on
funding agencies, industrial R&D, scientists” performance evaluations and identification
of promising scientific frontiers and so on, such research can also shed light on other ar-
eas of complexity science since science itself is a complex system of researchers, ideas and
papers. The discussion of the essence of science dates back to Plato and Aristotle, how-
ever for a long time such discussion is treated as a sub-field of philosophy. Recently, with
the help of digitized scientific documents and complexity science theory, the research on
science became quantitative and form a new field science of science (SciSci). Many studies

have been done to quantify, understand and model the development of science on both
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the microscopic level (paper) and the macroscopic level (journal or discipline). However,

research on the mesoscopic level is still limited.

On mesoscopic level, the basic unit is a group of papers, which share features related
to our pursuit of scientific knowledge. This group can represent the human knowledge
on a specific field both in accuracy (comparing with journal or discipline level) and cov-
erage (comparing with single paper), and can therefore provide an informative picture of
knowledge evolution that is missed by microscopic and macroscopic approaches. Inspired
by this idea, we built a framework for evolution at the mesoscopic level, in terms of topical
clusters (TCs) and intimacy indices. Using these information we can visualize the evolu-
tion in the form of an alluvial diagram. Different types of events (birth, death, growth,
decay, merging and splitting) are observed in the alluvial diagram, and these are typical
events others have found in social group evolution. To make our framework more infor-
mative and easy to use by researchers from any background, we label TCs using scientific
meme and also try to model the meme evolution. Some case studies revealed that merg-
ing and splitting events are closely related to scientific breakthroughs, therefore we want
to predict such events to better understand knowledge evolution. Using machine learn-
ing techniques, we can achieve good prediction performance according to the F-measure
while feature ranking showed that betweenness is very informative for prediction. A de-
tail analysis on betweenness suggested that the distribution of betweenness will change
a lot before merging and splitting. This finding shed light on we can model community
splitting and merging. In the following sections we will summarize our contributions to

this topic and also the numerous insights derived from our work.
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5.2 Contributions

Our first contribution was to identify the elementary unit of knowledge evolution: topical
cluster and propose a framework to quantify and visualize the evolution process. Because
of the practice of modern science, scientists will list the references that they think are re-
lated with their own work, either providing background information or to support their
conclusions from the perspectives of others. We used this feature to construct the bibliog-
raphy coupling network (BCN), and found that papers focusing on the same topic have
denser connections with each other than with papers on other topics. This paper group is
a unit of knowledge evolution since it can represent the status of human’s knowledge on
a specific field, so we call it a topical cluster (TC). As a unit at the mesoscopic level, a TC
contains more complete information than a single paper (microscopic level) and more spe-
cific and accurate information for the field than all papers in one journal or one discipline
(macroscopic level). Therefore a TC at the mesoscopic level provides a more informative
picture for knowledge evolution. More importantly, showing this evolution as an alluvial
diagram also makes clear the rich interactions between TCs that are significantly different
from the behavior of a single paper or a whole journal or discipline. The evolution of mul-
tiple fields under one discipline is like a circulatory system: on one hand, each stream has
its own focus and function; on the other hand, different streams also interact with each
other with different intensities, with some interactions being crucial for their functions.
Comparing with our mesoscopic picture, the macroscopic picture is oversimplified since
it treat the whole journal or discipline as a homogeneous system, whereas a microscopic
picture is too localized and neglect the high similarity between papers in the same field.
Furthermore, we validated our partition of TCs against a null model of PACS number, and
show that individual TCs are significantly more homogeneous than the null model with

respect to the PACS numbers. By measuring the similarity between references of TCs, we
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proposed the forward intimacy index and backward intimacy index, which can be used
to quantify the inheritance relation between TCs in successive years. TCs and intimacy
indices are the essential components of our framework of knowledge evolution and this
framework can be visualized in the form of an alluvial diagram. In our alluvial diagram
of Physical Review journals, many event types were found: birth, death, growth, decay,
split, and merge, which is analogous to events in social group evolution. Using our allu-
vial diagram, two big events in the history of Physical Review journals: split of Physical
Review into Physical Review A, B, C and D in 1970, split of Physical Review A into Physical
Review A and Physical Review E were captured. We then identified the streams related to
Bose-Einstein condensation and showed the correlation between scientific breakthroughs

and merging, splitting events.

Apart from informative visualization, many quantitative analyses were also carried
out in our framework. We proposed a linear recombination model for the sizes of TCs and
found the empirical data fit quite well with our model. The correlation between break-
throughs and merging, splitting events in the Bose-Einstein condensation related branches
suggests that these events may be the signal of scientific breakthroughs, therefore making
the prediction of merging and splitting events very useful. The Spearman’s correlation
rank coefficient between merging events and inter-TC connections is very high, while the
splitting event does not show such clear correlations, which means that merging is easy
to predict while the splitting is much harder. Besides the question of the predictability
of scientific breakthroughs, we are also interested in the question of how impactful these
breakthroughs are. To answer this question, we checked the reference distribution of the
TC before and after the breakthrough and the results show that before the breakthrough,
the reference distribution is very close to the general distribution curve, whereas after the

breakthrough the distribution will become significantly different from the general distri-
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bution curve. Such localized deviation is the impact of the scientific breakthrough and can

be used as indicator for the breakthrough measurement.

