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Abstract—Over the past two decades, financial market crises with similar features have occurred in different regions of
the world. Unstable cross-market linkages during financial crises are referred to as financial contagion. We simulate the
transmission of financial crises in the context of a model of market participants adopting various strategies; this allows
testing for financial contagion under alternative scenarios. Using a comprehensive approach, we develop an agent-
based multinational model and identify factors contributing to contagion. Although contagion has been investigated in
the financial literature, it has not yet been studied extensively through computational intelligence techniques. The first
steps in that direction are taken in (Serguieva, Wu 2008; Caporale, Serguieva, Wu 2008; Caporale, Serguieva, Wu 2009;
Liu, Serguieva, Date 2010). We extend these studies and introduce GARCH model and Clayton copula to capture better
markets interdependence and to improve the evolutionary optimization technique. Our model further comprises four
rather than three types of traders: technical, game, herd, and noise, traders respectively. The different types of traders
use different computational strategies to make now three rather than two kinds of decisions : “buy”, “sell”, or ’hold”
decisions. Our simulations shed light on parameter values and characteristics which can be exploited in further research
to detect contagion at an earlier stage, hence recognizing financial crises with the potential to destabilize cross-market

linkages.

1. Introduction

A series of historical financial crises, such as Mexico in 1987, Asia in 1997, and Russia in 1998, all share a
common feature — problems spread from one country to others due to the cross-market linkages. If the
cross-market linkages stay stable then the crises is transferred through interdependence, and the recovery
follows the recovery of the underlying economic reason in the country of origin. When the cross-market
linkages get destabilized due to the crisis, then the crisis starts “feeding on itself” and the recovery of the
underlying economic reason is not sufficient to get control of the crisis. A more comprehensive strategy
with international involvement is required. The second type of crisis exhibits the phenomenon called

‘financial contagion’.

There is no conclusive technical definition of the financial contagion phenomenon described above. Most
research papers identify contagion by analyzing the change in the variance-covariance matrix during the
period of market turmoil. King and Wadhwani (1990) first test the correlations between the US, UK and
Japan, during the US stock market crash in 1987. Boyer (1997) finds significant increases in correlation
during financial crises, and reinforces a technical definition of financial contagion as a correlation

breakdown during the crash period. Forbes and Rigobon (2002) define contagion as “a significant increase



in cross-market linkages after a shock to a group of countries”. In their work, the term “interdependence” is
used as the alternative to “contagion”. Interdependence leads to common price movements during periods

both of stability and turmoil.

In the past two decades, many studies (e.g. Kaminsky, Lizondo, Reinhart 1998; Kaminsky 1999) developed
early warning systems focused on the origins of financial crisis rather than on financial contagion. Other
works (e.g. Forbes, Rigobon 2002; Caporale, Cipollini, Spagnolo 2005) focused on studying contagion
compared to interdependence. Rodriguez (2006) finds the change of tail dependence is a warning sign for
financial contagion. Yang and Bessler (2006) use vector auto-regression analysis to explore the financial
contagion pattern characters. Cipollini and Kapetanios (2009) use principal components analysis to find out
indicators of contagion. In this paper, we model and simulate the transmission of financial crises through
the behavior of market players and their various strategies, using an integrated approach that involves a
mixed-game, a multinational agent-based mode, genetic programming (GP), and Clayton Copula. Our
multinational model is developed to suit analyzing financial contagion; it is composed of four types of
traders - technical, fundamental, herd and noise traders. A technical trader is a trader who makes decisions
based on the technical analysis of price charts. Technical traders analyze price charts to develop theories
about the direction in which the market is likely to move. In an artificial market, technical traders are
usually modelled through GP. Fundamental traders make buy or sell decisions based on companies’
fundamentals such as P/E ratio, etc. In our model, we use game players as a proxy to fundamental traders,
due to the limitation of available data. Game theory is a branch of applied mathematics and economics. The
so-called “minority game”, as a further development of game theory, is especially useful to simulate real
financial markets (Lebaron 2006). Herd traders, as important as technical and fundamental traders when
describing market behavior, are the ones who make decisions following the prevailing behaviour,
regardless of other factors and market fundamentals. Herd behaviour has been identified as a major factor
behind contagion (Cont and Bouchaud 2000). Finally, noise traders are stock traders whose decisions are
irrational and erratic: their presence in financial markets can cause prices and risk levels to diverge from

expected levels even if all other traders are rational (De Long et al 1990)

