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Abstract 

In recent years, studying stock markets using multi-agent based models has grow into an important research area due 
to the fact that this line of attack replicates the nature of the financial market where varied traders with a mixture of 
expectations and diverse points of rationality network with each other through the market. The main aim of this 
paper is to include selected finding from behavioral finance into agent model hypothesis. In particular we revise the 
switching of the trading strategies such as the switching between, uninformed agents, informed agents, 
zero-intelligence and switchers traders. More precisely we focus on the relationship concerning switching and the 
excess volatility of the stock market prices and to addresses the question of why traders switch from one type to 
another.  

Keywords: heterogeneity, artificial stock market, switching behavior, price dynamics, market volatility 

1. Introduction 

A traditional model in finance is based on a representative, rational investor who makes correct beliefs and has 
rational expectations about prospect investments. In a standard approach, information is transmitted immediately; 
asset prices replicate fundamentals and asset allocations are efficient. In the traditional view, traders only interact 
through the price system. There are two main, contradictory views regarding market mechanisms. On the one hand, 
theoretical studies idealistically describe market dynamics. They suggest that markets are efficient and assume 
rational, homogeneous behavior of traders. As the Efficient Market Hypothesis states, efficient markets are markets 
in which all available information is instantly reflected in the prices, and thus, it is not possible for anyone to 
consistently outperform the market, other than by chance. Further, rational traders are defined as traders who take the 
optimal trading decision based on all the information them posses. 

In advance, Keynes worried that prices of speculative assets is not only motivated by market fundamentals, but that 
“market psychology” also plays a vital role. Tversky and Kahneman (1974) suggest that decision behavior under 
uncertainty is often better explained by simple heuristics and behavioral biases. Furthermore, financial markets has 
become challenged through developments in noise traders (Sargent, 1993), psychology and behavioral finance 
(Barberis and Thaler 2003) and agent model hypothesis (Tesfatsion et al. 2006). Recently, the agent model 
hypothesis to financial analysis has become a promising study field for understanding the complex systems that are 
practical in financial phenomena. 

The agent model simulation is sometimes referred to agent-based computational finance which obviously includes 
agent-based artificial market (Arthur, 2006). Agent-based modeling offers many more parameters that can be altered 
to generate different scenarios. It also facilitates the study of emergent properties of traders’ interactions and 
particular classes of traders in isolation. A key challenge for agent-based models is to demonstrate that the resulting 
price dynamics are indeed consistent with known empirical facts that remain difficult for more standard approaches 
in many disciplines (Farmer, 2002; Cont, 2007; Lux, 2009). The prices of stocks in financial markets rise and fall 
over time which then produces the stylized facts. These statistical proprieties are in fact of great attention for making 
inferences and predictions. By means of modern technologies, one can now find a vast amount of empirical data that 
record every transaction in stock markets which was not explain by traditional models (Cont, 2001; Chakraborti et al., 
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2009). 

Our article inquires about the growing literature on agent model hypothesis which elucidate the market dynamics by 
highlighting the trading strategy of their investors. Important contributions in this area comprise Kirman (1993), 
Chiarella (1992), Brock and Hommes (1998), LeBaron et al. (1999), De Grauwe et al. (1993), Farmer and Joshi 
(2002), Lux (1995. According to this study, interactions among heterogeneous and speculators, relying on 
fundamental trading rules, can produce complex endogenous price dynamics, as well as the appearance of crashes 
and bubbles. More current approaches are investigated in LeBaron (2006), Hommes (2006), Chiarella et al. (2009), 
Westerhoff (2009), Lux (2009), and Jiri et al. (2013). In Table below an overview is given on how various 
approaches handle the hardly observable aspects, and what they conclude about the efficiency of markets. 

