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&is paper proposes a new financial market model based on the analysis of the minority game model. &e agent in this model
forms a network through information sharing, and the agent uses the minority game model to realize the evolution of the system.
To better describe the financial market, we also adopt a prior connection strategy for the model. &e network formed by the agent
has the characteristics of a scale-free network, and as the initial network connection probability increases, the growth rate of the
corresponding agent’s average connection degree increases and then decreases after reaching the peak.

1. Introduction

Among the many complex research fields, the social
economy field makes the research more complicated due to
the participation of people. &e financial market is partic-
ularly important in complexity research due to its special
nature and unique position in the socioeconomic system [1].
It is precise because of this that it has attracted a large
number of scholars from various disciplines. In particular,
the entry of physicists, computer scholars, and psychology
and behavior scholars has made a research on financial
markets gradually intensified. Based on various complexity
theories, computational finance came into being a word [2].
It portrays the financial market from the perspective of
complex networks, systems, and microcosms. It has become
a powerful tool for people to understand and understand the
complexity of financial markets, and it has become a new
field of financial complexity research [3]. It proposed that
the financial market system should be a complex adaptive
system (CAS).

Neoclassical economics tells us that the economic system
of social existence is composed of many individuals called
“economic man”. &ese “economic man” are completely
rational and have complete control of all the information on
the entire market [4].&e economists proved that themarket
will eventually be in a state of equilibrium, in which supply

and demand are just in equilibrium, and if there is no in-
terference from external factors, the system will always be in
equilibrium [5]. However, the actual economic system is
different fromwhat economists envisioned inmany respects.
First of all, the “economic man” individuals in the economy
are not omnipotent and fully rational [6]. &ese individuals
are not completely random interactions. &ese individuals
have a learning function. &ey do not use existing methods
to make decisions in the market but gradually accumulate
experience through the practice of economic activities and
through other economic activities in the limited environ-
ment around them. In the interaction of individuals, they
gradually adapt to perform bounded rational behaviors
[7, 8].

In recent years, many empirical studies have also found
that financial markets exhibit complex characteristics and
market abnormalities. &ese phenomena can no longer be
explained by classical rational expectations theory, efficient
market theory, traditional mathematical tools (linear, fixed
point, and differential equation system), and traditional
equilibrium economic theory. Traditional economic theories
have been powerless in the face of reality [9]. To better
simulate the process of individual and market operations to
discover the micro- and macro-potential laws, computa-
tional finance scholars have done a lot of research and
positive improvements in modeling and simulation. &is is
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the result of mutual complement and mutual penetration of
various disciplines [10].

With the further expansion of the process of interna-
tional economic integration, the economic development of
all countries in the world has achieved unprecedented de-
velopment. &e financial markets of various countries have
also been greatly improved and perfected [11]. Financial
services have had a huge impact on people’s lives and be-
come an indispensable service in people’s lives. With the
development of the financial market, new financial products
are emerging in endlessly.&e continuous emergence of new
products has added a lot of uncertainties in the financial
markets where the risk factors are already very large [12].

It is precise because of the complexity and variability of
the financial market that the financial market is also be-
coming an important application field of research results in
various disciplines [13]. Economists use their unique eco-
nomic viewpoints to make a lot of fruitful analysis of fi-
nancial markets and from many basic theories of economics
[14]. Physicists and mathematicians use their unique
quantitative research methods to quantitatively analyze and
model financial markets. &e behavioral scientists on the
behavior of individuals in financial markets have done more
in-depth and detailed analysis, for the financial markets
provide a more precise simulation modeling of the behavior
of field and computer simulation scholars on the financial
markets [15]. Many contributions have also been made, and
many scholars in other fields have also done a lot of research
on financial markets. &e main purpose of these studies is to
be able to find an explanation of the objective laws of the
financial market, analyze the dynamic evolution process of
the financial market, and analyze the common financial
phenomena in the financial market to make more in-depth
and objective analysis, so that people can obtain more
existing utility in the financial market and ultimately form a
healthy development of the financial market.

