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Abstract

This paper studies the switching of trading strategies &dffect on the market volatility in a continuous double
auction market. We describe the behavior when some unirfdm@gents, who we call switchers, decide whether or
not to pay for information before they trade. By paying foe ihformation they behave as informed traders. First
we verify that our model is able to reproduce some of thezglifacts in real financial markets. Next we consider
the relationship between switching and the market vatgtilnder different structures of investors. We find that¢her
exists a positive relationship between the market votgtidind the percentage of switchers. We therefore conclude
that the switchers are a destabilizing factor in the markigiwever, for a given fixed percentage of switchers, the
proportion of switchers that decide to buy information aiveeg moment of time is negatively related to the current
market volatility. In other words, if more agents pay fordnmhation to know the fundamental value at some time, the
market volatility will be lower. This is because the markgtp is closer to the fundamental value due to information
diffusion between switchers.

Keywords: Agent-based model; Heterogeneity; Switching behaviomKdavolatility;

1. Introduction

This paper addresses the question of hpay-for-switchbehavior can affect financial markets in a continuous
double auction mechanism. More precisely, we study how #regmtage of switchers and the frequency of the
switching are related to the volatility of the financial matrk Franke and Westerh(ﬂf[l] have pointed out that there
are indeed reasons that may result in the traders’ switclsinch as herding, strategy fitness, i.e. pursuit of higher
returns according to the past performance of the strategidsso on. We introduce a new switching mechanism
that uninformed traders can become informed by paying faaoeinformation cost. Although the impacts of the
switching based on some fitness function or performance utneadong the Brock and Hommes’ framework have
been studieﬁtﬂ 3], this paper is the first research corisglpay-for-switchbehavior in a limit order market model.
We try to find the relationship between the switching and thiatility of a limit order market. Since the introduction
of the idea of excess volatiliﬂ[m 5], a large literaturestmeen devoted to the topic. Behavioral finance tells us that
the behavior of investors can affect the financial marked,samitching is seen as one of the learning processes which
could have some effect on the market volatility. Meanwhsleme scholars use switching to describe the learning
behavior of investors in agent-based models and have stitdianpact on the price dynamics. More recently, some
researchers focus on agent-based models using heteragantmation.

We initiate our research using an agent-based model in éncmnits double auction market. The switching mech-
anism in our experiments is also based on heterogeneousiation. There are four types of agents in our model:
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informed agents, uninformed agents, switchers and noisetagWe consider the pursuit of higher earnings accord-
ing to the past performance as the reason for switching. Atendime a switcher considers whether he would have
earned more if he paid for the information in the last timg@stéso a switcher pays for the information and acts as an
informed agent. Otherwise the switcher will not buy the mfation and acts as an uninformed agent. Next we study
the stylized facts of our simulated market prices in ordegest the validity of the model which are: fat tails of price
returns, volatility clustering, no arbitrage (zero autoetation of returns) and long memory (slow decay of voitgtil
autocorrelationdﬂG].

It has been proved that several parameters related to smgtclan affect the price dynamics of the marﬂet[Z].
However, whether switching can aggravate or reduce the ehadatility is still unknown. We therefore pose the
guestion: does the switching between different types ohtsgaggravate or reduce the market volatility, or exhibit
different character under different market conditions@unmodel, we consider the volatility of the market under dif
ferent structures of agents. In other words, we validatetidrahe volatility is higher when there are more switchers
in the market. Next we consider how, for a given fixed peragapeof switchers, does the market volatility depend
on proportiony of switchersactivelybuying information at a given instant of time? Our generalifigs show that
the larger the percentageof switchers the larger the volatility. However, the largiee percentage of switchers
paying for information at a given time, the lower will be tharket volatility. This is different from the story iE|[3]. In
our paper, this is because the switchers promote the diffiusfiinformation and stabilize the market. Similar results
have been obtained bﬂ [7], which finds that an initial incesiasswitching reduces the price volatility, but the effect
becomes opposite when the switching increases further.

