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Abstract

In this study, we proposed a new approach to foreign exchange market

studies, an artificial market approach. The artificial market approach inte-

grated fieldwork studies and multiagent models in order to explain the micro

and macro relation in markets.

The artificial market approach has the three steps:

First, in order to investigate the learning patterns of actual dealers, we

carried out both interviews and questionnaires. These field data made it

clear that each dealer improved his or her prediction method by replacing (a

part of) his or her opinions about factors with other dealers’ opinion which

can forecast more accurately.

Second, we constructed a multiagent model of a foreign exchange market.

Considering the result of the analysis of the field data, the interaction of

agents’ learning is described with genetic algorithms in our model.

Finally, the emergent phenomena at the market level were analyzed on

the basis of the simulation results of the model. The results showed that rate

bubbles were caused by the interaction between the agents’ forecasts and the

relationship of demand and supply. The other emergent phenomena were

explained by the concept of the phase transition of forecast variety. The filed

data also supported this simulation results.

This approach therefore integrates the fieldwork and the multiagent mod-

el, and provides quantitative explanation of the micro-macro relation in mar-

kets.
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Chapter 1

Introduction

In May 1995 the yen-dollar exchange rate dropped dramatically and broke

the level of 80 yen for the first time. In May 1997 the yen-dollar rate reversed

to 126 yen. During the only two years the yen-dollar rate increased over 50%.

Exchange rates sometimes show such unexpectable moves. Some dealers and

analysts say, “Only markets know.”

Recently the large economical changes have called our attention to the

psychological or behavioral features in economic phenomena. One typical

example is the above mentioned large fluctuation of exchange rates. A large

fluctuation (a rate bubble) is said to be mainly caused by bandwagon expec-

tations1 [68]. This fact shows that an exchange market has some features

of multiagent systems. Autonomous Agents, each dealer makes a decision

based on his own trading rules and information. Interaction, each dealer

learns market situation interacting with each other. Emergence, there are e-

1The word “bandwagon” here means that many people join others in doing something
fashionable or likely to be successful. That is, many agents (or participants) in a market
ride along with the recent trend.
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mergent phenomena such as rate bubbles at the upper (market) level, which

are not directly designed at the lower (agent) level.

These multiagent features are related to the micro-macro problem in eco-

nomics. Because agents in economic systems interact with each other, there

are complex relations between the micro behavior of agents and the macro

behavior of whole systems. In complex economic systems, agents should be

adaptive to the change of whole systems: they must always change their own

mental models of economic systems in order to improve their prediction.

Surprisingly, Keynes already stressed the interaction of prediction in a

market in his famous description of investment [77].

Professional investment may be linked to those newspaper

competitions in which the competitors have to pick up the six

prettiest from a hundred photographs, the prize being awarded

to the competitor whose choice most nearly corresponds to the

average preferences of competitors as a whole; so that each com-

petitor has to pick not those faces which he himself finds prettiest,

but those which he thinks likeliest to catch the fancy of the other

competitors, all of whom are looking at the problem from the

same point of view.

However most conventional economic theories of exchange markets ignore

the multiagent features by assuming a Rational Expectations Hypothesis

(REH). REH assumes that all agents are homogeneous and forbids essential

differences of agents’ forecasts. Namely REH permits only non systematic d-

ifferences (noises) which distribute in the normal distribution. By this strong

assumption, REH avoids describing agents’ adaptive behavior. Recently, this

avoidance has been criticized and the multiagent features have been said to

10



be very important for analysis of emergent phenomena in markets. There-

fore, alternative approaches apart from REH which describe agents’ adaptive

behavior, are said to be necessary.

Several alternative approaches are proposed. Among them, there is a

multiagent approach [4, 36, 64, 86, 98, 104]. Previous studies based on this

approach, make market models with artificial adaptive agents and conduct

computer simulations. Then they analyze the evolution of models and use

the results of the analysis to understand the actual markets.

There are, however, two problems in the previous multiagent models.

First, they do not incorporate mental models of dealers. Hence they do not

reflect the results of fieldwork studies about the perception and prediction

process of dealers. Second, the previous studies do not uses actual data

series about economic fundamentals and political news. They can, therefore,

investigate the actual rate dynamics only qualitatively not quantitatively.

The purpose of the present study is to propose a new approach of foreign

exchange market studies, an artificial market approach. The artificial market

approach integrates fieldwork and multiagent models in order to provide

quantitative explanation of the micro and macro relation in markets.

In this approach, first, some hypotheses at the agent level are proposed

on the basis of field data about dealers’ learning and interaction in the real

markets. From the field data, we found the similarities between population

dynamics in biology and dynamics of dealers’ opinions in markets. We thus

propose hypotheses of agents’ learning patterns, based on the analogies with

population dynamics in biology.

Second, a multiagent model is constructed based on the hypotheses about

mental models of dealers. The model would be more realistic than the tra-
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ditional economic models. In our present study, the multiagent model uses

genetic algorithm in order to describe population dynamics of agents’ opin-

ions. This model is named A GEnetic-algorithmic Double Auction market

SImulation in TOkyo Foreign exchange market (AGEDASI TOF2)

Finally, emergent phenomena at the market level are analyzed using the

simulation results of the model in order to evaluate the model. The emergen-

t phenomena which were analyzed in this study are rate bubbles, contrary

opinions, rate change distribution apart from normality, and negative corre-

lation between trading amounts and rate fluctuation. These can be explained

using the idea, phase transition of forecast variety.

The plan of this study is as follows. In chapter 2, we briefly review the

theoretical backgrounds of exchange market studies from the viewpoint of

the micro-macro problems. In chapter 3, we show framework of the artificial

market approach. The detailed description of the artificial market approach

is shown in chapter 4, chapter 5, and chapter 6. In chapter 4, we analyze our

interview and questionnaires with dealers in Tokyo foreign exchange market

in order to investigate the features of agent behavior. From this observation

at the micro level, we propose some hypotheses about dealers’ behavior. In

chapter 5, we propose a new multiagent model of the market using genetic

algorithms (GAs). In chapter 6, we conduct simulations using our model to

analyze the emergent phenomena of the real market, in order to evaluate our

model. In chapter 7, several points about the artificial market approach are

discussed. In chapter 8, this paper is concluded.

2AGEDASI TOF is a name of a Japanese dish, fried tofu. It is very delicious.
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Chapter 2

Theoretical Background

2.1 Overview

The relation between “micro” and “macro” is one of the most complicated

but important topics in contemporary economic theory1. Assumptions of

economic agents’ rationality, which is frequently adopted in economics, allow

economic theories to avoid to throughly investigate how the economic phe-

nomena at the macro level emerge from the economic agents’ behavior at the

micro level. This is true in case of foreign exchange market studies.

The main purpose of foreign exchange market studies is to figure out the

relation between inputs and outputs of the market. The output of the market

is the foreign exchange rate such as yen-dollar rate. The inputs are various

information relevant to the rate dynamics. For example, economic indices

such as money supply, interest rates, trade balance, and price indices.

Conventional studies of the foreign exchange markets are divided into two

1Of course, it is important also in other fields.

13



types: macro level studies and micro level studies (Fig. 2.1).

Macro level studies Micro level studies

Market

Inputs Outputs
Perception Prediction Strategy Making

A dealer

Econometrical models Game theorem, Experimenral markets
Survey, Cognitive science

Rational expectation hypotheses
Equilibrium

Integration of Micro and Macro

Multiagent Models

Dealer 1

Dealer 2

Dealer N

Market

Trading

outputinput

Figure 2.1: Overview of exchange market studies.

The macro level studies such as many econometric models and time series

models, deal with only macro variables (inputs and outputs of the market

system). They don’t explain the internal mechanism of the market in their

reduced form models. Recently many scholars criticize both theoretically

and empirically such ignorance of the interaction and leaning of market par-

ticipants.

The micro level studies such as game theoretic models and survey studies,

treat information processing and/or decision making process of each partic-

ipant. However, these studies neither propose nor describe efficient linkage
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between behavior pattern at the micro level and input-output relation at the

macro level.

A new approach, multiagent models, appears in these years. This ap-

proach is inspired from artificial life studies and tries to integrate the micro

and macro levels. However previous multiagent models of markets have some

problems for analysis of the real markets.

This chapter is planed as follows. First, we explain the models of macro

level studies and point out their problems in section 2.2. Second, we overview

the micro level models and theories in section 2.3. Finally, we introduce the

new approach, multiagent models, and explain their problems in section 2.4.

2.2 Macro Level Studies

The macro level studies deal with only macro variables, inputs and output-

s of the market system (fig. 2.2). Many econometrical models of markets

are contained by them. Their main purpose is to capture relevant input-

s and to find optimal coefficients of the inputs. Namely they assume the

existence of the one static correct relation between the inputs and outputs.

Although they seek the correct relation, they explicitly describe neither why

the relation exists, how it establishes, nor whether it changes in the course

of time. They don’t explicitly explain the internal mechanism of the market,

such as interaction of agents and learning mechanism, in their reduced form

models. Especially, they neglect interaction and learning of market partici-

pants because of the two assumptions: equilibrium and rational expectation

hypotheses (REH). We explain these assumptions in section 2.2.1 and 2.2.2

respectably.
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Macro level studies

Market

Inputs Outputs

Econometrical models

Rational expectation hypotheses
Equilibrium

Figure 2.2: Framework of macro studies

2.2.1 Equilibrium

Each agent in foreign exchange markets can submit his desirable rates(order

rates) and quantities(order quantities) to buy or sell currencies. Offers to

buy are called bids and offers to sell asks. If bids or asks are accepted by

other agents, exchange is executed. One important feature of the foreign

exchange markets is that both buyers and suppliers can propose their order

rates. Such markets are called double auction markets [50].

Ordinally in markets, as a price is higher, quantity of demand decreases

and quantity of supply increases (Fig. 2.3). Therefore, there is at least one

point where the demand curve and the supply curve cross. A price of this

point is called an equilibrium price and a quantity of this point is called an

equilibrium quantity.

For sellers, a buyer with a higher price is a “better” buyer. Conversely

for buyers, a seller with a lower price is a “better” seller. Hence, exchanges

execute between buyers with higher prices and sellers with lower prices than

an equilibrium price.

The concept “equilibrium” can be applied to foreign exchange markets.

In this study, it is assumed that rates of foreign exchange markets are decided

16



Price
(Rate)

Quantity

Demmand Supply

S D

No tradeTrade

Equilibrium
   Price
  (Rate)

Equilibrium quantity

Figure 2.3: equilibrium of the market

to the equilibrium rates.

2.2.2 Rational Expectations Hypothesis (REH)

Assumptions

Rational expectations hypothesis(REH), a prevailing method of economic

theories, makes strong assumptions on the above general framework:

Assumption 1: In the Perception step, all agents are the same. That is, all

agents have complete information.

Assumption 2: In the Prediction step, all agents are the same. That is, all

agents have the same model of the economic system.

Assumption 3: In the Strategy Making step, all agents are the same. That

is, all agents select their optimal behavior maximizing their utilities.

Assumption 4: All agents know that all agents are the same in the above

three steps. Moreover, all agents know that all agents know it.

17



Based on these assumptions, expectations of all agents are fundamentally2

the same. Therefore, REH can avoid describing agents’ adaptive behavior.

The REH approach of modeling a foreign exchange market is illustrated

as follows.

Based on several economic conditions, REH models assumed that an ex-

change rate is determined by reduced-form equation:

St = xt + bEt[St+1] (2.1)

,where St is the logarithm of the exchange rate and xt the exogenous vari-

ables (also called fundamental variables ) that are related to the rate change.