Building a multinational minority-game or mixed-game model of financial contagion has been considered
in (Serguieva, Wu 2008; Caporale, Serguieva, Wu 2008; Caporale, Serguieva, Wu 2009). In (Liu,
Serguieva, Date 2010), the authors build on these previous studies and extend the number of types of
traders and kinds of trading decisions In this paper particularly, we develop a comprehensive model
comprising four types of traders: technical, herd, game, and noise traders, respectively. Furthermore, we
consider three kinds of decisions: buy, hold and sell, and we also use a different price formation and assets
allocations approach. Finally, we introduce the GARCH model and Clyton-copula approach to better

capture cross market linkages



2 Research Method

Real financial markets are composed of different types of participants who interact through asset trading. A

market player i generally holds two types of assets:

a risky asset, denoted by h, (t)
cash, denoted by c, (t)

The number of technical, game, herd and noise traders is denoted as N;,Ng,N,, N, , respectively. The

notation P(t) stands for the share price at time t. The initial conditions include 10 shares and £10,000 cash
available to each player. At any step in time, a trader buys or sells certain number of assets according to

their own trading rules.

2.1 Price Formation and Assets Allocation

The price formation mechanism that we use in this paper is similar to that in (Martinez-Jaramillo, Tsang
2009) who based their work on price determination proposed in (Cont, Bouchaud 2000; Jefferies, Hart, Hui,

Johnson 2001, Farmer 1998). Thus , the price is calculated here with the following formula:
Price (t) =Price t -1+ D(t)/ o 1)

where ¢ is an important parameter representing the market sensitivity to the order imbalance. D(t) is the

sum of all the individual decisions.

2.2 Single Market Model
2.2.1 Traders

As noted above, in our model, we classify the market players into four categories:

A) Technical traders: Technical analysis is a key feature of our model. This group of traders presents the
richest range of behaviors. Technical traders use GP to develop trading rules, and each individual technical
trader is represented by a different decision tree. The basic elements of such decision trees are rules and
forecast values. A single rule is made up with a combination of three technical indicators, one rational
operator such as “greater than” or “less than or equal to”, and a real value threshold. The three technical
indicators are moving average (MA), trading breakout (TRB), and volatility (VOL). A single rule interacts
with other rules in one decision tree through logical operators such as “or”, “and”, “not” and “if-then-else”,
as shown in Figure 1 presenting an example of a decision tree. The root node is always an “if-then-else”
node (ITE); an ITE node has two children, each of which could be either a decision node or another “if-
then-else” node. The code following Figure 1 shows how the decision rule logic is derived from the

decision tree.



Fig.1. Example of a decision tree

If (MA_ L,,, =) AND (NOT (TRB_ Lo, <b))) Then

Buy
Else

If (VOL_L,q =¢) Then

Sell
Else
Hold
End if
End if

In the above calculations, parameters a, b, ¢, L,, , Ly, and L are set fixed as in Martinez-

Jaramillo and Tsang (2009) because they are the way in which they are used by practitioners of
technical analysis. The Moving Average (MA) indicator is defined as:

~ Price(t) - (£ D 2 Price(t i)

MA(Ly5,t) = 2
(L) LY bPrice(t —i) @

The Trading Breakout (TRB) indicator is defined as:

TRB(Lypg ) = Price(t) — max(Price(t —1), Price(t — Lizg)) 3)

max(Price(t — 1), Price(t — Lzg))
The Volatility (VOL) indicator is defined as:

Vol (L 1) = a(Prin(t—l),~--Price(t— Lo ) @)

LoD etPrice(t—i)




