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Modeling and Analysis of a Dynamic Network of Telephone Subscribers
Considering the Degree of Connectivity by Means of Contact Lists

Abstract. Modeling complex dynamic networks, whose components interact and evolve, is essential for understanding and
predicting their behaviour. It helps to optimize performance, improve resilience, and effectively manage resources in
technological, information, social, and biological networks. Purpose. The purpose of the work is to model a dynamic network
of telephone subscribers, identify and evaluate its main properties. The focus is on experiments with the resulting model and
determining the dependencies of network properties based on simulation data. Research methods. The methods of constructing
computer models, methods of analyzing network parameters, the method of least squares and the Monte Carlo method of
stochastic dynamics of discrete states by using time steps of equal length have been used in the work. The computer model has
been developed in Python by using the Pandas, Numpy and NetworkX libraries. Results. A model of a dynamic network of
telephone subscribers is proposed with imitation of contact lists, which usually include family members, colleagues, and friends.
Experiments have been conducted with the model and the dependences of network properties on the number of subscribers and
the fraction of contacts within contact lists have been investigated. The values of the model parameters at which the network
exhibits the properties of a small-world network has been determined. Conclusions. The proposed model of a dynamic network
of telephone subscribers with imitation of contact lists has allowed to identify the dependences of the network properties on the
number of subscribers and the fraction of contacts within the contact lists. It was revealed that the node degree distribution
corresponds to the lognormal law. The number of links in the call graph depends on the number of subscribers linearly, and the
higher the fraction of contacts, the fewer links are created when a new subscriber appears. An increase in the number of
subscribers affects the network density reducing it according to a hyperbolic law. As the fraction of contacts increases, the
network density decreases, since an increasing number of connections are created among a limited number of subscribers. The
clustering coefficient changes according to a hyperbolic law as well. The average value of the shortest path length for certain
network parameters is well approximated by a logarithmic function when the fraction of contacts is more than 0.80 within contact
lists. Finally, the qualities of a small-world network can be recognised in the dynamic network of telephone subscribers when
the fraction of contacts in the contact list falls between 0.80 and 0.90, as determined by the coefficient w (4).

Keywords: dynamic complex network, mobile call graph, telephone network, lognormal distribution, degree distribution,
network density, clustering coefficient, average shortest path length, small-world network.
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1. Introduction

Various world phenomena — social, physical, biological to name a few — can be represented as complex
dynamic networks. In [1], the authors identified four categories of complex networks: technological,
informational, social and biological. Representing complex networks as structures that change over time
allows identifying structural and temporal patterns. Thus, a dynamic network can be identified as one in
which nodes and edges appear and/or disappear over time [2].

Numerous studies have been conducted on the modeling and analysis of complex dynamic networks.
In [2], the authors present a classification of dynamic networks and the basics of their modeling using
graph neural networks. In [3], the authors propose criteria for choosing a dynamic and static model of a
social network to analyze their properties. The social network models predominantly presented in the
physics-oriented literature on the complex networks have been classified and compared in [4].

The data obtained from actual networks of phone subscribers have been analyzed in several papers.
For instance, in [5], the authors have presented studies on the interaction patterns of millions of mobile
phone users. In [6], a network of telephone subscribers of more than 1 million users is studied based on
call data presented by the mobile network. The authors evaluate such indicators as the distribution of the
number of telephone calls, conversation time, and the number of unique connections per subscriber. In
[ 71, the authors have considered the data on telephone calls from four different geographical regions, have
generated call graphs and analyzed their static properties. The dynamic network of telephone subscribers
and the influence of the degree of persistence of connections on the structure of the network have been
examined in [8]. Other types of dynamic networks have been analyzed as well. The overview of financial
networks — definitions of various types of networks and discussion on the dynamic aspect of the
functioning and distribution of resources in such networks has been presented in [9]. In [10], the authors
describe biological networks, as well as the principles and algorithms of graph neural networks, which
can be used to predict the emergence of new connections and diseases.