 

Table 1. Comparison approaches of market dynamics 

Approch Price formation Trader’s behavior Market efficiency 
Theoretical 
(Analytical) 

Simple, linear at equilibrium Assumed to be rational Yes 

Empirical No special attention paid 
Analyse statistical properties of 
real historical data 

No special attention paid 
 

Anomalies found 

Experimental  
(Behavioral finance) 

Assume simple models real 
markets 

Observe traders’ behavior 
in action and conclude that 
they are “boundedly 
rational” 

Anomalies found 

Market microstructure Analyse price formation in 
function of specific trading 
mechanisms 
Complex nonlinear at 
equilibrium  

Investor with asymmetric 
information or inventory 
management, and learning 
market makers 

Grade of efficiency is 
analysed with respect well 
defined fundamental 
values 
Stylized facts generated  

Microscopic and agent 
based simulation 

Varying: emerges from 
interaction of individuals 

Boundedly rational, 
heterogeneous individuals 

Depends on setting and 
heterogeneity 

 

This study is largely motivated by the the modelling approach closely related to the recent development of 
heterogeneous agent models approach. This research area views the financial market as a complex adaptive system. 
It uses a bottom-up modelling approach to incorporate the interaction of adaptively heterogeneous behaviour of 
traders and to examine the complex market behaviour in aggregation.  

The rest of the article is structured as follows. Section 2 details our contributions to the literature. Section 3 presents 
a synthesis on market organizations and the behavior of market participants. Section 4 we evaluate our research 
objective, and analyze to what degree we managed to answer the research questions. We finish the paper with 
suggestions for future research. 

2. Contributions to Literature  

This part highlights our most important contributions to the literature by studying past researchers. First, we studies 
stock markets dynamics using multi-agent based models. The heterogeneous agents’ models developed over the last 
two decades addresses the heterogeneity in decision behavior. It has confirmed that both stochastic (Chiarella et al., 
2003, Gallegati et al., 2011) and deterministic (Huang et al., 2010). Heterogeneous agents’ models are capable to 
capture the extreme movement in the asset price through their interaction and specification of diverse types of traders. 
Huang et al., (2012) and Manahov et al., (2013) prove that this hypothesis can do an improved job of modeling the 
price dynamics than rational expectations and efficient markets models. In particular, a model is able of duplicating 
the majority of the stylized facts such as asymmetric return, excessive volatility and volatility clustering, both 
statistically and quantitatively.  

Second, we empirically recognize the diverse set of traders, which are buy side and sell side order, who really switch 
strategies. Prior studies on agent-based computational models show that investors switch their strategies and their 
beliefs are key in explanation of some empirical features in financial markets. Following the standard heterogeneous 
agents’ model, we judge a market with a risky asset and different types of traders, fundamentalists, chartists and 
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noise traders who are diversified by their information and behaviors about the asset value as well as their trading 
strategies, jointly with a market maker who adjusts the market price in reaction to the aggregate excess demand of 
traders behaviors. 

Third, this article empirically validates the really switch strategies, which is a significant contribution of some 
agent-based models for comprehension empirical features in stock markets. Many researchers give confirmation 
being consistent with strategy switching and show that professionals rely on regressive expectation formation and 
extrapolative expectation formation (Frankel and Froot, 1990), Westerhoff and Reitz, 2003), and Gilli and Winker, 
2003). This becomes explicit in Jongen et al. (2012), who reveal that fundamentalists and chartists modify 
forecasting behavior over time. Lux (2000) describes stock market with a fixed quantity of trading based on 
fundamental value and trading based on a mixture of imitative and trend following strategy. The author investigates a 
possible clarification for volatility clustering in multi-agent literature using a switch in strategies preference.  

Fourth, we empirically analyze the behavior participants and we demonstrate that numerous parameters related to 
switching can affect dynamics prices of the financial markets. We also validate the relationship between market 
volatility and switching, and much attention has been paid to the question that whether asset prices exhibit excess 
volatility in empirical studies. Many researchers explain the strategic interactions and volatility (Kirman, 1991, Lux 
and Marchesi, 1999, 2000, and Gaunersdorfer et al., 2008). In addition, Farmer and Joshi (2002) and Chiarella et al. 
(2009) show that trend subsequent strategies amplify noise and cause stylized facts in stock markets, such as 
clustered volatility. 

