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Hierarchical organisation in complex systems

Final Report

1 Introduction

Hierarchical organisation is a widespread feature of a large variety of systems studied
in natural- and social sciences. Former empirical studies on hierarchy are ranging
from the transcriptional regulatory network of Escherichia coli [1], the dominant-
subordinate hierarchy among crayfish [2], the leader-follower network of pigeon flocks
[3, 4] and the rhesus macaque kingdoms [5], through neural networks [6] and tech-
nological networks [7], to social interactions [8, 9, 10], urban planning [11, 12], eco-
logical systems [13, 14], and evolution [15, 16]. Although hierarchy is often easily
perceived, it can be difficult to quantify according to the numerous alternative hier-
archy detection methods and hierarchy measures available in the scientific literature
[1, 17, 18, 19, 20, 21, 22].

A hierarchy is usually depicted as a directed acyclic graph (DAG), where the
nodes are layered in different levels, with links pointing from nodes in higher levels
towards nodes in lower levels. However, we can distinguish between hierarchies of
different types. In a flow hierarchy, the links can represent the chain of command,
the flow of information, etc., and in general, they indicate that nodes found in lower
levels are influenced by their in-neighbours positioned in higher levels. On the other
hand, in a nested hierarchy (also called inclusion hierarchy or containment hierarchy)
the links represent an “is a sub-category of” type of relation, as nested hierarchies
are obtained by recursively aggregating items into larger and larger groups, resulting
in a structure where higher-level groups consist of smaller and more specific compo-
nents [23]. Prominent examples of nested hierarchy are given by library classification
systems and biological classification.

The aim of the project was to study the hierarchical organisation of complex sys-
tems from new perspectives, and to continue the former research of project members
related to tagging systems [24, 25], ontologies [26] and community finding in com-
plex networks [27, 28]. The obtained results were mainly published in peer reviewed
scientific journals (we shall refer to these as [J1], [J2], etc. in the following) and in
on case as a peer reviewed conference abstract (we shall refer to that as [C1]). The
publications supported by the grant are provided at the end of the report in lists sep-
arated from the rest of the references. In the following we give a short summary of
our findings divided into sections according to the main focus of the obtained results.
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2 Achievements in tag hierarchy extraction [J1, J2, J3]

A very interesting problem related to nested hierarchies and classification is given by
the automated extraction of nested hierarchies from folksonomies and collaborative
tagging systems [29, 30, 31, 32]. The association of tags to various on-line contents
have became widespread, as various tags may indicate the topic of news-portal feeds
and blog post, the genre of films or music records on file sharing portals, or the kind
of goods offered in Web stores. These tags usually serve as keywords, providing a
rough description of the given entity, helping the users in a fast decision whether the
given article, film, etc. is of interest or not. Since the tags appearing in these on-line
platforms are usually free words chosen by the author or owner of the given object,
they are almost never organised into a pre-defined hierarchy of categories and sub-
categories [26, 33, 34]. Furthermore, in many tagging systems like Flickr, CiteUlike
or Delicious the tagging process is collaborative, as in principle an unlimited number
of users can tag photos, Web pages, etc., with free words [35, 36, 37]. In order to
highlight this collaborative nature, the arising set of free tags and associated objects
are often referred to as folksonomies.

One of our first main achievements during the project was to provide a complete
framework for automated tag hierarchy extraction based on tag occurrence statistics
in folksonomies and tagging systems [J1]. This included the introduction of two
novel tag hierarchy extraction algorithms, which were thoroughly tested on several
real systems, including a large data set of annotated proteins, tagged by their known
functions. Here the "exact" hierarchy between the protein functions can be also
looked up in the Genome Ontology. The similarity between this pre-defined hierarchy
and the reconstructed hierarchies obtained from our algorithms was very encouraging.
Furthermore, the hierarchies obtained for large samples of tagged photos from Flickr
and tagged films from the IMDb database were seemingly meaningful, following the
common sense by and large. (No pre-defined exact hierarchies were given for these
systems).

Another important part of the our framework was the development of a computer
generated benchmark system providing a tunable and controllable test bed for tag
hierarchy extraction methods [J1]. The basic idea of this approach is the simulation of
the association of tags to virtual objects based on a given input hierarchy between the
tags. According to our results, by changing the parameters of the simulated tagging
process we are capable of generating both "easy" and "difficult" data sets for the
tag hierarchy reconstructing algorithms. In addition, we have also introduced several
quality measures for evaluating the similarity between a reconstructed hierarchy,
(obtained from a tag hierarchy extraction method), and an exact hierarchy.