2. Related literature

Ever since the first ASMs used to study financial markets, wigigliterature now describes how to study the price
dynamics of markets caused by the investors’ behavior eatlgased models. In general, the behavior of the agents
is time-varying and agents can choose different tradirgfesgies according to some rules. Brock and HorT‘Ehes[Z]
create an agent-based model where traders can switch letliffszent types and found that the dynamics of market
prices are caused by a change in the intensity of choice talsywiedictors. Since its introduction several papers have
elaborated on the model and studied relevant questionsarélla and HQS] conclude that the dynamics of pricing is
affected by the relative risk attitudes of different typégwestors (measured by the ratio of the relative risk aeers
coefficients). Luﬂb] designs a switching index that influea the probabilities with which the agents switch between
different types. Lux and Marchesi[10] show that agentstshing between fundamentalist and chartist strategies is
the main reason that leads to volatility clustering and themgence of fat-tailed returns. Similar results are found i
other modelﬂﬂl].

However, in general the agents in the afore-mentioned rsaatel of the same two types: fundamentalists and
chartists. The switching between different trading st can be considered for the following four reasons: pre-
disposition as a behavioral bias, hypothetically difféi@dnvealth using the two different strategies over the past
herding, and a misalignment correctional mecharﬁlsm[l].

In our model we design a new type of agent called switchers bdi@mve as follows: if the switchers paid for
information last time and thereby earned more, they will fiythe information this time and therefore act as an
informed trader. To the contrary they will not pay for thedanhation and will therefore try to predict the prices as
uninformed agents. The interpretation of the behavior inartl above can be seen as a decision on whether or not
to buy analysts’ reports in the real world. The viewpointtttesearch reports of securities and investment analysts
can help the investors to get higher earnings has often beetioned in the literature. For example, DawEh[lZ]
finds that one can get excess earnings if you follow the atglseport. LedL_;LIS] considers that the value of analysts’
reports is positively associated with the information ie tieports. Further, Busse et|aI][14] use the empirical data
to show that some investors who indeed follow the analysisorts thereby also change their behavior. That means
some investors buy the reports and trade as the reportssugge

Our model is based on heterogeneous information. Relatsmatiiré[15-17] has shown that financial markets
are indeed affected by given heterogeneous informationtiigaagents possess. Grossman and St@itz[15] prove
that if costly information is immediately impounded intdqa, agents should not acquire it. However, the argument
depends on how agents profit from their information, so tkalte are specific to a given price formation mechanism.
Meanwhile, they consider whether agents who acquire inddion about the asset also affect the choice of trading
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strategies they employ. Grundy and K]E[16] find that the iinfational role of prices contributes positively to their
variability, and the price variability is 20% to 46% highbah in an equivalent economy in which signals are publicly
received in a heterogeneous information economy. Kira@nerHuber[1/7] show that the heterogeneity of fundamental
information is the driving force for trading, volatilityna ultimately the emergence of fat tails.

Once we have established a model, the validity of the modst imeitested. Gould et ﬂ.[G] point out that fat tails,
autocorrelation and long memory can be main factors tottiestdlidity of the model. Meanwhile, volatility clustering
is also tested in many econometric and agent-based n@@][ Therefore, we test the above four factors to check
our model’s validity.

Our model is used to validate the relationship between &witcand market volatility, and much attention has
been paid to the question that whether asset prices exhitdtss volatility in empirical studies. A large literature
have proved that stock market prices have a higher volettilain the fundamental value of the market, and it is named
excess volatilitﬂl4[|5|31]. Bulkley and TonE[ZZ] are thesffiauthors to suggest learning as a possible explanation
of excess volatility. Timmerma 3] point out that the gnaeters of the dividend process are important for the
dynamic behavior of stock prices, and conclude that thetaglerarning may generate predictability in stock returns
and significantly increase the volatility of stock priceor@do et al.[24] consider that asset mispricing may reflect
investor psychology, and that excess volatility can arigmfswitching of sentiments. They show that excess vdiatili
can be generated by the repeated entry and exit of currentty*bnd ‘bears’ with switches driven by ‘draw-down’
trading rules. Bullard and Duﬂ@S] find that the observedtess volatility of asset returns can be explained by
changes in investors’ expectations against a backgrouretadively small changes in fundamental factors. WohIimuth
and Vitting Andersen[26] consider the competition of diéfet traders acting on different time scales and with défer
information as yet another source of excess volatility. Eegr none of such studies has considered the impact of
switching whereas we suggest that the switching caused hgheis have a profound relationship with the excess
volatility of the stock market prices. In addition we confithe mechanism of switching has a different impact on the
market under different market conditions.