A.1) Co-evolutionary GP setup for technical traders: The basic decision tree for a technical trader is
introduced above and we can now build on this to a co-evolutionary nature following a “red queen”
principle. The “red queen” principle is originally proposed by Leigh Van Valen (1973) as a metaphor of a
co-evolutionary arms race between species. The result is that inevitably, when competing for scarce
resources, one party is going to end up the winner controlling the majority of those resources. In our setting,
the red queen principle is applied in the form of “red queen retraining”, similar to Martinez-Jaramillo and
Tsang (2009). When a trader’s wealth falls below the average wealth, he/she launches a GP mechanism to
evolve the population of rules by retaining half of his/her current population and re-generating the other
half randomly. To implement this, after each trade, each trader re-evaluates his trading rules, increasing
score for each rule that produced the right decision and reducing score for the rule that gave wrong
decisions. During the next trading period, traders make decision following the rule with the highest scores
available to them. Note that when apply mutation and crossover, each rule’s score stay unchanged. To
apply the red queen principle means to reset all scores of a trader’s decision trees. At the same time, retain

half of his current population and re-generate the other half randomly.

B) Game traders: In our model, these play a mixed game, which is to say that fundamental traders are
divided into two groups, one of which plays a minority game and the other plays a majority game. Tanaka-
Yamawaki and Tokuka (2006) propose a minority game, where traders take one of two possible actions:
buy (1) or sell (0). If the minority side is defined to mean the decision made by a minority of traders, those
who end up on the minority side win the game — the price will move in their favour. After each trade is
executed, all the traders know, by the way the price has moved, whether the right choice would have been
to buy or sell. Also in the model, all agents have their own decision table. This approach is similar to the
one applied by Serguieva and Wu (2008). In our model, we add one more choice “hold” (do nothing) to be

more realistic. The buy, hold and sell decision are denoted by 1, 0 and -1, respectively.

TABLE 1
Example of a decision table
Historical ~ Strategy(1)  Strategy(2)  Strategy(3)

string
-1,-1 +1 0
-1,0 +1 +1 0
-1,+1 0 -1 +1
0,-1 0 0 0
0,0 -1 0 -1
0,+1 +1 +1 -1
+1,-1 0 +1 -1
+1,0 -1 +1 -1
+1,+1 0 -1 0




The elements of the Decision table are as follows:
Memory size, m
Number of strategies, k, included in a decision table

Binary description (-1 sell, 0 hold, 1 buy)
Huge pool (K =3%") of possible strategies

Table 1 gives an example of a decision table, with m=2 and k=3. There are K=19,683 possible strategies
for m=2. The decision table of a single agent includes only a few strategies out of these, in our case k=3
strategies. The strategy table becomes a baseline for a trader to make decisions. For example, if the
historical string is “-1-1”, which means the winning decision that happened in the past two trade days,
would have been “sell”, then strategy one recommends to choose 1 in the current period, which means
“buy”. But strategy two recommends to hold choosing 0. To select a strategy and update strategy scores
after each trade, traders re-evaluate all strategies thus evolving decision tables; They increase the score for
each strategy that produced the winning decision and reduce the score for the strategies that gave wrong
decisions. During the next trading period, traders make decision following the strategy with the highest
scores available to them. Importantly, all the traders have their own decision tables, and each trader works
with different k strategies out of the large strategy pool K. The example in Table 1 presents one particular

trader. The score w, for each strategy is calculated as follows:

W o =W 1+ &
1 right dicision (5)

a, =

—1 wrong decision

where ¢, is the decision made in time point t.

C) Herd traders: These follow the trend of price movements, and the probability of a ‘hold’ transaction at
time t is denoted with pgt™ and calculated as follows:

Herd iy _ 1 6
Por (1) —1+(d|§t,1|) (6)

where parameter d controls the sensitivity to price change. The probability of a “buy” decision is

correspondingly:

exp(giy)

P == Po™ (O (2 )

Y]

Here, £, is the overall price change at time t. Correspondingly, the probability of a “sell” decision is:

P (i) =1- pe¥™ () - pie™ (i) ®)



D) Noise traders: These make decisions to buy, sell or do nothing with different probabilities. These

probabilities are predefined and remain constant during the whole process of simulation.

2.3 Multinational Market Model

We consider a two-nation market for notational and computational simplicity. The results can be

generalized to involve more than two countries.

A) Technical traders in a multinational market model: The process by which the technical traders choose
the market in which to trade is similar to that followed by game players, (see section B below). All

technical players also co-evolve their decision trees.