3. Price Formation and Behavioral Aspects 

3.1 Asset Pricing  

In our artificial financial market, the agents’ portfolio may contain a single financial asset in a continuous double 
auction market. More specifically, our market is similar to the market presented in Wei et al. (2013). The 
fundamental value Vt occur according to a Poisson process N(t) with parameter φ and initial fundamental value V0. 



N(t)

t1t δvv  

Market price pt in time period t is clear as the average of all the transaction prices during the time period. If there is 
no transaction in the current time period t, we take the price of the last period as market prece Pt=Pt-1. The initial 
market price is equal to the initial fundamental value P0=V0. The market price is formulated as follow:  
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Where  

K means the order size for each executed orderPt
n at time t.  

3.2 Investment Strategy 

Investment strategies are differentiated based on the information that traders exploit to place orders. Investors are 
classified accordingly as fundamentalist or informed traders, which might be perfectly informed, Uninformed, Noise 
traders and Switchers. To speed up the simulations, we assume that there are N = 100 traders, following Wei et al. 
(2013). Among which, there are NI = 14 informed traders, NU = 30 uninformed traders, and NZI = 56 ZI traders in our 
agent-based computational model. 

 

Table 2. Percentage of traders 

 Informed  Uninformed ZIT Switchers 
Experience 1 14% 30% 56% 0% 
Experience 2 14% 23% 56% 7% 
Experience 3 14% 15% 56% 15% 
Experience 4 14% 8% 56% 22% 
Experience 5 14% 0% 56% 30% 
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Similar to Goettler et al. (2009), we will fix 5 different proportions evenly from 0% to 30% as switchers’ percentages, 
and thus we consider five different model configurations as illustrated in Table above. The idea is now to judge 
against the volatility of the market price under different compositions of traders. We normalize the mean arriving 
time of trader λ = 1. If one time period corresponds to one minute, this implies that, on average, each trader enters 
the market once in every minute. We set the tick size δ = 0.01 and the transaction cost µ = 0.04, which is four ticks. 
Let the initial fundamental value V0= 20. Then the variation of the fundamental value is 0.4 per 10 minutes on 
average. In this paper, however, we keep the time lag the same for all uninformed traders but vary τ in different 
scenarios from 60 up to 1200 time periods to examine the effect of the information lag τ. With the set of parameters, 
we run 30 simulations for statistical significance. For each simulations seed, we run the market under diverse 
assembly of agents. 

Informed agents 

The informed traders in our model symbolize fundamentalist agents in a real market. This type of trader are assumed 
to have information of the fundamental value Vt, and believe that the expected fundamental value in time period t is 
agreed by Pe

I,t=Vt. 

Uninformed agents 

The uninformed traders know the fundamental value with a time lag, and they use Artificial Neural Networks to 
predict the market price. We follow Chiarella, Iori and Perello (2009) and assume that the expected fundamental 
value in the time period t for the uninformed trader i, is given by: 
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 are forecasting parameters of the uninformed trader. For the Artificial Neural Networks traders, they 

optimize these parameters by using a feed-forward neural networks and it is also very efficiently implemented in the 

software used for this study, Nero-One.  
The details of the Artificial Neural Networks learning is given in Wei, Zhang, He and Zhang (2013) who show that 
the model developed in this paper is able to generate a number of important stylized facts, including leptokurtosis, 
volatility clustering, ARCH effect and fat tails. 

Zero-intelligence traders 

Zero-intelligence agents are like in spirit to the “noise traders” of the financial literature. In our market, the ZI agents 
symbolize some blind market participants. Their forecast for the risky asset’s price is a comprehension of a random 
variable, which they utilize Equation of uniformed traders to predict asset price but the coefficients are random. 