The analyses on Bose-Einstein condensation are enlightening, but to pick the related
TCs we have to read a number of titles and abstracts manually to judge whether the TC is
related or not. This manual selection requires us to know something about the background
of field and the whole process is very slow and subjective. These limitations represent an
important shortcoming of our framework: although we know the papers in each TC, we
do not know the research direction unless we read the titles and abstracts. To overcome
these limitations and make our framework more comprehensible, we introduce scientific
memes into our framework and analyse the correlations between memes and TCs. This
is our second contribution. Scientific memes are n-grams that can reproduce themselves
through citations, and can be extracted automatically [Kuhn et al., 2014]. Because each
TC has a well-defined topic, naturally they are strongly correlated with some memes and
weakly correlated with other memes. We can exploit this feature by calculating the Jac-
card index, mutual information and normalized mutual information between memes and
TCs. Our results show that the top 5 memes tell us a lot about the TC’s scientific content,
and can therefore be used as labels for TCs. By choosing appropriate memes and thresh-
olds, we can pick relevant TCs automatically in much shorter time than doing it manually.
For example, using the meme ‘laser’ and a threshold of 0.01 for NMI, we picked up TCs
from 1981 to 2010 (see Fig. 3.4), which are almost the same as Bose-Einstein condensa-
tion related TCs we picked up manually (see Fig. 2.7). Beside labelling, memes are worth
studying on their own because they can provide information of knowledge evolution at the
linguistic level. As we mentioned in Chapter 1, science is a network of ideas, researchers
and papers. Our framework is mainly about the network of papers, but if we introduce the

memes into our analyses, the evolution picture will be more complete. As a first step to-
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wards studying the interaction of scientific ideas, we analyzed meme pairs that occur more
frequently than by chance. We proposed a probabilistic model to measure the correlation
between two memes and found that several pairs that are increasing more rapidly in the
field of quantum optics, which is consistent with our knowledge of the history of physics.
However, unlike for papers, we did not find clear community structures in the meme net-
work because of the redundancy of language. If we define the distance between memes
in term of their distributions among TCs, hierarchical clustering will give a nice partition
of memes, which is not really a community structure but will be useful for further analy-
sis. To quantify the correlation between meme evolution and TC evolution, we proposed
a linear recombination model for the meme population. Our results thus far suggest that

merging does not have a significant boost effect for top 1000 frequently used memes.

The Bose-Einstein condensation case study, on the other hand, suggests the strong cor-
relation between scientific breakthroughs and merging/splitting events. This relation in-
spired us to do correlation analyses about the merging/splitting events and several net-
work structure indicators in Chapter 2. The results showed the merging event is highly
correlated with inter-community connections while the splitting event is more complex.
Although these analyses gave us some predictive power, the results have certain limita-
tions. First, these results are not ‘real” predictions, but correlation analyses. We only know
that inter-community connections are correlated with merging events, but we cannot tell
if two TCs will merge in the next year given the information we have on this year. Sec-
ond, our analysis is restricted to merging and splitting events, while other event types like
birth, death, growing, shrinking were not discussed. Our third contribution is therefore
the training of a machine learning model to predict future changes of TCs. By using GED
methods, we are able to label the evolution events automatically and these events, continu-

ing, dissolving, splitting and merging, constitutes the event labels for the machine learning
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model. The Auto-WEKA software package was used to perform the prediction task and 56
features were considered in our model. The prediction performances were evaluated using
the F-measure. For both imbalanced and balanced training sets, the F-measures are signif-
icantly higher than random guesses. We then used the feature selection technique to find
the most informative features for prediction. Features based on the degree, betweenness,
size and closeness measure are most informative among the structure-based features. Fol-
lowing this, we conducted a detailed analysis on the betweenness distribution and found
that higher betweenness is associated with merging TCs, no such enhancement is found in
continuing TCs, while a significant decrease in average betweenness was found in splitting

TCs.

5.3 Discussion and Outlook

The study done in this dissertation opens up numerous productive perspectives. The cita-
tion network we studied in this dissertation is restricted to APS journals, which are pres-
tigious journals and likely reflect the frontiers of physics research, but are incomplete in
two ways. First, many important physics papers are published outside of the APS journals,
like Nature, Science and Applied Physics Letters, etc. These papers are clearly important
components of physics research. The second limitation is that even for the APS papers, we
only have citations pointing back to APS papers. This means that the BCN between APS
papers is not complete. For example, if two APS papers cite the same Nature paper, but no
APS paper in common, this information will not be captured in the data set. The distortion
due to the network being incomplete is hard to estimate, because we are dealing not only
with missing nodes, but also with missing edges. One possible way to overcome this lim-
itation is using a more complete data set which include all papers of interest to physicists,

as suggested in [Sinatra et al., 2015]. The third limitation is the timescale, an important
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factor for understanding evolving networks [Darst et al., 2016]. In this thesis we always
use one year as one time step, but other timescales are also possible. If we use half a year
as one time step, we will have 20 steps for one decade, meanwhile if we use two years as
one time step, we will have only 5 steps for one decade. In general, if we set one time step
too long, we will lose a lot of detail; if we set one time step too short, the fluctuation may
overwhelm the real signal. Recent research suggested that the timescale may also affect
community detection [Medo et al., 2018]. To balance these effects, we choose one year as

one time step, while the optimal choice of timescale remains an open question.