B) Game players in a multinational market model: In order to simulate the linkage between two markets,
the mixed-game-based players are allowed to make investment decisions based on information from both

domestic and foreign markets, while investing in the domestic market (Caporale, Serguieva, Wu 2009). We

again consider a domestic market A and a foreign market B. An agent i (i=1,---N*) operating in market A

DOM , A
R

has a probability ( (i)) of choosing an action at time t based on the domestic market:

poov agy_____SOWA D) o)
exp(2"w, (i) + exp(~2"w (1)

where A* is a scale factor. Agents will take actions based on either the domestic or the foreign market.

Thus the probability P *(i) of an agent in market A choosing an action based on the foreign market is:

exp(2*w," (i))
exp(A"w, " (i) + exp(=A"w,* (i)

PFOA ) =1- B2 A () =1- (10)

contributing to the linkages between the two markets. Parameter w,” (i) is updated after each period. If a

decision based on the foreign market history loses the game, then w,* (i) = w,", (i) +1. If the action based on
the foreign market history wins the game, and the decision based on the domestic market history loses, then
wAG) =w A (i)-1- Therefore, if the decisions based on the domestic and foreign markets are different,

th(i) is updated (Caporale , Serguieva, Wu 2009). By analogy, the probabilities and parameter update

can be evaluated for the case when an agent i (i =1,---N®) operates in market B, and therefore market B is
his/her domestic market. Once a trader chooses a market to make a decision, for example, market B, he/she
then makes the decision using the historical price of market B, and the decision table for market B. After

the trade, he/she updates the score for each strategy in decision table B.



TABLE 2
A decision table used for markets A and B

Historical A A A 6 B 8
string Sl SZ S3 Sl Sz Sa
-1,-1 0 -1 0 0 -1 1
-1, 0 1 1 0 1 1 0
-1,+1 0 -1 1 1 -1 1

0,-1 0 0 0 0 0 0
0,0 -1 0 1001 0o -1
0,+1 1 1 1001 1 A
+1,-1 0 1 -1 0 1 -1
+1, 0 -1 1 -1 1 1 -1
+1,+1 0 -1 0 0o -1 o0

C) Herd traders in a multinational market model: In the multinational market model, herd traders
summarize the latest price changes in all markets, and have a tendency to follow the overall market trend
(price change) £ . For example, in the case of two markets, market A and market B, the probability

Pl;'e“’ "A(i) at time t of herd traders in market A to make a buy (1) decision is given as follows:

PHerd ,A(i) _ exp(gtfl)
1t =
exp(¢. ) + exp(—¢.4)
B Price M _ price Ma%e! (D
¢ A _ Z ( t-1 t-2 )TA
i Market=A Pricetylzarket

Herd traders with high sensitivity, z , have a high probability of following the overall price change ¢ . The
probability to make a sell decision (-1) is P5™ *(i)=1-P/*“ (i) if we only consider buy and sell

decisions (Caporale et al. 2009). However, in order to add one more strategy “hold”, we have further

introduced into the above formula, the probability of a hold strategy calculated as follows:

Herd , A 3\ _ 1
Pot (I)_—1+ D (12)

where parameter d controls the sensitivity to price change. The probability of a “buy” decision is revised as:

Herd A /iy _ (1 pHerd, A exp(¢.)
A0SR0 oA e g )

Correspondingly, the probability of a “sell” decision becomes:



P A =1 por™ () - pir™ A () (14)

D) Noise traders in a multinational market model: Within a single market, noise traders make decisions to
buy, sell or do nothing with different probabilities p®, p*, and p", respectively. The probabilities are

predefined and remain constant during the whole process of simulation. These settings remain generally the

same in the multinational market model; however, we now have noise traders associated with each of the

markets. For example, p)@*:*, pNo= A pNoi®.A gre the probabilities for noise traders’ decisions in market
A. For market B, the corresponding probabilities are p)<'®, plo=:8 —ploi=.8,

E) An integrated Mixed Game and GP based multinational artificial stock market (IMgGpM)

Fig.2. Multinational agent-based model

In the multinational market, as pictured in Figure 2, each type of player makes decisions based on the
information from all markets. For example, in market A, during each trade, after decisions are made, a new
market price is calculated with the price formation formula. The price information of both markets, A and B,
becomes public information and each player re-evaluates their strategies. If a decision made based on
market B, a foreign market, is more accurate than that based on market A, the domestic market, the player
will have a higher probability of choosing information from market B to make a decision in the next trading
period. The same rules apply to players in market B. The above procedure is a further development of
(Caporale, Serguieva, Wu 2008; Caporale, Serguieva, Wu 2009).



