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ABSTRACT This paper designs an artificial stock market model to discuss investor behavior and risk
contagion caused by market information. Considering the investors’ trading decisions are attributed to the
change of market information, new market information no matter from the macro field or the micro field
can influence investor behavior and risk contagion. In our artificial stock market model, we assume new
information is the sole factor affecting the fluctuation of stock prices. And investor sentiment is influenced
by investor sensitivity to new information, investment decisions of neighboring investors, and investor
understanding preference for new information. Through simulation experiments, some conclusions can be
drawn as follows. Firstly, stock price volatility becomes stronger with increasing investor sensitivity to new
information, under the condition of a smaller fundamental contagion coefficient or larger sensitivity to new
information from investor neighbors. Secondly, stock price volatility becomesmoremoderatewith increasing
sensitivity to new information from investor neighbors, under the condition of a smaller fundamental conta-
gion coefficient or smaller investor sensitivity to new information. Thirdly, with the increasing fundamental
contagion coefficient, stock price volatility may strongly increase under the condition of smaller investor
sensitivity to new information and smaller sensitivity to new information from investor neighbors, or slightly
increase under the condition of smaller investor sensitivity to new information and larger sensitivity to new
information from investor neighbors, or slightly decrease under the condition of larger investor sensitivity to
new information and smaller sensitivity to new information from investor neighbors, or show a little change
under the condition of larger investor sensitivity to new information and larger sensitivity to new information
from investor neighbors.

INDEX TERMS Investor behavior, risk contagion, stock price volatility, market information.

I. INTRODUCTION
The sound development of stock markets plays an important
role in promoting the economic growth of a country [1]–[5].
The enterprise raises funds through issuing shares and fin-
ishes the centralization and accumulation of capital [6]–[8].
But in investment activities, investors usually adjust their
investment decisions under the influences of external factors
from stock markets and internal factors from themselves [9],
[10]. External factors mainly contain macroeconomic factors,
political factors, law factors, cultural factors and regional
factors, and so on [11]–[13]. And internal factors mainly
emphasize investors’ mentality, analysis capabilities, risk
preference, and knowledge structures, and so forth [14]–[16].
In the same market environment, investors probably make
different decisions under the influence of internal factors.
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This difference in investment decisions reflects that investors
are not the same and have heterogeneous characteristics
[17]–[20]. Besides, the behavioral interaction among
investors makes investment decisions more complex and
increases the difficulties in the studies of risk contagion. It is
hard to thoroughly and effectively explain the dynamic fea-
tures of financial markets through traditional methods based
on the analysis of rational investors. Under this background,
some research tries to discuss stockmarket risk through artifi-
cial stockmarkets built by agent technology, such as Krichene
and El-Aroui [21], Hafezi et al. [22], Manahov and Hudson
[23], Liu et al. [24], Zhang et al. [25], Wu and Duan [26] and
Xu et al. [27].
The research on stock market risk based on agent

technology mainly centers on the analysis of stock price
volatility and the construction of artificial stock markets. For
example, some studies have found that the random interac-
tion mechanism of agents shows the heavy-tail distribution
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of stock price volatility, caused by investor herd behavior
[28]–[30]. After analyzing the relationship of asset return
distributions, transaction orders, and mutual imitation among
investors, the above studies further show that agents make
investment decisions in groups and investment incomes obey
a power distribution at a low activity level of agents and a
critical value of behavior interaction probability [28]–[30].
Based on [28], Iori considered that each agent could receive
an information set, including self-information and other-
information, and then each agent adjusted the investment
decision according to the dynamic change of information set
[31]. Lux and Marchesi built a multi-agent stochastic model
to analyze risk contagion based on the fluctuation of investor
sentiment. They divided investors into two types: fundamen-
tal analysts and technical analysts and found the return series
having the characteristics of fat-tailed distribution and cluster
volatility [32]. Yu and Cao improved the model in [32] and
proposed a new entry and exit mechanism, which could be
used for building ordinary differential equations to discuss
the evolutionary process of agent-based stock markets [33].
To increase the heterogeneity of agents, psychological factors
and emotive factors are gradually added into the research of
stock market risk [34]–[37]. The Santa Fe Institute Artifi-
cial Stock Market model abbreviated SFI-ASM model is the
most classical artificial stock market model [38]–[40]. In the
SFI-ASM model, investors in the stock market can be seen
as independent agents with self-adaptive features [41], [42].
Because agents can buy and sell stocks in the stock market,
the time series of stock price reflects the dynamic behavioral
characteristics of agents [43], [38]. In recent years, many
scholars have built artificial stock market models to study
investor behavior and risk contagion, such as Duarte et al.
[44], Wu and Duan [45], Bertella et al. [46], Krichene and
Elaroui [47], Tsao and Huang [48], Yang and Chen [49], and
Prates et al. [50].