Et[St+1] is the expectation that the “average” agent holds at period t about

next period’s exchange rate.

It should be noted that kinds of the exchange variables depends on what

economic structure is considered. For examples, in the monetary model of

the exchange rate, xt include the supply of money, the price level, and the

interest rate: the portfolio balance model adds the value of bonds to the

above exogenous variables.

The assumptions of REH has the following implication. The expectations

of all agents are essentially identical to the “average” agent’s expectation, i.e.

“tend to be distributed, for the same information set, about the prediction

of the theory” [94]. Thus, agents’ expectations which hold at period t about

period t+k’s rate, are deduced from the following rule:

Et[St+k] = Et[xt+k] + bEt[St+k+1] (2.2)

2If any differences exist, they are caused by only random factors [94].
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This equation can be seen as a difference equation of the first order. The

solution can be written in the following form:

Et[St+k] =
∞∑
i=0

biEt[xt+k+i] + Ct

(
1

b

)k

(2.3)

,where Ct is an arbitrary constant satisfying:

Ct =
(
1

b

)
Ct−1. (2.4)

By substituting the equation (2.3) into the equation (2.1), the following so-

lution of St is obtained:

St =
∞∑
i=0

biEt[xt+i] + Ct. (2.5)

The second term of this solution has been called a rational speculation bubble3 .

The solution implies that the exchange rate is equal to the present value

of the whole expected future path of the exogenous variables xt+i.

Problems

There are some problems in REH. Some problems are theoretical: these

problems take place because REH assumes that expectations of all agents

essentially identical. The other problems relate to REH’s empirical verifica-

tion.

Theoretical problems REH assumes that expectations of all agents es-

sentially identical. Hence, the REH models face with following theoretical

3Ct is used to be set to zero in the REH literature.
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problems.

1. It is difficult that all the above assumptions are satisfied in actual

economy because the assumptions are too strong and unrealistic.

2. REH models produce an infinite number of paths. But it is undecided

which path will take place actually.

3. REH models can’t explain various emergent properties, as below, which

are observed in the real markets.

Rate Bubbles Rate bubbles4 and collapses are not explained from

micro level: the rational speculative bubble Ct is an “arbitrary”

constant, which is introduced ad hoc without micro level explana-

tion.

Departure from normality Many statistical studies reveal that the

distribution of rate changes is different from normal distribution

[10,18,102,103]. That is, exchange rate changes have peaked, long

tailed (i.e. leptokurtsis) distributions. REH however needs that

the distribution of rate changes is normal distribution.

Auto Correlation Many statistical studies also reveal that exchange

rate changes are not necessarily independent, identically distribut-

ed (iid) [10, 81, 82]. Especially, there is indeed evidence of auto-

correlation of rate changes and rate variance. REH however needs

that rate changes are iid.

4Many econometric studies define bubbles as departure from the level which is deter-
minated by the economic fundamentals. We however define bubbles as sudden large rises
or falls of the rate, stops of such boosts, and sudden returns to the original level.
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Large Trading Volume If the REH assumptions are satisfied, there

are few opportunities to earn profits by speculation. Hence, trad-

ing volume is always small. However, the real market has larger

trading volume than REH expected [117].

Negative Correlation between trading volume and rate fluctuation

There is negative correlation between trading volume and rate

fluctuation [115,116]. Namely, when the rate fluctuates more, the

volume is smaller. When the rate moves flat, the volume is larger.

REH models can’t explain such negative correlation.

Contrary Opinions Phenomenon Many dealers and their books say,

“ If almost all dealers have the same opinion, the contrary opinion

will win.” [59, 115,116] In fact, survey data sometimes show that

convergence of the dealers’ forecasts leads to an unexpected result

of the rate move. REH models can’t explain such a phenomenon.

Empirical problems Recent empirical tests have revealed that REH mod-

els do not coincide with actual data.

1. Most exchange rate movements appear to occur in the absence of ob-

servable change of fundamental variables [83]. In other words, there

is cause of the rate change unrelated to the change of fundamental

variables.

2. REH implies that there is a long-run equilibrium relationship between

the rate and the fundamental variables [1, 11, 18]. The cointegration

tests can be used to verify that kind of equilibrium relationship. Al-

l of the results of cointegration tests reject the null hypothesis of a
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long-run equilibrium relationship between the rate and the fundamen-

tal variables.

3. There are studies on the expectation formation of actual agents, based

on survey data [47,51,68,71,113]. In short, the result of these studies is

that expectations over short horizons are not consistent with that over

long horizons: the expectations over short horizons tend to incorpo-

rate band wagon effects5 and that over long horizon display regression6

property.

4. Many studies test REH models’ validity by determining how well they

perform out-of-sample, compared with alternative models such as the

random walk [89, 92]. The principal result is that REH models fail to

outperform the random walk model.

Departure from REH

REH models face with many problems both theoretically and empirically.

When we abandon the assumptions of REH, we must take another approach.

To find another approach, we will get back to consider actual economy. In

actual economy, each agent predicts future movement of an economic system

and behaves according to his own prediction. So to speak, he is an “econome-

trician”. Then, aggregated behavior of agents moves whole economic system.

In accordance to this movement of the economic system, each agent changes

his way of prediction. We call this change of the way of prediction learning.

5It is called as a bandwagon effect that agents expect that the most recent trend is
extrapolated.

6It is called as regressive property that agents expect that large deviation is corrected.
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Learning in a market is like playing tag; when players (agents) pursue an

it (whole economic system), the it moves influenced by players’ moves. In

the point of view of this interaction with environments, it also can be called

adaptation.

Because REH models have the above problems, recently it is said that

economic models apart from REH are needed. These models must apply

concrete learning algorithm in order to describe decision making process of

agents. As one experimental trying, this study applies genetic algorithm.

2.3 Micro Level Studies

The micro level studies treat information processing and/or decision making

process of each participant. Especially they refer to perception, prediction,

or strategy making mechanism of dealers (fig. 2.4). The perception is about

process of various economical indicators and political news as factors of rate

prediction. The prediction is about forecast process of dealers. The strategy

making is about decision of how much dealers order to buy or sell currencies.

Micro level studies

Perception Prediction Strategy Making

A dealer

Game theorem, Experimenral markets
Survey, Cognitive science

Figure 2.4: Steps of dealers’ process

Although these micro level studies reveal some important features of deal-
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ers’ learning, they have some problems. First, some micro-level studies nei-

ther propose nor describe linkage between behavior pattern at the micro level

and input-output relation at the macro level. Second, even if some micro level

studies such as game-theoretic studies try to provide the linkage, their mod-

els can not explain many interesting phenomena in the real market because

they assume dealers’ rationality like REH models.

The micro level studies include game theoretic models, survey studies,

cognitive science studies, and experimental markets. First, we briefly review

the results of field work studies (survey studies and cognitive science studies)

of the real markets in section 2.3.1. Second, we explain game theoretic models

and experimental markets, and show their problems in section 2.3.2.

2.3.1 Fieldwork

The field work studies try to reveal many features of dealers’ perception and

prediction process in markets empirically. To do so, they survey dealers’

forecasts or interview with dealers. They then analyze these field data with

categorization or statistics.

These studies have found the following features of dealers:

First, based on survey data, some studies show that actual dealers use

different method of the expectation formation among different forecast terms

[47, 51, 68, 71, 113]. In short, the result of these studies is that expectations

over short horizons are not consistent with that over long horizons: the

expectations over short horizons tend to incorporate band wagon effects and

that over long horizon display regression property.

Second, it is found that forecasts of market participants are heterogeneous

[68]. That is, mechanisms of expectation formation are significantly different

24



among market participants. The mechanisms reflect individual experiences

or appreciation.

Third, some studies show that forecasts of actual dealers are affected by

other dealers’ orders or forecasts [57, 81, 82]. They usually try to acquire

new information from other dealers’ orders in order to know other dealers’

forecasts.

Finally, some studies reveal a part of mechanism of how actual dealers

use knowledge about past forecasts or past cases [57, 109]. For example,

the actual dealers usually grasp the gist of news headline, and make it the

standard for comparison for that headline the next time it is encountered.

Although these studies reveal these important features of agents’ learning,

they however neither propose nor describe linkage between such features at

the agent level and rate dynamics at the market level.

2.3.2 Game Theoretic Models and Experimental Mar-

kets

Game theoretic studies model a exchange market as a game of incomplete or

complete information [15, 80, 85, 87, 96, 100]. Experimental markets studies

verify the results of the game theoretic studies using laboratory data from

small-scale markets [33, 76, 110, 111]. In their models, each dealer knows

information about reservation value of his own capital, but does not know

other dealers’ preferences, neither strategies. Using past data of other deal-

ers’ order (bids and asks), each dealer infers other dealers’ preferences and

strategies, and finally determines his own order. That is, these studies mainly

deal with the strategy making process of dealers.
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From a viewpoint of analysis of the real rate dynamics, these studies have

problems. First, their approach relies heavily on prior common-knowledge

assumptions: each dealer must have prior knowledge about types of other

dealers’ preferences and strategies and/or other dealers’ rationality. Like

REH, these assumptions are incredible and unrealistic in the real markets.

Second, they don’t refer to dealers’ mental models of the economic structure

of the market. In the game theoretic models and experimental markets,

dealers infer their own final valuations using only past orders. Namely, they

don’t infer economic structures relevant to the rate determination using data

about economic fundamentals. Their results have nothing to do with the

results of the filedwork about the perception and prediction process. So,

their results can’t explain rate dynamics in the real markets well.

2.4 Multiagent models: Integration of Mi-

cro and Macro

In order to establish linkage between micro and macro, several alternative

approaches are proposed. Among these, there is an multiagent models ap-

proach [4, 36, 64, 86, 98, 104]. Previous studies in this approach make market

models with artificial adaptive agents and conduct computer simulations (fig.

2.5). Then the studies analyze the dynamics of the market model and use

the results of the analysis to understand the actual markets.

This approach is inspired the artificial life studies and artificial society

studies. These studies try to integrate the micro and macro levels. They

regard that many phenomena and patterns at the macro level emerge as a

result of interaction between simple rules at the micro level. That is, they try
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Multiagent Models

Dealer 1

Dealer 2

Dealer N

Market

Trading

outputinput

Figure 2.5: Framework of multiagent models

to explain the relation between micro and macro levels with self-organization

theory.

The meaning of “to explain” in artificial life studies and artificial society

studies is slightly different from that in other fields. Their aim is to provide

initial microspecifications (initial agents, environments, and rules) that are

sufficient to “generate” the macrostructures of interest. They consider a

given macrostructure to be “explained” by a given microspecification when

the latter’s generative sufficiency has been established.

The multiagent models follow their principals. The micro components of

the model is decision rules of dealers, and the macrostructure of interest is

the rate dynamics. Interaction between micro components is interaction of

learning or strategies. The aim of multiagent models is to generate the rate

dynamics from the interaction between micro components.

However, there are two problems in the previous multiagent models for

analysis of the actual market.

First, while the previous multiagent models mainly deal with the adapta-

tion of the strategy making process like game theoretic studies, they ignore

the prediction process. That is, the agents are described as rules which repre-
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sent mere relationship between stimulus (information) and response (order).

The rules don’t represent expectation formation or risk management. Hence,

the agents don’t have mental models (internal representation) of econom-

ic structure. In fact, the development of actual dealers’ mental models is

corresponded to the adaptation of the prediction process rather than strat-

egy making process. Hence they have nothing to do with the results of the

fieldwork about the perception and prediction process.

