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ABSTRACT The “post-Soviet space” consists of countries with a substantial fraction of the world’s
population; however, unlike many other regions, its social media network landscape is still somewhat under-
explored. This paper aims at filling this gap. To this purpose, we use anonymized data on user friendships at
VK.com (also known as VKontakte and, informally, as ‘“‘Russian Facebook’), which is the largest and most
popular social media portal in the post-Soviet space with hundreds of millions of user accounts. Using the
VK network snapshots from October 2015 to December 2016, we conduct a “multiscale” empirical study of
this network by considering connections among individual users, cities, and countries. Our findings indicate
that the VK users form a small-world network with basic characteristics consistent with Facebook and other
social media networks. In addition, the analysis of modularity-based communities within the user scale
network reveals a pattern of geographical separation of the identified communities mostly along the borders
between countries. However, the comparison of the two network snapshots suggests that some of these
communities may be “‘blending” within the network, whereas other communities remain “‘self-contained.”
Furthermore, the analysis of city scale and country scale networks identifies cities and countries that are

most ““central” (in the context of certain metrics) in the VK network.

INDEX TERMS Social network services, network theory (graphs), big data applications.

I. INTRODUCTION

Online social media networks have grown enormously over
the past decades: some of these networks (i.e., Facebook)
nowadays span user populations over the entire globe,
whereas others are especially popular among users in certain
geographical regions. This paper presents the social network
analysis of the largest virtual community in Eastern Europe,
based on the anonymized data on user friendships at VK.com
(will be referred to simply as “VK”” below), formerly known
as “VKontakte™, which means ““in touch” in English. VK is
the most popular social media site in Russia, and more gen-
erally, in the post-Soviet space. The site was founded in Saint
Petersburg, Russia, in 2006 and is often referred to as the
“Russian Facebook™.

To the best of our knowledge, although VK data has been
used as a testbed in some recent studies dealing with social
media data analysis, [1] there are no previous studies that ana-
lyze the entire VK social network from a global perspective.
This paper fills this gap, adding another page to the studies of
major online social networks that have so far included Face-
book, Twitter, MSN, Weibo, Tumblr, Foursquare, etc. Specif-
ically, we analyze two recent snapshots of the VK social
network corresponding to October 2015 and December 2016.
In the initially constructed large-scale networks, the nodes
represent all individual accounts (also referred to as users)
and each pair of nodes is connected by an (undirected) link
if the respective users are friends on VK. For the calculations
and analysis below, we consider only those users who had
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FIGURE 1. A map view of countries with the largest number of VK accounts. The circle area is proportional to the VK population
(number of user accounts) as of December 2016 in the corresponding country.

valid (not ““banned’’) VK accounts and who had at least one
friend at the time of data collection. Note that we did not
impose any restrictions on how recently a user logged in
to his/her VK account. The number of VK’s registered user
accounts was over 300 million for the most recent considered
snapshot. Note that some users may have (multiple) duplicate
accounts, whereas some accounts may be controlled by link
spam bots [2]; however, this work does not aim to explicitly
detect or distinguish such accounts. Therefore, all accounts
are treated equally and incorporated into the considered net-
works if they satisfy the aforementioned basic conditions. For
simplicity, the terms ‘““user account”, “user”’, and ‘“‘account”
will be used interchangeably throughout this paper.

Moreover, we construct aggregated (‘“‘coarsened’) net-

works with nodes representing cities and countries with a
substantial number of VK users. Thus, this study deals with a
“multiscale” analysis of the VK network, considering graphs
that represent individual users, cities, or countries as nodes,
as appropriate, and the corresponding connections between
these nodes as edges. Mathematically, these networks are
treated as undirected graphs, unless otherwise indicated. The
broad research questions addressed by this study are:

o What are the “global” connectivity patterns and struc-
tural characteristics of the VK network, and how do
these properties relate to other previously studied large-
scale social media networks?

o Are there any interesting “local” features (i.e., com-
munity structures, centrally located nodes) pertinent to
certain countries, cities, or regions in the post-Soviet
space that can be observed by analyzing the VK network
topology at different scales?

We present the respective results in the order of ““coars-

ening” scales of the considered networks. First, we describe
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basic topological characteristics, as well as modularity-based
community structures, of the individual user scale network.
Then, we analyze the city scale network, where cities are
nodes and links connect pairs of cities that have a sufficiently
large number of friendship links between users located in
those cities (assuming that each VK user who does share
information about his/her location provides the correct infor-
mation). Finally, we look at the country scale network repre-
senting the connections between nodes — major countries — in
the post-Soviet space. We then discuss the obtained results in
the context of the aforementioned research questions.

Il. RESULTS

A. GEOGRAPHY AND DEMOGRAPHICS OF VK

In order to facilitate further presentation and discussion,
we briefly summarize basic geographic and demographic
characteristics of VK virtual community based on the user
profile information. First, we consider the distribution of
VK users (with at least one friend) by countries. Fig. 1
illustrates the countries with the largest number of VK users
and the corresponding number of users in each country on a
map. The total numbers of considered VK users are 141M and
176M for the 2015 and 2016 snapshots, respectively. The user
group based in Russia (75.4M and 86.1M VK user accounts
in 2015 and 2016, respectively; 144.3M actual population) is
by far the largest, followed by the ones in Ukraine (22.4M
and 24.7M VK user accounts; 45M population), Kazakhstan
(5.87M and 7.78M VK user accounts; 17.8M population),
and Belarus (4.26M and 4.74M user accounts; 9.5M pop-
ulation). It is interesting to note that Kazakhstan had the
largest relative growth of the number of VK users between
the considered data snapshots (32.5%). The USA (not shown
on the map) has the largest number of VK users (1.16M and
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FIGURE 2. Worldmap of VK user density (regions with the highest concentration of VK users are in red).

1.48M in 2015 and 2016, respectively; 323.4M population)
among countries not within the post-Soviet space. The actual
population data for the aforementioned countries were taken
from respective censuses as of 2016. About 23.9M users did
not indicate their country and 31.3M did not indicate their city
in the 2015 snapshot. For the 2016 snapshot, 40.6M did not
indicate their country, and 50.4M did not indicate their city.
These users are not taken into account in the analysis that
deals with geographical aspects of the network ‘“‘landscape”.