The papers [5-8] focus on the analysis of existing networks of telephone subscribers. However, only
a limited number of works are devoted to the simulation modeling of dynamic networks of telephone
subscribers. For example, in [11], the authors proposed a simulation model of a call-center, which allows
doing a “what-if” analysis to determine the number of operators required to satisfy a certain requirement
for the system. In [12], the authors have developed a telephone network model for an electricity
distribution company with the aim of modeling and further optimizing the technical infrastructure of the
telephone network. Modeling a dynamic telephone network as a social communications network with
different types of subscribers has not been covered in the literature.

The paper proposes a model of a dynamic network of telephone subscribers, in which the number of
subscribers is static, and the connections between them change at discrete time intervals According to the
terminology presented in [2], such a network can be classified as a discrete node-static temporal network.
Furthermore, following the classification of dynamic communication networks proposed in [13], the
telephone subscriber network is synchronous with one-to-one connections, which means that connections
exist only between two subscribers simultaneously.

2. Modeling dynamic network of telephone subscribers

A network of telephone subscribers is formed by a certain number of nodes (subscribers) and the
connections between them. In such a network, a connection is established when two subscribers are
engaged in a call. For instance, the average person makes five to seven calls per day, while sale managers
may make two or three hundred calls daily. Consequently, at any given moment, a certain number of
pairwise connections are established. During the experiment with the model, calls and connections
between subscribers have been saved in a log. From the recorded set of paired connections, a dynamic
network of telephone subscribers is formed over a specific period. The study aims to analyze the
properties of the obtained dynamic network.

The telephone network model proposed in this work differs from the model presented in [14]. The
distinction is that each subscriber has a contact list in our model. The fraction of calls between subscribers
from the contact list is the specified by the model parameter, and in other cases, the contacts are selected
randomly. The lognormal distribution law is used to assign the quantity of calls per day to subscribers
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[15]. New calls cannot be placed or received by subscribers while they are engaged in a call. The
probability of a call ending at a certain time is used to model the call duration.

The input parameters of the model include the number of subscribers, parameters of the lognormal
distribution law for modeling the number of calls per day, the duration of the experiment, the average
duration of conversations, the fraction of calls to subscribers from the contact list, and the number of
subscribers in the contact list.

With the help of a developed model, such properties of a dynamic network of telephone subscribers
as the degree distribution law, the number of created links, network density, clustering coefficient, and
the average shortest path length have been investigated.

3. Description of the experiment

During the experiments conducted over a specified period, connections between subscribers are
simulated, resulting in a dynamic network. The number of subscribers is predetermined and remains
constant. In this model, one unit of time is equivalent to one minute. The duration of the experiment, the
parameters of the lognormal distribution law for the daily number of calls, the size of the contact list, and
the fraction of calls to subscribers from the contact list are specified. The uniform distribution law is used
to select a subscriber for communication, both within the contact list and among all other subscribers.
The duration of a call is determined by the probability of its termination at any unit of time, which is set
at 0.99 for all experiments. Once a connection is established, subscribers are isolated, which means that
they cannot make or receive additional calls. The progress of the experiments is recorded in Table 1:

Table 1. Experiment data sample

idx | caller_id | callee_id | start time | finish_time
0 12 62 0 1
1 23 4 4 7
2 72 64 8 9

where idx is the record number, caller_id is the caller identifier, callee_id is the callee identifier,
start_time is the call starting time, finish_time is the call finishing time, duration is the call duration.

Input data for the experiment: number of subscribers is 1000, duration is 10080 of time units (minutes),
the parameters of the lognormal distribution correspond to normal subscribers (v = 1.1, 0 = 1.0) [15].

4. Study of the obtained data

During the experiments, data on 34834 subscriber contacts have been obtained. Using this data, the
distribution of the number of subscriber calls during the day has been constructed. This distribution can
be compared to the distribution obtained in [15], where it has been found that the number of calls follows
a lognormal distribution. Therefore, the consistency of the model with the experimental data could be
evaluated.
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Fig.1 Distribution of the number of subscribers by the number of calls per day. In green — experimental data of a

real network, simulation data: yellow — all subscribers are included, blue — only those subscribers who made at

least one call, black curve — the lognormal law with = 1.1 and o= 1.0.