Switchers 

The switchers a priori act as uninformed traders but can switch to an informed traders if they evaluate the cost to do 
so is low enough (Yamamoto et al., 2013 and Chiarella et al., 2012). The switchers can modify their beliefs and act 
either as informed or uninformed traders. Since the information of knowing the fundamental value vt is valuable they 
choose if or not to procure that information. They do so by comparing the error made in the last time step predicting 
the market price Pt−1 usingVt-1, to the error made predicting Pt−1 using Pe

Ut,1. If the information cost plus the error 
forecasting Pt−1 using Vt-1 is larger than the error forecasting Pt−1 using Pe

Ut,1, the trader will stick to his forecast using 
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Pe
Ut. If not, the agent will buy the information and use Vt to forecast. To recapitulate: 
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C is the information cost. If the agent didn’t buy information at time t-1, which means he don’t know Vt-1 at time t, 
then he simply treats Pt−1 as Vt-1 ,so that he can also use Equation above to make his switching decision. 

3.3 The Order Execution Mechanism 

In a dynamic equilibrium model of an order driven market with asymmetric information, Rosu (2010) shows that 
informed agents submit both market orders and limit orders, depending on whether their informative advantage is 
about a cutoff. We introduce similar order submission rules as in Rosu (2010) and Wei et al. (2013) where agents 
who submit limit orders need liquidity compensation, which is at least able to cover the transaction, cost μ. In other 
terms, buy limit order price can be obtained by subtracting μ from Pe

t; sell limit order price can be obtained by 
adding μ on pet. The order submission rules are accorded to the following scenarios: 

 

Scenario 1: There is at least one ask price and one bid price in the limited order book 

          -  Pe
t < ask + µ                                         : Market order to buy 

          - bidppask&μbidpμask e
t

e
t

e
t  : Limit order to buy with  e

tt pp  

          - bidppask&μbidpμask e
t

e
t

e
t  : Limit order to buy with  e

tt pp  

          -  Pe
t < bid-µ                                           : Market order to sell 

Scenario 2: There are no bid prices 

          - μpe
t  ask                                        : Market order to buy 

          - μpe
t  ask                                        : Limit order to buy with  e

tt pp  

Scenario 3: There are no ask prices 

          - Pe
t < bid-µ                                            : Market order to sell 

          - μpe
t  bid                                        : Limit order to sell with  e

tt pp  

Scenario 4: There are no ask or bid prices 

          - With probability ½                             : Limit order to buy with 
  

             
- With probability ½                                              

 

3.4 Strategy Switching 

It has been demonstrated that some parameters related to switching can influence the price dynamics of the market 
(Brock and Hommes, (2006). Nevertheless, whether switching can intensify or diminish the volatility is still 
unknown. To do this, we ask: does the switching between diverse agents behaviors aggravate or decrease the 
volatility of market, or exhibit special character under different situations of market? We consider in our study, the 
volatility of the market with different structures of traders and we consider how, for a given fixed percentage ρ of 
switchers, does volatility depend on percentage γ of switchers actively buying information at a given instant of time? 
Our universal conclusions show that superior the percentage γ of switchers paying for information at a given time, 
the lower will be the volatility. This is because the switchers promote the transmission of information and stabilize 
the market. 
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We run the artificial market for 200 times to propose the distinction as a distribution of C. The simulation outcome of 
distribution for C is shown in Figure 1.  

 

 
Figure 1. Distribution of information cost C without switchers 

 

The information cost data obey the rules to the normal distribution with function f (x) = a · exp (−( x−b/c )2). a = 
44.83, b = 0.3604, c = 0.09662, and the adjust R2 is 0.9362. R2 is about 0.95 and the adjusted R2 is 0.9362, so we 
can finish off the distribution is really a normal distribution. The average information cost is 0.36 and has a 
particularly little probability to be negative, which is consistent with the examination exceeding. The estimated 
information cost will be worn for subsequent simulations. 