2.4. GARCH Model and Clayton-Copula for Return Simulation
2.4.1 Copula Functions

Interdependence is a key measure of how two markets are co-related to each other. In our agent-based
model, interdependence is used as a criterion for the fitness function which contains a group of parameters
to be optimized. For random variables which are normally distributed, linear correlation completely
characterizes interdependence. However, the linear correlation coefficient is far less meaningful for non-
normal distributions. Unfortunately, researchers find the data in the area of financial markets does not
follow a normal distribution. Given this limitation of the linear correlation coefficient, the use of copula
function has become popular in the area of financial mathematics. Given two random variables X ,Y, with
continuous univariate distributions F, F, , suppose that a continuous joint distribution H(x,y) also exists.
Then there exists a unique function, called a copula, which maps the pair (F,, Fy) into H(x,y). Crucially,
this function can be parameterized independently from the underlying univariate distributions. Different
choices of copula functions focus on different aspects of interdependence. The reader is referred to Nelsen

(1999) and Cherubini (2004) for more detail on copula functions.

In this paper, we use the Clayton copula to model the interdependence of two markets. Let us define

Clayton copula as:
Y(x)=x%-1;80 <0; H(x,y) = (F(x)"8 + G(y)"8 — 1)/¢ (15)

Where F(x) and G(y) are the distribution functions of variable x and y. @ is the parameter of the Clayton
copula family, and ¥ (x) is the generator function. For & = 0 in the Clayton copula, the random variables
are statistically independent. The generator function approach can be extended to create multivariate

copulas, by simply including more additive terms.

Let (X1, Y1), (X2, ¥2)... (Xn, Yn) be a set of joint observations from two random variables X and Y respectively.
Any pair of observations (x;, y;) and (x;, y;) are said to be concordant if (x;- X;) (vi-Y;) > 0; otherwise they
are said to be discordant, (Nelsen, 2001) . The Kendall’s coefficient $ is defined as:

g) __ (number of concordant pairs)—(number of discordant pairs) (16)
- %n(n—l)

2.4.2. GARCH (1, 1) Model

A large number of references (e.g. Engel 1982) reveal that Generalized Auto-Regressive Conditional
Heteroskedasticity (GARCH) could successfully model market dynamics and volatility. In this paper, we
choose GARCH (1, 1) to model both the domestic and foreign market return data series, which are later

used as input to calculate the copula. Now, consider a GARCH (1, 1) model:

rn=u+a , (17.2)
a, =0, *¢g ,& ~ N(0,1) , (17.2)
of = ay+aaf_y + oy , (17.3)

10
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where 1, is the return series, u is the mean value of r;, a, is the volatility of r;, ¢, is standard normal
distribution, and «,, a,, B are parameters needed to be estimated. As the returns are conditionally normal,

one can use maximum likelihood method to find the parameters.

2.4.3 Tail Dependence Coefficient

Tail dependence describes the limiting proportion that one margin exceeds a certain threshold given that the
other margin has already exceeded that threshold. Let X and Y be continuous random variables with
distribution functions F and G, respectively. The upper tail dependence parameter A is the limit (if it exists)
of the conditional probability that Y is greater than the 100t-th percentile of G given that X is greater than
the 100t-th percentile of F as t approaches 1, i.e.

Ay = lim- P[Y > G7L(0) | X > F1(8)] (18)

Similarly, the lower tail dependence parameter 1, is the limit (if it exists) of the conditional probability that
Y is less than or equal to the 100t-th percentile of G given that X is less than or equal to the 100t-th

percentile of F as t approaches 0, i.e.