The green line corresponds to experimental data from the real telephone network of subscribers [15].
The results obtained from the telephone network simulation are depicted by the orange and blue lines.
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The blue line represents the distribution of calls determined without considering subscribers who did not
make a single call throughout the entire experiment. The orange line represents the distribution including
all subscribers. The black curve corresponds to the data obtained by approximating experimental
observations by using a lognormal distribution law with parameters = 1.1and o= 1.0.

In the experimental data from a real telephone subscriber network, all subscribers made at least one
call. In contrast, the simulated network included subscribers who did not make a single call, as indicated
by the distribution depicted by the orange line. That resulted in different data distributions.

The distribution of subscribers who made at least one call during the model simulation is represented
by the blue curve in Fig. 1, which shows good agreement with the experimental data, represented by the
green curve. Over time, subscribers create a network of connections. We have used the information
obtained from experiments with the constructed computer model to conduct a more thorough analysis of
the characteristics of the telephone subscriber network.

5. Analysis of dynamic network properties

Numerical experiments have been conducted with varying numbers of subscribers at consistent time
intervals to investigate the properties of a dynamic network of telephone subscribers. We have assessed
the relationship between these properties and the fraction of calls made within the contact list, as well as
the total number of subscribers in the network. Among the properties analyzed, we have examined the
number of edges in the network, clustering coefficients, network density, average shortest path length,
and degree distribution. Additionally, we have determined the type of network resulting from those model
experiments.

A total of 580 experiments have been conducted. The number of subscribers ranged from 10 in the
first experiment to 1000 in the last one, with the fraction of calls within the contact list varying from 0.0
to 1.0. The interval was 0.1 from 0.0 to 0.8, and 0.01 from 0.81 to 1.0. In each experiment, the number of
subscribers increased by 50. Fig. 2 presents graphs of various networks formed with different fractions
of calls but with a consistent number of 100 subscribers. The graphs clearly show the formation of
subscriber groups within contact lists and the connections between these groups when calls are made to
other subscribers. Those groups or cliques are especially visible in networks with a high fraction of calls
within their contact lists.

N subscribers: 100, N links: 2080, Fraction of calls:0.1 N subscribers: 100, N links: 1627, Fraction of calls:0.5 N subscribers: 100, N links: 1418, Fraction of calls:0.6
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Fig.2 Simulated telephone subscriber networks. N subscribers — number of subscribers, N links — number of links,
Fraction of calls — fraction of calls made within subscriber contact lists
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The properties of the generated networks have been examined. The form of each network can be
explained by using the distribution of node degrees, which represents the number of connections a
subscriber established with other subscribers during the experiment. The obtained dependencies are
shown in Fig. 3.

T T T T T T T T
0 200 400 600 800 1000 0.0 0.2 0.4 0.6 0.8 1.0
Number of subscribers in a network Fraction of calls
a) b)

Fig.3 Average node degrees dependence on a) number of subscribers; and b) fraction of calls within contact lists.

From the graphs presented in Fig. 3, it could be seen that the degrees of the nodes/subscribers weakly
depend on the number of subscribers in the network and have a linear dependence on the fraction of calls.
For networks with a small number of subscribers where, for example, 10 subscribers have time to form
all possible connections, the degree of nodes is equal to the number of subscribers in the network minus
1. Consequently, the higher the fraction of calls within contact lists, the lower the node degrees.

As stated previously, the number of calls per day is distributed according to a lognormal law. The
degree of nodes and the number of calls are closely related because connections and degrees in a dynamic
network of telephone subscribers are formed through calls between subscribers.
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Fig.4 Distribution of node degrees and approximating lognormal distribution curves:
a) network with the 600 subscribers; b) network with the 900 subscribers.