&e financial market is a part of human society. Recent
studies in human society have shown that there is a complex
network phenomenon in the financial market [16]. &e
percolation model is one of the methods to study complex
networks. As shown in Figure 1, the percolation model is a
theory due to changes caused by the effects of interconnected
research disordered systems. &e upper part is an idealized
two-dimensional honeycomb-shaped channel network,
showing how the liquid tortuously passes through the
hexagonal “coffee grounds”. &e lower part shows the
corresponding network diagram [17]. &e thick line rep-
resents the linkage and several groups are marked, one of
which has been marked as a possible percolation pathway.

&e complex network characteristics of financial markets
make relevant research on percolation models apply [18].
For applying the percolation model to the financial market,
each block corresponds to an agent in the financial market,
and whether they are connected to determine whether they
form a group. Among them, the Cont-Bouchaud model
better applies the percolation model to the financial market,
uses this to study the herd effect, and concludes that the herd
effect is the main reason for the stockmarket’s fat tail and the
stock market’s bubble. In the CB model, each set represents

an agent [19]. During each iteration, the connected edge
between any two grid points becomes a connected edge with
a certain probability and the connected grid points from a
cluster. Each cluster is regarded as an investment group that
agrees and adopts the same investment behavior.

Based on the research results of the artificial financial
market of a multiagent platform and complex network,
combined with the current popular and complex network,
we propose a financial market model that MG evolves on a
complex network.&is article will comprehensively consider
micro- and macrofactors, appropriately adjust their influ-
ence on the financial market, and reasonably reflect how they
affect the market together.

2. Financial Market Model Construction
Based on a Minority Game Model in a
Complex Network

2.1. Market Asset Model Modeling. &is system uses market
assets to model real-life financial market transaction objects
and market activity rules. Market assets refer to the subject
matter that is circulated and traded in the market and are the
bearers of price fluctuations in the market. Common assets
in financial market simulation include stocks and currency.
In the actual financial market, an exchange will trade
multiple assets at the same time, and the diversity of assets is
one of the reasons for the diversity of the financial market. It
is necessary to propose a unified model description for
various forms of assets.

&e circulation of assets is accompanied by the creation
and progress of trading rules. A rule is a description of how
an asset changes in trading activities, and it is a behavior of
an asset. Assets without rules are not assets in the trading
market. Rules and assets come together, which is why the
two are regarded as a whole and modeled as marketable
assets. &e rules need to be implemented by market par-
ticipants. In the financial market, market participants,
market participants, and market participation rules are
closely related. In the financial simulation model, the same
market participant may own multiple assets, and the same
asset may be owned by multiple market participants [20].
For example, a certain exchange may trade multiple stocks at
the same time, and an investor may hold multiple stocks at
the same time. A certain stock may be listed and traded on
multiple exchanges at the same time, and a certain stock may
be held by multiple investors. &e same rule may be applied
to multiple assets, and the same asset may also have multiple
market rules. For example, a certain exchange adopts a
matchmaking mechanism for all stocks, and the certain
stock is traded through matchmaking on some exchanges
and market-making on some exchanges. A market partic-
ipant may adopt different rules for different assets, and the
same rule may be used by many different market
participants.

&e strategy library plays a decisive role in the agent. It
determines how the agent trades in the financial market, the
result of the transaction will surely bring about changes in
the agent’s attribute status, and the change of parameters will
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cause great changes to the agent’s links with other agents.
&e utility function of the agent adopts the utility function of
absolute risk aversion:

U wi,t  � −log λ · wi,t . (1)