The developed tag hierarchy extraction framework was later applied to keywords
associated to scientific publications in the Web of Science [J2]. In this study we
treated the keywords given by the authors and the keywords given by the reposi-
tory separately, resulting in two alternative hierarchies. Interestingly, the keywords
were also pre-organised by the Web of Science into 3 types, from the very general
to the very special. When comparing the two extracted hierarchies to the 3-level
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classification given by the Web of Science we found a very good correspondence, as
the specificity of the keywords according to the Web of Science categorisation was
increasing with the level depth in the extracted hierarchies [J2]. In addition, the
hierarchy between the author given tags and the hierarchy of the repository given
tags were also compared to each other. According to the results, the top of the hi-
erarchies showed a relatively high similarity, whereas the bottom of the hierarchies
(where the specificity of the tags was high) turned out to be quite dissimilar. This is
in accordance with the fact that for each individual paper in the Web of Science the
tags given by the repository are aimed to be complementary to the keywords given
by the authors.

We also carried out a study focusing on the hierarchy between tags associated to
news feeds in on-line news portals such as the Spiegel Online, The Guardian, The
New York Times and The Australian [J3]. The extracted hierarchies suggested that
the tags appearing in the different news portals were organised to different degrees.
Our analysis revealed that Guardian has an extra intermediate level of organisation
at certain locations. A further very interesting result is that the number of connected
components in the DAGs conveys information about the extent of organisation in the
data: the Spiegel and Guardian have O(1) components and are quite organised, the
New York Times has a few dozen components and breaks the world into independent
pieces, and the Australian has O(100) components which are barely informative at all.
A similar picture was emerging from the comparison between the frequencies of tags
in Google News and their centrality score in the tag-tag co-appearance graphs [J3].
The correlation was quite strong in case of the Spiegel and the Guardian, medium
for the New York Times, and almost equivalent to the totally random case for the
Australian.

3 Results related to communities [J4, J5, J6]

Over the last 15 years, the complex network approach in general has become ubiq-
uitous in describing and modelling complex systems [38, 39]. One of the most inten-
sively studied area in this field is devoted to communities (also called as modules,
clusters, cohesive groups, etc.) [27, 40, 41, 42, 43]. The concept of nested commu-
nities, where smaller, strongly connected modules are embedded in larger and larger
shells of more loose communities, is naturally very closely related to containment
hierarchy.

Clique percolation is a popular community finding approach, in which nested
communities can be obtained in a natural way, just by changing the k-clique size
used for detecting the communities [27]. The usual “rule of the thumb” for selecting
the optimal value for k (and if the network is weighted, selecting an optimal value
for a link weight threshold w

∗ used for throwing away unimportant links) is to tune
the system close to the critical point of k-clique percolation. Relating to that, we
examined the behaviour of the quality of community partitions at the critical point
using several different modularity measures [J4]. According to our results on several
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real networks, the studied modularities show a maximum close to the critical point,
justifying the mentioned criteria for the optimal parameter settings in the Clique
Percolation Method.

We have also made some progress related to the problem of tagging of commu-
nities in a study focusing on the changing role of past scientific publications [J5].
Although a scientific paper cannot be changed after publication, its “meaning” to
the reader and the categorisation of its content may change over time. In order to
examine how scientific ideas (represented by groups of papers) evolve, we prepared
the yearly co-citation network between publications appearing in the Web of Science,
identified time evolving communities using the Clique Percolation Method, and as-
signed topic tags to all groups. The main results of the study were that the tag “Wos
multidisciplinary” was over-represented among cutting edge ideas, and that we can
find a number of scientific papers moving from one community (corresponding to a
certain topic) to another one (devoted to some other scientific field) [J5]. We found
also that several groups of scientific papers change their focus with time in the sense,
that the most typical keywords of the groups are changing.

Tagging of tightly connected sub-graphs in a network has several possible ap-
plications. We have used this concept to help physicians in better understanding
complex and rare diseases [J6]. We have analysed the clinical pathways of a popu-
lation with relapsing polychondritis, which is a rare autoimmune disease with many
manifestations. Based on the co-occurring diagnoses we have identified several dis-
tinct symptoms. We have also shown, that by analysing the time evolution of the
patient paths that are tagged by ICD-10 diagnosis codes and ATC codes of consumed
medicaments one can distinguish between severity levels [J6]. These levels of severity
were confirmed by independent data, where the length of hospitalisation was used as
indicator of severity.

4 Hierarchical properties of scientific citation networks

[J7, C1, J8, J9]

Beside the (undirected) co-citation network mentioned in the previous Section, the
directed citation network between scientific publications provides another fascinating
complex system. Due to the appearance of new papers, this network is subject to
constant evolution. In one of our studies we examined the hierarchical structure of
time dependent sub-networks consisting of publications belonging to a given scientific
field [J7]. According to the results, the majority of these networks follows a universal
trend towards a highly hierarchical state, and the observed variations over the fields
in most cases can be accounted for a difference in either their maturity (distance in
time from the “birth” of the field), or a difference in the characteristic time according
to which they approach their stationary state. Furthermore, the alteration in the
behaviour of the sub-networks turned out to be closely related also to the degree of
specialisation of the fields [J7].