Second, the previous studies use only trend factors. They don’t use the

actual data series about economic fundamentals and political news because

the agents don’t take account economic structures. Therefore, they can’t

investigate the actual rate dynamics quantitatively.

In order to overcome these problems, we propose a new approach of for-

eign exchange market studies, an artificial market approach. The artificial

market approach integrates the fieldwork and multiagent models in order to

explain the micro and macro relation in markets. In the next chapter, we

show the framework of the artificial market approach.
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Chapter 3

Framework of the Artificial

Market Approach

In this chapter, we would like to explain the framework of the proposed

approach, the artificial market approach.

The artificial market approach is an integration of the fieldwork and the

multiagent models. In this approach, the field data which are acquired in

the filedwork were used in both construction and evaluation of a multiagent

model.

3.1 Outline of Procedure

The artificial market approach is divided into the following three steps (fig.

3.1):

1. Observation in the field: field data of actual dealers’ behavior are

gather by interviews and questionnaires. Then, the learning and inter-

action patterns of the dealers are investigated. Especially, we try to
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Figure 3.1: Framework of the artificial market approach

know the following things:

• What kinds of decision rules, forecast rules, and learning rules the

dealers have?

• What information make the dealers change their rules?

• How do the dealers change their rules?

• How do the dealers communicate with others in their learning?

As a result of analysis of these field data, we proposed some hypothe-

ses about dealers’ behavior pattern: decision rules, learning rules, and

interaction pattern.

2. Construction of a multiagent model: a multiagent model of the

market is implemented based on the hypotheses. The minimal com-
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ponent of the model is each rule which agents have. Each rule may

change or interact with other rules the way the hypotheses describe.

As a result of the dynamics of rules, the model simulate rate dynam-

ics at the macro level. Hence, the model provides linkage between the

simple rules of agents at the micro level and the complex pattern of

rate dynamics at the macro level.

3. Analysis of emergent phenomena : in order to evaluate the model,

the simulation results of the model are analyzed. We conduct simula-

tion using actual data of economic fundamentals in the real world.

Based on the simulation results, we verify whether the model can ex-

plain emergent phenomena of the actual market in the following points:

whether the rate dynamics produced by the model fit with that in the

real world, whether the dealers’ behavior patterns observed in the mod-

el fit with those in the field data, and whether the dealers’ behavior

patterns can explain the rate dynamics.

3.2 Advantages of the Approach

The artificial market approach has the following advantages over previous

studies:

• This approach provides the linkage between micro and macro.

That is, it explains how the micro behavior and interaction of agents

cause emergent phenomena at the macro level.

• A multiagent model in this approach reflects the results of the

fieldwork in the real world data, while the previous multiagent
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models have nothing to the field data. First, the model is constructed

on the basis of the observation of dealers’ behavior. Next, in order to

investigate emergent properties in the real markets, actual data about

economic fundamentals and news are used in the simulation.

• The model is evaluated at both micro and macro levels. in this

approach.

– At the micro level, the behavior patterns of agents in the model

are compared with those of actual dealers in the field data.

– At the macro level, it is verified whether the model can simulate

emergent phenomena of rate dynamics in the real world.

These advantages of the artificial market approach are necessary for

quantitative analysis of the micro-macro relation in the actual mar-

kets.

The details of the approach are described in the following three chapters.

In chapter 4, observation in the field and it results are shown. In chapter

5, we explain the framework of the multiagent model. In chapter 6, the

simulation results are illustrated.
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Chapter 4

Hypotheses about Dealers’

Behavior

In this chapter we would observed the actual dealers’ behavior by using inter-

views and questionnaires. Based on these field data, we propose a hypothesis

of dealers’ learning. This hypothesis is also used in the construction of a mul-

tiagent model as a rule of agents’ interaction and learning.

First, we explain the aim and methods of the observation of the actual

dealers’ learning. Second, the results of interviews with actual dealers are

shown. Third, the results of the questionnaires are described. Finally, we

discuss the features of dealers’ learning in markets based on the results of

the interviews and the questionnaires.

4.1 Observation at the Micro Level

In order to investigate actual dealers’ behavior, we carried out both interviews

and questionnaires with actual dealers. The aims of these two methods are
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different. The interviews provide time series data of temporal change of

dealers’ rules, while the questionnaires provide snapshot data of distributed

patterns of dealers’ rules (fig. 4.1).

t

Rate

Interviews: trace of temporal change

Surveys: snapshots of distributed patterns

Perception Prediction
Strategy
Making

Hypotheses of dealers

Figure 4.1: Overview of observation at the micro level

The main purpose of the interviews is to trace the temporal change of the

dealers’ learning and decision making process. Especially, from the interview

data, we want to know the following things:
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• What kinds of decision rules, forecast rules, and learning rules the

dealers have?

• What information make the dealers change their rules?

• When do the dealers change their rules?

• How do the dealers change their rules?

• How do the dealers communicate with others in their learning?

On the other hand, the main purpose of the questionnaires is to know the

distributed patterns of the dealers’ rules in the market at each period. By

the questionnaires, we want to know the following things:

• How are the rules distributed at each period?

• How do the rules change their frequencies in the market?

• What differences of learning rules exist among dealers?

Considering both temporal changes and distributed patterns of dealers’

opinions, we propose a hypothesis about dealers’ learning.

4.2 Interviews: Trace of Temporal Change

We held interviews with two dealers who usually engaged in yen-dollar ex-

change transactions in Tokyo foreign exchange market. The first dealer (X)

was a chief dealer in a bank. The second dealer (Y) was an interbank deal-

er in the same bank. They had more than two years of experience on the

trading desk.
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4.2.1 Interview Methods

The interviewees were asked to explain the rate dynamics of the two years

from January 1994 to November 1995, when the interview took place. Con-

cretely, we asked each dealer to do the following things:

1. To explain freely (i.e. without referring to any material) the rate dy-

namics of these two years and also to talk both about how he forecasted

the weekly yen-dollar rates and about how he recognized the market

situations such as the rate trend.

2. To divide these two years into several periods according to his recogni-

tion of the market situations, to talk about which factors he regarded

as important in his rate forecasts in each period, to rank the factors in

order of weights (importance), and to explain the reason for his rank-

ing. When he changed the ranking between periods, to tell the reasons

for the reconsideration in detail.

4.2.2 Results: Features of Learning

The division of the two years and the ranking of factors are shown in table

4.1 and 4.2.

From the interview data of the two dealers, we found that the learning of

prediction methods (the weights of factors) in the market has the following

features:

• The prediction methods are continuously changing from one pe-

riod to another. This is contrary to the assumption of the REH,

according to which the prediction methods must be consistent through-

out all periods. For example, in table 4.1 and 4.2, the trade balance
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1994
I II III IV

Jan Feb-Jun Jul-Oct Nov-Dec
Actual → ↘ → →
Forecast → ↘ → →
Factors 1.Mark 1.Chart 1.Chart 1.Season-
ranking 2.Season- 2.Trade 2.Deviation al factor

al factor 3.Politics 3.Politics
1995

V VI VII VIII IX
Jan Feb-Apr May-Jul Aug-Sep Oct-Dec
↗ ↘ ↗ →
↗ ↘ ↗ →

1.Season- 1.Trade 1.Deviation
al factor 2.Politics 2.Intervention

3.Mexico
4.Chart

The forecast factors are ranked in order of importance. Because the boldfaced
factors are common to both dealers, they are considered as market consensus
of each period.

Table 4.1: Results of interview with dealer X.

1994
I II III

Jan-May Jun Jul-Dec
Actual ↘ ↘ →
Forecast ↘ → →
Factors 1. Trade 1. Rate level 1. Order
ranking 1. Order 2. Chart

3. Chart
1995

IV V VI VII
Jan-Feb Mar-Apr May-Jul Aug-Dec
↘ ↘ → ↗
↘ ↘ → ↗

1. Politics 1. Politics 1. Chart 1. Intervention
2. Mark 1. Order 2. Order 2. Politics

2. Announcement 1. Intervention

The forecast factors are ranked in order of importance. Because the boldfaced
factors are common to both dealers, they are considered as market consensus
of each period.

Table 4.2: Results of interview with dealer Y.
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factor was regarded as important only in the period II, VI, and VII

by the dealer X and the period I by the dealer Y, although there are

always the large trade surplus of Japan throughout these two years.

Namely, there are fashions of interpretation of factors in markets. The

dealers called such fashions as market consensus. The dealer X said

that dealers often ignored the data or factors which are against market

consensus.

• When each dealer changes his prediction method, he communicates

with other agents in order to get information about which factors

are regarded important by many agents, and replace (a part of) his

prediction method with other agent’s one which can explain

better the recent rate dynamics. Both dealers said that they fre-

quently told with other dealers and read news letters or economical

reports especially when the trend were changing. With such communi-

cation, they tried to infer new market consensus.

• When each dealers forecast was quite different from the actual

rate, he recognized that he needs to change his weights. For

example, at the end of the period VII of the dealer X, he thought that

the chart trend was still sideway. However the market trend already

changed to the quick yen up trend since May 1995. When the rate

reached the level of 92 yen, he suddenly recognized that the trend

changed. Then he discarded his old opinions about factors and adopted

new opinions. That is, large deviation between his forecasts and actual

rates promoted change of his opinions.
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4.2.3 Hypothesis

From the features of dealers’ learning which have been said in section 4.2.2,

we proposed the following hypothesis at the micro level in markets:

When the forecasts based on his opinion are largely different from

the actual rates, each dealer replace (a part of) his opinions about

factors with other dealers’ successful opinion.

In the next section, this hypothesis is verified with the questionnaire data

of dealers’ opinions about factors.

4.3 Questionnaires: Snapshots of Distribut-

ed Patterns

If the above hypothesis is true, the frequency of successful weights in a market

must be larger after the trend changed. Then, the market average of data

weights must shift to the value of successful weights. In order to verify this

proposition, we took a questionnaire for dealers in March 1997.

4.3.1 Methods

The questionnaires are undertaken in March 1997 and July 1997. In March

1997, the market trends changed from the upward trend to the downward

trend for dollar. In July 1997, it changed from the downward trend to the

upward trend for dollar. All answerers are dealers who usually deal with

exchange transactions in a bank. The questionnaires are shown in appendix

B.

The answerers were asked questions about the following matters:
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1. Importance of 25 factors in the recent trend1.

2. Importance of 25 factors in the previous trend2.

3. Forecasts which each dealer made before the trend changed.

The 25 factors are economic activities, price, short-term interests, money sup-

ply, trade balance, employment, personal consumption, intervention, mark-

dollar rates, commodities, stock, bonds, chart trends (1 week), chart trends

(over 1 month), attitude of band of Japan, attitude of FRB, attitude of

export and import firms, attitude of insurance firms, attitude of securities

firms, attitude of other banks, attitude of foreign investors, the other factor.

4.3.2 Results: verification of hypothesis

If the hypothesis in section 4.2.3 is true, the corollary follows:

Successful opinions with more accurate forecasts spread in the

market.

This corollary implies that the market averages of each factor’s weights

change toward the averages which are weighted with forecast accuracy of the

factor’s weights. As mentioned in section 4.2.2, the interview data suggest

that the factors’ weights which can forecast more accurately have lager fre-

quency after dealers change their opinions. Hence, the market averages of

each factors’ weights change to the averages which are weighted with their

forecast accuracy.

1The recent trend is the downward trend of dollar in the first questionnaire, the upward
trend of dollar in the second questionnaire.