The lognormal distribution curves that correspond to the node degree distributions are shown in Fig.
4. For networks with 600 and 900 subscribers, we have examined whether the node distribution agreed
with the lognormal law. The data indicates a decent degree of agreement, with p depending on the fraction
of calls in contact lists (the higher the fraction, the smaller x); meanwhile, o remains unchanged.

Next, we have examined the relationship between the number of links and the number of subscribers
in the network as well as the fraction of calls. An edge in the call graph between two subscribers is
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considered to be a link. The dependencies discovered through model experiments are displayed in Fig. 5,
along with straight lines representing them. The results show that the number of links made during the
experiment is directly correlated with the total number of subscribers in the network. Additionally, the
fraction of calls made within contact lists influences the angle of inclination of the straight line. The
higher the fraction is, the smaller the angle is and, consequently, the fewer links made over a given amount
of time. The relationship between those data, when approximated linearly by using the least squares
method, is as follows:

L =—-30.15NF + 1212.57F + 35.57N — 1184.21 Q)

where L is the number of links, N is the number of subscribers in the network, F is the fraction of calls
within the contact list.
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Fig.5 Dependence of the number of links on a) the number of subscribers; b) the number of subscribers and the
fraction of calls within contact lists.

From that dependence it follows that each new subscriber on average creates 5 new links during the
experiment (10800 discrete intervals) when the fraction of calls is equal to 1. For instance, with a fraction
of 0.7, the subscriber creates on average about 15 new links etc. Fig. 5b shows the dependence of the
number of links on the number of subscribers and the fraction of calls in contact lists.

Next, we present simulation data which shows how the network density changes with an increase in
the number of subscribers over the same time interval for different values of the fraction of contacts.
Network density is the ratio of an actual number of links to the maximum number of links that can be
created with the same number of nodes [1]. The obtained relationships, as well as their approximations,
are shown in Fig. 6.

Density

0.4

0.1

0.0

200 400 600 800 1000
Number of subscribers in each network

Fig.6 Dependence of network density on the number of subscribers in the network and the fraction of calls

The simulation data is shown in Fig. 6 by the lines with dots, and the approximation of the
dependencies is shown in black. An examination of the data has revealed a hyperbolic dependence of
density on the number of subscribers in the network and the fraction of calls:
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p=—"v— 2

1+95.30—87.29F

where p is the network density.

Good agreement with the simulation data is noticeable in Fig. 6. As the number of subscribers
increases, the network density decreases. Additionally, as the fraction of calls increases, the network
density decreases further. That is due to the fact that a higher fraction of calls leads to fewer new links
being created among the possible ones, and vice versa. The network density value determined by relation
(2) also depends on the duration of the experiment, necessitating further research.

The next network metric analyzed is the average clustering coefficient, which measures the degree of
interconnection for subscriber's contacts. A higher clustering coefficient indicates greater connectivity
within the graph. Fig. 7 shows how the average clustering coefficient varies with the number of
subscribers and the fraction of calls.
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Fig.7 Dependence of the clustering coefficient on the number of subscribers in networks with different fractions of
calls

In Fig. 7, the hyperbolic dependence of the clustering coefficient on the number of subscribers in the
network with the fraction of calls in the interval [0.0, 0.7] can be observed.

C=—% ®)

N
1+

where C is the clustering coefficient, a and b are the parameters of the hyperbolic dependence.
The parameters a and b depend on the fraction of calls. The corresponding dependencies are presented
in Fig. 8.
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Fig.8 Dependence of parameters “a” and “b” on the fraction of calls
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It should be noted that the experiments have been carried out with network sizes from 10 to 1000
subscribers and for the same time interval. This explains the transformation of the hyperbolic curve, which
depends on the fraction of calls, and the values of the obtained parameters are valid over the time interval
of the experiment.

Next, we have considered the changes in the average shortest path length obtained as a result of the
simulation. The lengths of all links between adjacent nodes are considered to be equal to one. The average
internode distance is the average path over all pairs of nodes between which there is at least one path
connecting them. In the categories of the telephone network and connections between people, this
indicator characterizes the average number of contacts required to connect any two subscribers.