The overall VK user density heatmap is also presented
in Fig. 2. As one can observe, Russia and several other
post-Soviet countries have a high concentration of VK users,
especially in large cities. More details on the distribution of
VK users within these countries can be found in Supplemen-
tary Materials.

In addition to the geographic aspect, we examined the
demographic distribution of VK users by age and sex. The
“under 40 group represents the majority population of the
VK network with the 20-30 being close to half of the number
of users, with a slightly higher number of male than female
users in this age group. These results are illustrated in more
detail in Supplementary Materials. These findings are similar
to those in a study performed on the MSN messenger network
[3]. However, these results are slightly different from the
results on the demographics of Twitter users [4] where a
younger (15-24) age range is overrepresented in the network.

B. USER SCALE NETWORK

This section presents the results of VK network analysis at
the individual user scale, where nodes represent VK users and
two nodes are connected by an edge if the respective users are
friends on VK. We calculated several “global” topological
characteristics of this network, as well as investigated its
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“local” properties, specifically, community structures within
this network. The obtained results indicate that the global
structural properties of this network are rather similar to
the Facebook network, which is not surprising given a sim-
ilar nature of these networks. Furthermore, the analysis of
modularity-based communities that will be discussed later
provides interesting insights into the underlying geographical
patterns within the VK network.

1) “GLOBAL"” CHARACTERISTICS OF VK USER SCALE
NETWORK

First, we summarize the basic ““global’ structural characteris-
tics of the two snapshots of the VK user scale network, includ-
ing its size and edge density, degree distribution, clustering
coefficient profile, as well as the distribution of the shortest
paths, average distance, and diameter.

a: SIZE AND EDGE DENSITY

The first graph representing the snapshot data collected in
October 2015 contains 237 million nodes and 5.16 billion
edges. Out of these 237 million nodes, roughly 141 mil-
lion have a degree of at least one, which correspond to
VK users who have at least one friend. The graph for Decem-
ber 2016 collection consists of 301 million nodes (out of
which approximately 176 million have a degree of at least
one) and 6.5 billion edges. As in the case of many social
networks, the VK user scale network is very sparse, which
is evident from the corresponding edge density (the ratio of
the actual to the maximum possible number of edges). The
edge density for the 2015 network snapshot is 5.2 x 1077
and for the 2016 snapshot it is 4.2 x 1077 after eliminating
the isolated nodes. Although the size of the network has
substantially increased (the number of nodes has increased

413



IEEE Access

A. Semenov et al.: Exploring Social Media Network Landscape of Post-Soviet Space

10°

108 4

107 <

10° 4

105 o

104 <

# of users

103 o

102 <

101 o

10° T T
10° 10t 102 103 104
degree

107
106 4
105 4
5 1044
(%)
=]
kS
4 1034
age group: 10.0 - 19.0
1024 « agegroup: 20.0 - 29.0
e age group: 30.0 - 39.0
e age group: 40.0 - 49.0
10! 4 age group: 50.0 - 59.0
age group: 60.0 - 69.0
e age group: 70.0 - 79.0
e age group: 80.0 - 89.0
10° 2 . :
10 10t 102 10° 10*

degree

FIGURE 3. Left: VK user scale network degree distributions (logarithmic scale) for 2015 snapshot (green) and 2016 snapshot (red). The inflection point
around the degree value of 190 is observed for both snapshots. For the 2015 snapshot: the slope parameters of the power law (along with the
respective R2 values) before and after the inflection point are «; = 0.93 (R2 = 0.99) and o, = 2.30 (R2 = 0.98), respectively. For the 2016 snapshot:

a; = 0.97 (R2 = 0.99) and «;, = 2.28 (R2 = 0.98). One can observe that the inflection point is near “Dunbar’s number” - the cognitive limit to the
number of people with whom an individual is capable of maintaining stable social relationships [5]. Right: Degree distributions of VK user scale
network for different age groups (2016 snapshot). The age group of 20-29 years old users is the most active in terms of the number of friends per user,

which is consistent with the demographic data of VK users.

by roughly 25%), the network has become sparser as its edge
density has decreased by roughly 20%.

b: DEGREE DISTRIBUTION

The degree distributions (logarithmic scale) of the two snap-
shots of entire VK user scale network is shown in Fig. 3. The
degree of each node is simply the number of friends that the
respective user has. As one can observe, these distributions
are close to a power-law shape; however, there is an inflection
point in the degree distribution plot around the degree value
of 190, close to the so-called Dunbar’s number, [S] which is
the hypothesized cognitive limit to the number of people with
whom an individual is capable of maintaining stable social
relationships. It appears that our data support this hypothesis
in the social media domain, since the number of VK users
with more than 200 friends decays at a higher rate than the
number of users with fewer friends.

In addition, we constructed the degree distribution plots for
VK users in different age groups. As it can be seen in Fig. 3,
VK users in the age group between 20 and 29 years old
are the most active in terms of the number of friends per
user; moreover, the aforementioned inflection point occurs at
the highest degree value compared to other age groups. This
observation is consistent with the fact that this age group is
the most represented in the VK user base, as mentioned in the
previous section.

c: DEGREE ASSORTATIVITY

As it has been observed in other social networks, the degree
of a node’s neighbors (friends) is correlated with the node’s
own degree. That is for smaller-degree nodes, their neighbors’
degrees are also small, whereas for larger-degree nodes their
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neighbors’ degrees are also large. This effect is often referred
to as degree assortativity. To investigate this effect, we cal-
culated average degrees of neighbors for all possible node
degrees in the VK user scale network. The results are shown
in Fig. 4. The degree correlations are 0.245 and 0.266 for
2015 and 2016 snapshots, respectively, indicating associa-
tivity among users and their friends’ degrees. For example,
the average degree of friends of users with 100 friends is
roughly 400, whereas the average degree of friends of users
with 300 friends is about 600. The figure also illustrates the
distribution of degrees of neighbors of nodes with 50, 100 and
150 neighbors (depicted using violin plots).