In our framework, TCs are disjoint groups of papers, which means that each paper can
only belong to one TC. It is a nice model to begin with because of its simplicity, but it does
not mean that this model is the optimal one. As physics research becomes more and more
interdisciplinary, different fields might overlap with one another, and one paper may be-
long to multiple fields. When we use the Infomap method to detect community structure
in the BCN, our results show that the overlapping communities have a shorter descrip-
tion length compared to non-overlapping communities, which suggests that overlapping
communities can give a more accurate picture of knowledge distribution. However, if we
allow a paper to belong to multiple TCs, we also have to redefine all evolutionary concepts
in our framework. Interaction between TCs can also become ambiguous: if TC A contains
some members of TC B, what does it mean for A to interact with B? Because of this diffi-
culty, we adopted the disjoint TC in description in this dissertation. If we can incorporate
the overlapping communities into our framework, it may reveal even richer information of

knowledge evolution than our current work.

In Chapter 2 we have observed the continuous distribution of mixing degree (includ-
ing forward and backward), it seems that almost-no-mixing and strong-mixing are quite

rare, and the weak mixing is the dominant type. This conclusion maybe appealing at first
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glance, however we must consider it with caution. The distribution of mixing strength is
closely related with the evolution mechanism, and a misinterpretation of Fig. 2.8 (e), (f)
will prevent us from understanding the evolution mechanism properly. There is at least
one factor known that can introduce fictional mixing: false group identification. If node
1 in fact belongs to group a but was wrongly put into group 3, and group o becomes
group a, group B becomes group b next year. Such a false group identification will in-
crease the intimacy indices between 8 and a and decrease the intimacy indices between o
and a, thereby making groups @, B and @ more mixing in terms of the mixing degree. To
understand the phenomenon of weak mixing, such effects should be addressed first. If the
weak mixing persist after such effects are addressed, it will be very useful for understand-
ing splitting/merging. There are at least two potential sources of weak mixing, the first
coming from interdisciplinary papers. The references of such papers show high diversity
in the context of TCs. No matter where we put such papers, they will introduce some mix-
ing. Another source is some papers citing papers in other fields to positions themselves
in the big picture. If the effects of these factors can be understood, we will be able to de-
termine the threshold between weak mixing and significant mixing. It will not only help
with prediction of splitting/merging, but also further our understanding of the evolution

mechanism.

Even though we are very excited to find Kuhnian processes correlated with changes
in the citation curve in the BEC case study in Chapter 2, it is too early to conclude that
Kuhnian processes will lead to scientific breakthroughs. The main contribution of the BEC
case study is that it demonstrate local effects are more useful than global effects to trace the
impact of Kuhnian processes. More systematic investigation is necessary to understand the
connection between Kuhnian processes and scientific breakthroughs, but when we tried

to generalize the method used in the BEC case study, we faced many difficulties. The most
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crucial one is the scope of ‘local effect’. In BEC case study, we limit ourselves to only the
BEC-related branches, i.e., the branches highlighted in Fig. 2.7. However, for a general
and systematic analysis, we cannot do the same thing. If we include the whole alluvial
diagram into the analysis, we will end up with no correlation as shown in Fig. 2.15, which
is not true if we analyse at the local scale. However, there is no clear boundary between
local scale and global scale. This is the reason we only have the case study, and not a
systematic analysis between Kuhnian processes and scientific breakthroughs. We hope
future mesoscopic studies will help us define a proper index that can measure the local

influence of Kuhnian processes.

In Chapter 3 we mentioned that our meme population model includes all top 1000
memes whether or not they are really correlated with the TCs” research interests. This
introduces heavy noise making the real signal hard to detect. One possible way to solve
this problem is to use our meme labelling technique to pick the top memes automatically
and only using the key memes for analysis. However, when we use such a technique, we
need to check if we have done some ‘overfitting” to get false positives. If we filter our data
set to test the model, we are in danger of circular reasoning. These effects need therefore
to be considered carefully when we try to study the correlation between meme evolution

and TC evolution.

To be able to identify changes in TCs in Chapter 4, we needed to define time windows
used for network creation and community detection. The natural choice for bibliographi-
cal data was the usage of single years, since the publishing process may last many months.
Obviously, another granularity may be considered like multiple years, e.g. 2 or 5 years. In
our approach, i.e. both for BCN and CN, every citation has the same importance. How-
ever, there are some other concepts like fractional counting of citations [Leydesdorff and