The study of risk contagion has always been a hot topic in
financial research fields [51]–[56]. And it has broad prospec-
tion in the aspect of analyzing the mechanism of risk con-
tagion based on artificial stock market models. However,
it isn’t hard to find that themost artificial stockmarket models
are constantly revised according to the SFI-ASM model in
the available literature, and the investors in artificial stock
market models are usually assumed to be rational traders
and noise traders, or technical analysts and fundamental
analysts. Finally, risk contagion is discussed through the
behavior interaction of different investors. Many researchers
discuss the macroscopic problem of risk contagion from the
microscopic structure of market players, but ignore the risk
contagion between the same kind of traders. Thus, this paper
designs an artificial stock market model based on investor
behavior to study the problem of risk contagion. This model
which isn’t a revised SFI-ASM model, no longer divides
investors into different types. We assume that risk contagion
is caused by changing market information. More specifically,
investors probably change original strategies according to
the changing market information and affect their neighbors’

investment decisions. Under this mechanism of influence,
financial risk realizes the transmission from one investor to
another. The remainder of this paper is organized as fol-
lows. Section 2 constructs the artificial stock market model
based on market information and investor behavior. Next,
section 3 conducts simulation experiments to discuss the
influences of different parameters on risk contagion. Finally,
the conclusions are drawn in section 4.

II. THE INFORMATION-BASED ARTIFICIAL STOCK
MARKET MODEL
A. THE MODELING IDEA
In the theoretical framework of the efficient market
hypothesis, the investor is assumed to have full rationality,
and make sound decisions according to all market informa-
tion [57]. However, it is not possible to have full rationality
for an investor in the real stock market [58]. For example,
investors’ blind overconfidence may lead to overreacting to
market news. Moreover, investors’ insufficient understanding
may lead to underacting to market news.

According to the efficient market hypothesis, asset prices
that can fully reflect all information in financial markets,
are not higher or lower than the intrinsic value of an asset.
With the rise of behavioral finance, the behavioral finance
theory is commonly used in the analyses of investor behavior,
especially in the deviations of investment decisions [59]. And
these deviations are often difficult to be explained through
traditional financial theories. In the behavioral finance the-
ory, the investor makes an investment decision with incom-
plete rationality [60]. This behavior of investment decision
may cause systematic biases, which cannot be eliminated by
statistics methods [61].

In the information-based artificial stockmarket model built
in this paper, we assume that the investor has bounded ratio-
nality and heterogeneity at first. And then, we abandon the
traditional research framework based on rational traders and
noise traders, or technical analysts and fundamental analysts.
We assume that the reason for stock price volatility comes
down to investor behavior caused by the change of market
information. When the market information changes, we can
analyze the influence of market information on investor
behavior, and the influence of investor behavior on their
neighbors’ sentiment through the constructed model. Owing
to the changes in neighbors’ sentiment, these neighbors prob-
ably make new investment decisions and transmit new sen-
timent to other investors. Finally, stock prices continue to
fluctuate, and financial risk finishes contagious processes
between investors and their neighbors.