2The previous trend is the upward trend of dollar in the first questionnaire , the down-
ward trend of dollar in the second questionnaire.
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The forecasts accuracy must reflects how factors’ weights forecast close to

the actual rate. The forecast accuracy of dealer i is defined using a product

of −1 and an absolute value of a difference between his predicted rate and

the actual rate:

F i = max
j∈all dealers

[|R̃j − R|]− |R̃i − R|, (4.1)

where, F i is a forecast accuracy of a dealer i, R̃j is a forecast value of a dealer

j and R is an actual rate. The first term in equation 4.1 is necessary because

the forecast accuracy must be in inversely proportion to the difference.

The average of each factor which is weighted with the forecast accuracy

is calculated as follows:

Weighted average =
∑

i∈all dealers

W i × F i + 1∑
j∈all dealers(F

j + 1)
, (4.2)

where, W i is the factor’s weight of dealer i. Forecast accuracy is added one

so that all weights which can have non zero contribution to the weighted

average.

Using the questionnaire data, we tested the corollary. To do so, first we

calculated the market averages of each factor’s weights before the change

of trend, those after the change of trend, and the weighted average in the

equation 4.2, which used weights before the change. Second we calculated

differences between market averages of weights before the trend change and

those after the trend change. We also calculated differences between market

averages of weights before the trend change and the weighted average before

the trend change. Finally, correlation coefficients between these two differ-

ences are calculated. If the corollary is true, the market average after the
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trend change must be nearer the weighted average. Hence, the two differences

must have positive correlation.

As a result, there were positive correlations between the two differences

both in the first questionnaire and in the second questionnaire (table 4.3).

Namely, successful opinions which can forecast more accurately, are consid-

The first questionnaire The second questionnaire
Number of samples 25 25
Correlation 0.284 0.176
Probability P < 0.1 not significant

Table 4.3: Correlation between differences

ered to spread in the market.

In summary, the hypothesis implies that the learning pattern of actual

dealers is similar to the adaptation in ecosystem. In our multiagent mod-

el, the adaptation of agents in the market will be described with genetic

algorithm, which based on ideas of population genetics.

4.4 Discussion: Ecology of Dealers’ Beliefs

In this section, we discuss the features of dealers’ learning in markets, based

on the results of the interviews and the questionnaires. The discussion mainly

deal with the analogy between population dynamics in biology and dynamics

of dealers’ opinions. We also provide base of the construction of the multia-

gent model which is described in chapter 5.

By nature, foreign exchange markets have following features:

1. Each agent’s payoff depends not only on his own behavior, but also on

other agents’ decisions.

42



2. The number of agents is too large to make them all know the other

agents’ methods of decision making. Thus especially the assumption of

REH “All agents know that all agents are the same in the Perception,

Prediction, and Strategy Making step. Moreover, all agents know that

all agents know it.” is difficult to be satisfied.

3. The foreign exchange market has many levels: overall system level,

agent level, and belief system level and so on. Units at one level are

aggregated to units at the next higher level. Hence, there is a micro

and macro problem.

Because of these features, foreign exchange markets are complex. In other

words, they are not linear, static, statistically predictable systems as many

REH models assume. Therefore, agents must build up his own mental models

of markets and use them in order to make prediction. There is no “grand

theory” for prediction in a foreign exchange market. Hence, each agent always

tries to understand patterns of the rate change by making his own scenario.

In other words, he tries to find causal relations between factor change and

rate change from past data and behavior of other agents.

The field data and many books show that prediction of actual dealers in

the foreign exchange market is actually like the following [60,114,115,121].

1. Prediction in the market is that of “ways of others’ prediction”. There-

fore, other agents’ judgments, opinions, and behavior are very impor-

tant information for decision making in a market. Actually, all dealers

in the market communicate with other dealers in order to get infor-

mation about other dealers’ decision and prediction. That is, agents

strongly interact with each other in prediction.

43



2. Importance of factors which are used in prediction always change: at

some periods, money supply was regarded as important, but at oth-

er periods balance of trade was. Causal relations between factors and

rates can also change: a factor which was once regarded to cause yen

appreciation may be cause of yen depreciation today. Therefore, each

agent tries to find market consensus, kinds of factors which are

now regarded as important by many agents in the market and to coin-

cide his considered factors with them in order to improve his prediction.

From the above description, it is understood that each agent builds up his

belief system of the market, where building blocks are beliefs about factors,

and that each agent improves his belief system by communicating with other

agents. In REH models, building blocks are fixed rational agents. The REH

models do not explain how agents learn his rationality: the rationality is

given and unchanged. If exchange rate models which are built up from the

agent level have the above problems, why not build up a model from a lower

level such as the belief system level?

Let us consider beliefs about factors as building blocks of an exchange

rate model. Beliefs about factors have several important features. First, they

are replicators: they are imitated or transmitted by other agents with some

degree of reproductive accuracy. Second, they are instructors: they organize

each agent’s belief system about the foreign exchange market, and according

to his own belief system each agent makes prediction and decides behavior.

Third, they are under selective pressure: each agent always replaces his beliefs

with new beliefs that are plausible, in order to improve his prediction. At

last, they have sustained variation: each agent generates new belief system

by communicating with other agents or by himself.
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From the viewpoint of these features, beliefs about factors are seen to

be analogous to biological genes. Biological genes organize each individual’s

chromosome. Chromosomes are changed by crossover3 and mutation. And

chromosomes with lower fitness4 are replaced with those with higher fitness.

That is, selection works with chromosomes. Analogy between population

genetics and foreign exchange markets is described in Table 4.4.

Genetics Market
a gene a belief about a factor
a chromosome a belief system
selection imitation of successful belief systems
crossover recombination of beliefs by communicating with other agents
mutation generation of new belief system by himself
fitness precision of prediction

Table 4.4: Analogy between genetics and a market

Dawkins calls conceptions which are units of cultural transmission and

imitation as memes [35]. Beliefs about factors are thought of one example of

memes.

From the above description, we can get the following conclusion. Each

agent behaves based on his own belief system and the behavior of agents

change the environment, the exchange rate. The belief system of each agent

changes in time influenced by other agents’ belief systems. This procedure

is like adaptation in ecosystem. In this study, adaptation in the market

is described with genetic algorithm, which is based on ideas of population

genetics.

3Crossover is recombination of chromosomes, where the parts of two chromosomes are
exchanged

4Fitness is an index of how good a chromosome is. In biology, fitness is ability to
reproduce and to survive
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In the next chapter, we explain the framework of the proposed multiagent

model.
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Chapter 5

Construction of a Multiagent

Model

In this chapter we propose a multiagent model of a foreign exchange market,

based on the field data in chapter 4.

We focus on similarities of the interactions between agents in learning to

the GA operations, as mentioned in section 4.4, and describe the interaction

based on GAs in our model.

In section 5.1, the framework of the model is described. In section 5.2,

the flow of the algorithm of the model is explained using an example.

5.1 Framework of the Model

The multiagent model of a foreign exchange market in this study is named

A GEnetic-algorithmic, Double Auction market SImulation

in TOkyo Foreign exchange market.

(AGEDASI TOF)

47



Using weekly data in Tokyo foreign exchange market, AGEDASI TOF

iteratively executes the following five steps: Perception, Prediction, Strategy

Making, Rate Determination, and Adaptation Step (Fig.5.1).

Perception Prediction
Strategy
Making

Perception Prediction
Strategy
Making

Perception Prediction
Strategy
Making

1 2 3

5

4 Rate
Determination

Data Rate

A foreign exchange market

Adaptiation

Figure 5.1: Framework of model.

At first, each agent expects future exchange rates from some related infor-

mation. Then, using this expectation, he actually submits bids and/or asks

to the market. It is assumed that this decision making process is divided

into the following three steps:

Perception: Each agent interprets changes of various raw data such as

economical indicators and political news, and perceives factors of rate

prediction. In this step, each agent interprets the data independently

and does not consider relations to the other data and to the rates yet.

Prediction: Using their own percepted factors, each agent predicts future

economical situations and future changes of exchange rates from the

current rates.
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Strategy Making: With his own predicted rates, each agent decides order

rates and order quantity to buy or sell currencies.

As a consequence of this decision making process, each agent submits a bid

or an ask. By aggregating whole bids and asks in the market, we can draw

the supply and demand curve.

Rate Determination: As explained in section 2.2.1, exchange rates are

decided to the equilibrium rates where supply and demand meet. That

is, the equilibrium rate is the market clearing rate.

Adaptation: After the rate determination, each agent improves his predic-

tion method using other agents’ prediction. The proposed model uses

GAs to describe the interaction between agents in learning.

A set of these five steps is called a generation. One generation corresponds

to one week in the real market. Each week starts at the perception step and

ends at the adaptation step (fig. 5.2). There is one trading in each week.

Each dealer is given weekly data before the trading (Step 1). The data

are economic indices and news immediately after the rate determination of

the T-1th week just before that of the Tth week. Each dealer predicts the

market clearing rate in the Tth week just before trading (Step 2). He tries to

make optimal position in trading (Step 3). As a result of trading, the market

clearing rate of the Tth week is determined (Step 4). He learns from others

comparing their predictions to the market clearing rate (Step 5).

5.1.1 Step 1: Perception

Each agent first interprets raw data and perceives news about factors affect-

ing the yen-dollar rate. We assume that all agents interpret raw data in the
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Tth Week (T+1) th Week(T-1) th Week

(T-1)- (T-1)+ T- T+ (T+1)- (T+1)+

Trading Trading Trading
1 week

Step1:
Perception

Step2:
Prediction

Step4:
Rate determination
Step5:
Adaptation

Step3:
Strategy Making

Rate dynamics

Actual rate path

Simulation path

the the the

Figure 5.2: Time structure of AGEDASI TOF.
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same way.

xi,t is defined as data which are made by interpreting raw data i between

the end of week t-1 and the beginning of week t. In the present study, it is

assumed that all agents interpret raw data in the same way. Thus the results

of interpretation, the data xi,t’s, are the same for all agents.

The data xi,t are made by weekly change of 17 raw data (Tab.5.1). Those

values range discretely from −3 to +3. Plus values indicate that the data

change causes dollar depreciation according to the traditional economic the-

ories. Minus values indicate dollar appreciation. For an instance, a comment

“Unemployment Rate of United States decreased largely” is coded as “Em-

ployment : −3”. And data “Last week, the yen/dollar rate decreased beyond

expectation” is coded as “Change in the last week : +2”.

External data are defined as the data of economic fundamentals or polit-

ical news (No.1-14 in table 5.1), because they are data of the events in the

real world. Internal data are defined as data of shot-term or long-term trends

of the chart (No.15-17 in table 5.1), because they are calculated using the

rate which the model made in the simulation.

5.1.2 Step 2: Prediction

After perception, using above data, each agent predicts future change of the

rate.

Each agent has his own weights of the 17 data. wj
i,t is defined as a weight

of each datum i in each agent j’s prediction of the future rate at week t. The

value of wj
i,t ranges among nine discrete values {±3,±1,±0.5,±0.1, 0}.

With his own weights, each agent j predicts change of logarithms of the

rates ∆St = St− St−1, where St denotes a logarithm of the exchange rate at
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Data (xi,t) Raw Data
1 Economic activities [U][J] GDP,NAPM index etc.
2 Price [U][J] Price index
3 Interest rates [U][J] Official rate
4 Money supply [U][J] Money supply
5 Trade balance [U][J] balance of trade
6 Employment [U] Unemployment rate
7 Personal consumption [U] Retail sales
8 Intervention [U][J] Intervention
9 Announcement [U][J] Announcement of VIP
10 Mark the dollar-mark, yen-mark rate
11 Oil Oil price
12 Politics Political condition
13 Stock [U][J] Stock price
14 Bond [U][J] Bond price
15 Short-term Trend 1 Change in the last week
16 Short-term Trend 2 Change of short-term trend 1
17 Long-term Trend Change through five weeks

([U]=USA, [J]=JAPAN.)