5 5 5 T
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Fig.9 Dependence of the average shortest path length between two subscribers on the number of subscribers in
the network and the proportion of contacts within contact lists

In small-world networks, the average shortest path length between two nodes grows in proportion to
the logarithm of the number of nodes [16] or subscribers based on the average number of contacts in the
case of the telephone network. In the model, the dependence of the average length of the shortest path on
the number of subscribers in the network is well approximated by the logarithm to base 11 and 7 for
networks with the fraction of contacts in the intervals [0.80, 0.90] and [0.91, 0.98], which is shown in
Fig. 9b and 9c, respectively. For networks with fractions of up to 0.7, the logarithmic curve in Fig. 9a
corresponds to the logarithm of 25, which is too many regular contacts for normal subscribers.

Let us check if any of the networks obtained as a result of the experiments are small-world networks.
Small-world networks are characterized by a high clustering coefficient and a short path length [16, 17].
The distribution of node degrees in small-world networks can be similar to the distributions in random
networks [18], so they can be Poisson or normal distributions. The degree to which a network is a small-
world network can be measured using the coefficient o [17], which considers the clustering coefficient
and the average shortest path length and compares them with the equivalent regular lattice and random
network, respectively:

— Lrand _ ¢ 4
@ L Ciatt “)

where  is the small-world measurement

The values of w are in the range from -1 to 1. Moreover, if the value of w tends to 1, then it means
that the network has the characteristics of a random graph, and if it approaches -1, then the characteristics
of a lattice. Values w around 0 indicate that the network is a small-world network. An alternative small-
world measurement metric is the o proposed in [19]. That metric has several disadvantages, described in
[17], so the w metric has been used to analyze the simulated network.
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Fig.10 Dependence of w on the number of subscribers in the network and the fraction of contacts within contact
lists

Fig. 10 shows the dependence of w on the share of contacts and the number of subscribers in the
network. Let us reiterate that the proportion of contacts determines the degree of call and, accordingly, at
low values w the network resembles a random graph. In our case, for networks with a fraction of contacts
up to 0.80, the values of the coefficient w are in the interval [0.05, 0.55], which characterizes such
networks as random graphs. In a dynamic network of telephone subscribers with fraction values in the
range [0.80, 0.90], the coefficient w crosses the value 0O; as a result, those networks show small-world
network characteristics. At higher values of the fraction of calls within the contact list, the network has
the properties of a regular lattice.

6. Conclusions

In this work, a dynamic network of telephone subscribers has been modeled and its features have been
analyzed in relation to the number of subscribers and the fraction of calls made within subscribers' contact
lists. The presence of subscribers' contact list, which usually includes family members, colleagues,
friends, and the closeness of their connections determines the topology of the network and the dynamics
of its properties. Subscribers connected by contact lists and the connections between them are clearly
visualized with a high fraction of contacts between them. When the fraction of calls within contact lists
is low, the network is transformed into a random graph. As a result of the analysis of the network
properties, it has been revealed that the distribution of node degrees corresponds to the lognormal law
with parameters x« and ¢. The distribution parameters do not depend on the number of subscribers in the
network but depend on the fraction of contacts — the higher the fraction, the smaller the parameter x, and,
accordingly, the smaller the value of degrees. The parameter ¢ is equal to 0.27 and is independent of both
the subscriber number and the call fraction. The number of links depends linearly on the number of
subscribers — the higher the fraction, the fewer links are created with the appearance of additional
subscribers (1). Thus, with a fraction of 0.9, a new subscriber creates on average 8.3 links with other
subscribers, and with a share of 0.7, 15 links are created. An increase in the number of subscribers affects
the network density, reducing it according to the hyperbolic law (2). As the fraction of contacts increases,
the density decreases, since an increasing proportion of links are created among a limited number of
subscribers. The clustering coefficient, just like the density, changes according to a hyperbolic law. The
parameters of the hyperbolic law have a complex dependence on the fraction of contacts presented
graphically in Fig. 8. The average value of the shortest path length is well approximated by a logarithmic
function to base 11 and 7 for networks with a fraction of calls within contact list more than 0.80, which
indicates the properties of small-world network. Additionally, the presence of small-world properties has
been assessed by using the coefficient w (4) and it has been revealed that a dynamic network of telephone
subscribers demonstrates such properties when the fraction of contacts within the contact list is in the
interval [0.80, 0.90].
It should be noted that experiments for all networks from 10 to 1000 subscribers have been carried out
over the same period. This limitation affects the number of links created between subscribers and,
accordingly, in networks with a small number of subscribers, all possible links can be established over a
given period, and with a large number, only a small fraction of links can be formed. This model could be
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used for the further research on the effects of abnormal users (spammers) on telephone subscriber network
properties, information propagation speed, and its relationship to contact list sizes and call share.
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JanineBcbkuii acnipanm; Xapkiecvkuil Hayionanvuutl ynieepcumem imeni B.H. Kapasina,
Muxaiino BikTopoBuu matioan Ceoboou, 4, Xapxie-22, Yrpaina, 61022