Among them, λ is the absolute risk aversion coefficient
and wi,t is the wealth of the ith agent at time t, including the
value of cash and stocks held at that time. Agent’s wealth can
be expressed by the following formula (2):

wi,t �

������������

 ci,t + pthi,t 



, (2)

where ci,t and hi,t represent the cash and the number of
stocks held by the ith agent at time t and pt is the stock price
at that time step. In this way, at the next time step, before the
agent makes a decision, its wealth state can be expressed by
the following formula:

wi,t+1 �
ci,t(1 + r)

hi,t pt+1 + dt+1( 
. (3)

Among them, r is the risk-free rate of return and dt+1 is
the dividend of the stock at the time step. &e agent’s
transaction in the financial market is determined by the
agent’s strategy library or the strategy with the highest score
among the strategies shared. In the previous model, the
number of transactions for each agent is one as a unit,
buying or selling a unit of stock, which cannot reflect the
difference of agents in the financial market. &e transaction
volume in the model in this article is randomly given within
a certain range. For example, the transaction volume ran-
domly takes an integer value from 1 to 10.

ai(t) �
wi,t · random(0, 1),

ci,t · random(50, 100),


A(t) � 
N

i�1


i

ai,t.

(4)

In the financial market, the correct return function is
expressed by the following formula:

g(t + 1) � ai(t)


|A(t + 1)|,

Scorei,t(t + 1) �

Scorei,t(t),

Scorei,t(t) + 1,

Scorei,t(t) · sj(h).

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(5)

Scorei,t(t + 1) in represents the integral of the jth strategy
in the ith agent strategy library at time t + 1. If the prediction
of the strategy sj is consistent with the sign of A (t), the agent
accumulates the points of the strategy’s points. Each time-
step agent will select the strategy with the highest accu-
mulated points from its strategy library as the basis for its
decision-making:

2.2. Market Participation (eme Model Construction. &is
system uses the main body of market participants to model
various participants in the market, such as investors, ex-
changes, and various institutions, that affect the state of the
market. However, investors have great differences in market
behavior. &eir responses to market assets and market in-
formation have similarities. In this model, these participants
are nondistinguished unified abstract model for the
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Figure 1: Common modeling methods and processes in financial markets.
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participants, these design antispecific models come with
various possible market-derived abilities to participate.

Market participants are the core part of the financial
market and the promotion of the financial market as well as
the direct manifestation of intelligent agents in the “mul-
tiagent simulation”. &is model is the core of the general
financial market model and even the entire simulation
system. In the real financial market, the activities of par-
ticipants are mainly transaction-related, mainly involving
three types of participants, traders, exchanges, and other
institutions. Among them, traders and exchanges are the
most important part of the financial market and the pro-
motion of the financial market.

Traders use certain strategies to make transactions. &e
specific performance is to send a transaction order to a
specific exchange. In the process of making decisions,
traders need to make comprehensive judgments based on
their assets, the current price of the subject matter in the
market, and other sources of information. &e process of
obtaining market information and other channel informa-
tion before making a decision and sending orders to the
market after the decision are essentially a process of sending
and receiving information to communicate. &e decision-
making behavior of traders is motivated by the passage of
time and external time information. An example of merging
two incentive models is to regularly invest in the purchase of
a certain subject matter when the price of the subject matter
falls below the target range. &e behavior of constantly
checking prices is continuously stimulated by the passage of
time, and the behavior of buying occurs after receiving the
incentive of price information.

&e core role of the exchange is to facilitate the trans-
action of traders. &e exchange accepts order information
sent by traders and generates orders based on certain
principles. &ere are many and varied ways for exchanges to
generate orders, resulting in different types of exchanges.
&e exchange is also motivated by the passage of time and
external time information [21]. For example, an exchange
that adopts a market maker system, after receiving a trade
order from a trader, is the counterpart of the trader and
completes the transaction process with the trader without
performing matching transactions between traders. &e
quotations of this type of exchange come from the third-
party market. &e exchange needs to monitor the third-
party’s quotations at all times, generate its quotations based
on the third-party quotations, and report them to traders.
&is kind of active monitoring of price information and
transaction activities occurs due to the arrival of order in-
formation. &e composition of other institutions is diverse,
and their behavior is also different. &ese institutions in-
clude central banks, commercial banks, and insurance
companies. However, these institutions are not the core part
of market behavior. &ey also affect the advancement of
market transactions. &ese institutions have different
functions, but their core way to influence the system market
is to send messages to the market. For example, the central
bank can determine the interest rate situation in the current
financial market environment. &e interest rate situation
represents the risk-free rate of return, which will become one

