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1Introduction

When analyzing the behaviour of economic agents and institutions, the role of

individual heterogeneity, various behavioural characteristics, for example, herd-

ing or overconfidence, receive more attention in scientific research. Therefore,

next to the traditional finance approach the behavioural finance approach pro-

vides additional insights that might help to understand the micro foundations

of financial markets. Moreover, individuals participate in financial markets

and get more involved in financial decision making due to, for instance, an

implementation of defined contribution retirement saving plans. Since the

activity in markets and economy is, essentially, interactive, empirical evidence

on individual behaviour presented in behavioural literature suggest that micro

foundations might be driven by interactions of heterogeneous economic agents

with different information, preferences, or capabilities. The unifying theme of

this thesis is the study built around individual heterogeneity.

This thesis can be divided into two parts, presenting two ways for study-

ing individual heterogeneity in financial markets and economy. One way to

study the behaviour of heterogeneous individuals is building models based

on microsimulations where one can model agents with different preferences

and behavioural rules. These models are computational implementation of

the behavioural finance theories. The agent-based models allow for investigat-

ing behavioural characteristics and individual interactions which lead to the

behaviour of the market as a whole. This thesis contributes to this strand of

literature. Another way to study the behaviour of heterogeneous individuals is

studying the observed individual behaviour with the help of micro-level data
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retrieved from various surveys. Such analyses vary depending on data availabil-

ity and reliability. When studying individual behaviour using survey responses,

a researcher often needs to create reliable measures which may represent a

behavioural characteristic under consideration. Sometimes a researcher en-

counters many alternatives when approaching a specific question. For example,

in the case of overconfidence measurement, a researcher encounters several

alternatives originating from many manifestations of this phenomenon. There-

fore, it is also necessary to investigate the relations between these alternatives

and whether they might represent the same underlying behavioural factor. This

thesis also contributes to the literature analyzing the relations between different

overconfidence measures.

The first part of this thesis consists of two studies (Chapter 2 and 3) on

heterogenous agent-based financial market modelling, more specifically, valida-

tion and estimation of an agent-based financial market model. The second part

includes a study (Chapter 4) analyzing a set of overconfidence measures and

the demographics of overconfidence.

Part I: heterogenous agent-based modelling

Heterogeneous agent-based financial market models, also referred to as artificial

financial markets (see, for example, the comprehensive surveys by Hommes

(2006), LeBaron (2006), and Lux (2009)) are a good platform to incorporate

diverse individual behaviour and study complex real world phenomena in

financial markets through the interaction of heterogeneous agents. These

artificial financial market models have been successful in generating financial

time series with stylized facts (as described, for instance, in Cont (2001))

in line with the empirical findings (see, for instance, Alfarano et al. (2005),

LeBaron et al. (1999), LeBaron and Yamamoto (2007), Lux and Marchesi (2000),

Yamamoto (2011)). Nevertheless, when applying these models, it is important

not only to be able to generate results sharing distributional properties with

actual data, but also to investigate model validation and identification of the

parameters describing agents’ behaviour. Still, there is no consensus on how

these models should be validated. What is more, the complexity and high level

of parametrization make the identification of behavioural parameters on the

basis of financial macro data alone a very challenging task. Therefore, a further
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research on these models involves developing possible validation procedures

and also linking the parameters to alternative data, in particular, micro-level

data. This thesis contributes to the literature by introducing a new approach to

validate such a model and presenting an estimation of behavioural parameters

using micro-level data, which is a new type of data in this literature.

Chapter 2 proposes a methodology to validate heterogeneous agent-based

models with the illustration of applying it to an agent-based financial market

model. The model under consideration is characterized by heterogeneous

expectations and herding behaviour of two types of agents, namely, agents

who believe in predictability of asset prices (fundamentalists), and agents who

do not believe in predictability and therefore diversify their portfolios (mean-

variance investors). Both types of agents have heterogeneous expectations

about the market and interact based on information in the market and available

behavioural rules. Our methodology of validation consists of two steps: a

parameter analysis and a stylized facts analysis. The first step establishes the

relation between the model parameters and a selection of model-based statistical

characteristics of asset returns describing stylized facts. We analyze the relation

between the model input, expressed in terms of its parameters, and the model

outputs, i.e., outcomes described by statistical characteristics of asset returns

or of other quantities representing stylized facts. Using the outcomes of the

first step, we investigate in the second step the model validation by testing the

equality of the model- and corresponding observationally-based stylized facts.