SHoBCHKUI 00KmMOp QizuKo-mamemamuiHux nayxk, npogecop, npogecop kageopu
Bosaoaumup WMy4HOo20 iHmeneKmy ma npocpamnozo 3abesnevenns XapKkiecokui
BoJsoaumupoBuy Hayionanvhuil ynisepcumem imeni B. H. Kapasina, maiioan Ceoboou 4, Xapxie-

22, Vkpaina, 61022 3asioysau meopemuyunum i00iioM, iHCmMumym
monokpucmanie HAH Yxpainu, np. Hayxu 60, Xapxis, Ykpaina, 61001

Manwuii doyenm, Xapkiecokuil Hayionanvhull yHieepcumem imeni B.H. Kapasina, matioan
Oabra bopuciBna Cs0600u, 4, Xapxis-22, Vkpaina, 61022

MogaenoBaHHS Ta AHAJII3 IMHAMIYHOI Mepe:Ki Te1eOHHUX A00HEHTIB 3
YPaxyBaHHAM CTYIEHS 3B'I3aHOCTi 32C00aMHU KOHTAKT-JIUCTIB

AKTyanbHicTb. MOJETIOBaHHS CKJIQJHUX AUHAMIYHUX MEPEK, KOMIIOHCHTH SIKMX B3a€MOIIOTh i PO3BHBAIOTHCS 3 YACOM, MA€
B&X/IMBE 3HAYCHHS, OCKUIBKHM JI03BOJISIE PO3YMITH Ta INPOTHO3YBaTH IXHIO INOBeXiHKy. lle momomarae ONTHUMI3yBaTH
MPOIYKTUBHICT, MiABUIYBAaTU CTIHKICTh Ta €(PEKTUBHO YIIPABILATH PECypcaMy Y TEXHOJIOTIYHHX, iHpOpMaIiifHUX, COmianbHUX
Ta Oi0JIOTIYHUX MEpexkKax.

Meta. MeToro pobOTH € MOJICITIOBaHHS AUHAMIYHOT MEpexi Tele(OHHUX aOOHCHTIB Ta BUSBICHHS OCHOBHHX BJIACTHBOCTEH
Mepexi. ['oyioBHa yBara 30cepe/pkeHa Ha eKCIIepUMEHTax 3 po3po0JIeHOI0 MOJIEIIIIO Ta BU3HAYEHHS 3aJI)KHOCTEH BIAaCTUBOCTEH
Mepexi 3a JaHUMHU MOJICTIOBaHHSI.

MeTtonu gocimkeHHs. B po60Ti BUKOPHUCTOBYBAINCS METO I TOOYA0BH KOMIT'FOTEPHUX MOJIENeil, METO M aHalIi3y IapaMeTpiB
MepeK, METO]| HallMeHIINX KBajpatiB i Metox MonTe-Kapio croxacTuuHOl AMHAMIKH JUCKPETHHX CTaHIB 3 BUKOPHCTAHHAM
TUMYACOBHX KPOKIB OnHaKoBOI moBxuHH. Komm'torepHa Momens po3pobiiena MoBoro Python i3 Buxopucranusm 6i6Gmiotex
Pandas, Numpy ta NetworkX.