of the influencing factors of traders’ trading behavior de-
cisions. &e formulation and release of information by these
institutions may occur over time or may occur due to ex-
ternal events.

&e above analysis has analyzed the commonality of
various subjects in behavioral incentives. We analyze the
commonalities of various subjects in behavior. Even if the
current market participants are mainly investors, they will be
different due to their different investment strategies. For
example, there may be value investors based on the value of
the company in the market, technical investors based on
price movements, and new investors who make transactions
based on news. Similarly, the diversity of the exchange
comes from the diversity of the way it generates orders: the
diversity of the subject matter of the exchange and the di-
versity of the subject matter processing methods [22].
However, from a macroperspective, various investor entities
and various exchange entities have a commonality in pro-
cessing news and then acting on assets based on the news.
&ese commonalities also explain the rationality of unified
modeling that treats traders, exchanges, and other institu-
tions in the market as equally intelligent agents.

2.3. Construction of the Main Body Interaction Network
Model. In reality, individuals in financial markets will never
exist in isolation but have complex connections with ele-
ments in other markets. &e complexity of this connection
creates an aspect of the complexity of financial markets. In
the financial market, there is a direct relationship between
market participants and exchanges. Traders request infor-
mation from the market, send orders, and market broadcasts
information to traders. &ese are all manifestations of this
relationship in specific behaviors. &ere is a relationship
between traders and traders. Traders themselves are people
in society, and they are naturally connected to other people
in society. &is kind of connection brings about the ex-
change of information and further affects the decision-
making process of traders in market behavior. &e exchange
is not limited to being in contact with traders. &ere will be
many exchanges in the market at the same time. &e ex-
changes have different systems and different types of
transactions, which will lead to cooperation, competition,
and other relationships. Moreover, the exchanges exist as
institutions and will be subject to such issues as central
banks, regulatory agencies, commercial banks, and other
institutions. &e impact of these complex network rela-
tionships on the financial market itself is an important
subject to be studied in the financial field.

A general multiagent simulation platform usually needs
to support the network relationship between the agents. &e
behavior and evolution of the subject in a complex adaptive
system need to interact with the outside world, and network
relationships are an important basis for their interaction. In
the general multiagent simulationmodel, the network model
usually has the characteristics of standardization. For ex-
ample, when performing space-related multiagent simula-
tion, the interactive network that the agent depends on may
be generated by its spatial structure [23]. &is kind of
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network has obvious characteristics. &e semantics of space
also has a regular form. On the other hand, the network in
the general multiagent simulation model has the charac-
teristics of agent homogeneity, that is, the different agents
connected in the network belong to the same type.

To accurately describe the characteristics of the real fi-
nancial market, the multiagent platform in the field of fi-
nancial market simulation needs to make reasonable
modeling of the network characteristics of the participating
elements in the market. Different from the normalization
and homogeneity of the interactive network in the above-
mentioned general multiagent system model, the interactive
network in the financial market model has its characteristics.
&e connection between market participation elements
represented by the interactive network in the financial field is
an abstract connection, which has nothing to do with specific
meanings such as spatial location.&is abstract connection is
more random. On the other hand, there are various elements
of participation in the financial market. For example, ex-
changes adopt different transaction strategies, which are
different types of entities. In experimental models in the field
of financial markets, these elements of different natures often
appear together and are linked. &erefore, when modeling
the interactive network of market participation elements, a
multiagent simulation platform oriented to the financial
market field must make a special design for the character-
istics of the financial market.

