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Abstract

The aim of this paper is to analyze the influence of the process of adaptation and
network structure on the final wealth distribution of trading agents. The analysis was
conducted on an electronic financial market represented by a complex scale-free network.
In a trading simulation, the flow of information between the network nodes (traders)
influences the decision-making process in terms of investment. The Widrow-Hoff
algorithm for adaptation and the size of a complex network are the key aspects of the
process. The analysis indicated that the ability to adapt the level of self-confidence and
imitate wealthy agents decreases the effect of increase in the network size and maintains
the wealth distribution at approximately the same level. Using Pareto’s model, we will
show a two-fold outcome. On the one hand, the increase in the size of the network and the
distance between the nodes increases the even distribution of wealth among the wealthier
traders, and increases the gap between the poorer trading agents. The cause of this model
behavior can be found in the relatively quick exchange of information between the
wealthier trading agents, and the slower exchange between the poorer trading agents. This
behavior is a consequence of the increase in the average distance between the network
nodes with an increase in the network diameter. The computer model included in the
analysis was designed in the NetLogo modeling environment, while the statistical analysis
of the complex network was performed using the Pajek and Origin programs.
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JUCTPUBYIIUJA BOI'ATCTBA
HA BELITAYKUM ®UHAHCUJCKUM TP KUILITUMA
CA AJAIITUBUWJIHUM ATEHTUMA

AncTpakT

OCHOBHH IIWJb OBOT pajia je aHalW3a yTHUIlaja Ipoleca ajanTanrje U CTPYKType
Mpeke Ha KOHauHy pacrnozerny Oorarcea Mel)y areHTHMa TproBama. AHanm3a o0yxBa-
Ta EJIEKTPOHCKO (PMHAHCH]CKO TPIXKHIITE MPENCTaBJFEHO KOMIUIEKCHOM MpexoM 0e3
ckane. TokoM mporeca cUMyJaIyje TProBUHE, TOK MH(pOpManuja u3Melhy dBopoBa
Mpexe (Tprosaua) yTuue Ha Mpollec HHBECTUIIMOHOT OANy4HBama. KibyuHH acnekTu
osor mporeca cy Widrow-Hoff-oB anropuram amanraimje u BeluYHHA KOMILIEKCHE
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Mpeke. AHaIN3a je ToKa3aia Jia MpoIlec aJanTalyje HIBoa caMoIloy3/1amba i UMUTa-
Iuje OoraTHjuX areHara cMamyje yTHIaj ITopacTa BEJIMYMHE MpEXe U OJprKaBa IH-
cTpuOynujy 6orarcTBa Ha npuUOIMKHO HcToM HUBOY. Kopumhemewm [aperoBor moze-
na mokasahemo nBe ctBapu. Ca jeqne crpaHe, noBehame BeIMUYNHE MPEKE U pacToja-
Ba u3Mely uBopoBa nosehaBa paBHOMEpPHOCT IUcTpuOyImje 6orarcTa mely Goratu-
JUM areHTuMa, U ca Apyre crpane, mosehasa ja3 mely cupoMaiiHujuM areHTHMa. Y3-
POK OBaKBOT IOHAIIaka MOJIEINA JISKU y pelaTuBHO Op30j pa3MeHu HH(opManuja Me-
Dy Goratujum TproBuuma M crmope pasMeHe nHdopmanuja Mehy cUpoMamIHHjUM Tp-
roeiuMa. OBO MOHamame nocienuna je nosehama pacrojama u3mely uBopoBa Mpe-
ka ca rosehameM aujamerpa mpexe. KopunrheHn pauyHapcky MOJIEN je MMILIEMEH-
THpaH y IporpaMckoM okpyxemy NetLOgo a craTucTnyka aHanM3a KOMIDIEKCHE
Mpexe y nporpamuma Pajek u Origin.