Table 5.1: Input data.

week t. It is assumed that each agent j predicts ∆St based on the summa-

tion of products of the data xi,t and the weights wj
i,t. By substituting this

summation into a truncation function, each agent makes the prediction value

Ej
t [∆St]. This is represented as follows:

Ej
t [∆St] ≡ trunc

(
n∑

i=1

wj
i,txi,t

)
, (5.1)

where n stands for the number of the data. It is also necessary to measure

how factors distribute. A reciprocal of the variance of prediction is defined

as follows:

Varj
t [∆St] ≡

(√
|(wx+)2 − (wx−)2|

)−1

, (5.2)

where wx+ denotes the summation of wj
i,txi,t > 0 and wx− the summation of

wj
i,txi,t < 0. The wx+ means the summation of effects of dollar depreciation
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factors and the wx− means the summation of effects of dollar appreciation

factors. Because the variance is inversely proportional to the difference be-

tween the wx+’s size and the wx−’s size, it means the distribution of factors

of two sides. When an agent has only one sided factors, the variance of his

forecast is very small. When he has factors of both side, the variance of his

forecast gets large.Thus, the variance is inversely proportional to the degree

of confidence of each agent’s forecast.

It must be noted that Ej
t [∆St] and Varj

t [∆St] are different for both each

agent j and each week t because the weights are different.

5.1.3 Step 3: Strategy Making

Each agent has dollar assets and yen assets. Each agent decides, on the bases

of his own prediction, his trading strategy (order to buy or sell dollar) . He

maximizes his utility function of his expected return of the next week. The

strategy making process of the proposed model is common to the conventional

portfolio balance model in econometrics.

Let us define the following variables about an agent j.

qj
t : The amount of dollar assets of the agent j at this week t in terms of

dollar (not determined).

W j
t : The amount of whole assets (the dollar and yen assets) of the agent j

at this week t in terms of yen.

S̃j
t+1 ≡ ∆St + St: Agent j’s forecast of logarithm of yen-dollar exchange rate

at the next week t+1.

St: Logarithm of yen-dollar exchange rate at this week t. (not determined).
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The expected return in terms of yen (R̃j
t ) is calculated as follows.

R̃j
t =

{exp(S̃j
t+1)− exp(St)}
exp(St)

qj
t (5.3)

= {exp(∆St)− 1}qj
t

≈ ∆Stq
j
t .

In AGEDASI TOF, utilities of all agents are assumed to be the same.

U(R̃j
t ) ≡ −exp(−aR̃j

t ),

where a > 0 denotes risk aversion in economics. When R̃j
t has the normal

distribution N(E[R̃j
t ], V ar[R̃j

t ]), the logarithm of the expected utility is as

follows1.

ln(E[U(R̃j
t )]) = E[R̃j

t ]− 1

2
aV ar[R̃j

t ]. (5.4)

Substituting the equation 5.3 into the equation 5.4, the logarithm of the

expected utility is calculated as follows.

ln(E[U(R̃j
t)]) = Ej

t [∆St]q
j
t − 1

2
aV arj

t [∆St](q
j
t )

2 (5.5)

Each agent is assumed to divide his whole assets between dollar assets

and yen assets with the optimal ratio which maximizes the equation 5.5. The

optimal quantity of his dollar assets qj∗
t is as follows:

qj∗
t =

1

a

Ej
t [∆St]

Varj
t [∆St]

. (5.6)

1This calculation result is got by Taylor extension.
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In order to coincide his holding quantity with the optimal quantity, each

agent orders the same quantity as the difference between the optimal quantity

qj∗
t and the previous holding quantity qj

t−1:

Order quantity ∆qj∗
t ≡ qj∗

t − qj
t−1. (5.7)

If ∆qj∗
t > 0, then he orders to buy dollar ,that is, submits a bid. If ∆qj∗

t < 0,

then he orders to sell dollar ,that is, submits an ask. And each agent orders

the same rate as the predicted rate, that is, buyers(sellers) are willing to

buy(sell) currencies when the rate is lower(higher) than the predicted rate:

Order rate ≡ Ej
t [∆St]. (5.8)

5.1.4 Step 4: Rate Determination

After the submission of orders, the demand (resp., supply) curve is made by

the aggregation of orders of all agents who want to buy (resp., sell). The

demand and supply then determine the equilibrium rate, where quantity of

demand and that of supply are equal. The rate in this week is the equilibrium

rate.

The demand curveDDt(x) is made by aggregation of the whole bids(∆qj∗
t >

0) of agents having higher order rates than x:

DDt(x) =
∑

j∈JD
x

∆qj∗
t , (5.9)

(
JD

x ≡ {j : ∆qj∗
t > 0 and Ej

t [∆St] ≥ x}
)
.

The supply curve SSt(x) is made by aggregation of the whole asks(∆qj∗
t < 0)
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of agents having lower order rates than x:

SSt(x) = −
∑

j∈JS
x

∆qj∗
t , (5.10)

(
JS

x ≡ {j : ∆qj∗
t < 0 and Ej

t [∆St] ≤ x}
)
.

As explained in subsection 2.2.1, the exchange rate of the market is decided

to the equilibrium rate, where quantity of demand and that of supply are

equal:

St = St−1 + x∗, (5.11)

(DDt(x
∗) = SSt(x

∗)) .

Buyers(Sellers) with higher(lower) order rates can execute their exchanges

and coincide their holding quantities qj
t with the optimal quantities qj∗

t . How-

ever, the other agents can not execute their exchanges and qj
t remains the

previous holding quantity qj
t−1:

qj
t =




qj∗
t if j ∈ JS

x∗ orJD
x∗

qj
t−1 otherwise

(5.12)

5.1.5 Step 5: Adaptation

In the proposed model, different agents have different prediction methods

(combinations of the weights wj
i,t). After the rate determination, each agent

improves his prediction method using other agents’ prediction. The model

uses genetic algorithms to describe the interaction between agents in learning.

Because the weights are also different for each week t, it is very impor-

tant how they change in time. Each agent is assumed to change his way of
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prediction in order to improve prediction. That is, the change of the weight-

s is a result of the adaptation of each agent. To describe this adaptation,

AGEDASI TOF applies genetic algorithm.

As shown by its name, the fundamental ideas of genetic algorithm come

from population genetics. In genetic algorithm, the frequencies of the chro-

mosomes in a population and the values of the chromosomes are changed

with three operations; selection, crossover, and mutation. With selection,

each chromosome in the population can reproduce its copies at a possibility

proportionate to its fitness. Then a frequency of a chromosome with high fit-

ness value increases and a frequency of a chromosome with low fitness value

decreases in the next generation. Crossover operator generates new chro-

mosomes by recombining the pair of the existing chromosomes. Mutation

operator generates new ones by randomly changing the value of a position

within chromosomes.

In AGEDASI TOF, a gene represents a symbol which is made by trans-

formation of a weight wj
i,t. A weight wj

i,t is transformed as follows.

wj
i,t =



+3 +1 +0.5 +0.1 0 −0.1 −0.5 −1 −3
⇓ ⇓ ⇓ ⇓ ⇓ ⇓ ⇓ ⇓ ⇓
A B C D E F G H I




(5.13)

A chromosome represents a string of all weights of one agent, that is his

prediction method:

Chromosome wj
t = (wj

1,t, w
j
2,t, · · · , wj

n,t). (5.14)

For example, a set of weights {wj
i,t} = (+0.1,−3, 0,+1, · · · ,+0.5) becomes a
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chromosome DIEB · · ·C. A population of chromosomes represents a set of

wj
t in the foreign exchange market.

The model is based on Goldberg’s simple GA [56]. The detailed descrip-

tion of the simple GA is shown in appendix A. Selection operator, one of GA

operators, replace some chromosomes with others which have higher fitness

values. This percentage of selection is called a generation gap, G.

In this model, the fitness value of each chromosome is calculated using

the difference between its forecast mean and this week’s rate as the equation.

Hence, the more precisely a chromosome predicts the rate, the higher its

fitness value. Concretely, the fitness of a chromosome is a product of −1 and
an absolute value of a difference between the predicted rate change Ej

t [∆St]

and the actual rate change ∆St:

fitness of wj
t = −|Ej

t [∆St]−∆St| (5.15)

= −|trunc
(

n∑
i=1

wj
i,txi,t

)
−∆St|.

We use the usual single-point crossover and the mutation operator with

uniform probability. The crossover (resp., mutation) operation occurs at a

certain rate (crossover rate, pcross) (resp., mutation rate, pmut).

Genetic algorithm can be interpreted economically as follows:

Each chromosome can be regarded as an agent’s belief system about the

exchange rate. That is, it represents which data are regarded as the impor-

tant causes of the rate change. It must be noted that the belief systems can

differ among agents.

In order to improve his prediction, each agent changes his own belief

system with three operators: selection, crossover, and mutation (Fig. 5.3).
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DA GA BB ID

HG AIHB CC

DA GA

HB CC BB ID

HG AI

DI GG DI GG

Figure 5.3: Genetic algorithm

The selection operator is regarded as the imitation of other agent’s belief

system which can predict the rate change more precisely. Therefore, belief

systems predicting less precisely disappear from the market. Namely, it is

regarded as the propagation of successful prediction methods. The other

two operators are regarded as the production of new belief systems: the

crossover operator works like the agent’s communication with other agents,

and the mutation operator works like the independent change of each agent’s

prediction method.

AGEDASI TOF starts with the initial population which are randomly

generated. During the first dozens of weeks (training period), it skips the

rate determination step and uses the actual rate data as training data. And

it computes the fitness of agents with the actual rate data. After this train-
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ing period, it does not use the actual rate data at all and determines the

equilibrium rates artificially in the rate determination step. And it computes

the fitness with this artificial rate data instead of the actual rate data. Thus,

after the training period, AGEDASI TOF uses only artificial data which are

made by itself except the external data.

After the Adaptation Step, this week ends and the model proceeds to the

next week’s Perception Step.

5.2 Algorithm

In this section, we would like to explain the flow of the algorithm of the

model using an example in detail.

In the following example, let the number of this week t, logarithm of last

week’s rate is 5.20.

STEP 1: Perception

At first, each agent interprets raw data and perceives factors of rate change.

In this week, the data are as below:

This week’s news data (common to all agents).

Interest Trade Stock Trend

++ − −−− ++

STEP 2: Prediction

After the perception, each agent predicts the rate change (mean and variance)

using the weighted average of the news data in this week as the equations

5.16 and 5.18.
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Agents i’s weights.

Interest Trade Stock Trend

+0.5 −0.5 +0.1 +3.0

Agent i’s forecast:

Mean = trunc{∑(Weight× News)} × scalingfactor (5.16)

= trunc{(+2)× (+0.5) + (−1) × (−1.0) + (−3) × (+0.1) +

(+2)× (+3.0)} × 0.02 (5.17)

= +7× 0.02

= +0.14← Rise from 5.20

The scaling factor is calcurated from the ratio between the standard deviation

of the rate change and that of the summation of weights and news.

Variance =
1√

{∑(Weight×News > 0)}2 − {∑(Weight×News < 0)}2

=
1√

{2×+0.5 + (−1)× (−1.0) + 3× 2.0}2 − {−2× 0.1}2
= 0.125 (5.18)

STEP 3: Strategy Making

Each agent decides, on the bases of his own prediction, his trading strategy

(order to buy or sell dollar) as the equations 5.19, 5.20, and 5.21.

