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Abstract

Objectives. The object of the research is to study citation information networks structured on the basis of a sample
from the arXiv database related to theoretical high energy physics (high energy physics, HEP). Since 1974, this
database has indexed more than 500000 articles, including their complete citation trees. The paper proposes
a method for detecting percolation transitions in the dynamics of cluster formation of articles with similar content.
Improving the accuracy of information cycles in knowledge networks can help resolve applied problems related
to the quality of scientometrics and its indicators.

Methods. An optimized algorithm for dynamic network separation in the Pajek software environment was applied,
in order to detect the emergence of alargest component equivalent to a percolation transition. This approach enables
a detailed study of dynamic and general parameters to be carried out in each reduced network with a given time step.
The clustering algorithm combines citation structure and temporal information about data.

Results. It was found that a percolation transition occurs in the HEP network. The indicator of this transition is the
formation of a largest component near the critical point which occurs at the 10th month of the time sample interval.
At the same time, a generalized conclusion about the behavior of network parameters shows a positive trend in the
growth of connectivity for the entire time period (from 1991 to 2003). Furthermore, a generalized analysis of citation
distribution reveals eleven laureates of highly cited articles who set the basic vector for development in the field
of HEP. It is worth noting that the prominent scientists from the top three in terms of citations are linked by a shared
field of research: string theory. Verification of this fact confirms that our citation evaluation method is effective.
Determining the characteristics of the HEP (high-energy physics) network enables an important indicator of the
researcher’s activity and behavior to be identified.

Conclusions. In the column of authors linked by co-authorship, of the 9200 authors in the HEP physics community,
7304 belong to a single connected component. The temporal nature of citations indicates a rapid uptake and
understanding of relevant new work. Percolation transitions, which are indicators of sudden conceptual shifts
in citation networks, allow us to identify and link articles into research schemes which form clusters of new ideas and
theories.

© S.0. Kramarov, O.R. Popov, |.E. Dzhariev, E.A. Petrov, 2025

16


https://doi.org/10.32362/2500-316X-2025-13-1-16-27
https://elibrary.ru/DUUBKW
mailto:ismail.silver@yandex.ru

Percolation and connectivity formation in the dynamics Sergey O. Kramarov,
of data citation networks in high energy physics etal.

Keywords: information network, citation network, high energy physics, HEP, percolation, percolation transition,
connectivity, largest component, cluster, dynamics

e Submitted: 23.07.2024 ¢ Revised: 20.09.2024  Accepted: 12.11.2024

For citation: Kramarov S.O., Popov O.R., Dzhariev |.E., Petrov E.A. Percolation and connectivity formation in the
dynamics of data citation networks in high energy physics. Russian Technological Journal. 2025;13(1):16-27. https://
doi.org/10.32362/2500-316X-2025-13-1-16-27, https://elibrary.ru/DUUBKW

Financial disclosure: The authors have no financial or proprietary interest in any material or method mentioned.

The authors declare no conflicts of interest.

HAYYHAA CTATb4A

IHepkouasinus u (popMUPOBAHME CBAZHOCTHU
B IMHAMUKE CeTeill UUTUPOBAHUS TAHHBIX
1o (pusnKe BHICOKMX IHEPIUil

C.0. Kpamapoe 1: 2,
O.P. MNonos 3,
n.3. Dxapwmes 2 @,
E.A. NeTpos 2

TMUP3A — Poccuiickuii TexHonormyeckuii yumsepceutet, Mocksa, 119454 Poccus
2 CypryTckuii rocynapctBeHHbivi yauBepcutet, CypryT, 628408 Poccus