Pe3yabTaT. 3anmponoHOBaHO MOJENh AWHAMIYHOI Mepexi TerneOHHHX aOOHEHTIB 3 IMITAIli€l0 KOHTAKT-JUCTIB, A0 SKUX
3a3BUYail BXOAATH WiIEHH ciM'T, kKoierH, py3i. [IpoBeieHo eKcriepuMeHTH 3 MOJIEIITIO Ta JOCIIKEHO 3aJISKHOCT] BIIaCTUBOCTEH
Mepexi Bijl KITBKOCTI aOOHEHTIB Ta YaCTKH KOHTAKTIB Y paMKaX KOHTAKT-JIHCTiB. BU3HaYeHO NpH SKNX 3HAYCHHSIX MapaMeTpiB
MOJIeITi MEpeXka, 10 OTPUMYETHCS B pe3yIbTaTi MOJICITIOBAHHS, MA€ BIACTHBOCTI MEPEKi TICHOTO CBIiTY.

BucHoBKkH. 3ampornoHoBaHa MOJENb JUHAMIYHOI Mepexi TeneOHHHX aOOHEHTIB 3 IMITalli€l0 KOHTAKT-JIHCTIB JO3BOJIMIA
BUSIBUTH 3aJI€)KHOCTI BJIACTHBOCTEH MepexXi Bifl KITbKOCTI a0OHEHTIB Ta YaCTKH KOHTAKTiB Y paMKaX KOHTaKT-JIUCTIiB. BusiBneno,
IO PO3MOJIT CTYNEHIB BEPIIMH BiAIMOBITA€ JIOTHOPMAIFHOMY 3aKOHY. KiNBKICTh 3B'S3KIB JHIHHO 3a€XKHTh Bi KiJTBKOCTI
a0OHEHTIB, IPUIOMY UMM BHIA YACTKA KOHTAKTIB, THM MEHIIIE 3B'SI3KiB CTBOPIOETHCS 3 TIOSIBOIO HOBOTO abOHEHTA. 301IbIIeHH S
KIJIBKOCTI a0OHEHTIB BIUIMBA€E Ha IIUTBHICTH MEPEXi Ta 3HIKYE ii 3a TinepOONIYHUM 3aKOHOM. Y pasi MiJBHIICHHS YaCTKH
KOHTAaKTIB HIUTBHICTh 3HIKYETHCS, OCKUIBKH Jenaii Oinblia 4acTHHA 3B'SI3KIB CTBOPIOETHCS cepell 0OMEKEeHO1 KiTbKOCTI
abonenTiB. KoedirieHT kiactepusaiiii Tak camo, sIK i IIITBHICTh 3MIHIOEThCS 3a TinepOoaiuHiM 3aKoHOM. CepeiHe 3HAYCHHS
HaWKOPOTILIOro NULXY 33 IEBHUX MapaMeTpiB Mepexi 100pe armpoKCUMY€EThCs JTorapu(MiuHOIO QYHKIIIEIO 32 YACTKU KOHTAKTIB
6inbure 0.80. KoedimieHT o mokasye, 1110 npy 4acTii KOHTAKTIB B Me)Kax KOHTAKT-1UCTIB B iHTepBai [0.80, 0.90] 3mMoxensoBana
Mepexa TeneoHHIX aDOHEHTIB Ma€ BIACTHBOCTI MEPEXi TiICHOTO CBITY.

Knrouosi cnosa: cxnaona ounamiuna mepedica, spag MobinbHux GUKIUKIE, meneponHa mepedicd, 102HOPMATbHULL PO3NoOLT,
PO3n00IN CMYneHis, wintbhicms Mepedici, Koe@iyieum kiacmepu3ayii, cepeoHsi 008IUCUHA HAUKOPOMUIO2O ULTSIXY, Mepeicd
MIiCHO20 C8imy.
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