Kbyune peun: wMpexe 6e3 ckalie, BelTauka GUHAHCHjCKA TPKUIITA, PACIIOAea
borarcTsa

INTRODUCTION

In financial markets both the information distribution and the
investors’ expectations are reflected in the market price of the financial
instruments. As complex adaptive systems, these markets can be viewed
as a “dynamic network consisting of interacting agents” (Holland, 1995,
p. 10). By transferring system elements (trading agents) into nodes and
interaction into relations, we can formally obtain a network representation of
any complex system (Boccaletti, Latora, Moreno, Chavez & Hwang, 2006).

The modern approach to the analysis of economic systems relies
on agent-based modeling, computer models which simulate certain economic
occurrences under controlled experimental conditions (Tesfatsion &
Kenneth, 2006). While groups of trading agents learn about the relations
between prices and market information, computation agent-based models
simultaneously emphasize their interactions and the learning dynamics
within them (LeBaron, 2000).

The occurrence of scale-free networks was noted in different natural
and social systems (Barabasi, 2012, pp. 14-16). Different approaches to the
use of scale-free networks were developed for the purpose of financial
market analyses (Meyers, 2011 and Jiang & Zhou, 2010). The influence of
the network structure on the price dynamics of the artificial market was
confirmed in the work of Tedeschi et al. (Bargigli & Tedeschi, 2014;
Tedeschi, lori, & Gallegati, 2012; and Tedeschi, lori & Gallegati, 2009).
Social interaction along with the imitation of behavior among agents, which
leads to crowd behavior, has been studied by numerous authors (Alfarano,
Lux & Wagner, 2005; Kirman, 1993; and Lux & Marchesi, 1999). However,
a very small number of papers deal with the different individual factors and
preferences of agents, all of which can be found on actual markets, or their
influence on the market dynamics represented in the complex network.
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This paper illustrates the influence of self-confidence of agents on
the dynamics of the increase/decrease of individual wealth. The wealthier
(more successful) agents have a higher level of self-confidence and trust
their investment decisions. Unsuccessful trading agents lose trust in their
own decisions and tend to imitate their more successful neighboring
agents (Hoffmann, Jager & Von Eije, 2007). Self-confidence alters during
trading and depends on success, i.e. the acquired wealth. These variations
can be seen as an adaptive process. Here, agent adaptation is achieved by
a change in the level of self-confidence based on Widrow-Hoff learning,
depending on the change in wealth. Thus, the wealth of trading agents
influences their investment decisions. We could conclude that agents
participate in an adaptive investment decision-making process which depends
on the acquired wealth, level of confidence, preference function, and
imitation of (or advice from) the nearest most successful trading agent.

The computer model was implemented in the NetLogo modeling
environment while the statistical analysis of the complex network was
carried out in the Pajek and Matlab programs.

The paper is organized as follows. The second part of the paper
offers a more detailed description of the trading mechanisms, the artificial
agents and the structure of the implemented complex network. The design
of the agent-based artificial electronic financial market is described in the
third section. The fourth section presents the results of the simulation.

MODEL FORMATION

An artificial stock market model (ASM), represented by a scale-
free network, contains four basic elements: agent organization, artificial
trading agents, agent adaptation, and the mechanism of price formation
and clearing.

Trading Agent Organization and Network Structure

The agents in our model are organized in the form of a complex
scale-free network with a node structure. A small number of agents (or
hubs, in the terminology of complex networks) are connected to a large
number of other trading agents. However, a larger number of agents have
a small number of neighboring agents (Fig. 1).
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Degree distribution (log-log)

¥=-1.7171x+ 2.286
RZ=0.9036

log(degree)
a) b)

Figure 1. The scale-free network with 500 nodes — graphic representation
in Pajek® (a) and degree distribution (b).
Source: Authors’ calculations

The construction of the network model begins with the formation
of two nodes and their interconnection. A node is added at each subsequent
step. Each new node is then stochastically connected to already created
nodes, while the probability proportional to the power of the node, i.e. the
likelihood of its clustering with node i is:

ok

where k; is the power of node i. All the powers of the already existing
nodes are summed up. The nodes which initially established a greater
number of connections increase this number based on the principle “the
rich become richer” (the Matthew effect). In the context of the financial
market, a new agent on the market will most probably monitor the
behavior of the best known investor. This is known as “preferential
attachment” and the networks built around it, such as the Barabasi-Albert
one, are known as scale-free networks (Barabasi & Albert, 1999 and
Albert & Barabési, 2002). The node distribution in such a network has a
power distribution P(k) ~ k™. The average length of the path increases
logarithmically with the size of the network I~ In N/Inin N while the
clustering coefficient increases following the empirically determined
distribution power law C ~ N 7.