B. THE TRADING MECHANISM
Suppose that new information appears in the stock market
on each trading day, and the influence of new information
on investor sentiment obeys normal distribution, N(0,σ 2

NI ).
On each trading day, an investor is assumed to buy or sell
one unit of stock. The information-based artificial stock mar-
ket model is built through Netlogo software in this paper.
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Based on [62], investor sentiment y(t) includes three parts:
investor sentiment caused by investor sensitivity to new infor-
mation, investor sentiment caused by the neighbors, and the
random variation of investor sentiment caused by the change
of understanding preference for new information. The above
three types of investor sentiment can be represented as x1(t),
x2(t) and x3(t), in turn. Let’s suppose that s1(t) is investor
sensitivity to new information, and s1(t) varies between 0 and
1 at random. For the investor’s neighbors, sensitivity to new
information can be expressed as s2(t). Because of the effect
of s2(t) on investor sensitivity coming from the investor’s
neighbors, we assume s2(t) is a random variable varying
between 0 and 1. The transition function of new information,
which can transform new information into investor sentiment,
is represented as Q1(t). And the value of Q1(t) is set to 1 or
−1.When the investor buys one unit of stock because of posi-
tive sentiment caused by new information, Q1 (t) is equal to 1.
Conversely, when the investor sells one unit of stock owing to
negative sentiment caused by new information, Q1 (t) is equal
to −1. For the investor’s neighbors, the transition function
of new information is written as Q2(t). When an investor’s
neighbor buys or sells one unit of stock, Q2 (t) is equal to
0.5 or−0.5. Let c(t) be the contagious coefficient of investors
affected by neighbors’ sentiment. The number of neighbors
can be represented as n(t) for each investor. According to
the two-dimensional structured grids of Netlogo software, the
investor may have 2, 3, or 4 neighbors. It means that n(t)
is equal to 2, 3, or 4. Considering that the influence of new
information on investor sentiment obeys normal distribution
and the investor should not have sentiment deviation to new
information, x3(t) is assumed to obey the normal distribution
with zero mean, x3 (t) ∼ N

(
µ, σ 2

)
and µ = 0. The variance

of this normal distribution is indicated as σ 2, which is set
to be the sum of σ 2

NI and ε. As a small variable, ε has the
characteristic of stochastic fluctuation. And we assume that
the fluctuation range of ε is between 0 and 0.05. x1(t), x2(t)
and x3 (t) can be expressed as follows.

x1 (t) = s1(t)× Q1(t) (1)

x2 (t) = c (t)× n (t)+ s2(t)× Q2(t)× n (t) (2)

x3 (t) ∼ N (0, σ 2
NI + ε) (3)

Let’s suppose that each new information can influence
investor sentiment and transaction decision-making. In the
artificial stock market model, the investor generates mood
swings after receiving new information and affects the neigh-
bors’ decisions. Concretely speaking, there are two situations.
In situation 1, the investor thinks that new information can
make a positive (or passive) impact on the stock price
trend. If this judgment is right, the investor will participate
in marketing activities more positively and tend to trans-
mit this sentiment to others. Thus, the contagious coeffi-
cient c(t) will probably increase. Conversely, in situation 2,
the investor makes a wrong judgment. That means the
investor’s judgment is inconsistent with the stock price trend.
And the investor probably loses the enthusiasm for sentiment

contagion to others. Therefore, c(t) will probably decrease.
We assume that c(t) includes two parts: the fundamental con-
tagion coefficient cf and the degree of stock price volatility
sr (t). In situation 1, the investor decides to buy (or sell) one
unit of stock, and the degree of stock price volatility is a
positive number (or a negative number). However, in situa-
tion 2, the investor decides to buy (or sell) one unit of stock,
but the degree of stock price volatility is a negative number
(or a positive number). The contagious coefficient c(t) can be
written as c1 (t) and c2 (t). The above evolution rules can be
shown as follows. When the investor decides to buy one unit
of stock, we adopt the expression (4). And when the investor
sells one unit of stock, we choose the expression (5).

c1 (t) = cf + sr (t) (4)

c2 (t) = cf − sr (t) (5)

where the fundamental contagion coefficient cf is a random
value between 0 and 1. And the degree of stock price volatility
sr depends on stock price changes. Because investor sen-
timent y(t) is a key factor to affect stock price changes,
we assume that sr is calculated by expression (6).

sr (t) =
∑T

i=1

di(t)
T

(6)

where di indicates the i-th investor’s decision. If yi(t) > 0,
di(t) = 1. And if yi(t) < 0, di(t) = −1. Because we have
assumed that each new information can influence investor
sentiment and transaction decision-making, y (t) is not equal
to 0. Besides, the number of traders is written as T in
expression (6).