d: SHORTEST PATHS AND DIAMETER

Another popular topic of interest in social network analysis
is exploring distances (or, shortest path lengths) between
the nodes. The length of the longest shortest path between
all pairs of nodes is known as the diameter of a network.
Due to the very large size of the considered networks, it is
almost intractable to calculate the shortest paths between all
possible pairs of nodes. Therefore, in order to calculate the
shortest paths in the VK network, we have implemented a
modified version of the HyperANF algorithm [6] (see “Meth-
ods” for more details). In addition to HyperANF, we have
sampled 90,000 random (source, destination) pairs of nodes,
and computed the shortest paths among those pairs using
a breadth-first search algorithm for the 2015 snapshot. The
results on the distance distribution are presented in Fig. 5.
According to the obtained results, the estimated average
shortest path length in the VK network is approximately
4.69 for both of the considered snapshots. This is very close
to the average shortest path length of 4.7 for Facebook as of
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the random samples of 90k source-destination pairs of nodes on the
entire VK network for the 2015 snapshot. The results show that most
pairs of nodes in VK network are connected by a path of length at most
4 and the average shortest path length is 4.69.

May 2011 [7] or 4.57 reported in a more recent study [8],
and generally consistent with the small-world nature of social
media networks. The longest shortest path found among the
sampled node pairs (which can be treated as the estimate of
the graph diameter) was equal to 10.

e: CLUSTERING COEFFICIENT PROFILE

Further, we analyzed clustering coefficients of users in the
VK network. As it has been widely reported in the literature,
social networks have unexpectedly high clustering coeffi-
cients (higher than for a random graph with a similar number
of vertices and edges) [9]. Simply put, a given user’s friends
are more likely to be friends with each other than any other
random pair of users. The local clustering coefficient of a
node i in a network (denoted by C;) is defined as the ratio
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of the number of connections among its neighbors to its
maximum possible value, that is,

number of triangles connected to vertex i

number of triples centered on vertex i

The average clustering coefficient of a network is the average
of all local clustering coefficients calculated for every node i.
One can then construct the “clustering coefficient profile”,
which shows the local and average clustering coefficients
depending on the degrees of the nodes. Fig. 6 presents the
clustering coefficient profiles of the two network snapshots.
As one can observe, the VK network has rather a high
clustering coefficients, and the average clustering coefficient
of 0.16 is consistent with other online social networks [3], [7].

Overall, the analysis of “global” characteristics of the
VK user scale network suggests that it exhibits pronounced
small-world properties (low average path length and diame-
ter, high clustering coefficient) that are typical for real-world
social networks; moreover, the ‘“‘bimodal power law”* degree
distribution with the inflection region around Dunbar’s num-
ber is another interesting observation.

2) “LOCAL" CHARACTERISTICS OF VK USER SCALE
NETWORK: MODULARITY-BASED COMMUNITIES

In order to identify and analyze communities within
the VK network of individual users, we employed the
modularity-based heuristic community detection algorithm
commonly referred to as “Louvain method’” [10]. We ran this
algorithm on both 2015 and 2016 snapshots of the VK user
scale networks and identified over 1,000 communities in each
network based on the modularity maximization principle.
The resulting modularity values for the 2015 and 2016 snap-
shots were approximately 0.51 and 0.48, respectively, which
indicates that the VK network has an apparent community
structure. To our knowledge, these are the largest real-world
networks considered in the literature that have been success-
fully partitioned into modularity-based communities.

415



IEEE Access

A. Semenov et al.: Exploring Social Media Network Landscape of Post-Soviet Space

local clustering coefficient

100 4

5 10
=
£
[
5]

o 1072 5
£
g
%]
=

© 1073 4
©
1%
=)

1074 o

10t 102 103 104
degree

100 -

1071 4

B

102 10° 10*

degree

10!

FIGURE 6. Scatter plot of local clustering coefficient to degree (black) and average clustering coefficient to degree (blue). The figures on the left and
on the right correspond to 2015 and 2016 network snapshots, respectively. Average clustering coefficient for the entire VK network (both snapshots)
is 0.16. Average clustering coefficient for nodes with degree ranging from 2 to 100 is 0.2.

Nerway Finlas

B s - Estonih

| Lithuania; g

Poland Belarus

v Finland

A ok
ance ¥
" Romanla

Bulgaria [Goorgia . usile

Azestaljan
Grest )

Turkey

‘orway Finland

Pakistan

Turney

Kazakhetan

p o o@
M | &) shotistin

Azerbaljan

Turkey Terkmenistan Tollkisine

| Atghanistan
Kazakhiten

! pakistan

Finland
£

e sey - Estonid
Latvial

| Lithuania;

Belanus

Poland

Ukraiiie
- Kazakhsta
Mol

Romania |

Blck Sea
“Bulgaria Geoigis
s

Susgien 51 ™ uzhekistan

Peorgid . N ) Uzbe

 Azerbaijan
Azerbaian ore Turkey 3 Turkmenistan i7a)
Tarkmenistan -

F

FIGURE 7. Geographic heatmaps of top six largest modularity-based communities in the 2015 VK network of 141M users with at least one friend.
(A) The largest community (Ukraine, 20.8M users): conductance = 0.12; (B) 2nd largest community (Moscow & Nizhny Novgorod, 10.8M users),
conductance = 0.26; (C) 3rd largest community (Kazakhstan, 8.7M users), conductance = 0.06; (D): 4th largest community (St. Petersburg & Moscow,
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4.8M users), conductance = 0.22.