3 Akanemusi nHpopmaTtusaLmm obpasoBaHus, PoctoB-Ha-/LloHy, 344065 Poccusi

@ AsTOp A5 nepenvicku, e-mail: ismail. silver@yandex.ru

Pe3iome

Llenn. O6bekToM UccnenoBaHns BoiCTynaloT MHPOPMAaUMOHHBIE CETU LIUTUPOBAHUS, CTPYKTYPUPOBAHHbIE HA OCHOBE
BblOOpkK B arXiv 6a3bl AaHHbIX, CBA3aHHOW C TeopeTnyeckon duamkoi Bbicoknx aHeprumii (high energy physics, HEP),
nHaekcupytoweri ¢ 1974 r. 6onee 500000 ctaTeli, BkJtOHas X NOSIHOE AePeBO LUMTMpPoBaHus. MNpeanaraeTcs MeToamka
oBHapy>XeHNs1 NepkoNSALMOHHOIO Nepexoaa B AMHaMmnke o6pasoBaHms KNacTepoB CTaTel, UMEIOLLMX CXOXee coaep-
XaHne N TECHO CBA3aHHbIX APYr C APYroMm. MNoBbILLeHNe TOHHOCTU KOIMYECTBEHHOM OLEHKM MHDOPMAaLMOHHbIX LIMKIIOB
B CETSIX 3HAHWIA MOXET ObITb MCMOJIb30BAHO B PELLEHNN NMPUKIaaHbIX 3a4a4 Ka4ecTBa HAyKOMETPUN 1 ee MHAMKATOPOB.
MeTopabl. [pMeHeH ONTUMU3NPOBAHHLIV anropuTM No AMHAMUYECKOMY pasaefieHnio CeTU B MPOrpaMMHON cpe-
ne Pajek ¢ uenbto 06Hapy>XeHUsi NOSIBNIEHUS B HEWN MTMIraHTCKOrO KOMMOHEHTA, 3KBMBASIEHTHOIO NEPKONSLMOHHOMY
nepexony. JaHHbli NOoOX0L4 NO3BOSSIeT C 3aJaHHbIM BPEMEHHbLIM LLIAroM peann3oBaTb AeTallbHoe UCCnefoBaHne
OMHaMUYeCKMX 1N 0OLLMX MapaMeTPOB A5 KaxkKA0M HOBOW COKpaLLLEHHOM ceTu. Micnonb3yemblii anropuTMm knactepu-
3aunn 06beANHAET CTPYKTYPY UUTUPOBAHUS 1 TeMMNOPasibHYI0 MHPOPMAaLMIO O AaHHbIX.

PesynbtaTbl. O6HapYy>XeHo, 4To B ceTn HEP nponcxoamTt nepkonsumMOHHbIA Nepexon, MHAMKAaTOPOM KOTOPOro siB/si-
eTcst o6pa3oBaHme B6M3K NIOKaNbHOM KpuTuyeckor Toukn (10-ro mecsiua nHTepsana BpeMeHHOM BbIOOPKM) rMraHT-
CKOro KoMrnoHeHTa. B To e Bpems 06006LLEHHbIV BbIBOA, NOBEAEHMS NAapaMeTPOB CeTell CBUAETENbCTBYET O MOJOo-
XUTENbHOM AMHAMMKE B POCTE CBA3HOCTM UCCNedyeMOol ceTu Ans Bceli BpeMeHHoM Bbibopku (¢ 1991 r. no 2003 r.).
O600LLEeHHbI aHann3 pacnpeneneHns LMTMpyemMocTn obHapyxmaeT 11 naypeatoB BbICOKOUUTUPYEMBIX CTaTel,
KOTOpble 3agaBanu 6a30BbIN BEKTOP pa3BuTus B padaene HEP. MNprmMeyaTtenbHo, YTO BblAAKOLLMECS YYEeHbIE U3 INaB-
HOW «TPOMKN» LLUTUPOBAHWNS CBS3aHbI €AMHOM ANMHAMNYHON 061aCTbio UCCNeoBaHus — TeopUel CTpyH. Bepudurkaums
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BblLLIEYKa3aHHOr 0 GakTa NoATBEPXKAAET TO, YTO NPEAJIOKEHHBIA METOA, OLEHKM LUMTUPYEMOCTU — pabounii. Onpene-
JNleHne xapaktepuctTunk cet HEP nossonseT onpenenutb BaxXHbIN 419 CCNefoBaTeNnd nokasaresib U ero noBeaeHuve.
BbeiBoAbl. B rpacde aBTOpOB, CBSA3aHHbIX OTHOLLIEHMSIMM coaBTopcTBa, 7304 13 9200 aBTOPOB Hay4yHOro coobLue-
ctBa ®u3nkos HEP oTHOCATCA K OO4HOMY CBA3HOMY KOMMOHEHTY. BpeMeHHON xapakTep LUMTUPOBaHUSA yKa3biBaeT
Ha ObICTPOE NMOHUMAaHNE N NUCTMOJb30BaHNE COOTBETCTBYIOLLMX HOBbLIX Pab0T. MNepKoNsLMOHHbIV Nepexon, ABNssCh
WHAMKATOPOM BHE3amMHbIX KOHUENTyalbHbIX U3MEHEHWUI B CETAX LMTUPOBAHUS, NO3BONSET BbISBAATL U CBA3bIBATb
CTaTby B UCCNEN0BATESNbCKYIO CXEMY, COCTaBJIAIOLLYIO KnacTep HOBbIX MOEN UM TEOPUNA.