3. The Mode

In the following we will introduce a dynamic trading modeltvia single financial asset in a continuous double
auction market. The market has a given tick sizas well as a transaction cqstn the market. There are four types
of agents: informed traders, uninformed traders, switl@d noise traders. All types of agents have their specific
rules to trade and all the agents are risk neutral. All ageiltentry the market at every time step. Every agent will
decide how many orders he will submit in one time step. Thieted by a Poisson process with given parameter
For example, when a random number generated by the Poissoesgris 2, the agent will submit two orders in this
time step, and for each order he only trades one share stidlle when a random number generated by the Poisson
process is 0, the agent will submit no orders in this time.stefhe order is not executed, the agent will cancel his
previous order when he re-entries to the market. Befordggaating in the market, switchers decide whether they
want to become informed. Switchers then trade after haviadenheir decision. First we validate the model with
respect to the four stylized factors that we mentioned abdleen we use our model to consider the relationship
between switching and the market volatility. Further detabout the elements of the model are as follows:

3.1. Asset Pricing

There is only one asset in the market, and the asset has anfienttd valuev; at a given instant timé¢. The
fundamental value is the expectation value of the preseset asd evolves according to a Poisson prob&gtswith
parametep,

N(t)
Viy1 = Vit + Z 0, (1)

wheres € (-A, A) is selected with equal probability.
The market pricep, is the average trading price at times follow,

_ ZnPhXs
ZnS
3

(2)



pl, means the price of each executed ondet timet, ands, means the order size (one unit, two units, or more) for
each executed ordg¥, at timet. If there is no trading at time p; = pi_1, and the initial market price ig.

3.2. Heterogeneous Traders

There are four types of agents in the market including inftragents, uninformed agents, switchers and the
noise traders. However, the different agents have diftargimions on the prediction of the asset price. The informed
traders know the current fundamental value of the assetttaydpredict the fundamental value as the market price
of the asset. The uninformed agents know the fundamentaéwaith a time lag, and they use Genetic Algorithms
(GA) to predict the market price. The switchers a priori actininformed agents but can switch to an informed agent
if they judge the cost to do so is low enough (for details sdevije If they pay for the information, then they know
the current fundamental value and switch and trade as thengd agents. To the contrary, they use past prices to
predict the current asset price and trade as uninformedsg€he noise agents predict the price as the uninformed
agents, but they can’t learn from past price behavior of theket and their coefficients of the formulae for predicting
the market price are random. Specifically the different &gade accordingly:

1. Informed traders
The informed agents in our model represent fundamentedidets in a real market. This kind of agent knows
the current fundamental valwg and they predict the asset prip; aswv:.

2. Uninformed traders
The uninformed agents in our model represent traders wlaigitee stock price by using their own technology
and information. The uninformed agents viemwith a time lagr, that is, an uninformed agent in the market at
timet just knowsv;_.. The symbolp?'¢ denote the average transaction price over the ptste steps angn,
means the midpoint of the bid-ask quote at the current time.
Uninformed agents predict the asset price using Equdfion 3.

of = a- Vi +b-p?+c - pn
vt a+b+c

: (3)

wherea', b andc' are the coefficients in the range [0,1]. The uninformed agese Genetic Algorithms to
optimize the three coefficients continuously accordindgierharket conditions.

3. Zero-intelligence traders
The zero-intelligence agents represent some blind magkétipants. They also utilize Equatidd 3 to predict
asset price but the coefficients are random.