For the 2015 network snapshot, the algorithm identified
994 distinct communities that contain at least 400 nodes
apiece, and approximately 66% of all VK users belong to
one of the top 20 largest communities. The largest identified
community contains 20.8 million nodes, with a vast majority
of the corresponding users located in Ukraine. The size of
this largest community is almost twice the size of the second-
largest community (approximately 10.8 million nodes; the
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corresponding users have indicated their location to be mainly
Moscow or Nizhny Novgorod region). For the 2016 snapshot,
there are 1167 communities having at least 400 nodes.
Interestingly, the trend of observed geospatial concen-
tration of users belonging to the same modularity-based
community persists in most of the other identified com-
munities. Fig. 7 illustrates this phenomenon for the top
six largest (by the number of nodes) modularity-based
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communities. As one can observe, these communities cor-
respond to Ukraine, Belarus, Kazakhstan, Southern Russia,
as well as Moscow, Nizhny Novgorod, and Saint Petersburg,
all of which represent prominent regions/cities in the post-
Soviet space. It can also be observed that each of the depicted
communities contains a significant number of users from
Moscow (even in those communities that correspond primar-
ily to other well-defined geographic regions, i.e., Ukraine,
Belarus, Kazakhstan, Southern Russia). This is consistent
with the fact that Moscow has been growing substantially
over the past years, with a lot of people moving to Moscow
from various regions/countries, and these people keep social
media ties with their places of origin.

We also calculated the conductance (also known as nor-
malized cut) of each of the identified communities (that is,
the ratio of the number of links going outside the commu-
nity to the number of intra-community links) [11]. Lower
values of conductance generally indicate *“‘good’ quality of
communities in terms of modularity maximization. Fig. 9
presents the summary of the sizes and conductance values of
all the identified communities. Among the aforementioned
six largest communities, the ones with the lowest conduc-
tance values represent Kazakhstan and Ukraine, with con-
ductance equal to 0.06 and 0.12, respectively. This suggests
that although the number of VK connections (friendships) in
these countries is rather high, these connections are “local-
ized” within the respective countries. The conductance of
the community representing Belarus turned out to be higher
(0.24), which may be partially explained by tight economic
integration of Belarus and Russia. The conductance of the
community that primarily contains users in St. Petersburg
and Moscow is even higher (0.29), which indicates that this
community is connected to many users in other communities.

For the 2016 snapshot, we observe some changes of the
properties of the largest communities. It turns out that there
are still three large communities corresponding to Ukraine
(conductance of 0.14), Kazakhstan (0.11), and Belarus
(0.21), although their conductance values changed compared
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to 2015; moreover, there are three new large communities that
appear in this network snapshot (see Fig. 8). We examine the
aforementioned communities in more detail in the discussion
section.

C. CITY SCALE NETWORK
As seen in the previous subsection, geographic locations
of VK users do play an important role in both ‘“global”
and ‘““local” characteristics of the VK network. Therefore,
a natural next step in this analysis is to consider a network
that is “aggregated” according to the users’ indicated geo-
graphic locations, all of which for simplicity are referred to as
“cities ”’ regardless of their population sizes. Thus, in this city
scale network, each city is represented by a node, and edges
between nodes represent friendships between individual users
in these cities (multiple edges are aggregated into a weighted
edge with the weight equal to the number of friendships
between the VK users located in the respective cities). In total,
there are approximately 250,000 nodes and 32M edges; 16M
of those edges had a weight equal to 1. The properties of
the city scale network remained virtually unchanged for both
2015 and 2016 network snapshots; therefore, in this subsec-
tion we report the results for the 2016 snapshot only.
Further, we have sliced this graph, and removed the edges
that have weight less than 1000 (that is, less than 1000 friend-
ships between VK users in respective cities). As a result,
we obtained a sliced graph (maximum connected component)
with 23,542 nodes and 147,596 edges. The diameter of this
(unweighted) graph is equal to 5, the average degree is 5.8,
the average shortest path length is 2.27, and the average
clustering coefficient is 0.473. Fig. 10 shows the distributions
of city sizes (in terms of the number of VK users in a city)
and node degrees in the sliced city scale network for the
2016 snapshot. Fig. 11, which is analyzed in detail in the
Discussion section, shows the heatmap of the volume of
connections between the largest cities (in terms of the number
of VK users) in the city scale network. Fig. 12 presents an
illustration of the network connecting the largest cities in
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Leskovec et al. [11]). The plot shows conductance of communities depending on their size (black: conductance of individual communities, blue:
conductance averaged over communities with the same number of nodes). The “best” communities (i.e., the ones with the lowest values of conductance)

have around 1,000 nodes, consistent with the results of Leskovec et al. [11
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terms of the number of VK users. As one can observe from
this figure, most of these cities are in Russia and other post-
Soviet countries, with Moscow and St. Petersburg being well-
connected to other cities and each other. The two cities not
pictured here are New York and Los Angeles. Note that both
of these cities have a substantial VK population with ties to
Russia and other post-Soviet countries. Another interesting
aspect to consider in the context of the city scale VK network
is investigating each city’s betweenness centrality (the score
that captures the number of shortest paths between any pair of
cities that pass through a specific city). Under the assumption
that information diffusion follows shortest paths in social
media networks, nodes with high betweenness centrality have
a high level of influence on the process of information propa-
gation, rumors, etc. For geographic aggregation (as well as for
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privacy) reasons, we analyze betweenness centrality of cities
rather than individual users. The betweenness centrality of a
city is the proportion of shortest paths which go through that

city, that is

s,tevV

2
nn—1)

where V is the set of nodes in a network (|V| n),
o (s, t) is the number of shortest paths between nodes s and
t, o (s, t|v) is the number of such paths passing through the
node v. Endpoints were included into shortest path counts.
Table 1 presents the top 25 cities in the VK city scale network
sorted by their betweenness centrality values. Not surpris-
ingly, the top-ranked cities in this list are the largest cities in
the post-Soviet space (Moscow, Kyiv, and Saint Petersburg).

o(s, t|v)
o(s, 1)

cp(v) =
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FIGURE 11. Heatmap: volume of connections between cities in VK city scale network. Cities are grouped by country - left to right, top to bottom: Russia,
Ukraine, Kazakhstan, Belarus, other cities with a large number of VK users that are not in these countries. Diagonal elements represent connections
within the respective city. Colors in blue spectrum indicate a low volume of connections between the respective cities; colors in the red/yellow spectrum
indicate high volume of connections. The heatmap shows a rather “clean” separation by countries, where cities within the same country tend to be more
connected. Moreover, cities that are geographically close to each other tend to be more connected. Intercity connections with highlighted squares mark
five sample pairs of cities close to each other both “socially” and geographically (Vladivistok-Khabarovsk, Voronezh-Lipetsk, Baku-Makhachkala,
Shymkent-Taskhent, Yerevan-Tbilisi). The respective Google Maps distances are shown.