)

! http://pajek.imfm.si/
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Artificial Trading Agents

In the studied artificial market, the portfolio of each trading agent
consisted of a certain amount of shares (stocks) and cash (a risk-free
asset). Only high-risk assets were traded. The decisions made regarding
investments were based on the optimization of the composition of the
portfolio during one simulated period, one day ahead. At the beginning of
the simulation, all the trading agents were allocated a certain amount of
wealth. In actual markets, wealth distribution is not proportional. Levy
and Levy (2000) cite that the distribution of wealth is in accordance to the
Pareto law or Boltzmann’s probability equation. However, most ASM
models, trading agents, are allocated equal amounts of cash and shares
with equal wealth distribution. The choice of uniform wealth distribution
enabled us to study the effect of the structure of a complex network on
wealth distribution at the end of the simulation.

The wealth of the trading agent i in the time span t, is given as:
@ =G TS5 P 2

where wj; is the wealth of the agent i at a particular point t, p; is the price
per share at point t, s;; is the number of shares contained within the
portfolio of agent i at point t, and c;; is the amount of cash at point t.

At the beginning of every simulation period, all of the trading
agents decided on the amount they were ready to invest in the shares in
their portfolio, and how much they wished to keep in the form of cash.
The expected yield of agent i at a point in time t was calculated using the
following equation:

E(ri,t) = di,t|gt|’ &~ N(O, O-tz) (3)

where dj; € {-1,1} is the path of the agent’s future stock price predictions
with a probability of prob; proportionally to the number of neighboring
nodes, and it is assigned to all the agents at the beginning of the
simulation. Agents with a greater number of nodes have a greater
probability of correctly predicting future price movement. We might say
that the prediction distribution is in accordance with the distribution of
the nodes (Radovi¢ & Stankovi¢, 2012).

Agents could not invest their entire assets into shares, keep only
their cash, or do short-term selling. Some studies have shown that investors
usually keep from 30% to 55% of their wealth in stocks. Without this
limitation, a great number of agents could quickly go bankrupt and disrupt
the model dynamics.

The size of the trading order indicates that the market depends on
its utility function. In this paper we relied on the utility function which
satisfies the Constant Relative Risk Aversion (CRRA) (Petrovi¢, Radovi¢
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& Stankovi¢, 2011). The utility function determines the portion of the
wealth the agent is willing to invest further. Generally, in each round of
trading, based on the predictions of future movement, agents evaluate
how much their current portfolio composition deviates from the target. If
they determine that they have more risky instruments, they attempt to sell
the excess share of instruments with a trading order in the determined
excess sum. However, if a shortage in the risky instruments was noted,
the agents exercised a trading order in the amount of the determined
deficiency. The choice of the utility function of the agent, the prediction
of the price, and volatility also influenced the demand.

Imitating The Investment Decisions of Neighboring Agents

The evaluation of the influence of the complex network structure
on agent prediction, and thus the distribution of wealth, was introduced
into the model through the implementation of the imitation of the
decisions of neighboring agents.