KnioueBble cnoBa: nHdopmMaunmoHHas CeTb, CETb LUMTMPOBaHUS, dur3mka BbICOKMX aHepruii, HEP, nepkonsauus,
NepKoSIALMOHHbIM Nepexon, CBA3HOCTb, TMraHTCKUIA KOMMOHEHT, KnacTep, AMHaMmnka

e Moctynuna: 23.07.2024 » fopa6oTaHa: 20.09.2024 ¢ MpuHaTa kK onyonukoeaHuio: 12.11.2024

Ana untupoBanusa: Kpamapos C.O., lNonos O.P., Ixapues N.3., MNeTtpos E.A. MNMepkonauusa n GpopmmpoBaHne CBA3-
HOCTW B OMHAaMWKE CEeTEN UMTUPOBAHUSA AaHHbIX MO GU3MKe BbICOKMX 3Hepruin. Russian Technological Journal.
2025;13(1):16-27. https://doi.org/10.32362/2500-316X-2025-13-1-16-27, https://elibrary.ru/DUUBKW

Mpo3payHocTb GUHAHCOBOW AEATENIbHOCTU: ABTOPbI HE UMEIOT (PUHAHCOBOM 3aMHTEPECOBAHHOCTM B NPeACTaB/IEH-

HbIX MaTepuanax nin Mmetogax.

ABTOpPbI 325BNSAOT 06 OTCYTCTBMM KOHMIMKTA MHTEPECOB.

INTRODUCTION

A distinct category of complex networks, together
with social, biological, and technological networks, is
represented by information networks, also referred to as
knowledge networks.

Newman defines an information network as
“consisting of data elements linked together in some
way” [1]. Two of the most studied information networks
are citation networks of scientific publications and text
page networks of the World Wide Web [2-5]. In them,
the vertices are articles or web pages, and the directed
edges are citations of one article in another article or
hyperlinks.

Certain other information networks have been
studied to a lesser extent. For example, the network of
citations between patents which in some respects are
similar to citations between academic research articles.

Keyword index networks are closely related to
networks of web pages and academic documents.
They are different from direct link networks between
documents. An index is a bipartite network of links
between a record of keywords and the document which
they indicate. They are used, for example, as the basis for
search engine algorithms which try to find documents or
pages that are similar to each other.

The network of relations between classes of words
in a thesaurus, which has been studied in a number of
works [4, 6, 7], can also be regarded as informational.
Thesaurus users move through the network from one
word to another in search of a specific term which
perfectly reflects the idea they have in mind.

Semantic links between terms and mental constructs
used for semantic representation of a special scientific
language represent conceptual or terminological
networks. In [8], the parameters of the dynamics of link

formation dynamics in networks structured on the basis
of dictionaries of model predictive terms thematically
related to promising information technologies were
studied.

The network of citation references between
scientific publications, the structure of which quite
accurately reflects the structure of information stored in
its vertices—articles, corresponds well to the concept of
information network.

Citation analysis can identify articles and link them
into a research pattern which forms a cluster defined by
the research specialty. An indicator of sudden conceptual
changes resulting from new theories or ideas is sudden
changes in the citation network.

There are two basic areas of network analysis of
citation references, reflecting the gradual development
of knowledge in dynamics.

A widespread method is main path analysis
method [9, 10], which represents citation networks as
a system of channels carrying scientific knowledge or
information. Main path analysis calculates the extent
to which a particular citation or article is used as
a reference. This is called a traversal count. Paths or
components from the source vertex to the destination
vertex with the highest traversal weight, assumed
to define the main information flow, are extracted.
Analysis of their dynamics over time reflects
the integration or specialization of the scientific
community.

Analyses of this kind related to data fragmentation
also include approaches based on the identification of
key routes, islands, and probabilistic flows [11].