However, it turns out that the majority of the highest-ranked given city) are located in Western Ukraine. These cities are

cities in terms of “‘betweenness centrality per user” (the highlighted in boldface in Table 1. As one can see from the
ratio of betweenness centrality to the number of users in a table, for each of these cities, the value of ‘“betweenness

VOLUME 7, 2019 419



IEEE Access

A. Semenov et al.: Exploring Social Media Network Landscape of Post-Soviet Space

FIGURE 12. lllustration of VK city scale network for the 2015 snapshot. Thicker links represent larger numbers of friendship connections between users
in a given pair of cities. A link connecting a pair of cities is depicted if there are at least 1M friendship links between individual users in those cities. Two
links that do not have endpoints on the left side of the figure connect Moscow with New York and Los Angeles. The network for the 2016 snapshot is

highly similar thus not pictured.

centrality per user” is larger (in most cases, several times
larger) than for any other city on the list. These observations
will be addressed in more detail in the Discussion section.

D. COUNTRY SCALE NETWORK

On the most “coarsened” scale, we consider the network of
countries, where the weights of edges between their nodes
are determined by the volume of friendship links between the
respective countries, as well as within each country. Due to
the small number of nodes in this network (compared to user
scale and city scale networks) and the fact that edges exist
between all pairs of countries, the analysis of degree distri-
bution, clustering, shortest paths, and communities would be
of little practical interest. However, an interesting question to
consider for this graph is how users in respective countries
are interconnected. To address this question, we construct
the matrix of connectivity for post-Soviet countries with the
largest number of VK users, which is presented in Table 2.
As one may expect, for larger countries, including Russia,
Ukraine, Belarus, Kazakhstan, there is a higher volume of
intra-country rather than inter-country connections. However,
for smaller countries (Armenia, Azerbaijan, Moldova) the
connections to Russia are substantially “‘stronger” than those
within the respective countries (see a graphical illustration of
these results in Supplementary Materials). Thus, on a country
scale, Russia clearly plays the most “central”” role in the
VK network.

lll. DISCUSSION
In this study, we have described and analyzed the entire social
network of VK.com as of October 2015 and December 2016.
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To our knowledge, this is the first study that deals with the
data representing the entire VK network. Due to the high rate
of VK.com usage in the post-Soviet space (as it can be seen by
a comparison of the number of VK user accounts and the size
of the respective actual populations), we believe that this data
can provide valuable insights into the social media network
landscape of that part of the world. The presented results
reveal interesting findings regarding both the overall patterns
and the roles of certain regions and countries in “‘shaping”
this landscape.

A. “GLOBAL” CHARACTERISTICS OF USER AND CITY
SCALE NETWORKS

With respect to the “global” characteristics of the VK user
scale and city scale networks, as one would expect, these
networks do exhibit small-world properties with low aver-
age path length and diameter, as well as high clustering
coefficient. The values of these parameters observed in the
VK user scale network are generally consistent with those
reported for other planetary-scale social networks, notably
Facebook [7], Twitter, [12] and MSN [3]. Table 3 summarizes
the basic characteristics of the VK user scale network in
comparison with the aforementioned social networks. The
degree distribution of the VK user scale network is not a
“pure” power law, which is consistent with the observations
made in the related study of the Facebook [7] and MSN [3]
networks, as well as with the recent study that suggested
that “true power law”” networks are rare [13]. More specif-
ically, it turns out that the degree distribution of the VK user
scale network can be well approximated by a ‘“bimodal”
power law model, that is, two power law distributions
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TABLE 1. Top 25 cities in the VK city scale network (2015 - table on the left, 2016 - table on the right) sorted by their betweenness centrality. The number
of VK users in each city (VK population) and the ratio of betweenness centrality to VK population of each city (“betweenness centrality per user”) is also
given. Cities with high values of betweenness centrality per user are highlighted in boldface. One can observe that all of the highlighted cities are located

in Western Ukraine.

Name Btw. centr. VK popul. Ratio x10~7 Name Btw. centr. VK popul. Ratio x10~7
Moscow, RU 0.166 11,410,021  0.145 Moscow, RU 0.167 12,994,428  0.130
Kyiv, UA 0.129 3,386,132 0.381 Kyiv, UA 0.123 3,776,453  0.336
St. Petersburg, RU 0.092 5,806,747  0.158 St. Petersburg, RU 0.093 6,533,303  0.142
Lviv, UA 0.058 906,371  0.643 Lviv, UA 0.056 994,524  0.558
Ufa, RU 0.043 1,122,916  0.381 Ufa, RU 0.039 1,255,680  0.309
Kazan, RU 0.036 1,322,779  0.270 Kazan, RU 0.033 1,484,251  0.221
Odessa, UA 0.032 1,155,558  0.277 Odessa, UA 0.032 1,303,356  0.242
Minsk, BY 0.029 1,346,428  0.215 Minsk, BY 0.027 1,494,648  0.180
Vinnytsia, UA 0.027 388,772  0.694 Vynnitsa, UA 0.025 441,943  0.573
Ekaterinburg, RU 0.025 1,441,260  0.172 Almaty, KZ 0.025 1,659,469  0.152
Kharkiv, UA 0.025 1,215,465  0.203 Ternopil, UA 0.025 233,538  1.049
Krasnoyarsk, RU 0.024 999,560  0.240 Krasnoyarsk, RU 0.024 1,136,225  0.215
Ternopil, UA 0.023 211,275 1.101 Kharkiv, UA 0.024 1,355,813  0.179
N. Novgorod, RU 0.022 1,059,736  0.205 Ekaterinburg, RU 0.023 1,644,280  0.138
Chernivtsi, UA 0.021 231,523 0925 Chernivtsi, UA 0.021 262,493 0.818
Novosibirsk, RU 0.021 1,389,741  0.152 Perm, RU 0.021 1,112,061  0.184
Perm, RU 0.021 990,427  0.212 N. Novgorod, RU 0.020 1,195,407  0.169
Almaty, KZ 0.020 1,323,452  0.151 Ivano-Frankivsk, UA  0.019 228,233  0.833
Ivano-Frankivsk, UA  0.020 204,489  0.969 Novosibirsk, RU 0.019 1,575,561  0.120
Dnepr, UA 0.019 1,024,292 0.189 Dnepr, UA 0.019 1,137,120  0.163
Lutsk, UA 0.019 158,253  1.190 Rivne, UA 0.018 221,414  0.825
Rivne, UA 0.018 196,816  0.936 Lutsk, UA 0.018 179,329  0.997
Yakutsk, RU 0.018 226,494  0.793 Chelyabinsk, RU 0.017 1,188,528 0,141
Chelyabinsk, RU 0.018 1,045,146  0.169 Yakutsk, RU 0.016 254,008  0.662
Cheboksary, RU 0.017 347,923 0.494 Cheboksary, RU 0.016 384,501  0.426