We first test model validation in terms of individual statistical characteristics

separately and then perform a joint test for the hypothesis whether the smallest

distance between the model-based stylized facts and the stylized facts derived

from actual data is zero, where we restrict the model-based stylized facts to

their systematic part. When accepting this hypothesis we classify the model

as a whole to be validated. Our methodology can be applied to any model

disregarding its complexity and the number of parameters, assuming that the

number of investigated stylized facts is sufficiently large.

Chapter 3 presents the estimation of behavioural parameters of an agent-

based model of a financial market, also presented in Chapter 2. The estimation

of model parameters is done using other data source than is typically considered

in previous literature, namely, micro-level data from a specifically designed

questionnaire. The model incorporates various parameters, such as the param-
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eter indicating how many periods of past information agents take into account,

or what weights they give to the available information sources, or how they

adjust their portfolio holdings. The micro-level data we used was collected

using a specifically designed questionnaire which included questions on, for

example, individual risk attitudes, portfolio composition, and beliefs about a

stock market. The responses to the designed questions allowed for measuring

the parameters which are crucial to the behaviour of agents and the market as

a whole. The questions were specifically designed following the framework of

the artificial financial market introduced in Chapter 2. The parameter identifi-

cation problem due to model complexity was solved by separating model into

parts, each describing specific agent’s behaviour. The estimation of the model

parameters was performed for each part of the model separately. Using the

survey, we were able to estimate the behavioural parameters in the model. The

simulations with the estimated model are able to reproduce stylized facts such

as excess kurtosis, volatility clustering, and non-normality of asset returns. This

work illustrates how an agent-based financial market model can be estimated

using micro-level data from a specifically designed questionnaire.

Part II: overconfidence measures

In the second part of this thesis we turn to another way to study individual

heterogeneity, namely, studying individuals using the observations through var-

ious surveys. When analyzing individual behaviour, a researcher uses measures

which are assumed to represent a specific individual characteristic, evaluate

preference, or assess a beahvioural rule an individual might follow when making

decisions. Sometimes, as in the case of overconfidence measurement, the choice

of a reliable measure is not straightforward and asks for a careful evaluation

of possible alternatives before further applying them in an analysis of hetero-

geneous agents. Chapter 4 analyzes a set of representative overconfidence

measures using survey data. The literature distinguishes various manifestations

of overconfidence, such as the illusion of control, overestimating the precision

of private information, better-than-average effect, and miscalibration. Over-

confidence is found to have significant effects on individual’s decisions possibly

leading to behavioural biases. For example, behavioural finance literature has

linked overconfidence to speculative bubbles in asset prices, excessive trade and
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price volatility, and the tendency to herd (Hirshleifer et al. (1994), Scheinkman

and Xiong (2003), Shiller (2000)). The causes of overconfidence and its mani-

festations are many and thus the measures used to incorporate this behavioural

aspect in an analysis vary accordingly. The relations between the different

manifestations of overconfidence is still mainly unexplored and the existing

evidence in the literature (see, for example, Fellner and Krugel (2012), Glaser

and Weber (2005), Herz et al. (2013), Hilton et al. (2011), Larrick et al. (2007))

on these relations is diverse and not easily reconciled.

Overconfidence can manifest itself in different areas of life differently: a

person can be confident about one’s health but underconfident about one’s basic

financial knowledge. Therefore, measuring overconfidence is not a straightfor-

ward exercise and each measure individually may not be sufficient to differenti-

ate individual overconfidence in general. We explore patterns of correlations

among the several measures of overconfidence and using several overconfidence

measures from different domains construct overconfidence indices with means

of a principal component analysis (Jolliffe 1986). We collect answers from

various questionnaires that allow for measuring overconfidence. When selecting

the measures we follow various studies which use overconfidence factors to

explain individual decisions in psychology, finance, or economics. We include

measures on general overconfidence (subjective evaluation of one’s skills and

abilities), unrealistic optimism, better-than-others effect, and overconfidence in

one’s knowledge. In our analysis we are interested in how the overconfidence

level varies among individuals and how it relates to demographic variables. We

rephrase the latter as the demographics of overconfidence.