Optimal amount of agent i′s dollar asset =
Forecast mean

Forecast variance
(5.19)

=
+0.14

0.125
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= +1.12

The risk aversion in the equation 5.6 is set to be 1 for simplicity. It is a

scaling factor of the trading amount in the step 4.

Agent i′s order quantity = (Optimal amount)− (Last week′s amount)

= +1.12− (−0.74) (5.20)

= +1.86 (Buy)

(+ : Order to buy, − : Order to sell.)

Each agent orders to buy (resp., sell) when the rate is lower (resp., higher)

than his forecast mean.

Agent i′s strategy =



1.86 (Buy) (If rate ≤ +0.14)

No Action (If rate > +0.14)
(5.21)

STEP 4: Rate Determination

The demand and supply then determine the equilibrium rate, where quantity

of demand and that of supply are equal.

Transaction No transaction

Demand curve Supply curve

Equilibrium

D

S

Rate change

+0.50

This week’s rate
5.20+0.50=5.70

Last week’s rate
5.20 Transaction amount Quantity

Rate

Buyers(Sellers) with higher(lower) order rates can execute their exchanges

and coincide their holding quantities with the optimal quantities. However,
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the other agents can not execute their exchanges and remains the previous

holding quantity.

STEP 5: Adaptation

After the rate determination, each agent improves his prediction method us-

ing other agents’ prediction. Our model uses GAs to describe the interaction

between agents in learning .

Agent i′s Chromosome = {+0.5,−1.0,+0.1,+3.0} (5.22)

Agent i′s Fitness = −|(Forecast mean)− (Rate change)| (5.23)

= −|(+0.14)− (+0.50)|

= −0.36

⇓
GAs (Selection,Crossover,Mutation)

⇓
New weights

⇓
STEP 1 in the next week t+1
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Chapter 6

Simulation and Evaluation of

the Model

6.1 Overview

In this chapter, we analyze the simulation results of the model in order to

evaluate the model. We conduct the simulation using actual data of eco-

nomic fundamentals in the real world. Then, we verify whether the model

can explain emergent phenomena of the actual market in the three points:

whether the rate dynamics produced by the model fit with that in the real

world, whether the dealers’ behavior patterns observed in the model fit with

that in the field data, and whether the dealers’ behavior patterns observed

in the model can explain the rate dynamics. Finally the simulation results

are compared with the field data in order to justify the simulation results.

The simulation is conducted as follows:

1. The proposed model is compared with other conventional market mod-

els. The out-of-sample forecast errors are used as a criterion of the
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comparison. By this comparison, we can evaluate the model.

2. Using the model, we investigate the mechanism of the rate bubbles,

which are one the emergent phenomena of markets. The model simulate

the rate paths during the bubbles in 1990 and 1995. In the real world,

there was a dollar appreciation bubble in 1990, and there was a yen

appreciation bubble in 1995. About these two bubbles, the simulated

data of agents’ forecast, supply and demand, and rate dynamics are

analyzed. Then the mechanism of the bubbles are proposed.

3. Phase transition of agents’ forecast variety in simulated paths is ex-

amined. Each simulated path is divided into the two phases: a highly

fluctuated period (a bubble phase) and a low fluctuated period (a flat

phase). We investigate the dynamics of agents’ beliefs, supply and

demand. Then the mechanism of the phase transition is proposed.

4. Based on the idea, “the phase transition of forecast variety”, we ex-

plain three emergent phenomena in markets: the contrary opinions

phenomenon, rate change distribution depart from normality, and neg-

ative correlation between trading amounts and rate fluctuation.

5. For justification of the simulation results, the results are compared

with the field data of the interviews and surveys in the three points:

classification of factors, dynamics of weights, and mechanisms of the

emergent phenomena.
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6.2 Comparison with Other Models

In order to evaluate the proposed model, AGEDASI TOF, we compare it with

other two models in out-of-sample forecasts accuracy. Other two models are

a random walk model(RW) and a linear regression model(LR). Both LR and

AGEDASI TOF consider the economic structure for construction of models,

but RW does not reflect the economic structure. That is, the aims of these

models are different. The aim of LR and AGEDASI TOF is to explain the

mechanism of rate dynamics, while that of RW is only to forecast future rate

without explanation.

Time-Series Models

Random Walk Model

Economic Models

Linear Reggression Model

Rational Expectation Hypothesis

Multiagent Model

AGEDASI TOF

Figure 6.1: Comparison with Other Models.

LR uses the fundamentals and trend factors (Table 5.1) as explanatory

variables. These factors include all variables used in many reduced-form

equations of REH.

RW has a drift coefficient and use no explanatory variables. It must be

noted that RW does not consider economical models of the market. We chose
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RW among many time-series models because previous studies found that the

the reduced-form equations of REH fail to improve on RW in out-of-sample

forecasting [92].

6.2.1 A Method of Comparison

Comparison of models uses weekly data series between January 1986 and

December 1993 in Tokyo foreign exchange market. These data series consist

of the rate data and the 17 data in table 5.1. RW and LR are initially

estimated using data through the first training period, between January 1986

and December 1987. Using the estimated parameters and the explanatory

variables, these two models forecast the exchange rates k=1,4,13,26, and

52 weeks ahead from the end of the sample period. Then, extending the

training period 26 weeks ahead, we reestimate the coefficients of each model

and generate new forecasts at the above five horizons. This procedure is

conducted until the data is exhausted (Fig. 6.2 ).

Sample period

Forecast

Actual

Out of Sample period

Time

Rate

k-weeks

t t+k

error

Sample period

Forecast

Actual

Out of Sample period

Time

Rate

k-weeks

t t+26 t+26+k

26 weeks

error

N
Times
Repeat

k

Figure 6.2: Out-of-sample forecast

In the same way, AGEDASI TOF is initially trained using the actual

rate data and the 17 data through the first training period and forecasts
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are generated at the above five horizons. Then, extension of the training

period and new forecasts are repeated. AGEDASI TOF runs 50 times under

each parameter set of crossover rate (pcross=0.9,0.6,0.3), mutation rate (p-

mut=0.3,0.03,0.003), and generation gap (Gap=0.8,0.5,0.2). Forecast value

under each parameter set is the average value over repetitions.

Comparison of models in out-of-sample accuracy uses two statistics; mean

absolute errors (MAE) and root mean square errors (RMSE).

MAE =
Nk−1∑
s=0

|S̃t+s×26+k − St+s×26+k|/Nk,

RMSE =




Nk−1∑
s=0

[S̃t+s×26+k − St+s×26+k]
2/Nk




1/2

,

where t is the end of the first training period, k=1,4,13,26,52 the forecast

horizon, and Nk the total number of forecasts. S̃t+s×26+k denotes the forecast

values of the rate at generation t+ s× 26+ k and St+s×26+k the actual rate

value.

6.2.2 Results of Comparison

First, among the parameter sets (pcross=0.9,0.6,0.3; pmut=0.3,0.03,0.003;

Gap=0.8,0.5,0.2), the parameter set, pcross = 0.3 pmut = 0.003, Gap =

0.8, is selected because forecast errors are the smallest under this parameter

set (fig. 6.3, 6.4). In fig. 6.3, the errors of short-term forecasts are not so

different. However, in fig. 6.4, both large probability of selection and small

probability of both crossover and mutation are necessary for improvement of

3 months ahead forecasts. However, when both pcross and pmut were very

small, the weights of all agents converged and the rate did not move. Thus,
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the probability of crossover and mutation must not be very small.
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Figure 6.3: RMSE under different parameter sets. (The forecast horizon is 1
week.)
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Figure 6.4: RMSE under different parameter sets. (The forecast horizon is
13 weeks.)

Results of the comparison indicate that both MAE and RMSE of AGEDASI

TOF are the smallest over all horizons and all parameter sets. Table 6.1

contains MAE and RMSE of the three models at the five horizons under a

parameter set where forecasts of AGEDASI TOF is the best. In this table,

all MAE (RMSE) of AGEDASI TOF are smaller over 12%(6%) than MAE

(RMSE) of RW. And the larger the forecast horizon, the better AGEDASI

TOF forecasts in comparison with the other models. This suggests that in

the short term the exchange rate moves according to the trend but that in the
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long term the rate dynamics is related to the systematic factors such as sup-

ply and demand. Thus, the results indicate the AGEDASI TOF outperforms

the other models.

MAE RMSE
RW LR AGEDASI TOF RW LR AGEDASI TOF

k=1 0.98 1.19 0.86 1.16 1.39 1.09
(+21%) (-12%) (+20%) (-6%)

k=4 1.33 3.05 0.94 1.73 3.83 1.25
(+130%) (-29%) (+121%) (-28%)

k=13 6.27 7.44 5.43 6.91 8.52 6.32
(+19%) (-13%) (+23%) (-9%)

k=26 8.60 10.46 6.48 9.59 12.41 7.90
(+22%) (-25%) (+29%) (-18%)

k=52 10.59 11.41 7.33 14.21 16.77 8.33
(+8%) (-31%) (+18%) (-41%)

All values are ×102. pcross=0.3, pmut=0.003, G=0.8.
In parentheses is given percentage difference relative to RW.

Table 6.1: Comparison of models

6.3 Rate Bubbles

In this section, we investigate the mechanism of the rate bubbles, which is

one of the emergent phenomena of markets. The model simulates the rate

paths during the bubbles in 1990 and 1995. In the real world, there was a

dollar appreciation bubble in 1990, and there was a yen appreciation bubble

in 1995. About these two bubbles, the simulated data of agents’ forecast,

supply and demand, and rate dynamics are analyzed. Then the mechanism

of the bubbles are proposed in section 6.3.3.
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6.3.1 Analysis of the Bubble in 1990

Simulation Methods

In order to analyze the rate change of AGEDASI TOF and to compare it

with actual data, we generate out-of-sample forecast paths. First, AGEDASI

TOF is initially trained using the actual rate data and the 17 data in table

5.1 through a training period. Next, using only the external data (no. 1-14

in table 5.1), an out-of-sample forecast path is generated through a forecast

period. In this section, the training period is between January 1986 and

December 1987 and forecast period is between January 1988 and December

1993. Under the best parameter set (pcross=0.3, pmut=0.003, G=0.8)1, the

above procedure is repeated 50 times and 50 forecast paths are generated.

Bubble and Non-Bubble Group

The results of out-of-sample forecasts are divided into two groups since 1990:

a bubble group and a non-bubble group (Fig. 6.5). In the bubble group, the

exchange rate rises in 1990, collapses in 1991, and returns to the previous

level in 1992. In the non-bubble group, the rate moves flat without a bubble

and a collapse. 42 per cent of the out-of-sample forecast paths belong to the

bubble group and 58 per cent the non-bubble group. After 1992, the out-of-

sample forecast paths have large variance. Hence, it is impossible to forecast

out-of-sample over long forecast horizons. This is an important feature of

nonlinear dynamics. The actual path of the exchange rate has a bubble and

a collapse. Hence it belongs to the bubble group.

1Under this parameter set, forecast errors are the smallest.
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Figure 6.5: Distribution of simulated paths: the paths move in the dotted
areas.