4. Results and Interpretations  

4.1 Stylized Facts 

In recent years, an important challenge of the financial approach is to construct more sophisticated models which 
have consistencies with as many financial proprieties that cannot be explained by traditional theory. We have 
constructed the artificial market to see how that emerges the analogous stylized facts with the real one. However, 
whether the model gives a reliable description of real market data should first be validated. We test the model for the 
following four factors: autocorrelation, fat tails, volatility clustering and ARCH effect. 
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Figure 2. Histogram of simulation results 

 
In Figure 2, we show some statistical characteristics of the market price returns, which allows considering quite 
clearly the fat-tailed character of the returns. The values of the Jarque-Bera statistics confirm that the distribution of 
asset returns is significantly different from the normal distribution. The normal asymmetry coefficient or Skewness is 
generally different from zero and negative (-1.389803) indicating that the asymmetry of the distribution series is 
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different from that of the normal distribution. The coefficient of kurtosis is very high, well above 3 (17.15963). This 
confirms the “fats tails” observed in our artificial market.  

A quantile per quantile comparison of the empirical distribution with a theoretical normal can detect differences 
between two distributions. This is another technique rather than the measurement of the skewness and kurtosis, in 
order to highlight more significantly the presence of fat tails. In our case, this is an analysis of quantiles, plotting 
empirical quantiles against the quantiles of the normal distribution. If distributions are identical, the plot should be 
approximately linear. However, if they are different, we should observe the deviations. 
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Figure 3. Q-Q Plot 
 

Figure 3 shows that the route of returns quickly ceases to be linear and exhibits strong deviations for both positive 
and negative tails. The price returns presents larger tails than those of the normal distribution.  

 

Table 3. ARCH test for market price 

ARCH Test
F-statistic 474.0514 p-Value 0.00* 
Obs* R-squared 772.8457 p-Value 0.00* 

 

Table 3 indicates that there are ARCH effects of the market price returns. The pattern that we want to explore is the 
fact of volatility clustering in which large changes tend to follow large changes, and small changes tend to follow 
small changes (Engle, 1982). The volatility clustering is one of the important stylized facts of finance time series 
data. 
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Figure 4. The simulated data of volatility clustering 

 
The volatility clustering illustrated in Figure 4, shows a representation of successive interference with returns which, 
although not correlated, are dependent. In other words, if return of an action is strong, there is a good chance that the 
following one has the same fluctuation. The same applies for small volatilities and thus can reproduce the 
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phenomenon of volatility clustering. 

In our case, the cause of this property is certainly the interaction between the heterogeneous agents: the rational, the 
chartists, and the noise investors’ behavior in financial markets. In fact, as noted above, the proposed model is able to 
reproduce the stylized facts observed in the real stock market. Concerning the distribution of returns, the model 
reproduces the “fat tail” and excess kurtosis characterizing the empirical distributions. In other words, this model 
generates a dynamic pricing with alternating periods of high and low turbulence to reproduce the phenomenon of 
volatility clustering. An ARCH effect exists on the simulated price returns that are close to the ARCH effects in real 
returns. These stylized facts are influenced by the nature of the agents’ behavior, which reinforces the preliminary 
results obtained by Anufriev and Panchenko (2013). These findings corroborate similar results of prior research 
conducted by other authors on global markets (Cont, 2001; LeBaron, 1999; Lux, 2009; Harrison et al., 2010, etc). 

4.2 Simulations Results  

According to the modeling and multi-agent simulation of our model, the combination of several types of agents with 
different proportions caused a small gap in their basic assets prices. Exacting, we study the effects of variation of 
agents on price dynamics. 

Figure 5 shows the average order returns of diverse traders with different proportion of switchers (ρ). Thirty 
simulations are worn to estimate the returns for every nature of trader and five simulations are randomly selected as 
exposed in the outline. The same random seed is used in each simulation for the diverse types of traders. The returns 
of the informed traders demonstrate a small declining tendency versus ρ. Nevertheless, the return of the uninformed 
agents and switchers, illustrate a much steeper decline versus the proportion of switchers ρ. 