These methods focus on localization, highlighting
highly cited articles and leaving out a large stratum of
the entire data set expressed in weak long-range network
correlations [12, 13].

Russian Technological Journal. 2025;13(1):16-27

18


https://doi.org/10.32362/2500-316X-2025-13-1-16-27
https://elibrary.ru/DUUBKW

Percolation and connectivity formation in the dynamics
of data citation networks in high energy physics

Sergey O. Kramarov,
etal.

Another trend of simulation and analysis of
information processes occurring in networks with
irregular structure is related to the application of
methods of percolation theory known in solid-state
physics [14—19], capable of answering important applied
questions. Percolation theory is successfully applicable
in applications which provide protection of technological
networks from virus attacks [20], nanotechnology for
the design of virus-like particles [17], and algorithms for
monitoring and predicting the evolution of information
in sociotechnical systems [21].

Percolation in social networks by the analysis
of knowledge networks or information percolation
is a relevant, popular and developing trend at the
intersection of scientific concepts. A coherent theory
of this area, including the conceptual range, is just
being formed. Its elements are being collated within
the framework of a number of works by domestic and
foreign authors [21-24], in order to reflect different sides
of a complex multidimensional phenomenon. A more
universal view of the analysis of the critical behavior
of percolation transitions shows the need to take into
account global information about network connectivity,
resolved by artificial intelligence and machine learning
algorithms [24].

Percolation theory from statistical physics focuses
on patterns of network connectivity, namely the clusters
of nodes which can be reached from each other. The main
interest is the relative size of the largest cluster, i.e. the
fraction of nodes in the largest (giant) component P_,
which acts as a measure of functionality.

With regard to more complete coverage of network
processes, it is important that long-range correlations
control the percolation transition, as in the case of
thermal phase transitions. Another significant factor is
that the corresponding quantities near the critical point
p,, are described by the formulas of power laws and
critical indices.

The structure of clusters formed by elements of
citation networks from the same section of theoretical
high-energy physics is a significant factor in the detection
of percolation phase transitions [25, 26].

This is important in the development of network
science and its applications [18]:

¢ in terms of heterogeneous interaction models of the
components which make up complex networked
systems;

e as a paradigm of random and semi-random
connectivity of components of networked systems;

e as a confirmation of the principle of universality of
phase transitions in a large variety of physical and
socio-technical systems.

Understanding percolation theory facilitates the
understanding of network systems and can be used to
quantify and resolve some basic problems in applied

informatics and scientometrics. It can in particular help
with the detection of clusters of articles with similar
content and which are closely related to each other.
This approach to analyzing the links between scientific
publications improves the accuracy of information
cycle assessment in scientometrics and the quality of
indicators.

Thus, identifying and understanding the topological
properties of the clusters formed, as well as the
distribution of cluster sizes and the average distance
between network elements belonging to the same cluster
is of interest.

Simulation of clusters formed by elements of
citation networks, which reflect both nonlinear processes
occurring in a certain scientific field and a wide variety
of its complex systems, enables their dynamics, reveal
hidden connections, correlations, and cycles to be
predicted.

The object ofthe study is the international information
networks structured on the basis of the Stanford Linear
Accelerator Center SPIRES-HEP database. Since 1974,
the literature on theoretical high-energy physics (HEP)
has been comprehensively cataloged online and more
than 500000 articles, including their full citation tree,
have been indexed.

TOOLS AND METHODS

The basic research methodology proceeds from
mapping the dynamics of formation of a complex
associated structure of the studied citation network
with nodes, links taking into account the weight of
various elements according to three basic criteria:
degree of nodes, distance, and strength of links
between nodes.

In the most general form, regardless of the physical
nature and model of the system, percolation theory
answers the following question: what is the probability
that there exists an open path from zero to infinity (or
whether there exists an infinite cluster of interconnected
pores or nodes)? Thus, the problem boils down to whether
such paths exist for a given probability p. Basically, the
theory is concerned with the existence of such a cluster
and its structure with respect to the probability of
filling p.