4. Switchers
The switchers can change their behavior and act either agmeid agents or uninformed agents. Since the
information of knowing the fundamental valugis valuable they decide whether or not to purchase that-infor
mation. They do so by comparing the error made in the last steye predicting the market prige_; usingvi-1
, to the error made predicting-, usingp),_,. If the information cost plus the error forecastipg: usingvi_
is larger than the error forecastimg , using p‘f“fl , the agent will stick to his forecast usirpg, . Otherwise
the agent will buy the information and uggto forecast. To summarize:

e @ Vie+b-pescpm)/@ + b +c) if [pY, ;- Ppreal < V1 preal +C
Ps; = ’ (4)

Vi if 1Py — P-1l = M1 — pr-al + C

Cis the information cost. All the other symbols are the santeqstion[3. If the agent didn’'t buy information

at timet — 1, which means he don’t know_; at timet, then he simply treatp;_; asv;_1, so that he can also
use Equation]4 to make his switching decision. Note that,nthe switcher switches from informed to be
uninformed at time, he will ignorev;_1 and still usev;_, to form his forecast, because no evidence shows that
usingv;_; instead of;_. can obtain more accurafg,.



3.3. Order Submission Rules

Traders’ order submissions are based on rules construm@b@], where traders who submit limit orders
need a liquidity compensation, which is at least able to ctwe transaction cogt. In other words, buy limit order
price can be obtained by subtractipgrom pf; sell limit order price can be obtained by addjm@n pf. The order
submission rules are listed in Table 1.

Table 1: Order submission rules.

Scenario Order

Case 1: There is at least one ask price and one bid price inithiéld order book

pf > ask+ u Market order to buy

ask+u > pf > bid — u& | ask— pf |<| pf—bid |  Limit order to buy withp, = pf — u
ask+u > pf > bid — u& | ask— pf |>| pf —bid | Limit order to sell withp, = pf + u

pf < bid — p Market order to sell

Case 2: There are no bid prices

pf > ask+ u Market order to buy

pf < ask+ u Limit order to buy withp; = pf — u
Case 3: There are no ask prices

pf < bid — u Market order to sell

pf > bid — Limit order to sell withp, = pf + u
Case 4: There are no ask or bid prices

With probability 50% Limit order to buy withp, = pf — u
With probability 50% Limit order to sell withp; = pf + p

askdenotes the best ask pridgd denotes the best bid pricp; denotes limit order price.

3.4. Switching Mechanism

Since the asset price by definition fluctuates around thedineehtal value at all times, the average earnings of
informed agents will be higher than the uninformed ones. éscdbed before, the uninformed agents hope they can
get higher profits by buying the information abeutHowever in order to decide whether an agent will switch dr no
we first need to calculate the cost of informat©n

We solve this problem as follows: We first make some runs ofattiéicial market but without the presence of
switchers. The parameter values of the artificial marketisted in Tabld®2. After each run we define the difference
between the informed agents’ order profits and the uninfdragents’ order profits as the information c@stThe
order profits are defined as

p -V, for selllimit order
Vi — p, for buy limit order
p: —V;, for sell market order
Vi — p;, for buy market order

h= (5)

We run the artificial market for 200 times to design the défere as a distribution .

The simulation result of distribution fa€ is shown in figuré1l. Apparently, it looks like a normal distriion.
Therefore we use normal distribution to fit the distributairC. R? is about 095 and the adjusteR? is 0.9362, so
we can conclude that the distribution is indeed a normatitdigion. The average information cost is 0.36 and has
an extremely small probability to be negative, which is éstesit with the analysis above. The estimated information
cost will be used for following simulations.