TABLE 2. Connectivity between post-Soviet countries with the largest
number of VK users. Each number in the table is ratio of the number of
links between the respective countries (for diagonal elements - the
number of links within a given country) to the number of VK users in the
country listed in the corresponding row. The presented data corresponds
to the 2015 snapshot. The data for the 2016 snapshot is highly similar
thus not presented here.

RU UA BY KZ AZ AM MD
RU 2352 234 0.44 0.23 0.03 0.02 0.03
UA 8.07 27.67 046 0.12 0.03 0.02 0.05
BY 8.13 2.47 2093 0.14 0.02 0.01 0.03
KZ 324 0.50 0.10 1823 0.02 0.01 0.01
AZ 3.8 0.98 0.15 0.19 093 0.01 0.01
AM 278 0.62 0.10 0.08 0.01 1.03 0.01
MD 3.95 1.46 0.16 0.06 0.01 001 3.62

(with different slope parameters on a log-log scale) cor-
responding to two different ranges of degree values. For
both 2015 and 2016 snapshots, we observed that the degree
distributions for low-degree nodes (i.e., those with degrees
under ~200, which comprise over 94% of the total number
of nodes) follow a power law with the slope parameter just
under 1, whereas the degree distributions corresponding to
the remaining 6% of higher-degree nodes (over ~200) also
follow a power law but with a substantially higher value of
the slope parameter (over 2). An interesting observation is
that the inflection point (i.e., the approximate degree value
where this change of the decay rate occurs) is just under
200 for both of the considered network snapshots. More-
over, since a very high fraction of VK users (over 94%)
have fewer than 200 friends, it suggests that the Dunbar’s
number phenomenon (the existence of a certain cognitive
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limit on the number of meaningful social relationships that
an individual is capable to maintain, which was estimated
at ~100-200 [5]) may also be observed in the settings of
online social media friendships. Our results suggest that the
“online version” of Dunbar’s number may be slightly higher
than the “‘regular” one, although consistent with the range
discussed in [5]. One may intuitively explain a slightly higher
number of friendships that people have in the online social
media domain by the fact that people sometimes add friends
on social media whom they do not know very well in real
life; thus, some of such friendships are not as “meaningful”
as social relationships maintained in the real life. A related
work on Dunbar’s number in online social media settings was
recently performed using the data from Twitter [14].
Continuing the discussion on the degree distributions,
we did observe a significant jump of the fraction of high-
degree nodes for degree values close to 10,000. This can
be explained by the fact that VK.com imposes the limit
of 10,000 friends per user and by the assumption that users
who have many friends are trying to achieve the 10,000 marks
as this may reflect a certain level of “prestige” in the
social media community. Interestingly, both the absolute
number and the fraction of VK users with degrees close to
10,000 have substantially increased from 2015 to 2016, which
can be seen in Fig. 3. Moreover, as it can be observed from
the degree assortativity plots in Fig. 4, the average degree
of neighbors (friends) of such high-degree nodes has also
substantially increased. Although the number of such nodes
is still very small compared to the size of the entire network,
it has increased approximately twice from 2015 and 2016;
moreover, it appears that high-degree users were adding other
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TABLE 3. Summary of basic “global” network characteristics observed in VK and in other major social media networks according to previously published

studies.
VK user scale (2016)* VK user scale (2015)* Facebook (2011) [7] Twitter (2010) [12]**  MSN (2008) [3]
Number of nodes/edges 176M/6.5B 141M/5.16B 721M/68.7B 41.7M/1.47B 180M/1.3B
Average node degree 73.9 73.2 190 ok 14

Degree distribution “bimodal”" power-law,

inflection point ~190

Average distance 4.69 4.69
Diameter (lower bound)*%* 10 10

Average clustering coefficient 0.16 0.16
Degree correlation 0.266 0.245

“bimodal" power-law
inflection point ~190

non-power-law
(not studied further)

out-degree power-law,
inflection point ~ 10°

power-law with
exponential cutoff

4.7 4.12 6.6
6 18 29
0. 145k Not reported 0.137
0.226 Not reported Not reported

*Users with at least one friend.

**Note that Twitter network is directed. The average degree needs to be calculated for in-degrees and out-degrees separately.
***The longest distance between a pair of nodes that was reported in the respective study.
****The average clustering coefficient reported for nodes with degree 100.

high-degree users as friends at a higher rate in 2016 than
in 2015.

With regard to the degree distribution of the sliced city
scale network, we also observed a ‘‘bimodal’’ structure some-
what similar to the one for the user scale network, although
only the first ~70% of the cities (the ones with degrees up to
~500) follow a power-law degree distribution. The remaining
~30% of the cities follow a heavy-tail distribution for which
a power law is not an appropriate fit. This is due to the
fact that there are large cities with very high degrees (i.e.,
Moscow, St. Petersburg, as well as other large cities in the
post-Soviet space). However, interestingly enough, the slope
parameter of the power-law part of the city scale network
degree distribution is virtually identical to the slope parameter
of the user scale network degree distribution before the inflec-
tion point. The fact that lower-degree nodes in both the user
scale and the city scale networks follow a power-law degree
distribution is somewhat expected; however, the fact that the
slope parameters of these distributions are almost the same
is rather interesting and surprising. In this sense, one may
refer to this observation as the “geographically scale free”
property of the VK network.