Inspired by the work of Hoffmann et al. (2007), in our model we
introduced a level of confidence for the agents, which was used to determine
the relation between individual anticipations and the anticipation of the
neighboring agent on the future movement of the share price. The only
neighboring agent who is “imitated” is the agent with the greatest number
of nodes. The anticipation in the direction of market movement of agent i
at a point in time t is given in:

E(d;,) =conf;, - E(dii:d )+(L—conf; )-E(d,) (4)

where confi; is the confidence level of agent | at point i, E(di;"d) is the
individual anticipation of the agent i at a point in time t (based on (3)),
while E(diyf) is the anticipation of the neighboring agent which is visible
to the agents as the type of order being executed (buying or selling). As
opposed to Hoffmann et al. (2007), in our model the level of self-confidence
differs between the agents and fluctuates during the simulation. In addition,
instead of a uniform distribution, as in the case of Hoffmann et al. (ibid.), the
original level of self-confidence is individually set based on the power
interval U [0.43, 0.77].

Agent Adaptation — the Widrow-Hoff Learning

Widrow-Hoff learning or delta learning is a gradient adaptive
procedure during which we adjust the model with each deviation from the
desired target. The level of confidence during the simulation period is
modified using the Widrow-Hoff learning rules with momentum
(Rumelhart, Hinton & Williams, 1986 and Widrow & Hoff, 1960)
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AW,

o, (W)
where a is the trading agent’s prejudice set at a = 1, 7 is the speed of
change of the level of self-confidence set at = 1.0, and A"W;, is the

wealth change in the selected period (in the used model the selected
period is the last 15 trading days).

conf,, =a-conf; _, +7-

(®)

If the agent’s wealth increases during the studied period (in this
model it is a period of 15 days), we should expect that its level of self-
confidence will also increase. Otherwise, the agent loses his self-confidence
and increases his reliance on the neighboring agents.

The Mechanism for Price Formation and Clearing

The implemented model of the artificial financial market is based
on a special electronic financial market, i.e. a so-called crossing network.
Crossing networks for trading accounts are markets which directly link
the agents without intermediaries for trading on the stock exchange,
forming prices using the system of management of the central order book
(Liebenberg, 2002). The price at which the transaction takes place is not
formed using a special mechanism for price formation, and is instead
taken from the primary market. This enables cheaper trading and provides
independence from continued liquid asset trading.

The created model is based on the efficient market hypothesis
(EMH) that individual trading agents are too “small” to influence the
market trends and the manner in which the price is formed. The use of an
internal mechanism for price formation in an artificial market with a
relatively small number of agents disrupts the EMH. As a result, in this
study we focused on a market model based on the mechanism of price
formation used in crossing networks. The price of the transaction is
introduced externally as a stochastic process.

In the implemented model, the artificial market possesses a type of
high-risk financial instrument — stocks. Stock return (ry) is formed
externally as the normal GARCH (1,1) (Bollerslev, 1986):

=C+g, & ~N(0,67) and o’ =y+ae?, + o}, (6)

The unconditional variance o® = y/ (1 — a — f9) is known to all the
agents and represents the basis for the formation of their anticipation in (3).

The trading between agents is simulated by a random sample of
agents with selling orders and agents with buying orders. The size of the
transaction is formed based on the size of the smaller order, while the agent
with the remaining order remains within the trading process.
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THE RESULTS OF THE MODEL SIMULATION
AND THE DISCUSSION

The first step in the simulation process is the generation of a
complex network based on the Barabasi-Albert algorithm (Barabasi &
Albert, 1999 and Albert & Barabasi, 2002). The number of agents, i.e. nodes
in a network, is the only parameter which is set in this step. The process of
designing a network represents an initialization of the trading simulation
procedure in an artificial market. Based on the network structure, or more
precisely, the power of each node, the agent is assigned a particular rank in
the network. The agent (node) of the highest power is assigned the rank of 1.
According to the power law (the number of connections), the agents are
assigned probability of the future price path anticipation prob;in (3). The
probability of predicting the highest ranking agents is a parameter model,
and in our simulation it is set at a value of prob;=0.85. The probability of
the remaining agents decreases based on their previous rank, and for
agents of the lowest rank it is slightly higher than 0.5. The prediction
probability remains constant during the entire simulation process. Similarly,
the confidence level conf in (4) initially has the highest value for the agent
of the highest rank. The agent of the highest rank has a level of self-
confidence of conf;=0.77 while the agents of the lowest rank have a
confidence level of confi=0.43. The confidence level changes dynamically
during the simulation based on the trading success.