3.5. Testing our model

As mentioned in the introduction, empirical research hamébthat switchers indeed buy information and then
follow the recommendations. We have designed a model taitedte behavior. However, whether the model gives
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Figure 2: Plot of the fundamental value and the market pridee black line represents the fundamental value while the bhe refers to the
market price.

a reliable description of real market data should first bedastd. We test the model for the following four factors:

fat tails, autocorrelation, long memory and volatility sfering.
Figure[2 shows a plot of the fundamental value and the maries pver 12000 time steps. Figure 3 shows the

histogram of the returns of market price. From figure 2 we esnthat the market price (blue line) fluctuates closely

around the behavior of the fundamental value (black line).
In Table[3, we show some statistics characteristics of theme of the market price, from which one can see the
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Table 2: Parameter values.
Parameters Values

Vo 20
A 0.01
u 0.04
@ 4
A 1
T 1200

3000

2500

2000

1500

1000

500

—O(.)OZ -0.015 -0.01 -0.005 0 0.005 0.01 0.015 0.02

return

Figure 3: Histogram and of the return of the market price. fEtern of the market price is calculated by each time stepgusie data in Figurel 2.
Leptokurtosis is obvious in this plot.

Table 3: Descriptive statistical property.

Descriptive Statistical Property

Mean -1.94e-06
Median 0.000000
Maximum 0.006246
Minimum -0.006282
Std. Dev. 0.001038
Skewness -0.050051
Kurtosis 6.632679

Jarque-Bera 6602.640
Probability 0.000000

fat-tailed character of the returns quite clearly.

Figure[4 shows as a function of time the logarithmic returdumidamental value, whereas figlide 5 shows the
market price. \olatility clustering is clearly present igdie[®, so volatility clustering is indeed generated by the
agents’ trading just as observed in real markets. In additie use ARCH-LM to test for volatility clustering in our



T I\H | ‘

M

bbbl g

logarithmic return (x10°)

HHIH

F

i

0 2000 4000

6000
period

8000

10000

12000

Figure 4: Example of a time series showing the logarithmiorres of fundamental value. The logarithmic return is befwe0.002 and 0.002 all
the time and there is no volatility clustering. The simuatillustrates a white-noise process.

80

60 F

sof I

20 H d

0.0

logarithmic return (x10°)

[ ] IH“’

0 2000 4000

6000
period

8000

10000

12000

Figure 5: Example of a time series showing the logarithmiigrres of the market price Compare to Figlite 4, the amplitddieeologarithmic return
of market price is larger than the one of fundamental valueamvhile, volatility clustering is obvious in this figure.

agent-based model. The ARCH-LM test equation is as

2 _ 2
g=a+bxeg

(6)

wheree denotes the residuals estimated by AR(1) model. The reatdtshown in Tablgl4, Tablg 5, Taljle 6 and
Table[T. Tabl€l and Tallé 5 shows that there are no ARCH sftd¢he logarithmic return of the fundamental value
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Table 4: ARCH test for fundamental value.
ARCH test for fundamental value

F-statistic 1.262826 Probability 0.261139
Obs*R-squared 1.262904 Probability 0.261102

Table 5: The coefficients of ARCH test equation for fundarakwelue.
Variable Coefficient Std. Eror t-Statistic  Probability

a 2.25e-07  3.80e-09 59.14381 0.000000
b 0.010260 0.009130 1.123755 0.261100

Table 6: ARCH test for market price.
ARCH test for market price

F-statistic 512.8676 Probability 0.000000
Obs*R-squared  0.5771  Probability 0.000000

Table 7: The coefficients of ARCH test equation for marketeri
Variable Coefficient Std. Eror t-Statistic  Probability

a 9.21e-07  2.54e-09 36.20055 0.000000
b 0.202494 0.008941 22.64658 0.000000

while from Tabld 6 and Tab[g 7 we can see that there are ARG sfDf the logarithmic returns of the market price.
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Next, we consider the auto-correlations of the returns eftlarket price. Figuild 6 shows the auto-correlations of
the returns and absolute returns of the market price. Weemnlsarly that there is no auto-correlations in the returns
of the market price (no arbitrage possibility). However, finel that the absolute returns of the market price indeed
show slow decaying auto-correlations. Then we concludettigacharacteristic of the returns is similar to the real
market.