Opthof, 2010]. It assumes that the impact of each citation is proportionate to the number
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of references in the citing document. Additionally, it can be differentiated depending on
e.g. the quality of the journal. We decided to analyse more in-depth only on one feature
describing structural profile of TCs, namely node betweenness. It was primary caused by
the limited amount of resources and complexity of analyses. The entire process required
much human assistance and could not have been easily automated. In our experiments,
we utilized the raw, imbalanced or artificially flattened—balanced data sets. However,
depending on the study purpose, we can bias some classes we are more interested in e.g.
split. It can be achieved either by means of appropriate balancing—sampling for the learn-
ing set, or reformulating the problem into the binary question—is split expected (true) or
not (false). As of now, the betweenness analysis is still limited to several case studies, in fu-
ture a more rigorous framework will be desired. The idea of analysing science by discovery
of knowledge changes is general and can be applied to all bibliographical data containing
citations. We focus solely on APSjournals, however, also papers indexed by PubMed, Web
of Science or Google Scholar may be studied. In Chapter 4 we try to do short-term pre-
diction using information only from the previous year. However, longer-memory effect
may exist in the knowledge evolution, that is, the event that happens in year ¢ + 1 not only
depends on what happened in year ¢, but also on the events in years 7 — 1,  —2 and so on.

For future prediction studies, these factors should be tested and included.

Finally, from a more theoretical perspective, although we have a framework to quantify
knowledge evolution, we do not have any model. More precisely, even though we observe
a plethora of merging, splitting, birth, death, growth and decay events, the mechanisms
underlying these events are still unknown. For example, when multiple TCs merge, how
do their boundaries disappear? Conversely, when a TC splits, how do boundaries appear
inside the TC until they divide the old TC into several new ones? One possible way to find

out is using sliding windows to trace the progress of an event. Although this question
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sounds very theoretical, understanding it has huge implications on knowledge evolution.
Such models can help us identify the driving forces behind the evolution event and would

allow us to do predictions beyond the machine learning model.
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APPENDIX A

Proof of I, and 12 are in range [0, 1]

We define the forward intimacy index I}, and backward intimacy index I%, using Eq. 2.1 in
Chapter 2 as following:
L-xh N (R ) N (R, )
"G NR2T) L)
o Z N (R, %) N (Ri, %)
mn NR,%) L(%7)

And we denote the references cited by papers in C, and C',"! as %!, = #(C!,) = [Ru1, ..., Rup)
and Zi" = Z(C™) = [Ru1,....,Ryg); and Z' = {Z#:,..., %!, ...} is the collection of all refer-
ences cited in year t. N(el ement l zst) is the number of times element occurs in list, and L(list)
is the length of /ist.

According to our notation #' = {#,...,%},,...}, this is obvious that
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Additionally, N (R;,%",) and N (R;,%.'") are nonnegative integers. Therefore it is easy to
get
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Furthermore,
- ZN (Rn‘@/[n) ’
i A3
L(#™") =Y N (R, 2z,"). (&.3)
Combining Eq. A.2 and Eq. A.3, we can obtain
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Thus, we get I, 1%, € [0,1]. |



APPENDIX B

Top two codes from PACS 2010

Table B.1: First two digits of PACS 2010 and their meaning.

PACS code Meaning
00 General
01 Communication, education, history, and philosophy
02 Mathematical methods in physics
03 Quantum mechanics, field theories, and special relativity
04 General relativity and gravitation
05 Statistical physics, thermodynamics, and nonlinear dynamical
systems
06 Metrology, measurements, and laboratory procedures
07 Instruments, apparatus, and components common to several
branches of physics and astronomy
10 The Physics of Elementary Particles and Fields
11 General theory of fields and particles
12 Specific theories and interaction models; particle systematics
13 Specific reactions and phenomenology
14 Properties of specific particles
20 Nuclear Physics
21 Nuclear structure
23 Radioactive decay and in-beam spectroscopy
24 Nuclear reactions: general
Continued on next page
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Table B.1 - continued from previous page

PACS code Meaning

25 Nuclear reactions: specific reactions

26 Nuclear astrophysics

27 Properties of specific nuclei listed by mass ranges

28 Nuclear engineering and nuclear power studies

29 Experimental methods and instrumentation for elementary-
particle and nuclear physics

30 Atomic and Molecular Physics

31 Electronic structure of atoms and molecules: theory

32 Atomic properties and interactions with photons

33 Molecular properties and interactions with photons

34 Atomic and molecular collision processes and interactions

36 Exotic atoms and molecules; macromolecules; clusters

37 Mechanical control of atoms, molecules, and ions

40 Electromagnetism, Optics, Acoustics, Heat Transfer, Classi-
cal Mechanics, and Fluid Dynamics

41 Electromagnetism; electron and ion optics

42 Optics

43 Acoustics

44 Heat transfer

45 Classical mechanics of discrete systems

46 Continuum mechanics of solids

47 Fluid dynamics

50 Physics of Gases, Plasmas, and Electric Discharges

51 Physics of gases

52 Physics of plasmas and electric discharges

60 Condensed Matter: Structural, Mechanical and Thermal
Properties

61 Structure of solids and liquids; crystallography

62 Mechanical and acoustical properties of condensed matter

63 Lattice dynamics

64 Equations of state, phase equilibria, and phase transitions

65 Thermal properties of condensed matter

66 Nonelectronic transport properties of condensed matter

67 Quantum fluids and solids

68 Surfaces and interfaces; thin films and nanosystems (structure
and nonelectronic properties)

70 Condensed Matter: Electronic Structure, Electrical, Mag-

netic, and Optical Properties

Continued on next page
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128 APPENDIX B. TOP TWO CODES FROM PACS 2010