All of the agents were allocated the same amount of wealth W,
with an equal share in cash and stocks. To be more precise, at the
beginning of the simulation, all of the agents were assigned the same
amount of cash, c;, = 100 000 in monetary units and s; o = 1000 in stocks.

The artificial market represents an electronic crossing network.
Considering the fact that the stock price being traded is formed on an
external market, it is an exogenic variable in the model. At the beginning
of the simulation, the stock price was set at a value of p(0)=100 monetary
units. During each step of the simulation, the market contributed to the
calculations based on (6), with the following parameters: C=0.0016,
y=0.0016, a=0.0904, and 5=0.8658. The parameters were taken from the
work of Zivot (2009) and describe the dynamics of the change in the
stock of the Microsoft (MSFT) company. The trading simulation was
carried out in 1000 simulation steps (days of trading). The model supports
various mechanisms for allocating order priority. In this paper, we opted
for a trading mechanism which provides perfect liquidity. That is, all of
the orders could be executed.

In order to analyze the wealth distribution, we relied on the Pareto
model, which means that in this study a small part of the population
possesses a larger portion of the wealth.
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Figure 2. The distribution of wealth of the wealthier trading agents
(red line) and the poorer trading agents (green line) for the various

network dimensions and adaptations:

a) a network with 500 agents, without adaptation;
b) a network with 500 agents, with adaptation;
c) a network with 5000 agents, without adaptation; and
d) a network with 5000 agents, with adaptation

Source: Authors’ calculations
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Levy and Solomon (1997) state that the number of people with a
wealth of W in a certain population is proportional to that wealth
following the Pareto law:

PW) =W ™ (7

where « is the Pareto exponent. By accepting the hypothesis that the
Pareto model of wealth distribution is not ideal (Gonzalez-Estevez,
Cosenza, Lopez-Ruiz, & Sanchez, 2008 and Radovi¢ & Tomi¢, 2010), in
our study we divided the chosen population into two parts: a wealthier
and poorer population. For each of the groups, the Pareto exponent was
studied individually.

The calculated values of the Pareto exponents and the graphic
representation of wealth are shown in Fig. 2. The higher value of the
exponent indicates a more even distribution of wealth.

The studied population of agents was organized according to the
relative change in wealth, from the biggest to the smallest, and thus each
agent was assigned a position on that list. The Pareto model can then be
described in the following manner (Levy & Solomon, 1997):

1

= A¥, 8)

where @ is the relative wealth of the agent, r is the position which the
agent takes on the organized list according to the values of its relative
wealth, A is the constant, and a is the Pareto exponent. By showing the
relative values of the change in wealth on the log-log scale, we approach
an approximate linear dependence.

The agents were divided into two groups: the first group, with 20%
of the wealthier half of the agents and the second group with 80% of the
poorer group of agents. For both groups, we calculated the parameters of
the linear regression model with the logarithm of wealth in (8). The
higher value of the Pareto exponent indicates a more equal distribution
and a sharper decline in the distribution curve. The analysis of the Pareto
exponent of the wealthier agents (red line) indicates that the Pareto
exponent increases with the size of the network.

The influence of agent adaptation in networks with a small number
of nodes (n=500) decreases the equal distribution of wealth among the
wealthier group of agents (a=3.424 vs. 0¢=3.092) and increases it among
the poorer group of agents (e=1.101 vs. a=1.644). However, the
influence of adaptation in the case of networks with a large number of
nodes (n=5000) is not that pronounced (a=4.134 vs. a=4.087 among the
wealthy, and «=1.636 vs. ¢=1.609 among the poor agents). Previous
research (Radovi¢ & Stankovi¢, 2012) indicates that the equal distribution
of wealth among the wealthier agents increases with the increase in the
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size of the network s, and decreases among the poorer agents (a balancing
effect). In larger networks, the average distance between the poorest and
the wealthiest agents increases, so that during trading only the nearest
agents increase their power of prediction and thus their wealth. The
poorer agents are too distant and their trading is at the level of accidental
hits, which leads to their unequal wealth distribution. In the adaptation
process, the poorer agents lose confidence over time, and increasingly
imitate the more successful ones, neutralizing the influence of distance in
the network. In smaller networks, the poor agents quickly imitate the
most successful ones, which leads to an increase in the equal distribution
of wealth among the poorer agents. However, the wealthiest agents
modify their level of confidence less frequently, and their increase in
wealth is related only to their power of prediction.