On the one hand, the flexibility of the interactive net-
work model of the simulation platform is a more realistic
depiction of the indirect relationship of the network in the
real financial market, and on the other hand, it also satisfies
the design goal of having good reusability for the financial
market simulation platform. &e reusability of the simula-
tion platform in the financial field comes from the fact that
the generalized model of the platform can be specifically
developed to achieve various market activity participation
elements with different behaviors and meet different ex-
perimental needs, and between various market participation
elements, make sufficient combinations to form a rich and
diverse model that meets various experimental needs. In the
process of combining elements, the relationship of the in-
teractive network is also complicated [24].

&is complication comes from two aspects: the increase
of the connection between the same kind of elements and the
increase of the connection between different kinds of ele-
ments. From this, we can conclude that in the complex
experimental model of financial markets, the interactive
network between market elements includes two types: the
network between the same kind of elements and the network
between different kinds of elements. As shown in Figure 2,
the structure of the interactive network of various elements
in a financial market model reflects the characteristics of this
interactive network. In this schematic diagram, three ele-
ments are participating in financial market activities, rep-
resented by squares, circles, and triangles. One possible
meaning expressed by the network is the relationship be-
tween value investors, technology investors, and multiple
stock exchanges. &ere are interconnected network rela-
tionships within the square elements, triangle elements, and

circular elements. &e solid lines are drawn to indicate the
network relationships within the same investors or the in-
fluence relationships between various exchanges. &ere are
also interconnected network relationships between square
elements and triangle elements, sound elements and triangle
elements, square elements, and triangular elements, which
are drawn with dotted lines to indicate the value investors
and technical investors in various exchanges. Account
opening relationship communicated value investors and
technology investors.

In the simulation of financial markets, possible inter-
active networks include a ER random network model, a
regular network model, a small world network, and a scale-
free network. &ese complex network models are essentially
directed graphs, and their directionality comes from the one-
way transmission of information in the financial market. As
shown in Figure 3, investors can subscribe to news from the
media but not vice versa. For this kind of directed graph with
multiple node elements, the first method is to use an ad-
jacency list with element types to describe it.

3. Results and Analysis

3.1. CommonOn-Site Analyses of Financial Markets Based on
theMinorityGameModel ofComplexNetworks. &e result of
the experiment is given to the simulation of the financial
market by the model simulation program in this paper. &e
number N of agents in the artificial financial market is 1001,
the memory capacity of the MGmodel is 5, and experiments
are performed on each one. &e initial stock price in the
financial market is 100.0, and the initial wealth and cash of
each agent are set. &e initial parameters related to network
evolution are as follows: the initial network connection
probability is 0.05 and the system value and the probability
formula for the dynamic evolution process are 0.05.

When the memory capacity of the MG model is 3, the
simulation program can always run for the stock price time
series generated by our model. It shows the stock price time
series of the first 4000 iterations. It can be seen that the
simulated stock price sequence is very similar to the trend
and fluctuation of the real financial market stock price.

When the memory capacity of the MG model is 4, the
time series of stock price returns as generated by our model.
As shown in Figure 4, major events (large price changes) in
our model occur frequently, which is consistent with the
empirical research of many scholars, but neoclassical eco-
nomic theories cannot explain these phenomena.

Figure 5 shows the probability distribution of the
logarithmic return of the stock price generated by our
model, when the memory capacity of the MG model is 5.
&e fitting curve is a probability curve of normal distri-
bution. As shown in Figure 6, the probability distribution
of stock price logarithmic return is very different from the
normal distribution. &e distribution generated by the
model is sharper than the Gaussian distribution at the
center, the two ends of the distribution are fatter than the
Gaussian distribution, and the probability is not approx-
imately equal to 0.
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3.2. Analysis of the Evolution of the Computer Simulation
Network Structure of the Financial Market. In this study,
experimental data were obtained through a model simula-
tion program, and these data were analyzed, and significant

results were obtained. First, it analyzes the common phe-
nomena in the financial market, such as the frequent oc-
currence of major events in prices and returns and the “spike
and thick tail” characteristics of the income distribution.