Table B.1 - continued from previous page

PACS code Meaning

71 Electronic structure of bulk materials

72 Electronic transport in condensed matter

73 Electronic structure and electrical properties of surfaces, inter-
faces, thin films, and low-dimensional structures

74 Superconductivity

75 Magnetic properties and materials

76 Magnetic resonances and relaxations in condensed matter,
Mossbauer effect

77 Dielectrics, piezoelectrics, and ferroelectrics and their proper-
ties

78 Optical properties, condensed-matter spectroscopy and other
interactions of radiation and particles with condensed matter

79 Electron and ion emission by liquids and solids; impact phe-
nomena

80 Interdisciplinary Physics and Related Areas of Science and
Technology

81 Materials science

82 Physical chemistry and chemical physics

83 Rheology

84 Electronics; radiowave and microwave technology; direct en-
ergy conversion and storage

85 Electronic and magnetic devices; microelectronics

87 Biological and medical physics

88 Renewable energy resources and applications

89 Other areas of applied and interdisciplinary physics

90 Geophysics, Astronomy, and Astrophysics

91 Solid Earth physics

92 Hydrospheric and atmospheric geophysics

93 Geophysical observations, instrumentation, and techniques

94 Physics of the ionosphere and magnetosphere

95 Fundamental astronomy and astrophysics; instrumentation,
techniques, and astronomical observations

96 Solar system; planetology

97 Stars

98 Stellar systems; interstellar medium; galactic and extragalactic
objects and systems; the Universe




APPENDIX C

Top 3 most cited papers in the case study Fig. 2.7

To illustrate the utility our knowledge evolution framework can offer, we use as a case study
the interesting interactions between quantum optics (QO), quantum information (QI),
and Bose-Einstein Condensation (BEC). These three fields experienced breakthroughs in
the 1990s. Tab. C.1 shows the three most cited papers in these TCs, which are highlighted
Fig. 2.7. Key merging and splitting events are reported in Chapter 2, as are important
publications these events are correlated with.
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Table C.1: The three most cited papers in quantum optics, quantum information theory, quantum computation and Bose-Einstein
condensation related TCs.

Year TC DOI Title
10.1103/PhysRevLett.67.661 | Quantum cryptography based on Bells theorem

Upper | 10.1103/PhysRevLett.66.2593 | Observation of electromagnetically induced transparency

10.1103/PhysRevLett.67.1855 | Enhancement of the index of refraction via quantum coherence
1991 Above-surface neutralization of highly charged ions: The classical over-the-barrier
10.1103/PhysRevA.44.5674 model ’

Lower 10.1103/PhysRevB.43.13401 | Strong magnetic x-ray dichroism in 2p absorption spectra of 3d transition-metal ions
10.1103/PhysRevLett.66.2601 | Dynamic stabilization of hydrogen in an intense, high-frequency, pulsed laser field
10.1103/PhysRevLett.69.2881 | Communication via one- and two-particle operators on Einstein-Podolsky-Rosen states

Upper 10.1103/PhysRevLett.69.3314 O‘t.)servat'}on of the coupled exciton-photon mode splitting in a semiconductor quantum

1992 microcavity
10.1103/PhysRevLett.68.580 | Wave-function approach to dissipative processes in quantum optics
10.1103/PhysRevLett.68.1943 | X-ray circular dichroism as a probe of orbital magnetization

Lower | 10.1103/PhysRevLett.68.3535 | High-order harmonic generation from atoms and ions in the high intensity regime
10.1103/PhysRevLett.69.1383 | Absorption of ultra-intense laser pulses
10.1103/PhysRevLett.70.1895 Zﬁla?l);)gltsing an unknown quantum state via dual classical and Einstein-Podolsky-Rosen

Upper 10.1103/PhysRevA.47.4114 | Threshold and resonance phenomena in ultracold ground-state collisions

1993 10.1103/PhysRevLett.70.1244 Me-asurement of the Wigner dis.tributi.on .and the density matrix of a light mode using
optical homodyne tomography: Application to squeezed states and the vacuum
10.1103/PhysRevLett.71.1994 | Plasma perspective on strong field multiphoton ionization

Lower | 10.1103/PhysRevLett.70.1599 | Above threshold ionization beyond the high harmonic cutoff
10.1103/PhysRevLett.70.774 | High-order harmonic generation in rare gases with a 1-ps 1053-nm laser

10.1103/PhysRevA.50.67 Squeezed atomic states and projection noise in spectroscopy

Upper | 10.1103/PhysRevLett.72.3439 | Statistical distance and the geometry of quantum states

1994 10.1103/PhysRevLett.73.58 | Experimental realization of any discrete unitary operator
10.1103/PhysRevA.49.2117 | Theory of high-harmonic generation by low-frequency laser fields

Lower | 10.1103/PhysRevLett.73.1227 | Precision Measurement of Strong Field Double Ionization of Helium