CONCLUSION

Our artificial financial market model had the structure of a
complex scale-free network with nodes representing the trading agents.
The ability to predict the future movements of prices is proportional to
the number of connections. The trading agents with the greatest number
of connections have the highest level of prediction of the direction of
market movement. The trading agents with the smallest number of
connections predict at the level of accidental predictions. All of the agents
trade on the basis of individual predictions and the predictions of the
wealthiest nearest neighbor. Confidence in one’s own ability to predict is
manifested in the level of self-confidence, which increases with the
increase in an agent’s wealth and decreases with the decrease in their
wealth.

In this paper we have shown that the size of the network can
influence the final distribution of wealth between agents who initially had
the same amount of wealth. With the increase in the network dimension,
we see an increase in the equal distribution of wealth among the
wealthiest agents, and a decrease among the poorest agents. Agent
adaptation has a balancing effect in networks of greater dimensions, so
that the wealth distribution among the poorer agents is maintained, while
it does not change significantly among the wealthier ones. However, in
the case of networks of smaller dimensions, the equal distribution of
wealth increases among the poorest agents and decreases among the
wealthier agents.
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JUCTPUBYIINJA BOI'ATCTBA
HA BEHITAYKUM ®UHAHCUJCKUM TP KUILITUMA
CA AJAITUBUWJIHHUM ATEHTUMA

Ormwen PanoBuh, Jopuua Crankosuh, UBana Mapkosuh
Vuusepsurer y Humry, Ekonomckn daxynrer, Hum, Cpouja

Pe3ume

Bemmkn Gpoj HMpUpPOTHMX W JPYLITBEHMX CHCTEMA MOTY C€ OIHCaTe Kao CHCTEMH
CacTaBJbEHU O] BeNMKOr Opoja MeljycoOHO moBezaHHX KoMIOHeHTH. CTpyKTypa OBHX
KOMITOHEHTH U Be3a Kao U AMHAMHUKE CHCTEMa MOXKE CE ONUCATH KOMILIEKCHIM MpeXama.
UYBopoBH MpeKe OATOBapajy KOMIIOHEHTaMa CHCTeMa a Be3e m3Mely WHX penammjama
Mel)y kommoHeHTama. KOMIUIEKCHE Mpeke MOTy HMMaTH pa3inyuTe CTpykType. Kom-
IJIEKCHE MpEeKe Koje 0JroBapajy CTpykrypu nomyt Interneta mii Weba HazuBamo Scale-
free Mpexkama. OBe Mpeske UMajy Maj Opoj YBOPOBA ca U3PA3UTO BETMKUM OpojeM Be3a 1
BENMKH Opoj YBOpoBa ca MaimM OpojeM Besa. [Ipuponan HaYMH MoJeIUpama U CUMYJIa-
IIMje CHUCTeMa ca CTPYKTYPOM KOMIUIEKCHE MPEXe je HMPUCTYI 3aCHOBAaH Ha areHT-0as3u-
paHOM Mozenupamy. AreHT-6asupano Moaenupuame (ABM) omoryhyje msrpammy u cu-
MyJanjy CIOKEHHX MOJeNa ca BEIMKHM OpOjeM XEeTepOreHHX areHara, IOCeOHO Yy
CHTYyalijaMa Kajia ce€ Ha OCHOBY OCOOHMHA IOje[IMHAYHHUX arcHaTe He MOXKE IPEIBHUIETH
TOHAIIake LEeJOKymHOr cucreMa. ABM mpuctyn omoryhyje areHTUMa Ja WHTEparyjy
MeljycoOHO n/vim ca okoauHOM. OBakaB MPHCTYII j€ 3aHHTPUTHPAO BEIIMKK OpOj UCTpa-
JKHBaya Koju ce 6aBe eKOHOMCKUM M (PHAHCHjCKUM MOJICTIPALEM.