I(Xi; Yj) = ∑p(x, y) log ((p(x, y)/(p(x)p(y))

t−1

RSt = ADt /s
i=t−s
∑ ADi

Eigenvector Betweenness Modularity

KLD RS Mean

Variance Skewness Kurtosis

t = 1 t = 2 t = 3

Figure 2: Complex network minority game model financial market modeling process.
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&ese analytical results are consistent with some common
phenomena in empirical research. &en, the dynamic evo-
lution of the complex network structure is analyzed through
experimental results. Agent out-degree and in-degree were

analyzed and the agent can approximate a straight line
logarithmic coordinates, which is consistent with the phe-
nomenon of scale-free complex networks [25]. At the same
time, it is also found that there are a certain number of agents
with relatively large degrees, which is consistent with the
“following effect” and “herding effect” in empirical research.
Besides, it finds that when the initial probability increases.
&e average growth rate of the corresponding agent con-
nection degree increases first and then slows down.

From the simulation program, the network formed by
the agents of the process needs the financial market.&rough
the analysis and processing of these data, the following
conclusions are drawn. &e probability distribution of out-
degree and in-degree chose 3000 hour-step operations. As
shown in Figure 7, the straight line is a straight line on
logarithmic coordinates. It can be seen that the probability
distribution of out-degree and in-degree in logarithmic
coordinates can be approximated by a straight line on
logarithmic coordinates, which is consistent with the
characteristics of the scale-free network.

&e straight line in the probability distribution diagram
of the out-degree and in-degree of all agents is a straight line
on the logarithmic coordinate. It can be seen that the
probability distribution of out-degree and in-degree in
logarithmic coordinates can be approximated by a straight
line on logarithmic coordinates, which is also consistent with
the characteristics of the scale-free network.

&e agent network generated by our model contains the
characteristics of a scale-free network, so the network is a
scale-free network. It can be seen that agents with relatively
large degrees still exist, which shows that there are many
agents connected to it. &is is also consistent with the
“following effect” and “herding effect” in empirical research.

&e change of the initial network connection probability
will affect network evolution. &e x-coordinate is the in-
crease of the probability from 0.05 to 0.85 with a step length
of 0.05, and their coordinate is the average out-degree and
average in-degree of all agents at any time step. It can be seen
that, as the initial connection probability increases, the
growth rate of the average out-degree and the average in-
degree increases first and then slows down.

To verify that the distributed simulation platform
studied in this article has good performance, we have
completed the number of investor agents in the case of 2
calculation nodes, 3 calculation nodes, 4 calculation nodes,
and 5 calculation nodes. &ere are multiple simulation
experiments of 200, 400, 800, and 1600, respectively. &e
running timeline chart obtained by the simulation experi-
ment. As shown in Figure 8, as the scale of the storage
increases, the time required to complete the simulation also
shows an upward trend. For the same number of investor
Agents, more calculation nodes are used; more simulation
consumed shorter running time. &is shows that the parallel
operation has accelerated the progress of the simulation.

&is article discusses the reusability of the simulation
system of two aspects, model level and code level, on the
reusability of test certificate also from two layers of de-
parture. &e so-called system has been successfully reused,
meaning that even if the original model and code are used
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with a small amount of modification, it is applied to the new
model and code, which are in a process of inheriting and
deriving the original model code. &erefore, the design of
reusability experiments needs to be modified from the
original model. If the reconstructed model runs successfully
and the expected effect is successful, it can indicate that the
reuse activity brought about by the original model is suc-
cessful, which in turn indicates that the original model or
code is reusable and the system is reusable.