We find that overconfidence measures from different domains are only

weakly correlated. Based on the demographics of each overconfidence measure

under consideration and keeping in mind the limitations of the available data,

we find that, in general, men are more overconfident, also younger respondents

and individuals with a higher degree of education show higher overconfidence.

On the other hand, individuals with a paid employment are found to have lower

overconfidence. Our analysis show that some overconfidence measures relate

to demographic information differently, suggesting that the demographics of

overconfidence measured within different domains might give different insights

into individual heterogeneity.





2Parameter Analysis and Validation
of an Artificial Financial Market

Introduction 2.1

Heterogeneous agent-based financial market models (see, for example, surveys

by Hommes (2006), LeBaron (2006), Lux (2009) and references therein) are

successful in generating financial time series exhibiting various stylized facts,

that are described by, for example, Cont (2001) or Pagan (1996). A well known

characteristic of these models is a large number of parameters describing the

agents and the market design. On the one hand, this allows for a rather de-

tailed modelling. On the other hand, this creates a necessity to analyze the links

between model parameters and model outputs. When applying these models,

it is important not only to be able to generate results sharing distributional

properties with actual data, but also to demonstrate which and how model pa-

rameters affect them. This helps in determining procedures for model validation

which is a crucial step in the development of these models. Model validation

usually means that a model yields a sufficiently accurate representation of the

real-life system within the domain of its applicability (Sargent 2005). However,

there is still no consensus on how heterogeneous agent-based models should be

validated: approaches in the literature range from calibration to estimation. In

this chapter we propose a new methodology to validate an agent-based model.

The literature concentrating on the econometrics side of the agent-based

modeling started quite recently, see, for example, Alfarano et al. (2008), Amilon

(2008), Franke (2009), Li et al. (2010), Lux (2012). The focus, so far, has
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been on relatively simple models with two or three parameters only. The

difficulties in investigating these models from an econometric point of view

have been discussed in Chen et al. (2012). These difficulties include, for

instance, analytically intractable objective functions due to which it is hard

to apply direct estimation methods such as maximum likelihood. In such

cases an indirect estimation is performed, such as the method of simulated

moments (Franke (2009), Gilli and Winker (2003), Winker and Gilli (2001),

Winker et al. (2007)). Nevertheless, the method of simulated moments and

similar approaches typically lead to very complicated optimization problems,

especially when a larger number of parameters is considered (see, for example,

Franke (2009), Winker and Gilli (2001)). Therefore, such methods are not very

appealing when working with complex models which include many parameters

and nonlinear dynamics. With too many parameters these models might even

become under-identified, meaning that data, typically used for estimation, such

as returns on stock market indices, is not sufficient to distinguish between

different parameter values.

Another approach to validate these models concentrates on calibration-

based methods. For example, Li et al. (2010) propose systematic procedures

to compare microscopic simulation models with real-life data. The authors

calibrate the model presented in He and Li (2007, 2008) by minimizing the

average distance between the autocorrelations in returns of actual data and the

corresponding autocorrelations in returns of the model output. This approach

also allows for analyzing more complex models. However, calibration, when

implemented practically, typically does not allow for incorporating a larger

number of distributional characteristics of simulated and actual data for the

calibration of the parameters.

Once parameters have been estimated or calibrated, the parameter values,

though useful for implementing an artificial financial market model, do not

necessarily give the right insight into how the model is doing with respect to the

real world. Agent-based models are complex, but not complex enough to avoid

possible misspecification. As a consequence, the above mentioned methods

might not allow for a sensible interpretation of parameter values which would

help to explain real agents’ behaviour or real world phenomena. The lack

of such an interpretation cannot be a good ground for model validation, but

finding parameter estimates that are hard to interpret, does not necessarily
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invalidate the model: the model might still reproduce stylized facts in line

with actual observations. However, model validation should preferably be a

result of a model set-up with reasonable parameter values that also leads to

the reproduction of stylized facts.