Unlike thermal or magnetic phase transitions, the
percolation transition is a geometric phase transition and
is characterized by the structural properties of clusters
near the critical probability p

The measure of functionality is the probability that
a node (or link) belongs to an infinite cluster. At p < p_
there are only finite clusters and P = 0. At p > p,
P behaves similarly to the density below the critical
temperature 7, and increases with increasing p according
to the power law:
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P ~(@p-p)l. ()

The linear size of the finite clusters below and above p,
is characterized by the correlation length &. The correlation
length is defined as the average distance between two nodes
in the same finite cluster. When p approaches p_, § increases
with the same degree v below and above the threshold:

E~(p-p)™ 2

The average number of nodes (mass) of a finite
cluster § also diverges from the index y above and
below p:

S~p-pJ)" 3)

The indices B, v and y describe the critical behavior
of typical quantities associated with the percolation
transition and are called critical indices.

These degree indices are universal and depend
neither on the structural details of the lattice
(e.g., square or triangular), nor on the type of percolation
(node, link, or continuum). They depend only on the
dimensionality of the space (see the table). Dimensionless
quantities are used in network science.

Table. Estimates of critical percolation indicators

Space dimensionality
d=2 d=3 d=4 d=5 d>6
B 5/36 0.417 +0.003 0.5 0.7 1.0
v | 48/36 0.875 +0.008 0.7 0.6 0.5
Y 86/36 1.795 + 0.005 1.8 1.6 1.0

From the point of view of forming a coherent
information network, structural parameters such as
distance between nodes, network diameter, clustering
and intermediacy indices are of great importance.

Since the structure of percolation clusters is well
described by the fractal concept [27], let us pay attention
to the fractal dimensions d;, d, ;. and d; which describe
the distance between vertices.

The fractal dimension d; describes M(r), i.e., the
way in which, on average, the mass M of a cluster
inside a sphere of radius 7 scales with 7. Dimension @, ,
describes the self-similarity and structure on the shortest
path between two arbitrary nodes A and B, while |
describes M(/), i.e., how M at the shortest distance / from
a given node scales with /. They are related to each other:

dy=—"1-. )

The concept of shortest distance (or optimal
distance) also plays an important role in describing

dynamical phenomena in disordered systems, such as
the spread of wildfires or epidemics spreading along the
shortest path from the source. In [27], it is shown that the
rate of propagation of a fire front or epidemic is related
to the measure of degree v. In a knowledge network,
the shortest or optimal paths are important because they
tell us how information will propagate with the highest
probability.

Based on the well-known and tested [9, 28] Pajek!
software environment, we can propose an optimized
algorithm for dynamic network partitioning to detect
the appearance of a largest component in the network,
equivalent to a percolation transition.

The following factors are emphasized therein:

1. We select the source network, either complete or
containing some subnet, with which we are going
to work further. In our case, the network parameter
(-net) represents the citation graph of the part of the
arXiv?, database corresponding to HEP. The vertices
of the graph are arXiv article identifiers in the form
of nodes. Relationships between these entities, such
as article citations, are represented by links between
the entities, i.e., X cites Y. The vector parameter
(vec) represents a temporal data series (dates of
article data release) with different time step (day,
month, year);

2. In order to extract a part of the network, i.e., to create
a localized representation, the sets (or classes) of
vertices to be extracted need to be determined. We
divide the vertices of the original network into a certain
number of mutually exclusive subsets (clusters) with
a given time threshold (initial state) and step;

3. Computation and a detailed study of dynamic
and general parameters for each new reduced
network [29]. Particular attention is paid to the
dynamics of the largest component, measured as
percentage. The splits (steps) end when this parameter
in the new network is no longer significant, i.e. from
the minimum value to the maximum value;

4. Processing and visualization of the obtained data
of time dependencies of link parameters in citation
networks.

There is currently considerable interest in the
problem of how the largest component in networks is
formed and whether it is possible to predict this process.
A methodology involving detailed analysis in citation
networks can be applied to a much wider range of
disciplines: from chemistry, physics and biology to the
social sciences. The approach proposed uses a clustering
algorithm which combines citation structure and data
information. The proposed methodology is expected to
identify clusters relevant to promising scientific trends.

! http://mrvar.fdv.uni-lj.si/pajek/. Accessed April 20, 2024.
2 https://arxiv.org/archive/hep-th. Accessed April 20, 2024.
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RESULTS AND DISCUSSION

For the purpose of this analysis, the high energy
physics citation network from August 1, 1991 to
May 12, 2003 in the arXiv? database, which contains
27770 publications of articles in High Energy Physics—
Theory (HEP or hep-th) at the time of data collection, is
considered.3

Transformed into Pajek' format, the files allow us
to conduct a study using this citation network. The first
file hep-th-new.net is a network file with 27770 vertices
and 352807 graphs. A vector file called date-new.vec
contains the dates of the articles converted to the number
of days since August 1, 1991. The number of days is
broken down into months, in order to visualize the
results of the study.