B. ANALYSIS OF MODULARITY-BASED COMMUNITIES

Although the aforementioned “‘global” parameters charac-
terize the behavior of the entire VK user scale network,
the description of this network’s “landscape” would be
incomplete without considering its ‘“local” characteristics,
specifically, modularity-based communities within this net-
work. In the discussion of the aforementioned results on these
communities, it is important to note that we did not make any
a priori assumptions about a modular structure of the VK user
scale network. Instead, we let the modularity maximization
algorithm to “naturally ” identify communities within this
network and then we mapped these communities onto actual
geographic locations of the respective users. Interestingly,
most of the largest communities identified by the Louvain
algorithm were rather cleanly separated by countries or geo-
graphic regions. As one would expect, various regions within
Russia, which is by far the most represented country in the

422

VK user base, correspond to some of the largest modularity-
based communities. Moreover, there are well-defined com-
munities corresponding to Ukraine, Kazakhstan, and Belarus,
which the Louvain algorithm consistently has been able to
identify in both network snapshots. It should be noted that
each of these communities does contain a substantial number
of users located in Moscow, which is understandable due to
the fact that people from many regions in the post-Soviet
space moved to Moscow.

Since Ukraine, Belarus, and Kazakhstan are among the
largest countries in the post-Soviet space and they appear to
play a prominent role in shaping a modular structure of the
VK user scale network, it is interesting to discuss the proper-
ties of the respective communities in more detail and compare
their characteristics between 2015 and 2016 snapshots.

As one can observe from the reported results, the con-
ductance of the community corresponding to Kazakhstan
is the lowest among all the identified large communities,
which implies a relatively ““isolated” role of Kazakhstan with
respect to the entire social media network of the post-Soviet
space. However, it is also worth noting that the conductance
of Kazakhstan community has increased almost twice: from
0.06 in 2015 to 0.11 in 2016. This may imply that VK users
in Kazakhstan, despite still being relatively “‘self-contained”’,
are gradually “blending” into the entire VK network and
forming more friendship links with users in other countries,
most notably in Russia (note that one of the new modularity-
based communities that appeared in 2016 spanned users both
in Russia and Kazakhstan - see Fig. 8(I)). This observation
may also be attributed to an increased rate of migration
from Kazakhstan to Russia, although this would need to be
confirmed by demographic studies.

Another major modularity-based community corresponds
to VK users in Ukraine. In fact, this was the largest com-
munity identified in the 2015 VK network snapshot, and it
became the second-largest one in the 2016 snapshot after
several communities within Russia blended into one large
community (see Fig. 8(G)). The conductance of the Ukraine
community has stayed almost the same for both snapshots
— with a slight increase in 2016, which is not nearly as
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significant as in the case of Kazakhstan. As for another major
post-Soviet country — Belarus, the respective modularity-
based community has a substantially higher conductance
value than that of Kazakhstan and Ukraine. For both of the
considered network snapshots, the conductance of this com-
munity was greater than (0.2, although it slightly decreased
from 2015 to 2016. This relatively high conductance value
can be explained by historically strong social and economic
ties between Belarus and Russia, and our results suggest that
these ties to some extent translate to the social media domain.

In addition to the aforementioned large communities
that correspond to Kazakhstan, Ukraine, and Belarus,
we observed that certain cities and regions within Russia
also play an important role in forming large modularity-based
communities in the VK network. Moscow and Saint Peters-
burg are the largest cities in Russia in terms of both actual
and VK user population; therefore, it is not surprising that a
substantial number of users based in these cities are present in
many of the identified large modularity-based communities.
In fact, users from Moscow and Saint Petersburg form their
own community in the 2015 network snapshot, in addition to
being present in most of the other large communities. Inter-
estingly, we observed that several communities that Louvain
algorithm identified as distinct (although with rather high
conductance values) in the 2015 snapshot have ‘“blended”
into one extremely large community in the 2016 snapshot
(Fig. 8(QG)). This observation suggests that Russian VK users
overall are getting more connected with each other and the
effects of geographical separation on forming friendship links
between users within Russia may be gradually diminishing.
It should also be noted that a relatively large community
identified in the 2016 network snapshot (Fig. 8(H)) corre-
sponds to cities that are not in close geographic proximity,
but are somewhat similar due to another criterion: the fact
that there are large plants and factories from various types of
industry. Our results suggest that VK users in these ‘“‘indus-
trial” cities have formed significant social media friendship
ties, which may be related to business interactions between
industries in these cities. Therefore, although the geographic
proximity factor still appears to be predominant in shaping
the modular structure of the VK network (as the analysis of
VK city scale network also suggests), there are other factors
that may also be important in forming such communities.
In particular, it should be noted that in addition to commu-
nities formed based on geographic principles, VK users (as
well as users of other social networks) also form communities
based on their common interests. VK.com allows creation of
such interest groups, and it is typical that users that join a
particular group become friends with each other. However,
communities formed by such users would typically be much
smaller than the ones corresponding to geographic regions
discussed above. Although in this study we did not track the
users’ memberships in interest groups in VK, it would be an
interesting topic for future studies to analyze the behavior of
smaller-size communities and investigate whether the “‘best”
communities (in the sense of low conductance, as illustrated
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in Fig. 9) are formed primarily as a result of geographic prox-
imities, memberships in common interest groups, or other
factors.