Ay = lime,o- P[Y < G71(t) | X < F7(¢)] (19)

2.5 Parameter Estimation
2.5.1 Parameters for GARCH-Copula Model

After we transform the return series data into the uniform distribution with the following formula:

P(Rpyy S 1pyq) = P(Reyy = STy — 1) = P(Apy1 S T — 1)

=P(Ops1 * €41 S Tewn — 1= P(Jag + aya? + Bof &,y < Tppq — 1)

=P(g,, < ] L )=N (—2E ) : (20)

ag+aia+pof \/ao+a1a?+ﬁat2

where R;,; is the probability distribution of the asset’s return in time t+1, and we then estimate the

Clayton copula’s parameters.

According to (Nelsen1999), the relationship between Kendal’s tau ($)and theta(8) is :

=22 (21)

1
and 0 is the parameter we need to calculate. The tail dependence coefficient of Clayton copula is 279
(Nelsen1999).

2.5.2 Parameter Estimation

The objective of our model is to simulate the contagion effect present during the South Asian crisis of 1997.

To achieve this purpose, we consider the following requirements established in Gou (2006).
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A) The memory size of both types of game players must be larger than two, and the memory size of
majority game players should be less than that of minority players, while the time window for majority
game players cannot be larger than that for minority players.

B) The plots of return distributions should look similar.

C) The median of the local volatilities of simulation results should be similar to the target real market.

D) Co-movements with the market from which the crisis originated should look similar.

Following these constraints, first the general parameters for market participants are determined. They are

technical, game, herd, and noise traders, and their number is denoted as N;,N,N,, N, respectively.

Besides these we need values for the remaining parameters to be able to simulate heterogeneous markets.
The additional parameters include o in formula (1), sensitivity factor z in formula (11), memory size m,
number of strategies k included in a decision table for game players, and time period T for technical players.
Empirical studies of price fluctuation for various financial assets have shown that stock return deviate from

the Gaussian distribution and are characterized with fat tails. Inappropriate proportions of N; ,Ng,Ny,Ny

may lead to results which make no sense. For example, owing to the different indices and trading volumes
in each market, we should model a proper scale factor 4 to ensure that the median of local volatilities is
similar to that of the real target market. Furthermore, according to the definition given by Forbes and
Rigobon (2002), financial contagion occurs when the correlation between the original market and the
affected market increases significantly between a period of relative stability and a period of crisis. Taking
the Asian financial crisis of 1997 as an example, the first period corresponds to the pre-crisis phrase, and
the second period corresponds to the crisis phase. The correlation during the pre-crisis phase between
Thailand and South Korea is -0.64, while during the crisis phase it becomes 0.92, (see Table 3). This
confirms the expectation of a significant increase in the co-movement of markets. Therefore, we have to

identify a proper sensitivity parameter 7 in formula (11).

In order to measure the performances of parameter configurations, we compare the Clayton copula
generated by the artificial financial market with the real Clayton copula of the target market. We repeat the
simulation for the same parameter configuration several times and the mean value of those repeated
simulations is regarded as the final fitness value of the corresponding parameter configuration. The number
of times a single parameter configuration is used in simulation is denoted by ¢ , the parameter of the
Clayton copula of the real target market B and the original market A at time t is denoted by §,°"%, and the
Clayton copula parameter of the ith time repetitive simulation is denoted by 6548 (i), i= 1,..... ¢. Thus
the fitness function for the individual parameter configuration to be minimized is given by

l»éREL,AB_GSIM,AB
t t

FS™MB) = 78 ¥ ( Oy (22)

et
3 Simulations and Analysis

We apply an evolutionary optimization technique for our model and simulate the Asian fcrisis of 1997.
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Fig 3: Indices of Thailand’s and South Korea’s stock Fig.4: Distribution of Thailand’s real market index,
market, from 25/02/1997 to 31/12/1997. from 25/02/1997 to 31/12/1997

The crisis originated in Thailand, and affected almost all the financial markets in Asia, including Hong
Kong, Malaysia, and South Korea. We simulate the index of South Korea to target the real market over 222
trading days, from 25/02/1997 to 31/12/1997 in relation to the movement of the Thailand stock market.
This time period is divided into two parts: the first 111 days constitute the pre-crisis phase, and the last 111
days correspond to the crisis phase. The real market and simulated values for South Korea are set out in

Table 3, and the parameters for simulating this target market are shown in Table 4.