The description of the graphs of time dependencies
and citation distribution begins with a detailed analysis
of the dependence of the largest component on the time
interval. The abscissa axis shows time ¢ in months,
where 0 is March 1993, month 28 is July 1995.

80

70 |

60 -

501

40 -

30 -

Largest component, %

20

10 ¢

0 i i i i i i i i i i i " i
0 2 4 6 8 10 12 14 16 18 20 22 24 26 28
t, month

Fig. 1. Time dependence of the largest component

In Fig. 1, a sharp increase in the largest component is
observed in the interval between 1993—-1994, indicating
the presence of a largest component. At a certain critical
value, the dependence graph shows a sharp increase
from a very small value to a finite fraction of the whole
system, characteristic of a percolation phase transition.
The graph ceases to be linear, signaling the formation
of the largest component at a certain point in time equal
to 10 months. The key moment for the percolation
transition, found by the study, is a speech at a string
theory conference in 1994 made by Edward Witten
who proposed M-theory. In the months following
Witten’s statement, hundreds of new papers appeared
on the Internet confirming that the new theory plays

3 http://vlado.fmf.uni-lj.si/pub/metworks/data/.  Accessed

April 15, 2024.

an important role in HEP. Today, this flurry of papers
is known as the second superstring revolution. After
a while, five superstring theories (type I, type IIA,
type 1IB, HO, and HE) became considered as different
limits of the unified M-theory.

Observing the sharp increase in the size of the
largest component in month 10, is can be assumed that
the formation of the largest component is caused by the
large publication activity in HEP during this period.
However, when conducting a detailed study, it was
found out that the peak of publications falls in the period
between 1997-1998. The dependence graph confirming
this fact is shown at the end of the article.

T, month
0 2 4 6 8 10 12 14 16 18 20 22 24 26 28
0.8
0.6
(%)
0.4+
0.2
0 - L A i J
0.40 0.45 0.50 0.55 0.60
F

Fig. 2. Largest component size as a function
of probability in network growth dynamics:
(7) normalized daily dependence
of the presented algorithm;

(2) normalized stepwise dependence
based on simulation data [30]

In Fig. 2, the size of the largest component S is
de-dimensionalized and expressed in fractions. The
normalized daily dependence (curve /) of the algorithm
presented herein bears a strong positive correlation with
the normalized stepwise dependence on the percolation
probability F (curve 2) in the dynamic opinion model
(non-consensus opinion, NCO) obtained in [30]. The
phase transition in the NCO model was found to belong
to the same universality class as the invasion penetration
with capture.

It was also found that in [30], the formation of
a largest component can be observed in the interval
of 0.4-0.6 simulation steps. The simulation step is
understood as a fraction of the probability F of the
network reaching a stable state. This interval coincides
with the data at time interval 7" of 28 months obtained in
this study. Due to the identity of the input datasets for
HEDP, the relationship of these dependencies is expected.

In order to understand why percolation occurs at
this moment, let us study the general and dynamic
parameters of the investigated network in the time
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interval. Figures 3—6 show the series of dependencies
of the main network characteristics for HEP.

The average distance parameter is responsible for
the average path length among all reachable pairs of
nodes in the network [29]. From Fig. 3a, it can be seen
that the average distance in the network increases with
time, which contributes to the next parameter in Fig. 3b,
the diameter of the network. The network diameter is
the maximum eccentricity among all vertices of the
network.

Figure 4 shows the dependence of -clustering
coefficients on time in months. The transitivity coefficient
is responsible for the average probability that two
vertices which are network neighbors of the same other
vertex will themselves be neighbors. A sharp increase
in the parameter indicates an increase in the probability
of two different vertices being neighbors in the period

2.5

Average distance
N
o

—_
[¢)]

1.0

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28
t, month
(a)

from months 1 to 7, then the situation stabilizes and the
coefficient varies around 0.1.

Anunweighted average known as the Watts—Strogatz
clustering coefficient is also used, although it does not
give the exact proportion of closed dual parts. In Fig. 4b,
the coefficient increases to 0.18 at month 10 and
stabilizes at a value of 0.13 after month 18.