The GARCH model gives a way to test the short-term memory @idharithmic price returns, while the Hurst
exponent can be used to test the long-term memory. We runtifieial market for 5 times to test the Hurst exponent
of the logarithmic price returns of the fundamental value tHre market price. More details are shown in Téble 8. We
find that the Hurst exponents of the returns of the fundanhgatae in the five experiments are about 0.5, while the
Hurst exponents of the returns of the market price in the fygeements are far higher more than 0.5. Therefore we
can conclude that there is no long-term memory in the sefiesgarithmic fundamental value returns, but the series
of logarithmic market returns has long-term memory.

Table 8: Hurst exponent of fundamental value and markeepric
Fundamental Value Market Price

Simulation 1 0.5527 0.8435
Simulation 2 0.5771 0.8774
Simulation 3 0.5309 0.9079
Simulation 4 0.5576 0.8681
Simulation 5 0.5653 0.8003

Table 9: Different percentages of agents.
Informed Traders Uninformed Traders Zero-Intelligencadbrs  Switcher

Simulation 1 12% 30% 58% 0%
Simulation 2 12% 23% 58% 7%
Simulation 3 12% 15% 58% 15%
Simulation 4 12% 8% 58% 22%
Simulation 5 12% 0% 58% 30%

3.6. Computational design

After testing our model, we consider the relationship betvihe switching and the dynamics of the market price.
We design the experiments as follows:

We examine whether there is some relationship between thehémg of strategies of the agents and the market
volatility. To do so we design experiments with differenhéigurations of switchers. Similar to [28], we will fix the
percentages of the informed and zero-intelligence agertte 12% and 58%. In our model the uninformed agents
are divided into switchers and uninformed traders who camswich. We choose 5 different proportions evenly from
0% to 30% as switchers’ percentages, and thus we considéebedit model configurations as described in Table 9.

The idea is now to compare the volatility of the market priceler different structures of agents. For each
configuration mentioned in Tallé 9, we choose 30 randomzag#ins of the market by fixing a random initial seed
for each run of the market. For each random seed, we run thieetnamder different structures of agents. Therefore,
we can ensure to have the same different market conditiodsrutifferent percentages of the switchers. If the
results are different, we can conclude it is due to the difiepercentages and not different random seeds used in the
simulations.

4, Results

Figure[T shows the average order returns of different ageitlisdifferent percentages of switcheys) (corre-
sponding to the 5 configurations of traders reported in T@bl&ach plot illustrates one type of agents and shows
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5 typical market runs as well as the average of in total 30 etatkns. For all kinds of traders, the average returns
are reported before the transaction cost. But for switghthesaverage returns reported in Figlke 7(c) are after the
information cost so that the returns of different kinds affiers can be comparable.
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Figure 7: Returns of Different Types of Agents verguga) Informed Agents, (b) Uninformed Agents, and (c) Swatch Thirty simulations are
used to calculate the returns for each type of agent and fiwalaiions are randomly chosen as shown in the figure. The sandem seed is
used in each simulation for the different types of agents rEturns of the informed traders, Plot (a), show a smallidieg tendency versus.
However, the return of the uninformed traders and switchliat (b) and (c), show a much steeper decline versus themtage of switchers.

We can see that there is almost no change in the informedsigentrn as a function gf except a little decline
(Figure[T(a)). However in the case of uninformed agents éhgrm declines more obviously versps There is no
difference between the returns of informed agents whiler¢terns in the other two types are obviously different
under different structures of agents. Overall, switchens choose to buy information under the condition that the
improved predictive accuracy can compensate informatish 6o that they earn more than uninformed agents.

Figure[8 shows different market volatilities under differgercentages of switchers. One notes that in each
simulation the market volatility is the smallest in the cagout switchers, and we can get the same conclusion when
making the average over 30 simulations. The first generaignenon we have shown is therefore that the market
with switchers fluctuates more than the market with no suemntsg The second one is that the larger the percentage
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Figure 8: Market volatility under different structures gfests. The stock market volatility shows a clear increassugp.