 

 
Figure 5. Different agents’ returns versus ρ 

 

We can see that there is no difference between the informed agents’ returns while the returns in the other two types 
are obviously diverse under different structures of agents. Nevertheless in the case of uninformed traders the return 
turns down more obviously versus ρ. There is no difference between the returns of informed agents while the returns 
in the other two types are clearly different under different compositions of traders.  

 

 

 

 

 

 

 

 

 

 
Figure 6. Volatilities of markets under different structures of agents 
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Figure 6 shows market volatilities under diverse percentages of switchers. One notes that in every simulation the 
volatility of market is the least in the case exclusive of switchers, and we can get the similar result when building the 
average above 30 simulations. The primary general phenomenon we have exposed is therefore that the market with 
switchers fluctuates supplementary than the market with no such traders. The next one is that the superior the 
percentage of uninformed traders acting as switchers, ρ, and the larger is the volatility of the returns. 

 

Table 4. Average market volatility under different proportion of switchers 

Percentage of switchers ρ 0% 7% 15% 22% 30% 

Average market volatility 0.00044 0.00055 0.00070 0.00080 0.00091 

 

In conclusion, we can agree that the behavior of switchers in reality has some influences and they are a destabilizing 
issue on the financial market. We can elucidate such phenomena as follows: We discover that the returns of the 
switchers are less with better the percentage of switchers, which means that their forecasts diverge from the 
fundamental value more and become more inexact. Consequently the volatility is superior and they become the 
destabilizing reason in the financial market. 

 

 

Figure 7. Average volatility under different proportions γ 

 

We then consider for a given fixed proportion ρ of switchers, how does the volatility of market depend on percentage 
of switchers actively buying information at a given instant of time. Figure 7 demonstrate the average volatilities as a 
function of γ. The data is achieved averaging more than 30 simulations using an unchanging percentage of switchers 
at 30%. We got similar results from the other experiments with different fixed values of ρ. We can see that the 
volatility declines as the percentage of switcher’s actively buying, γ, increases. 

As a result we terminate that the behavior of switching have an effect on the market, and if the active switching rate 
is superior, the volatility will be minor. This is for the reason that more switchers switch at a given time, the 
transmission of information is higher and the market price is close to the fundamental value. Thus the market is more 
efficient and thereby more established. 

5. Conclusion 

The artificial stock markets model provides a brand new method to analyze the stock market. They are more 
advanced than traditional market models however. The key property is that in Artificial Stock Market environments 
prices should emerge internally as a result of trading interactions of the market participants characterized. The 
agent-based simulation gives a solution to comprehend why it is not converging in some instances, then how much 
can be discerned about the out of equilibrium formation, and learning behavior of the financial market. 

This study presents a computer simulation of the stock market based on the input variables which include a single 
financial asset, tick size, transaction cost and type of investors in a continuous double auction market. The 
preliminary results of this paper show that the artificial market approach is effective for understanding real financial 
markets. Based on the heterogeneous beliefs in artificial, we can make a support system for decision making in terms 
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of market dynamics. Secondly we have analyzed the effect of switching on the returns of the traders as well as on the 
volatilities of market under diverse circumstances. We have interpreted our result that strategy switching by different 
participants would have a significant impact on market stability.  

Our results help to confirm switch strategies as well as its impacts on the persistent deviations of the fundamental 
value, which are significant results in agent model hypothesis. We examine the interaction of diverse traders’ 
behavior and their influence on market volatility by means of data that describe trading of all traders types in the 
financial market. Finally, we terminate our argument with certain potential additions of our study. The model in this 
paper can be developed further to model more complicated learning and adaptive behavior of traders. More 
realistically, they may also learn from other market information such as the types of the last trading, trading volume, 
the depth and shape of the order book. 
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