Figure 5a shows a positive linear increase in the
total link strength parameter, confirmed by the growth of
citations in articles throughout the entire study interval.
The average degree parameter is responsible for the
structural cohesion of the network. Its increase indicates
that the number of links per node is increasing.

The last dynamic parameter in the study is the
betweenness centralization. It determines the frequency
ofiinterval values between vertices in the network divided
by the maximum possible value in a network of the same

Diameter
(6]

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28
t, month
(b)

Fig. 3. Dependence of average distance to the top (a) and network diameter (b) on time
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Fig. 4. Time dependence of clustering coefficients:
(a) transitivity coefficient; (b) Watts—Strogatz coefficient
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Fig. 5. Dependence of the total link strength in the network (a) and average degree of all vertices (b) on time

size. In other words, it is a measure of how central some
vertices in the network are when compared to others.
In Fig. 6, an increase in this parameter indicates that
elements with an increased number of intermediate links
are formed in the network, further indicating an increase
in its connectivity. The significance of the betweenness
centralization and average distance which determine
the degree of information transmission without loss and
distortion, is obvious [29].

Analysis of the behavior of dynamic and general
network parameters for each time sample over the entire
study interval enabled us to find that the HEP network
contains a largest component. Each of the analyses
performed contributes to the general understanding of
the processes of dynamics of conceptual changes in
the field of theoretical high-energy physics. This could
not be achieved without a detailed study of individual
network properties.

The final step of this study is to analyze the citation
distribution from 1991 to 2003.The overall structure of
the subgraph is examined to identify influential authors.
Finally, potential laureates of the prize for theoretical
high-energy physics can be predicted.

Authors who submitted articles to arXiv from 1991
to 2003 were ranked according to the number of
citations. Next, a dependence of the share of citations
of authors on the number of articles was built (Fig. 7).
Based on the results of the study, 11 laureates of highly
cited articles were found, establishing the vector of
development in the HER section. For clarity, the graph
lists the articles from the main “top three”. The list is
headed by Juan Martin Maldacena, Edward Witten, and
Steven Scott Gubser [31-33]. It is worth noting that the
validity of the results in this dependence is confirmed
by the fact that these outstanding scientists are related
by a single field of research: string theory. In addition,
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Fig. 6. Time dependence of the betweenness
centralization between vertices of the network
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verification of the above fact confirms that the proposed
method works.

Thus, the characterization of the HER network
enables a new method for citation evaluation to be
introduced. In this study, the first step is to create a user-
friendly database from the uploaded network. The
second step is to determine the parameters of the source
file. Then, in practice, the construction of a series of
dependencies of parameters will allow us to determine
the importance for the researcher indicator of the
network and its behavior.

The practical application of this method allows us to
discover non-trivial dependencies of different networks,
the study of which leads to the discovery of new results.
For specialists in a narrowly focused field, there is
a need to find valuable information from a large amount
of data of a certain network. The methodology proposed
will allow us to identify not only the moment of time
when this information appeared, but also the very area
in which it is located.

CONCLUSIONS

The study finds that percolation results partially
reflect the connective properties of networks and thus
can be used as an algorithm to identify special subsets of
networks, identifying communities of agents holding the
same conceptual opinion.

In the steady state, nodes adhering to the same state
exhibit a phase transition from small clusters to large
linking clusters when citation concentration increases.
Percolation transition, as an indicator of sudden
conceptual changes in citation networks, allows us to
identify and link articles into a research scheme which
constitutes a cluster of new ideas or theories.

In the column of authors linked by co-authorship
relationships, of the 9200 authors, 7304 belong to
one cohesive component. The citation and authorship
networks reflect the structure of close communication
through formal and informal scientific literature. The
HEP physics community publishes a large number of
papers, and the temporal nature of citations indicates
rapid understanding and utilization of relevant new work.

Percolation is a common model of disordered
systems, and its close connection with the fractal concept,
from self-similarity to multifractality, is emphasized. The
behavior of the dynamic and general parameters of the
real information network for each time sample over the
entire study interval, shows that the HEP network contains
a largest component. However, analysis of the degree of
self-similarity of random processes, their stationarity or
non-stationarity is an area for further study. In this regard,
the logical continuation of the work is the fractal analysis
of time series of information flows in HEP.
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