To verify the reusability of the simulation system, that is,
the simulation system can be modified as little as possible to
adapt to the new simulation model, this paper designs the
following simulation experiment. &is experiment trans-
forms it based on the built-in stochastic market model in the
system. &e new experimental model adds a new stock asset
to the original exchange based on the original model. At the
same time, a new exchange is added, which has a stock asset.
&e two stock exchanges adopted different methods of
matching transactions with different maximum single-day

limits on the three stocks. Investors randomly place orders at
random prices for a certain asset on an exchange. After
simulation experiments, the simulated prices of the three
stocks in the two exchanges are shown in Figure 9.

It can be seen from Figure 10 that the volatility of dif-
ferent stocks on the two exchanges with a price limit of 10%
is lower than that of the stocks with a price limit of 20%, and
the price changes of the three stocks are independent of each
other. &e three subgraphs show the volatility of the above
three stocks. &e calculation method is the percentage of the
price difference between the current cycle price and the
previous cycle price in the previous cycle price.

As shown in Figure 11, the two stocks are on two dif-
ferent exchanges, but both have the same rise and fall limits.
&e volatility of the two is within the range defined by the
matching algorithm, and the absolute value of the volatility
is up to 10%. Two stocks are on the same exchange, and each
has a different price limit. For serial number 1 stock with a
price limit of 10%, the absolute value of the maximum
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Figure 7: Probability distribution of node degree in the financial market.
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Figure 9: Simulation running time of system effectiveness experiment.
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Figure 10: System reusability experiment stock price trend.
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Figure 11: System reusability experiment stock volatility changes.
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volatility is 10%. For serial number 2 stocks with a price limit
of 20%, the absolute value of the maximum volatility is 20%.
&e volatility of the two stocks is within the limits of their
respective matching algorithms and is different from each
other. &is shows that different matching algorithms are
effective.

Based on the analysis, the new experimental model is
obtained by adding market model elements based on the
original experimental model and is a repeated use process of
the original experimental model from model to code. In the
new experimental model, the price trends of stocks with the
same asset processing algorithm between different exchange
entities are independent of each other, but they all follow the
matching algorithm within their respective limits, indicating
that different entities, different assets, and different algo-
rithms operate normally. Compared with the random
market model, this experimental model also increases the
process of communication between subjects. Two transac-
tions within the investor agent are interconnected. Investor
agent constructs and sends a text message to all agents
connected to it before making the decision-making process
of the order. &is message does not affect the recipient’s
decision on the order.

4. Conclusion

&e model proposed in this paper is an artificial financial
market model based on MG and complex network theory.
First, the minority game model more realistically simulates
the psychological and behavioral factors of the agents in the
financial market and makes financial decisions with the help
of the strategy library. Secondly, the complex network
formed between the agents is proposed, and the network
analyzed agent’s information-sharing mechanism and the
dynamic evolution process of the network. &e simulation
research paper has also made some achievements, such as
the simulation data obtained through analysis, stock prices
and earnings of large events frequently, and “fat tail” feature
income distribution; these findings are consistent with those
of empirical research. &is article analyzes the complex
network structure and evolution formed between agents,
and it is concluded that the out-degree and in-degree dis-
tributions of the agents approximately conform to the
power-law distribution, which is consistent with the scale-
free phenomenon in complex networks and is also consis-
tent with the “following effect” and the “herding effect”. &is
article analyzes the influence on the network evolution when
the initial connection probability of the network changes. As
the initial connection probability increases, the corre-
sponding agent average connection degree increases. &e
speed increases first and then decreases after reaching the
peak. &e research on the artificial financial market is a huge
project, and many factors need to be considered. &e model
in this article puts forward some meaningful and active
explorations on the agent’s psychology, behavior, and net-
work formed by the agent, andmany areas need to be further
improved. &e simulation of the psychology and behavior of
traders in the financial market by the minority game model
should be more perfect. &e agent simulated formation of a

complex network requires further study and more accurate
simulation agent interconnection. Agent complex networks
formed a deeper lack of theoretical research and modular
approach.
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