10.1103/PhysRevA.50.1540 | Modeling harmonic generation by a zero-range potential
10.1103/PhysRevLett.75.3969 | Bose-Einstein Condensation in a Gas of Sodium Atoms
1995 10.1103/PhysRevLett.74.4091 | Quantum Computations with Cold Trapped Ions
10.1103/PhysRevA.52.R2493 | Scheme for reducing decoherence in quantum computer memory
10.1103/PhysRevA.54.3824 | Mixed-state entanglement and quantum error correction
1996 10.1103/PhysRevLett.77.1413 | Separability Criterion for Density Matrices
10.1103/PhysRevLett.77.2360 | Collective Excitations of a Trapped Bose-Condensed Gas
10.1103/PhysRevLett.78.985 | Bose-Einstein Condensation of Lithium: Observation of Limited Condensate Number

Upper | 10.1103/PhysRevLett.78.586 | Production of Two Overlapping Bose-Einstein Condensates by Sympathetic Cooling

1997 10.1103/PhysRevLett.78.5 | Demonstration of the Casimir Force in the 0.6 to 6mum Range
10.1103/PhysRevLett.78.5022 | Entanglement of a Pair of Quantum Bits

Lower 10.1103/PhysRevLett.78.3221 Quantum State Transfer and Entanglement Distribution among Distant Nodes in a

Quantum Network
10.1103/PhysRevLett.79.3306 | Noiseless Quantum Codes
10.1103/PhysRevLett.81.3108 | Cold Bosonic Atoms in Optical Lattices
Upper 10.1103/PhysRevLett.81.938 Atomic Scattering in the Presence of an External Confinement and a Gas of
1998 Impenetrable Bosons
10.1103/PhysRevLett.81.742 | Spinor Bose Condensates in Optical Traps
10.1103/PhysRevA.57.120 | Quantum computation with quantum dots
Lower | 10.1103/PhysRevLett.80.2245 | Entanglement of Formation of an Arbitrary State of Two Qubits
10.1103/PhysRevLett.81.5932 8uantum. Repeaters: The Role of Imperfect Local Operations in Quantum
ommunication
10.1103/PhysRevLett.83.2498 | Vortices in a Bose-Einstein Condensate
Upper | 10.1103/PhysRevLett.83.5198 | Dark Solitons in Bose-Einstein Condensates
1999 10.1103/PhysRevLett.82.1975 | Entanglement of Atoms via Cold Controlled Collisions
10.1103/PhysRevLett.83.4204 | Quantum Information Processing Using Quantum Dot Spins and Cavity QED

Middle | 10.1103/PhysRevB.59.2070 | Coupled quantum dots as quantum gates
10.1103/PhysRevLett.82.2417 | Dynamical Decoupling of Open Quantum Systems
10.1103/PhysRevLett.82.5229 glt.raslow Group Yelocity and Enhanced Nonlinear Optical Effects in a Coherently

Lower riven Hot Atomic Gas
10.1103/PhysRevLett.83.2845 | Transmission Resonances on Metallic Gratings with Very Narrow Slits
10.1103/PhysRevLett.83.967 | Liquid-Crystal Photonic-Band-Gap Materials: The Tunable Electromagnetic Vacuum
10.1103/PhysRevLett.84.806 | Vortex Formation in a Stirred Bose-Einstein Condensate

Upper | 10.1103/PhysRevLett.85.1795 | Stable 85Rb Bose-Einstein Condensates with Widely Tunable Interactions
10.1103/PhysRevLett.85.3745 | Regimes of Quantum Degeneracy in Trapped 1D Gases
10.1103/PhysRevA.62.062314 | Three qubits can be entangled in two inequivalent ways

2000 | Middle | 10.1103/PhysRevLett.84.2722 | Inseparability Criterion for Continuous Variable Systems
10.1103/PhysRevA.62.012306 Electron-spin—resonance transistors for quantum computing in silicon-germanium
eterostructures
10.1103/PhysRevLett.85.5214 | Double Resonant Raman Scattering in Graphite
Lower | 10.1103/PhysRevLett.85.154 | Electronic Structure of Deformed Carbon Nanotubes
10.1103/PhysRevB.62.13104 | Carbon nanotubes, buckyballs, ropes, and a universal graphitic potential




APPENDIX D

The full list of predictive features

As we mentioned in Chapter 4, each observation contained 77 features (preselected from
the initial 100). The full list of 100 features are showed in Tab. D.1. Many features in this list
are proposed for directed social network, therefore are inappropriate for our undirected
BCN and CN. The symbol + indicates this feature was used in BCN prediction, while the
symbol * indicates this feature was used in CN prediction.
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Table D.1: List of all features used in the study. Features proposed in this study are shown in bold.