Y oBOM pamy mpoydaBaMO YTHIIj CTPYKType cuaie-ppee Mpeke Ha OOrarcTBo
Tprosalja Ha ENEKTPOHCKOM (DHHAHCHjCKOM TPIKHINTY TNPEACTABIHEHOM KOMIUIEKCHOM
MpexkoM. OCHOBHM €NIEMEHTH HMIUIEMEHTHPAHOT MoOjeia Cy OpraHu3allija areHara
(TproBama), onuc areHata, aganTalyja areHata ¥ MexaHusaMm Qopmupama neHe. Be-
IITa4YKH areHTH OPraHU30BaHH Cy y CTPYKTYpy scale-free Mpexe 1 MmpecTaB/bHH Cy 4BO-
poBuMa Mpexe. CBH areHTH pactoiiaxy oJpeljeHOM KOMMYMHOM OorarcTBa KOjy YHHE
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rotoBuHa (cash) m akmuja (shares). Tokom cuMynarwje, BemmduHA OOraTcTBa CEe MEHA
npeMa ycrexy y TproBamy. Moh mpensuhama areHara HpoNOpIMOHANHA j€ FSHXOBO)
MO3MLIMJH Y MpeXxH. Ycrex y npensubhamy Oyayhe 1ieHe yTude Ha HHUBO CaMOITy3[ama
areHaTa M HMBO MIMHUTAILMje CyCeHMX areHara. IIpolec afanTanuje areHaTa IMILIEMEHTH-
paH je nomohy Widrow-Hoff mexann3ma yuema.

Pesynratn cumMynanmje mokasyjy fa ce ca nopehameM BelIHUHHE MpeKe, rjamerpa 1
pactojama m3Mel)y YBopoBa yTHde Ha KOHAauHy pacriofiely 6orarcTa Mel)y areHTnMa Koju
Cy MHMIMjaJIHO MMaiy ucto OorarctBo. Ca mopactoM auMeH3mje Mpexe mnosehasa ce
paBHOMEpHOCT AUCTpUOyIMje OorarcTBa y rpynu Ooratujux Tpromaua a mosehaBa ja3
Mel)y cupoManiHHjuM TProBuyMa. Y3pOK OBAaKBOI' ITOHAIIAA MOJIENA JIEKH y PEIATHBHO
0p30j pa3menn MHpopMarrja Mely GoraTHjuM TProBIMMa M CHOPOj pa3MeHH HH(pOpMa-
ja Mehy CHMOMAIIIHUjUM TProBIMMa Kao mocieauna mnosehama IMPOCeYHOT pacTojama
YBOpOBa Mpexe ca nmoBehameM AujameTpa Mpeke. AJanTainija areHaTa iMa YpaBHOTEXKY-
jyhu edekar ko Mpexka Behwx JUMEH3Mja Tako Ja ce pacrojeria Oorarcea mel)y cupo-
MaIllHMjM areHTHMa ofiprkaBa a Mel)y OoratijuMm He Mema 3HadajHo. Hacympot Tome, kox
Mpeka MaJIMX JMMEH3Hja pacTe paBHOMEPHOCT pactiozieie Gorarctsa Mel)y CHpoOMaIHu-
jUM areHTHMa a onajga Mehy Ooratujum areHTUMa. PadyHapcku MOZIEN je IMITIEMEHTHPaH
y TIporpamckoM Okpyxkemy NetLogo a cTarMcTHuUKa aHaIM3a KOMIUICKCHE MpEXe Y
nporpamnma Pajek n Matlab.