Factors’ Weights

In order to investigate causes of the bubble, we compare between the data

weights in a typical case of the bubble group, a bubble case, and in a typical

case of the non-bubble group, a non-bubble case. In fact, the bubble case has

a bubble and a collapse, and the non-bubble case does not.(Fig. 6.6). The

market averages are calculated about the weights of the 17 data in the bubble

case and the non-bubble case (Fig.6.7). In the bubble case, the average of

Economic Activities data weights is stably around 1.5. That of Intervention

data weights has a large plus value. This indicates that intervention had a

reverse effect: the buying-dollar intervention causes dollar depreciation. As a

whole, absolute value of the market averages of the external data weights in

the bubble case are larger than in the non-bubble case. That is, agents in the

bubble case are more sensitive to the external data than in the non-bubble

case. Moreover, in the bubble case the average of Short-Term Trend data
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Figure 6.6: Rate paths

(∆St−1) weight keep a plus value from during the bubble and the collapse,

and the average of Long-Term Trend data (St−1 − St−6) weight has minus

value (Fig. 6.8). This implies that in the bubble case agents have bandwagon

expectations and regressive expectations: agents expect that the recent trend

is extrapolated in a short term and that a large deviation is corrected in a

long term.

Supply and Demand

Next, we investigate supply and demand curves and dealing quantity around

the collapse in the bubble case (Fig.6.9). When the bubble grows, demand

quantity is much larger than supply quantity (July 1989 and January 1990).

When the bubble collapses in March 1990, dealing quantity is almost zero

because of absence of supply. After the collapse (July 1990), supply quantity

is larger than demand quantity.
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Figure 6.7: Market Average of External Data Weights

6.3.2 Analysis of the Bubble in 1995

To examine the emergent phenomena of the market, we conducted extrap-

olation simulations of the rate dynamics from January 1994 to December

1995.

Simulation Method

Initialization The initial population is a hundred agents whose weights are

randomly generated.
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Training Period We trained our model by using the 17 data (Tab.5.1) in

the real world from January 1992 to December 1993. But during this

training period, we skipped the Rate Determination Step and in the

Adaptation Step we used the cumulated value of the differences between

the forecast mean of each agent and the actual rate as his fitness of GAs.

Each weekly data of these two years was used a hundred times, so in

the training period there were about ten thousand generations.

Forecast Period For the period from January 1994 to December 1995 we

conducted the extrapolation simulations. In this forecast period, the

model forecasted the rates in the Rate Determination Step by using

only the external data. We didn’t use any actual rate data, and both the

internal data in the Perception Step and the fitness in the Adaptation

Step were calculated on the basis of the rates which were generated by

our model in the Rate Determination Step.
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Figure 6.9: Supply and Demand Curves and Quantity

We repeated this procedure a hundred times in order to generate a hun-

dred simulation paths2.

Overview of the Results

As the results of the simulations, numbers of simulation paths in each trend,

in each period of Tab.4.1, are presented in Tab.6.2. Most of the simulation

paths are moving in the same direction as the actual path.

2We used the following parameter sets: pcross=0.3, pmut=0.003, G=0.8. The simula-
tion suffered from the smallest forecast errors by using this set in our preceding study.
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I II III IV V VI VII VIII IX
↗ 4 0 22 20 25 5 34 73 72
→ 70 66 65 76 41 44 53 23 26
↘ 26 34 13 4 32 51 13 4 2

The boldfaced parts show the same trend as the actual path.
The trend criterion is a mean weekly growth rate: ±0.3%.

Table 6.2: Numbers of simulation paths in each trend.

Bubble Group vs. Non-Bubble Group

From Period VI to Period VIII (from February to September in 1995), the

simulation paths are divided into two groups: the bubble group, in which the

paths have a quick fall and a rise (a rate bubble) (Fig.6.10a), and the non-

bubble group, in which the paths don’t have such a bubble (Fig.6.10b). The
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Figure 6.10: Distribution of simulation paths.

bubble group occupies 25% of all the simulation paths, and the non-bubble

group occupies 75%.

The movement of the actual path is similar to that of the mean path of

the bubble group. On the other hand, the path extracted by linear regression
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using the external data moves in a way similar to that in which the mean

path of the non-bubble group moves. The linear regression path and the

actual path have the same trend in each period3, so, the configuration of the

actual rate path seems to be determined mainly by the external data. But,

the rate bubble seems to be caused by other reasons.

We investigated the conditions that cause the bubble by comparing the

market averages of the data weights in the bubble group paths with those

in the non-bubble group paths. First we chose the four external data that

have the largest absolute values of the market averages, and we compared

the time variances of these data in the bubbles group with those in the

non-bubble group (Tab.6.3a). The result is that the variances of the bubble

group are significantly larger than those of the non-bubble group. Namely,

one of the conditions of the bubble is that the interpretations of the external

data in the market change flexibly from one period to another period. We

also compared the time average of the internal data weights in the bubble

group with those in the non-bubble group (Tab.6.3b). The result is that the

averages of the bubble group are positive, whereas those in the non-bubble

group are negative and that the differences are significant. That is, that

the agents forecast that recent chart trend will continue (the bandwagon

expectations) is also a condition of the bubble.

We chose one typical path4 of the bubble group. We analyzed the market

averages of this path’s weights and found that the internal data weights in

the bubble period are twice as large as those in the other periods. That is,

3But the widths of the fluctuations are different (Fig.6.10).
4This path is typical in that its movement and its weights’ movement are similar to

those of the mean path of the bubble group.

78



a) External data: Comparison of time variance
Price Interest Intervention Announcement

BG 1.279 1.210 0.759 0.923
NBG 1.152 1.077 0.413 0.336

b) Internal data: Comparison of time average
Short-term Trend 1 Long-term Trend

BG 0.105 0.113
NBG −0.102 −0.229
(BG=Bubble Group, NBG=Non-Bubble Group)
All differences are significant at the 99.9% level.

Table 6.3: Comparisons.

both the inflation and collapse of the bubble are caused by the bandwagon

expectations5.

We also examined the supply and demand curves and trading volume

during the bubble in this typical path (Fig.6.11). When the bubble grows,

the supply is much larger than the demand (Fig.6.11c). When the bubble

stops, the transaction amount is almost zero because of the absence of de-

mand (Fig.6.11d). During the collapse, the demand is larger than the supply

(Fig.6.11e).

6.3.3 Mechanism of the Rate Bubbles

Considering all the above results in section 6.3.1 and 6.3.2, one plausible

mechanism which brought about the bubble can be regarded as the following

sequence:

5Positive values of the internal data weights imply that agents ride along with the
recent trend.
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Figure 6.11: Rate change and demand-supply curves.

1. It is determined mainly by the external data when the bubble starts to

grow.

2. The bubble grows because of the bandwagon expectations: most agents

expect that the recent trends, which are caused by external data, will

continue.

3. The bubble stops growing because almost all agents expect the rate

to decrease and because no one wants to buy. Then the transaction

amount becomes zero.

4. Because of the stop of the bubble’s growth, the trend vanishes. When

the external data make the reverse trend, the bubble collapses because

of the bandwagon expectations.
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6.4 Phase Transition of Forecasts Variety

In this section, in order to analyze the other emergent phenomena than the

rate bubbles, the phase transition of agents’ forecast variety in the simulated

paths is examined. To do so, we analyze five simulation paths which are

selected randomly from the bubble group in the simulations of the bubble in

1995. These five simulation paths occupy 20 % of the bubble group, because

there are 25 simulation paths in the bubble group.

First, each simulated path is divided into two phases: a highly fluctuated

period (a bubble phase) and a low fluctuated period (a flat phase). Second,

we investigate differences of agents’ beliefs between the two phases in each

simulation path. Third, the demand-supply conditions are also examined.

Finally, the mechanism of the phase transition is proposed.

In the following sections, we illustrate the results of the above analy-

sis considering one typical path. However the pattern of these results are

common among the selected five paths.

6.4.1 Flat Phase and Bubble Phase

As shown in Fig.6.12, each simulated path in the bubble group is divided

into two phases: a highly fluctuated period and a low fluctuated period.

The simulated rate moves flat from March 1994 to December 1994, while the

rate drop quickly and then rise dramatically from January 1995 to December

1995. The low fluctuated period, from March 1994 to December 1994, is

defined as flat phase. The highly fluctuated period, from January 1995 to

December 1995, is defined as bubble phase.

Are there other differences between these two phases? In order to answer
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Figure 6.12: Rate dynamics of the simulation path

the question, we compare between the two phases and figure out the features

of each phase in the following sections.

Distribution of forecasts

First, distribution patterns of agents’ forecasts are compared between the

two phases. Fig.6.13 shows percentage of agents who forecast a rise of dollar

and that of agents who forecast a drop of dollar, in the form of four weeks

averages.

In the flat phase, the distribution of forecasts is balanced: the number of

agents who forecasts a strong dollar is almost the same as that of agents who

forecasts a weaker dollar. By contrast, in the bubble phase, the distribution

of forecasts is one-sided: almost 80 % of all agents forecast that the dollar

will rise in the first half of 1995, while near 80 % of all agents forecast that
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the dollar will drop in the latter half of 1995. In other words, the variety of

forecasts is rich in the flat phase because there are forecasts of both sides in

the market. The variety of forecasts, however, is poor in the bubble phase

because many forecasts in the market converge to only one side.

Trading amounts

Second, the supply and demand relationships are compared between the flat

phase and the bubble phase.

A typical pattern of supply and demand in the flat phase is illustrated in

Fig.6.14a. In the flat phase, the amounts of dollar supply and demand are

balanced. Hence, they meets around the same rate as the last weeks’ rate.

The trading amounts at the equilibrium rates are larger in the flat phase.
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This is because there are plenty amounts of both supply and demand.
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Figure 6.14: Supply and demand

Typical patterns of supply and demand in the bubble phase are illustrated

in Fig. 6.14b,c. In the first half of the bubble phase, the sell orders of dollar

rush into the market. By contrast, in the latter half, there are many buy

orders in the market. Throughout the bubble phase, the trading amounts

are smaller, because the opposite orders are not provided sufficiently in the

market.

In order to verify that the trading amounts in the flat phase are larger

than those in the bubble phase, the difference of the average of the trading

amounts between the two phases is checked by t-test. The result is shown in

table 6.4. The trading amounts in the flat phase tend to be larger than that

in the bubble phase (P < 0.1).

Rate Fluctuation

Finally, the difference of the rate fluctuation is also examined. The means

of absolute values of monthly rate changes are calculated both in the flat
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flat phase bubble phase
Number 44 52
Mean 0.745 0.549
Variance 0.445 0.654
t value 1.307
Probability 0.0972

Table 6.4: Difference of trading amounts

phase and the bubble phase. The difference of these means is checked by t

test (table 6.5). The result is that rate fluctuation in the bubble phase is

significantly larger than that in the flat phase (P < 0.05).

flat phase bubble phase
Number 11 13
Mean 0.00149 0.000742
Variance 9.87 ×10−5 7.42 ×10−4

t value 2.23
Probability 0.0200

Table 6.5: Difference of fluctuation

Features

Let us summarize the main points of the results in the above sections. The

features of the flat and bubble phases are listed in table 6.6.

flat phase bubble phase
Distribution of forecasts Balanced One-sided
Variety of forecasts Rich Poor
Trading amounts Large Small
Fluctuation Small Large

Table 6.6: Features of flat and Bubble phase
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In the flat phase, agents’ forecasts distribute symmetrically around the

last week’s rate. In other words, the variety of forecasts is rich because there

are forecasts in both sides. The amounts of supply and demand are balanced,

so the trading amounts are larger at the equilibrium. Supply and demand

tend to meet around the last week’s because there are sufficient amounts

of supply and demand around the the last week’s rate. Hence, the rate

fluctuation is smaller in the flat phase.

In the bubble phase, agents’ forecasts lean to one side. That is, the

variety of forecasts is poor because most agents have the same forecasts.