III. THE SIMULATION EXPERIMENTS
As a continuously evolving system, the stock market shows
the feature of risk contagion caused by investors and
their neighbors under the influence of market information.
According to the trading mechanism in section 2, we need
to set the simulation experiment environment at first. The
settings of simulation experiments are as follows. All sim-
ulation experiments are assumed to be 300 trading days.
Because the network structure of Netlogo software is the
two-dimensional square lattice, the location of origin is set to
(0, 0) in the center of patches. The maximum and minimum
of x coordinate for patches are 50 and −50, respectively.
Likewise, the y coordinate for patches has the samemaximum
and minimum, 50 and−50. Thus, the number of agents in the
simulation experiments is 10201, calculated by the product of
101 and 101.

Because different investors have different sentiment and
sensitivity to the same information, investors can affect their
neighbors’ investment decisions. Thus, we set two different
parameter values for cf , s1(t) and s2(t) to analyze the influ-
ence of different parameter values on risk contagion in the
stockmarket. According to the different values of cf , s1(t) and
s2(t), we design eight simulation experiments. To be specific,
cf is equal to 0.25 or 0.85; s1(t) is equal to 0.15 or 0.75; s2(t)
is equal to 0.05 or 0.65. Considering that σ 2 is the sum of σ 2

NI
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TABLE 1. The parameter values of simulation experiments.

FIGURE 1. The interactive interface of an artificial stock market.

TABLE 2. The parameter meaning of slider in the control panel.

and ε in expression (3), we assume σ 2
NI is equal to 0.70 in the

following experiments. The parameter values of simulation
experiments can be seen in table 1.

Figure 1 shows the interactive interface of an artificial
stock market, which contains three parts: (1) the display of
interactive behavior, (2) the parameter control panel, and
(3) the dynamic monitoring panel. Part 1 displays the
dynamic interaction of agents during experimental periods.
Through the parameter control panel in part 2, we can adjust
these parameters values and discuss the effects of parameters
on experimental results. When the model is running, the
dynamic monitoring panel shows the real-time data of key
variables in part 3. Specifically, the meanings of different
sliders in the control panel are shown in table 2.

We assume that the logarithmic value of the stock price
is equal to 0 at the initial time. According to all experi-
ment parameters, the results of simulation experiments are
shown in figures 2, 3, 4, 5, 6, 7, 8, and 9. For any of

FIGURE 2. The results of experiment 1.

FIGURE 3. The results of experiment 2.

FIGURE 4. The results of experiment 3.

these figures, there are four components: stock-price (drawn
by the brown line), price-fluctuation-degree (drawn by the
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FIGURE 5. The results of experiment 4.

FIGURE 6. The results of experiment 5.

FIGURE 7. The results of experiment 6.

green line), numbers-of-buyers (drawn by the black line) and
numbers-of-sellers (drawn by the pink line), successively.

FIGURE 8. The results of experiment 7.

FIGURE 9. The results of experiment 8.

After comparing the simulation results from figure 2 to
figure 9, it can be seen that the changes in parameters cause
the drastic fluctuation of stock prices. It is necessary to ana-
lyze the statistical characteristics of simulation results based
on the data in the above figures.

Tables 3 and 4 show the statistical characteristics of
key parameters, such as the degree of stock price volatil-
ity, the proportion of buyers, and the proportion of sellers.
Table 3 shows the statistical description of sr (t), which con-
tainsmean, standard deviation, skewness, kurtosis, minimum,
andmaximum. According to the statistical description of sr (t)
in table 3, some characteristics can be summarized as follows.