TABLE 3: Result for South Korea

Target Value Real Simulated
Kurtosis of daily return distribution  3.08 8.38
Volatility 63.7 54.1
Correlation coefficient in pre-crisis -0.64 -0.74
Correlation coefficient in crisis 0.92 0.97

Tail dependence coefficient before 0.4557 0.1111
Tail dependence coefficient during 0.6655 0.8055

TABLE 4: Symbols and parameters for South Korea

Symbol Represents Parameter
N Total number of players 180
Nr Technical traders 30
Ng Game traders 60
Ny Herding traders 80
NN Noise traders 10
K1 Majority game strategies 30
K2 Minority game strategies 60
T Time period for technical traders 5
M1 Memory size of minority game players 10
M2 Memory size of majority game players 20

T sensitivity factor for herding traders 30
o Scale factor used calculate price 4

13



Next, Figures 5 and 6 present the South Korea simulation of daily returns and the median of local volatility
from 25/02/1997 to 31/12/1997, or 222 trading days.

Stable Phase Crisis Phase

g
Iy

20 L . " :
0 50 100 150 20
Time 2502/1997- 31/12/1997)

Fig. 5: A comparison of the simulated and real market indices of South Korea and the real index of Thailand

The correlation coefficient of the simulated South Korea series and Thailand’s actual series is -0.74 in the
pre-crisis phase and rises to 0.97 during the crisis phase. After the crisis happened, the lower tail
dependence increased from 0.1111 to 0.8055, which means big losses in extreme cases become closely
related. During the pre-crisis phase, Thailand suffers an initial tumble and then returns to normal levels.
South Korea does not follow it, showing that it has not been affected at this point. In our model, both the
real and simulated correlation coefficients of the two markets in the pre-crisis phase are relatively stable.
Furthermore our model successfully picks up the increase in the correlation coefficient during the crisis
period. The simulated index of both the stable phase and crisis phase match the real data very well.

: = ﬁ@ = ====
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3K sin daily return distribution of S
Curve: — Norual (h=-0. 182 Signe=1.9768) Curve: — Norma | (Hu=-0.414 Signe=2.2709)

Fig.6: South Korea’s market index - real (left graph) and simulated (right graph).

14



The predicting ability of this model is also fairly strong. As we move the time window forward for 37

trading days, the real tail dependence, increased from 0.4557 to 0.4728, which means the contagion was

1
happening. The tail dependence 276 is calculated through the coefficient of the Clayton copula & from
fotmulas (21) and (16). Our model further shows an increase from 0.1111 to 0.2055 in the simulated data,

which means we can predict the contagion to some extent.

4. Conclusions

In this paper we develop an agent-based financial market model comprising four types of traders - technical,
game, herd and noise traders — who make buy, hold and sell decisions, based on different characterising
strategies. The developed model also represents multiple markets rather than a single market, in order to
simulate how financial contagion happens and observe the evolution of interactions between markets.
Using real data for Thailand, where the Asian crisis of 1997 originated, and simulating the movements of
the affected market of South Korea, we observe a significant increase in the correlation between markets
during the crisis phase, as compared to the pre-crisis phase. Thus the model is capable of successfully
simulating that important characteristic of contagion. Several features of our model contribute to that
capability. First, the model involves agents with different type of behaviour and different strategies even
with the same type of behaviour, which provides for a richer, complex, and more realistic simulated system.
Second, the strategies incorporate information from multiple rather than a single market, thus the simulated
market links emerged through the underlying behaviours of agents. Third, instead of following previous
studies and using a linear measure of how markets are co-related with each other, we introduce the non-
linear Clayton copula function to measure non-linear interdependence between non-normally distributed
financial data. That measure captures more realistic cross-market links, and it is used in the fitness function
when optimizing our model parameters. Finally, we have made initial steps towards investigating the
predictive ability of the model through moving the time window and measuring and comparing tail

dependence.

Future research will further allow agents to change between the four types of trading behaviour temporarily,
thus better reflecting the reality that during a crisis period more people tend to follow trends rather than
remain rational. An underlying psychology analysis can also be incorporated into the modelled behavioural
types. Additionally, the mixed game can be extended into an evolutionary game to shed further light on the
game-traders behaviour. Finally, the Clayton copular could be replaced by the Gumbel-Clayton Copula

which is good in capturing both upper tail and lower tail dependences.
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