Features group

Feature name

Feature description

sum_group_degree_in

The sum of indegree [ Freeman, 1978 ] of nodes belong-
ing to the community calculated within the commu-
nity. Indegree is a node measure defining the number
of connections directed to the node

avg_group_degree_in

The average value of indegree of nodes belonging to
the community calculated within the community

min_group_degree_in

The minimum value of indegree of nodes belonging
to the community calculated within the community

max_group_degree_in

The maximum value of indegree of nodes belonging
to the community calculated within the community

sum_group_degree_out

The sum of outdegree [Freeman, 1978] of nodes be-
longing to the community calculated within the com-
munity. Outdegree is a node measure determining the
number of connections outgoing from the node

avg_group_degree_out

The average value of outdegree of nodes belonging to
the community calculated within the community

min_group_degree_out

The minimum value of outdegree of nodes belonging
to the community calculated within the community

max_group_degree_out

The maximum value of outdegree of nodes belonging
to the community calculated within the community

sum_group_degree_total4-*

The sum of total degree of nodes belonging to the com-
munity calculated within the community. Total de-
gree is the sum of indegree and outdegree

avg_group_degree_total+-*

The average value of total degree of nodes belonging
to the community calculated within the community

Members/ microscopic

min_group_degree_total+x

The minimum value of total degree of nodes belong-
ing to the community calculated within the commu-
nity

max_group_degree_total+x

The maximum value of total degree of nodes belong-
ing to the community calculated within the commu-
nity

sum_group_betweenness+-*

The sum of betweenness | Freeman, 1978] of nodes be-
longing to the community calculated within the com-
munity. Betweenness is a node measure describing
the number of the shortest paths from all nodes to all
others that pass through that node

avg_group_betweenness+x

The average value of betweenness of nodes belonging
to the community calculated within the community

min_group_betweenness-+x

The minimum value of betweenness of nodes belong-
ing to the community calculated within the commu-
nity

max_group_betweenness+-x

The maximum value of betweenness of nodes belong-
ing to the community calculated within the commu-
nity

Continued on next page




Table D.1 - continued from previous page

Features group

Feature name

Feature description

sum_group_closeness-x

The sum of closeness [Freeman, 1978] of nodes be-
longing to the community calculated within the com-
munity. Closeness is a node measure defined as the
inverse of the farness, which in turn, is the sum of dis-
tances to all other nodes

avg_group_closeness+x

The average value of closeness of nodes belonging to
the community calculated within the community

min_group_closeness—+x

The minimum value of ¢ of nodes belonging to the
community calculated within the community

max_group_closeness+*

The maximum value of closeness of nodes belonging
to the community calculated within the community

sum_group_eigenvector-x

The sum of eigenvector [Bonacich, 1972] of nodes be-
longing to the community calculated within the com-
munity. Eigenvector is a node measure indicating the
influence of a node in the network

avg_group_eigenvector+x

The average value of eigenvector of nodes belonging
to the community calculated within the community

min_group_eigenvector+x*

The minimum value of eigenvector of nodes belonging
to the community calculated within the community

max_group_eigenvector+x

The maximum value of eigenvector of nodes belong-
ing to the community calculated within the commu-
nity

avg_group_eccentricity+x

The average value of eccentricity [Harary, 1969] of
nodes belonging to the community calculated within
the community. Eccentricity of a node is its shortest
path distance from the farthest other node in the graph

min_group_eccentricity +x*

The minimum value of eccentricity of nodes belonging
to the community calculated within the community

max_group_eccentricity+:x

The maximum value of eccentricity of nodes belong-
ing to the community calculated within the commu-
nity

sum_network_degree_in

The sum of indegree of nodes belonging to the com-
munity calculated within the network

avg_network_degree_in

The average value of indegree of nodes belonging to
the community calculated within the network

min_network_degree_in

The minimum value of indegree of nodes belonging
to the community calculated within the network

max_network_degree_in

The maximum value of indegree of nodes belonging
to the community calculated within the network

sum_network_degree_out

The sum of outdegree of nodes belonging to the com-
munity calculated within the network

avg_network_degree_out

The average value of outdegree of nodes belonging to
the community calculated within the network

min_network_degree_out

The minimum value of outdegree of nodes belonging
to the community calculated within the network

max_network_degree_out

The maximum value of outdegree of nodes belonging
to the community calculated within the network

Continued on next page




Table D.1 - continued from previous page

Features group

Feature name

Feature description

sum_network_degree_total+x

The sum of total degree of nodes belonging to the com-
munity calculated within the network

avg_network_degree_total+x

The average value of total degree of nodes belonging
to the community calculated within the network

min_network_degree_total+x

The minimum value of total degree of nodes belong-
ing to the community calculated within the network

max_network_degree_total+:x

The maximum value of total degree of nodes belong-
ing to the community calculated within the network

sum_network_betweenness +x

The sum of betweenness of nodes belonging to the
community calculated within the network

avg_network_betweenness-x

The average value of betweenness of nodes belonging
to the community calculated within the network

min_network betweenness+*

The minimum value of betweenness of nodes belong-
ing to the community calculated within the network

max_network_betweenness-+x*

The maximum value of betweenness of nodes belong-
ing to the community calculated within the network

sum_network_closeness+x

The sum of closeness of nodes belonging to the com-
munity calculated within the network

avg_network_closeness+x

The average value of closeness of nodes belonging to
the community calculated within the network

min_network_closeness-+x*

The minimum value of closeness of nodes belonging
to the community calculated within the network

max_network_closeness-x

The maximum value of closeness of nodes belonging
to the community calculated within the network

sum_network_eigenvector+x

The sum of eigenvector of nodes belonging to the com-
munity calculated within the network