Firstly, all mean values are small and vary between
−0.09 and 0.06. The largest mean value is equal to 0.0532 in
experiment 3, and the smallest mean value is equal to
−0.0811 in experiment 6. The range of minimum and max-
imum is lower in experiments 1, 2, and 6. And the small-
est range, [−0.1171, 0.5134], is in experiment 2. For other
experiments, the range of minimum and maximum is close
to [−1, 1].
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TABLE 3. The statistical description of sr (t).

TABLE 4. The statistical description of buyers and sellers.

Secondly, it can be seen that the increase in s1(t) can
enlarge the standard deviation and the value range of stock
price volatility for experiments 1 and 3, or experiments
2 and 4, or experiments 6 and 8. In other words, when the
investor has a larger sensitivity to new information, stock
price volatility is likely to become more obvious. However,
this rule doesn’t apply to the following case. When cf has
a higher parameter value and s2(t) has a smaller parame-
ter value, the increase of s1(t) doesn’t make a noticeable
difference in stock price volatility. For example, comparing
experiments 5 and 7, there is no significant change in other
statistical indicators except for the mean value in table 3.

Thirdly, the standard deviation presents a significant
decrease from experiment 1 to 2, or experiment 3 to 4,
or experiment 5 to 6, by the increase of s2(t). Similarly,
the range of minimum and maximum has a decreasing trend
from experiment 1 to 2, or experiment 3 to 4, or experiment
5 to 6. But, this decreasing trend doesn’t exist for experiments
7 and 8, with the increase of s2(t). After comparing
experiments 7 and 8, it is easy to be seen that the standard

deviation increases from 0.5301 in experiment 7 to 0.5757 in
experiment 8. At the same time, other statistical indicators
have slightly increasing trends in table 3.

Fourthly, stock price volatility, with the increase of cf ,
shows the following characteristics: an obvious rise for exper-
iments 1 and 5, a slight increase for experiments 2 and 6, a
slight decrease for experiments 3 and 7, and a little change for
experiments 4 and 8. In experiments 1 and 5, both s1(t) and
s2(t) have a smaller parameter value. When cf is increased
from 0.25 to 0.85, the standard deviation is increased from
0.1932 to 0.5702. And the range of minimum and max-
imum is enlarged from [−0.6702, 0.6267] to [−0.9871,
1.0000]. However, when s1(t) and s2(t) take a larger value
simultaneously, the increase of cf doesn’t significantly affect
the standard deviation and the range of minimum and
maximum.

Fifthly, the skewness and kurtosis can be analyzed in
table 3 to reveal the distribution features of stock price volatil-
ity. At first, the skewness is negative in experiments 1, 3,
and 6. It means that stock price volatility has a feature of
left-skewed distribution. However, the degree of stock price
volatility has a feature of right-skewed distribution in experi-
ments 2, 4, 5, 7, and 8. Then, the kurtosis is a positive value in
experiments 1, 2, and 6, and a negative value in other experi-
ments. A positive kurtosis shows stock price volatility has the
feature of leptokurtic distribution. Conversely, it presents the
feature of platykurtic distribution in experiments 3, 4, 5, 7,
and 8.

Also, the proportions of buyers and sellers are shown in
table 4. For both the proportion of buyers and the proportion
of sellers, the sum equals 1. Thus, the sum of the mean
value is also equal to 1, and the standard deviation has the
same value for them. But it can be found that the proportion
of buyers or sellers has the smallest standard deviation in
experiment 2. This indicates that the proportion structure
is more stable in experiment 2, relative to that in other
experiments. During 300 trading days, the numbers of buyers
and sellers are probably close and stable with a larger s2(t),
a smaller cf , and a smaller s1(t). On the contrary, some higher
standard deviations which are larger than 0.25, appear in
experiments 3, 4, 5, 7, and 8.