The amounts of supply and demand are one-sided, so the trading amounts

are smaller at the equilibrium. Supply and demand tend to meet apart from

the last week’s because there are not sufficient amounts of opposite orders

around the last week’s rate. Hence, the rate fluctuation is larger in the bubble

phase.

6.4.2 Data weights

In this section, the dynamic patterns of the data weights which agents have

are investigated, in order to know the mechanism of the phase transition.

First, the data weights are classified into six factors as a result of factor

analysis of their dynamic patterns. Then, we divide these six factors into

three categories based on their meanings. Next, about each category, the

following matters are examined: differences of its value between the flat phase

and the bubble phase, temporal changes of agent groups, and distribution

patterns in the market.
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Classification of Data Weights

In order to outline the dynamic pattern of agents’ learning, the data weights

which agents have are classified into six factors as a result of factor analysis

of their dynamic patterns.

First, the matrix which is analyzed by factor analysis is constructed.

Twelve data (table 6.7) are selected from the seventeen data in table 5.1.

Five data are discarded because they are alway zero during the forecast

period or both their market average and variance are so small that they have

little influence on the rate change. The matrix is a list of 12 weights of 100

agents every 10 week during the forecast period. Thus, the width of matrix

is 12, the height is 100 (agents) × 11 (weeks). Because this matrix includes

the weight value in different weeks, it can represent the temporal change of

weights.

Second, factors are extracted by principal component analysis. As a re-

sult, we consider that top six factors which have the largest eigenvalues are

appropriate as extracted factors. The proportion of explanation by these six

factors is 67.0 %.

Finally, we extracted six factors from the twelve data by factor analysis.

Then these six factors are rotated by Varimax rotation and each factor is

interpreted from loading value of its component data. The loading value

after Varimax rotation is shown in table6.7.

The interpretation and classification of these six factors are shown in table

6.8.

The first factor has large absolute value of Economic activities data and

Price data. These two data are used by the price monetary approach, which is

one of the classical econometric approaches of exchange markets. The price
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Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6
Economic activities −0.5256 −0.0040 −0.0335 0.0869 −0.0032 0.0063
Price 0.5009 0.1347 −0.1498 0.1431 0.2047 0.0305
Interest 0.0624 0.0795 −0.3578 −0.0271 −0.0189 0.0212
Trade 0.0396 0.1302 0.4885 0.1144 0.0043 0.0515
Employment 0.2006 −0.0814 0.2497 0.3719 0.3662 0.1263
Intervention -0.0838 0.0035 0.2265 0.2358 −0.4132 0.2070
Announcement 0.0259 −0.0572 0.0800 0.4970 −0.0884 0.0314
Mark −0.0232 −0.0070 0.0795 −0.1008 −0.0514 0.0676
Politics 0.0431 −0.0381 0.0802 −0.0858 0.3751 0.0567
Stock 0.0369 −0.4688 −0.0837 0.0356 0.0295 0.2283
Short-term trend 1 0.0897 0.5628 −0.0694 −0.0330 −0.0268 0.0956
Long-term trend −0.0008 −0.0380 0.0153 0.0712 −0.0022 0.4938

The numbers whose absolute values are more than 0.350 are underlined.

Table 6.7: Loading value

Categories Factors Data
(members of categories) (members of factors)

Econometrics 1. Price monetary Economic activities, Price
3. Portfolio balance Trade, Interest

News 4. Announcement Announcement, Employment
5. Politics Intervention, Politics, Employment

Trend 2. Short-term Short-term trend 1, Stock
6. Long-term Long-term trend

Table 6.8: Categories of factors
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monetary approaches mainly deal with national price level and domestic

economic situation. Thus, the first factor is named as Price monetary factor.

The second factor consists of Short-term trend data and Stock data. From

1994 to 1995, stock markets have the similar trend to the exchange markets.

Hence, this factor represents the short-term trends common to these markets.

We call this factor Short-term factor.

The third factor concerns the Trade data and Interest data. These t-

wo data are included in the portfolio balance approach, which is also the

traditional econometric model of exchange markets. The central feature of

the portfolio balance approach is that it distinguishes between domestic and

foreign assets as imperfect substitutes. Hence, its model mainly focused on

trade and interest indices. The third factor is defined as Portfolio balance

factor.

The fourth factor has large absolute value of Announcement data and

Employment data. Because the loading value of the Employment data is

relatively smaller than that of Announcement factor and the market average

of the Employment data weight is smaller during 1994 to 1995, we call the

fourth factor as Announcement factor.

The fifth factor consists of Intervention, Politics, and Employment data.

Because of the same reason as the Announcement factor and these data

meaning, The fifth factor is defined as Politics factor.

The sixth factor concerns the Long-term trend data. We call it as Long-

term factor.

These six factors are categorized as shown in table 6.8. Because the

Price monetary factor and Portfolio balance factor have the same focuses as

econometric models, they are categorized as Econometrics category. Both
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the Announcement factor and Politics factor deal with political and social

news. Thus they are included in News category. The Short-term factor and

Long-term term factor concern about chart trends. Hence Trend category

consists of these two factors.

Next, about dynamic patterns of each category, the following matters

are examined: differences of its value between the flat phase and the bubble

phase, temporal change of agent group, and distribution patterns in the

market.

Econometrics category

Fig.6.15 illustrates market averages of all agents’ scores of the Price monetary

factor and Portfolio balance factor. These factors are relatively stable during

the flat phase and bubble phase. About the Price monetary factor, almost

all agents have the same value of its score after June 1994. However, its

influence on rates is not so large, because its absolute value is small. On the

other hand, concerning the Portfolio balance factor, the absolute values of

its market averages are large. Especially, during the first half of the bubble

phase, they are roughly twice as before.

The distribution patterns of agents’ scores of the Price monetary fac-

tor and Portfolio balance factor are illustrated in fig.6.16a and 6.16b. The

distribution patterns in the flat phase (fig.6.16a) and in the bubble phase

(fig.6.16b) are very similar, except that scores of the Portfolio balance factor

shift down.

In order to get more detailed illustration of temporal change of the E-

conometric category, first, we examine the frequencies of agents who have

plus (minus) value of the component data of the Econometric category. The
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Figure 6.15: Temporal change of Econometrics category
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Figure 6.16: Distribution of scores of Econometric category
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result is that opinions about all four component data (Economic activities,

Price, Trade, and Interest) are common in the market and stable. It is be-

cause more than 80 % of agents have the same positive (or negative) weights

throughout the flat and bubble phase.

Second, market averages of its component data are investigated (fig.6.17).

The weights of the Economic activities data and Interest data are so small
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Figure 6.17: Market averages of component data of Econometric category

that they have little influence on the rate dynamics. Because there are very

few data about the Price data, it also doesn’t have large contribution to the

rate dynamics. From December 1994 to March 1995, there is a sharp increase

of the absolute value of the Trade data weight. This implies that agents paid

attention to the Trade data especially just before the yen appreciation bubble

started.

The correlation coefficient between the Trade data and rate changes is

the largest among the component data of Econometric categories from June

1994 to April 1995 (table6.9). This fact implies that the agents regarded the
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Trade Economic activities Price Interest
−0.229 0.030 −0.048 0.147

(From June 1994 to April 1995)

Table 6.9: Correlation coefficients between the Econometric category and the
rate change

Trade data as more important just before the bubble started because the

Trade data could explain the rate change better than the other data.

News category

Fig.6.18 illustrates market averages of all agents’ scores of the Announce and

Politics factor. The absolute value of these factors’ weights rapidly increased

just before the rate bubble started. That is, they were not so paid attention

in the flat phase. However from the end of the flat phase to the bubble phase,

they are recognized as important factors.
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Figure 6.18: Temporal change of News category

The distribution patterns of agents’ scores of the Announcement factor
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and Politics factor are illustrated in fig.6.19a and 6.19b. The distribution

patterns in the flat phase (fig.6.19a) and in the bubble phase (fig.6.19b) are

clearly different. In the flat phase, the scores spread widely, while in the

bubble phase, they shifted to left and bottom areas.

-2

-1.5

-1

-0.5

0

0.5

1

1.5

2

2.5

-1.5 -1 -0.5 0 0.5 1 1.5 2 2.5

In
te

rv
en

tio
n 

- 
Po

lit
ic

s

Announcement

a)  June ’94

-2

-1.5

-1

-0.5

0

0.5

1

1.5

2

2.5

-1.5 -1 -0.5 0 0.5 1 1.5 2 2.5

In
te

rv
en

tio
n 

- 
Po

lit
ic

s

Announcement

b)  December ’95

Figure 6.19: Distribution of scores of News category

Let me turn to more detailed illustration of temporal change of the News

category. In fig.6.20, the market averages of its component data are shown.

The weights of the Employment data and Intervention data are so small

that they have little influence on the rate dynamics. Around the end of the

flat phase, the absolute weight values of the Announcement data and the

Politics data increase quickly. In the bubble phase, almost all agents have

the minimum weight value −3 of these data. That is, the market consensus

that these two data are the most important was established in the bubble

phase.

In order to verify the convergence of market opinions, we examine the

frequencies of agents who have minus weight value of the Announcement
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Figure 6.20: Market averages of component data of News category

data and the Politics data (fig. 6.21). The result is that the very strong

market consensus is established since the end of the flat phase. Over 90 %

of agents have minus weights of these data in the bubble phase.

The correlation coefficient between component data of the News category

and rate changes is much larger than the other data from June 1994 to April

1995 (table 6.10). The large correlation made market opinions about these

Intervention Announcement Politics Employment
0.377 −0.293 −0.318 −0.032

(From June 1994 to April 1995)

Table 6.10: Correlation coefficients between the News category and the rate
change

data converge.
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Figure 6.21: Frequency of minus weights

Trend category

Fig.6.22 illustrates market averages of all agents’ scores of the Short-term

factor and Long-term factor. These factors show distinctive dynamic pat-

terns. About the Short-term factor, the market average continuously rose to

the plus until May 1995. After it fluctuated at the plus, it returned to the

minus in December 1995. By contrast, concerning the Long-term factor, its

market average moves steadily until June 1995. Since July 1995, it drops to

the lowest level.

The distribution patterns of agents’ scores of the Short-term factor and

Long-term balance factor are illustrated in fig.6.23a, 6.23b, and 6.23c. In the

flat phase, the scores distributed in the minus are of the Short-term factor

(fig.6.23a). In the bubble phase, they moved to the plus area (fig.6.23b and

6.23c). In the end of the bubble phase (fig.6.23c), they return to the center

of x axis, and shifted to the minus area of the Long-term factor.

In fig.6.24, market averages of its component data are investigated. There
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Figure 6.22: Means of trend factors
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Figure 6.23: Scores of trend factors
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is a slight increase of the weight of the Short-term data. From March 1995

to June 1995, there is an immediate sharp increase. Since July 1995 it re-

turned. After the weight of the Long-term data moved flat from August

1994 to August 1995, it decreased rapidly. The point is that the weights of

these two data are positive in the bubble phase. That is, there is a positive

feedback by both the short-term and long-term trend in the bubble phase.

The positive feedback means that the plus weights of trend data make the

continuing trends. However in the end of the bubble phase, this positive

feedback weakened because the weight of the Long-term data changed to the

minus.
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Figure 6.24: Market averages of component data of Trend category

We calculated the correlation coefficient between component data of the

Trend category and rate changes from June 1994 to April 1995 and from

May 1995 and December 1995 (table 6.11). Because of the large correlation

before the bubble started, the weights of the trend data got larger, and the

positive feedback started. However, after the rate passed the lowest point in
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