Citations play also a very important role in scientometrics when comparing the
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quality, novelty and impact of scientific publications. Probably the most widely used
article level metric is the accumulated number of citations a paper collects over time.
However, this can have a number of drawbacks, e.g., when comparing papers that
appeared decades ago (and had a lot of time to collect citation) to newly appearing
articles. We have proposed a new measure for quantifying the novelty of a manuscript
based on the frequency of citations between the papers citing the given document
and the cited other articles in the document [C1]. The main idea behind this metric
is that if the majority of the papers citing the given article in the mean time have
references also to the cited papers in the document, then the given article does not
play a significant role in producing new knowledge. In contrast, if the later coming
new papers cite only the given document, but not the previous publications cited in
the document, then the manuscript is likely to contain an important new contribution
to the field. We have analysed six different data sources (two databases of scientific
publications, three online Wikipedias and one patent database). According to our
results the above novelty measure does not correlate with the plain citation count of
the papers [C1].

Another drawback of using the citation count as an article level metric is that the
average frequency of citations shows large variations across different scientific fields
(making a comparison between papers from far away fields unfair). However, since
the majority of papers listed in current large scientific publication repositories are
tagged by keywords or field categories, we may naturally restrict the comparison of
citation counts to papers belonging to the same category or having the same tags. In
a short study we gave a brief overview of a few alternative article level metrics aimed
at providing a more fair comparison between papers, and also examined a few basic
statistics of topic groups obtained by simply collecting publications having a given
keyword in the repository of the Web of Science [J8].

By continuing the extension of the width of scientific topics, we may move from
the previous groups of papers marked by the same keywords to much broader groups,
corresponding to papers appearing in the same scientific journal. Quantifying the im-
pact, prestige and novelty of a journal is yet again, a non-trivial problem [44, 45, 46,
47, 48], and according to comparison studies between journal impact measures, sci-
entific impact seems to be a multi-dimensional construct that cannot be adequately
measured by any single indicator [49, 50, 51]. Motivated by that, we carried out a
study focusing on the possibilities for organising scientific journals into hierarchies,
which can be considered as a first step in the direction of multi-dimensional charac-
terisation of journal impact [J9]. We succeeded in constructing both a flow hierarchy,
(relevant from the point of view of information spreading), and a nested hierarchy,
(organising the journals according to the scientific fields), using the publication data
from the Web of Science. According to the results, our nested hierarchy provides
a natural tool for the visualisation of the intricate nested and overlapping relations
between scientific fields, making the navigation within different scientific fields and
sub-fields very simple, being equivalent to navigating in the different branches of the
hierarchy. Furthermore, based on the position of a journal in the hierarchy, we gain
immediate information on its standing within its particular field. According to that,
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we can select those journals with which we can make a fair comparison, and we can
exclude journals in far away branches from any comparing study. In addition, sim-
ilarly to judging the position of a journal within its specific field (a local branch),
we can also judge the standing of this sub-field in a larger scientific domain, (a main
branch), and so on, and thereby, compare the ranking of the different scientific fields
and sub-fields (each being composed of multiple journals) [J9].

5 Development of a novel hierarchy measure [J10]

One of the key problems related to hierarchies is the quantification of the impor-
tance of hierarchical organisation in the structure of the network representing the
interactions or connections between the fundamental units of the studied system.
Although a number of notable hierarchy measures were already introduced in the
scientific literature [18, 21, 22, 52, 53], their vast majority is treating all directed
acyclic graphs as already maximally hierarchical. This means that e.g., a directed
chain, a directed tree and a directed star (where all the nodes have a single incoming
link from a central hub) are considered equally hierarchical by these methods. In
contrast, the general intuition of a hierarchy is usually corresponding to a multi-level
pyramidal structure, with levels becoming wider and wider as we descend from the
root towards the bottom. On the one hand this way the top nodes in the hierarchy
can reach most of the network in a very effective way, i.e., via paths of average length
scaling as lnN , where N denotes the number of nodes. On the other hand, in this
structure all nodes can have a treatable number of direct subordinates (opposed to
e.g., the star configuration).

Motivated by that, we developed a novel hierarchy measure based on random
walks on the network that gives higher scores to directed trees compared to directed
chains or directed stars [J10]. A notable further feature of our approach is that in the
thermodynamic limit the hierarchy measure of regular trees is converging to a well
defined limit, depending only on the branching number. Our method turned out to
be computationally very effective, and tests on several real world networks provided
very intuitive results, e.g., the trophic levels obtained from our approach on a food
web were highly consistent with former results from ecology [J10].
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