avg_network_eigenvector+-x

The average value of eigenvector of nodes belonging
to the community calculated within the network

min_network_eigenvectorJr*

The minimum value of eigenvector of nodes belonging
to the community calculated within the network

max_network_eigenvector+-*

The maximum value of eigenvector of nodes belong-
ing to the community calculated within the network

avg_group_coefficient [Wasserman
and Faust, 1994 |+x

The average of the local clustering coefficients of all
the nodes in the community

avg_network_coefficient [Wasser-

man and Faust, 1994 |+

The average of the local clustering coefficients of all
the nodes in the network

Group/mesoscopic

group_size-+x*

The number of nodes in the group

group_density [Wasserman and

Faust, 1994 ]+x

The number of connections between nodes in the
group in relation to all possible connections between
them

group_cohesion [ White and | The vertex connectivity of the community
Harary, 2001 |+
group_coefficient_global [Wasser- | The ratio of the triangles and the connected triples in

man and Faust, 1994 |+

the community

group_reciprocity [Newman, 2010]

A fraction of edges that are reciprocated within the
community

Continued on next page




Table D.1 - continued from previous page

Features group

Feature name

Feature description

group_leadership [Freeman,

1978]+x

A measure describing centralization in the commu-
nity (the largest value is for a star network)

neighborhood_out

The number of nodes outside the community that
have incoming connection from the nodes inside the
community divided by the number of nodes in the
community

neighborhood_in

The number of nodes outside the community that
have outgoing connection to the nodes inside the com-
munity divided by the number of nodes in the com-
munity

neighborhood_all+x

The number of nodes outside the community that are
connected to the nodes inside the community divided
by the number of nodes in the community

group_adhesion =~ [White  and

Harary, 2001 ]+

The minimum number of edges needed to be removed
to obtain a community which is not strongly con-
nected

alpha [Brodka et al., 2013 ]

The GED inclusion measure of group G; from time
window 7, in group G, from 7,

beta [Brodka et al., 2013 ]

The GED inclusion measure of group G; from time
window 7,4 in group G; from T,

network_ratio_size-+x

The ratio of group_size to network_size

network_ratio_density+x

The ratio of group_density to network_density

network_ratio_cohesion-+x

The ratio of group_cohesion to network_cohesion

network_ratio_coefficient_global+* | The ratio of group_coefficient_global to  net-
work_coefficient_global
network_ratio_coefficient_average++ The ratio of group_clustering_coefficient to mnet-

work_clustering_coefficient

network_ratio_reciprocity

The ratio of group_reciprocity to network_reciprocity

network_ratio_leadership-+x

The ratio of group_leadership to network_leadership

network_ratio_eccentricity+x

The ratio of avg_group_eccentricity to  net-

work_avg_eccentricity

network_ratio_adhesion+x*

The ratio of group_adhesion to network_adhesion

phys_revx

The number of articles belonging to the group that
were published in the Physical Review journal

phys_rev_a+x

The number of articles belonging to the group that
were published in the Physical Review A journal

phys_rev_b+x

The number of articles belonging to the group that
were published in the Physical Review B journal

phys_rev_c+x

The number of articles belonging to the group that
were published in the Physical Review C journal

phys_rev_d+x*

The number of articles belonging to the group that
were published in the Physical Review D journal

phys_rev_e+x*

The number of articles belonging to the group that
were published in the Physical Review E journal

phys_rev_lett+x*

The number of articles belonging to the group that
were published in the Physical Review Letters jour-
nal

Continued on next page




Table D.1 - continued from previous page

Features group

Feature name

Feature description

phys_rev_stab+

The number of articles belonging to the group that
were published in the Physical Review STAB jour-
nal

phys_rev_stper+

The number of articles belonging to the group that
were published in the Physical Review STPER jour-
nal

physicsx

The number of articles belonging to the group that
were published in the Physics journal

rev_mod_phys+*

The number of articles belonging to the group that
were published in the Review of Modern Physics
journal

sum_group_age-+x

The sum of age of articles belonging to the group. In
the co-reference network the age of an article is the
average age of the articles it references to. In the co-
citation network the age of an article is the age of the
articles being cited.

avg_group_age-tx

The average age of articles belonging to the group

min_group_age-+*

The minimum age of articles belonging to the group

max_group_age-+x

The maximum age of articles belonging to the group

network_ratio_avg_group_age-+x

The ratio of avg_group_age to the average age of all
articles in the network

time_window-+x*

The number of time window from which the commu-
nity instance was obtained

Network/ macroscopic

network_size--x*

The number of nodes in the network

network_density+x

The number of connections between nodes in the net-
work in relation to all possible connections between
them

network_cohesion+x*

The vertex connectivity of the network

network_coefficient_global+x

The ratio of the triangles and the connected triples in
the network

network_coefficient_average+

The average of the local clustering coefficients of all
the nodes in the network

network_reciprocity

A fraction of edges that are reciprocated within the
network

network_leadership+x

A measure describing centralization in the network
(the largest value is for a star network)

network_avg_eccentricity+x

The average value of eccentricity of nodes within the
network.

network_adhesion+*

The minimum number of edges needed to be removed
to obtain a graph which is not strongly connected
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