IV. CONCLUSIONS
This paper analyzes investor behavior and risk contagion
based on the information-based artificial stock market model.
In the model, we discard the traditional research framework
which divides investors into two types: rational traders and
noise traders, or technical analysts and fundamental ana-
lysts. Considering that new information can cause stock price
volatility, we assume the change of new information influ-
ences investor sentiment. Under this influence, investors can
change their neighbors’ sentiment. Finally, the stock price
probably rises or drops, owing to the variety of investors’ and
their neighbors’ decisions. Because the market information is
changing every day, the stock price is also changing day by
day. In the simulation experiments, we obtain eight groups of
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experimental data with the different parameter combinations
for cf , s1(t) and s2(t).
When s1(t) increases to a larger value, stock price volatility

is more intense and risk contagion is more obvious. But,
there is an exception. If a larger cf and a smaller s2(t) are
taken in experiments 5 and 7, the increase of s1(t) doesn’t
cause obvious volatility of stock prices. In experiments
5 and 7, when investor neighbors’ sensitivity to new informa-
tion is low, risk contagion mainly depends on the fundamen-
tal contagion coefficient of investors affected by neighbors’
sentiment rather than investor sensitivity to new information.
Except for experiments 5 and 7, other experiments can be
divided into two types: type 1 and type 2. The former is the
experiment having a smaller cf , including experiments 1, 2,
3, and 4. The latter is the experiment having a larger s2(t),
including experiments 2, 4, 6, and 8. In the above two types,
risk contagion is intensified with the increase of investor
sensitivity to new information. In conclusion, a positive corre-
lation exists between investor sensitivity to new information
and stock price volatility, under the condition of a smaller
fundamental contagion coefficient or larger sensitivity to new
information from investor neighbors.

When s2(t) increases to a larger value, stock price volatility
becomes more tempered to some extent. However, this con-
clusion does not apply to experiments 7 and 8. There are
a larger cf and a larger s1 (t) in these two experiments.
Specifically, when the parameter values of simulation exper-
iments are cf= 0.85 and s1 (t) = 0.75, stock price volatility
shows an increasing trend with the increase of s2(t). This
indicates that investor neighbors’ sensitivity to new informa-
tion can strengthen stock price volatility in the following two
conditions: (1) a larger fundamental contagion coefficient and
(2) larger investor sensitivity to new information. But,
investor neighbors’ sensitivity to new information cannot
strengthen stock price volatility with a smaller contagion
coefficient of investors affected by neighbors’ sentiment or
smaller investor sensitivity to new information. Because a
smaller cf or s1 (t) can decrease the influences of new infor-
mation on investor sensitivity, stock price volatility is more
moderate with an increasing s2(t). If both cf and s1 (t) take
larger parameter values, the increasing investor neighbors’
sensitivity to new information will make stock price volatility
stronger.

When cf increases to a larger value, stock price volatility
becomes more complicated. In simulation experiments, stock
price volatility may strongly increase, or slightly increase,
or slightly decrease, or show a little change. Concretely
speaking, an increasing fundamental contagion coefficient
can cause a strong increase in stock price volatility, with
smaller investor sensitivity to new information and smaller
investor neighbors’ sensitivity to new information. When
investor neighbors’ sensitivity to new information takes a
larger parameter valuewith smaller investor sensitivity to new
information, an increasing fundamental contagion coefficient
can cause a slight increase in stock price volatility. But,
when investor sensitivity to new information takes a larger

parameter value with smaller investor neighbors’ sensitivity
to new information, an increasing fundamental contagion
coefficient can cause a slight decrease in stock price volatil-
ity. Finally, an increasing fundamental contagion coefficient
makes stock price volatility show a little change, when both
investor sensitivity to new information and investor neigh-
bors’ sensitivity to new information take larger parameter
values, simultaneously. In short, the fundamental contagion
coefficient of investors affected by neighbors’ sentiment
plays the important role in risk contagion under the following
two conditions: (1) smaller investor sensitivity to new infor-
mation and (2) smaller investor neighbors’ sensitivity to new
information.
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