C. ANALYSIS OF CITY SCALE AND COUNTRY SCALE
NETWORK CONNECTIVITY PATTERNS

Shifting the discussion focus to the “coarsened” scale net-
works (city scale and country scale), we note that although
some information that is present in the user scale network
is inevitably lost after aggregating individual user nodes and
edges, the analysis of these aggregated networks helps reveal
new information on the collective behavior of VK users in
certain cities, regions, and countries. As discussed above,
the “global” characteristics of the city scale network are
similar to those of the user scale network, which motivated us
to use the “geographically scale free”’ metaphor to describe
these properties of the VK network. However, a more prac-
tical aspect of this analysis is identifying cities that are
“central” with respect to the landscape of the considered
networks. In this study, we used betweenness centralities
to measure the roles of specific cities in the city scale net-
works. Although betweenness centrality is obviously not the
only way to measure ‘“central’ roles of nodes in a network,
we believe that this is a practically relevant approach in
the considered settings, since it measures the fractions of
shortest paths “controlled” by users in the respective cities.
Under the assumption that information diffusion on social
media networks is likely to follow shortest paths, users in
these “central” cities will be exposed to more information
reposting cascades (and potentially generate more informa-
tion cascades that will be seen by many other users) than users
in cities that are ““non-central” in the sense of betweenness
centrality. To take into account the difference in VK pop-
ulation of different cities, we considered both nominal and
scaled values (by the number of users in the respective city)
of betweenness centrality for each node in the city scale
network. Overall, Table 1 shows that nominal and scaled
betweenness centralities of most cities have remained rela-
tively stable between 2015 and 2016 snapshots. A closer look
at the obtained results reveals a combination of expected and
surprising observations. On one hand, as one would expect,
the largest cities in the post-Soviet space in terms of both
actual and VK population (Moscow, Kyiv, and St. Peters-
burg) are in the top three in terms of betweenness centrality
values, since these cities have so many VK users that larger
fractions of shortest paths do pass through these cities. For
example, approximately 16% of shortest paths in the city
scale VK network go through Moscow, and 13% and 9% go
through Kyiv, UA and St. Petersburg, respectively. However,
when we scaled the respective values by VK populations
of the cities, we observed that almost all of the cities with
the highest values of betweenness centrality per user are
located in Western Ukraine. This is interesting and surprising
due to both the well-defined geographic pattern of these
cities and the fact that Ukraine as a whole forms the largest
and relatively ““tightly-knit” modularity-based community
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(with conductance value on a lower end of the spectrum
as discussed above). Lastly, a surprising observation is that
Yakutsk, which is located in a rather remote region of
Russia, also has a high value of betweenness centrality per
user.

Further, for the city scale network with aggregated edges
(with the weight of each edge proportional to the volume of
connection between the respective cities), we considered the
subnetwork containing the largest cities in the post-Soviet
space. Most of these cities are in Russia, Ukraine, Kaza-
khstan, and Belarus, where we observed a clear modular
structure with higher volumes of connections between cities
within the same country than between those in different
countries. As it can be seen in the heatmap in Fig. 11, consis-
tently with the aforementioned results on modularity-based
communities, the separation of cities by country is the most
pronounced for Ukraine, Kazakhstan, and Belarus, whereas
the separation is not as strong but still visible for Russian
cities. As one would expect, most of the squares on the
diagonal are in the red/orange spectrum, which means that the
highest volumes of connections are observed between users
within the same city. This effect is the least pronounced in
the case of Moscow due to the aforementioned considerations
that many people in Moscow have strong social media ties
with friends and/or relatives in other regions. More interest-
ingly, we observed a clear trend of higher volumes of con-
nections corresponding to cities that are geographically close
to each other; moreover, this phenomenon is not affected
by the presence of borders between countries. Specifically,
it appears that this trend is the most visible in the cases where
a pair of cities are within driving distance (that is, under
300-400 kilometers apart), which likely helps establishing
social ties between people in those cities. For instance, there is
a substantially higher volume of connections between Aktobe
(Kazakhstan) and Orenburg (Russia) compared to any other
Russia-Kazakhstan pair of cities. These cities are across the
border but only 271 kilometers apart. Therefore, although
inter-country borders do play a significant role in shaping
the modular structure of the VK city scale network, the geo-
graphic proximity of cities (regardless of borders) is also an
important factor.

Finally, the VK country scale network allows us to take
a “bird’s eye” view on the social media landscape of the
post-Soviet space by considering the volumes of connections
between and within the major countries in the post-Soviet
space. The largest post-Soviet countries, Russia, Ukraine,
Belarus, and Kazakhstan, have a higher volume of connec-
tions within the respective country than with other countries.
However, smaller countries, including Azerbaijan, Armenia,
and Moldova, have a higher volume of connections to Russia
than within themselves or to any other country. This obser-
vation tells us that Russia still plays a centerpiece role in
the VK network on the country scale, especially with respect
to smaller post-Soviet countries, which suggests that these
countries’ economic and social ties with Russia as the largest
country in the region are interrelated.
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IV. METHODS

The data were collected solely for the purposes of basic
scientific research by Social Media Analysis (SOMEA)
group at the University of Jyvéskyld, Finland (the group
collects social media data for research purposes), using an
application registered on VK.com working with a public
APIL. A parallel crawler was utilized for the data collec-
tion, running on 15 servers. The collected data were not
transferred to any other countries or institutions. The data
were anonymized, that is, no personally identifiable infor-
mation, such as names, user IDs, or photos of VK.com
users, was collected or used in this study. The collected
data and the presented results are not for commercial, adver-
tisement, political, or any other use not related to scientific
research. The data collection was in compliance with appro-
priate Russian, Finnish, and European Union legislations
on personal data under provisions that the data were col-
lected and processed solely for statistical/research purposes
and anonymized. We used Google GeoCoding API (devel-
opers.google.com/maps/documentation/geocoding/) to fetch
the coordinates and region information for about 250K cities
populated by VK users. These were linked to the baseline
graph. The final result of the retrieval process produced a
220GB TSV social graph. Using the C++ with boost, and
Google performance tools (goog-perftools), the entire graph
was loaded into memory with mapped files and processed.
We have used two servers; the first server had 1TB of RAM
and 64 cores; the second one had 192GB of RAM and
16 cores (as opposed to the study [7] that used Hadoop).
This study used the residence information (city, country)
indicated by the users on their accounts. Because this piece
of information is not mandatory, not all users have submitted
their location/country information. About 60% of users did
provide the city/country information and we assume that the
provided location information is correct. The results that deal
with the geographical patterns within the VK network are
based on the data for roughly 60% of users who provided their
city/country information. In order to calculate shortest paths
in the VK network, we have implemented the HyperANF
algorithm [6]. The algorithm was modified, and instead of
HyperLoglog counters, we used HyperLoglLog++ [15].
The algorithm was implemented in C++ using OpenMP
library for parallel processing. Matplotlib, amCharts, and
Google Maps were used for drawing the respective
figures.
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