Table 10: Average market volatility under different pertegye of switchers.

percentage of switchers 0% 7% 15% 22% 30%
Average market volatility 0.00043 0.00054 0.00069 0.0007200090

of uninformed agents acting as switchegrsthe larger is the volatility of the market returns, see ibl€&L0. Above
all, we can conclude that the behavior of switchers indeadsbane effect on the market and they are a destabilizing
factor in the market. We can explain such phenomena as felléMe find that the returns of the switchers are less
with larger the percentage of switchers, which means tteit tbhrecasts deviate from the fundamental value more
and become more inaccurate. Therefore the market volasilliigher and they become the destabilizing factor in the
market.

We then consider for a given fixed percentage switchers, how does the market volatility depend on propo
v of switchersactivelybuying information at a given instant of time. Figlide 9 shdhes average market volatilities
as a function ofy. The data is obtained averaging over 30 simulations usinged fiercentage of switchers at 30%.
We got similar results from the other experiments (see T@pleith different fixed values op. We can see that
the volatility (minimum, maximum or normal) declines as fireportion of switchersctivelybuying,y, increases.
Specifically, the market volatility is high when there arlatigely few information buyers at a given instant of time (
below 20%). On the contrary the market volatility is relativlow wheny is above 70%. In general we find that when
most of the switchers buy information at a given time, thekagavolatility is low. Inversely, the market volatility is
high if only a small percentage of agents buy. Therefore welemle that the behavior of switching can affect the
market, and if th@ctiveswitching rate is higher (meaning that more switchers beciofiormed agents), the volatility
of the market will be lower. This is because when more switsleiitch at a given time, the diffusion of information
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Figure 9: Average Volatility under Different Proportiopsy represents the proportion of switchers buying informatiba given instant of time
when the percentageof switchers is fixedd = 30%). The volatility of the market price is a decreasing fiorcof y.

is higher and the market price is close to the fundamentakvarherefore the market is more effective and thereby
more stable.

5. Conclusion

In this paper we have studied the reason why some uninforigectsin an agent based model switch to other
types of agents, and analyzed the influence of switching®@miérket stability. As is shown in Busse etEll[lél], some
investors buy the analysts’ reports and follow their reca@ndations. We have designed a new type of agent based
model where agents decide whether to pay for informatioretmime informed before they make a trading decision.
First we have validated our model and found characterigsigdized facts) which are similar to the price dynamics
observed in real markets. Secondly we have analyzed theid&iof switching on the returns of the agents as well
as on the market volatilities under different conditions.

The first conclusion is that the market volatility is largethiere are switchers in the market. We find that the
market volatility without switchers is smaller than the ketrvolatility with whatever the percentage of switchers.
We therefore deduce that in general the behavior of ageritsteng between two types of trading strategies can
increase the market volatility.

The second conclusion is that we find that the market vdiatdihigher the larger the percentage of switchers in
the market. In addition, we find the returns of uninformedageand switchers decline when there are more switchers,
while there is almost no change concerning the informed tagesturn. So we conclude that switchers’ forecasts
become more inaccurate the higher the percentage of swstahéhe marketp, because their returns decrease with
p. Therefore they become a destabilizing factor in the matketto the inaccurate forecasts. As a result the market
volatility is higher with more switchers in the market.
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The last conclusion is that the market volatility is lowerfdr a fixed percentage of switchers in the market, there
are more switchers paying actively for information in ortieknow the fundamental value at a given time. In other
words, the percentage of switching is negatively corrélatith the current market volatility.

We can explain this by the fact that the more switchers whawhe fundamental value, the more will the market
price be closer to the fundamental value. As a result, th&ebaolatility is lower. Overall, we find that the market
volatility indeed increases with larger percentage of enéts in the market, but the market volatility will decrease
with more switchers actively pay for information to know thumdamental value. Therefore, whether the behavior
of switchers can increase or decrease the market voladidipends on the situation. The market volatility is lower
if the switchers always pay for information to know the fundntal value, while the market volatility is higher if
the switchers always switch between the two types of deatisiaking. However, there are still unresolved issues
concerning switching. We can just conclude that the pugsoirmore earnings according to the past performance
of the strategies is one of the reasons why traders switchreTére also other reasons we haven’t considered in the
article that may cause switches such as herding and so orefohemore research will indeed be needed to confirm
the reason why traders switch between different types asabermaking.
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