To motivate our approach, we consider climate models which are quite

often more complex than artificial financial market models.1 We apply a similar

approach of model validation as used in the development of climate models.

This approach involves running a simulation model many times by varying

the values of model parameters and initial values. The resulting model output

is quantified by a selection of variables that can also be observed in the real

world. By confronting the generated model outputs to the corresponding real

world output in an appropriate way we might be able to validate or invalidate

a specific model. In case of heterogeneous agent-based models, it makes sense

to base the selection of output variables on variables quantifying stylized facts

of financial markets.2

The methodology that we propose consists of two steps. In the first step we

focus on a parameter analysis. We analyze the relation between the model input,

expressed in terms of its parameters, and the model outputs, i.e., outcomes

described by statistical characteristics of asset returns or of other quantities

representing stylized facts such as kurtosis and skewness. For this, we use

multiple simulation runs with different values for the model parameters. We use

a range of parameter values that aim to reproduce stylized facts. A regression

analysis establishes the best linear relation between the model outputs and

model parameters.3 This allows us to make distinction between the systematic

part and idiosyncratic part of the variation of the stylized facts due to a variation

in the parameter values.

In the second step we link the predicted model-based statistical character-

istics, representing the stylized facts, from the first step to the corresponding

statistical characteristics of actual data. We first test model validation in terms

1See, for instance, the models used by www.ipcc.ch.
2Furthermore, the climate models are typically built in parts using physical laws; therefore,

one way to estimate the model is to break it in parts and perform parameter estimation for
each part separately. Following this reasoning in Chapter 3 we estimate the parameters of the
agent-based model using micro level data. However, even if a model is developed by modelling
and estimating it in parts, the need for a validation approach of the model as a whole still
remains.

3For earlier attempts of this part of our analysis, see Tajuddin (2011).



10 Parameter Analysis and Validation of an Artificial Financial Market Chapter 2

of individual statistical characteristics separately by checking whether the con-

fidence interval of a statistical characteristic calculated using actual data falls

inside the confidence interval of the model-based statistical characteristic. When

it does, we define a model to be validated with respect to the corresponding

individual characteristic. We then test the hypothesis whether the smallest

distance between the model-based stylized facts and the stylized facts derived

from actual data is zero, where we restrict the model-based stylized facts to

their systematic part. This is a joint test, including all statistical characteristics

under consideration. When accepting this hypothesis we classify the model

as a whole to be validated. Our methodology can be applied to any model

disregarding its complexity and the number of parameters, assuming that the

number of investigated stylized facts is sufficiently large.4 It is, therefore, a

simple but effective way to investigate validation.

We illustrate our methodology by applying it to an agent-based financial

market model, characterized by two types of agents, namely, agents who believe

in predictability of asset prices (fundamentalists), and agents who do not

believe in predictability and therefore diversify their portfolios (mean-variance

investors). Both types of agents have heterogeneous expectations about the

market, described, for instance, by a set of different forecasting rules and a

different memory length (number of data points used to make the forecasts).

In addition, we implement endogenous switching between different forecasting

rules based on the forecasting performance and the majority opinion about the

forecasting rules. This can give rise to herding behaviour which is included

as one of the behavioural factors driving the dynamics of a market (see, for

example, Alfarano et al. (2010), Lux and Marchesi (2000), Wagner (2003),

Yamamoto (2011)).

We apply our methodology using weekly S&P500 return data. We use several

subperiods to illustrate model validation for different time intervals. We are

able to validate this model in terms of the kurtosis, the skewness, Jarque-Bera

statistics, and autocorrelations of asset returns at various lags for a number

of time periods excluding turbulent events. When considering, for example,

the period that includes the recent financial crisis and its aftermath, we find

4Here we assume that the number of investigated stylized facts is sufficiently large. However,
if needed, the number of stylized facts can easily be increased, so that this assumption does not
impose any serious constraint.
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that this model is validated in terms of the kurtosis, Jarque-Bera statistics, and

autocorrelations of asset returns. However, the model generated skewness, the

return-volatility correlation, the average loss-gain asymmetry, and a number

of autocorrelations are not close enough to the real-life observations of this

time period. Thus, compared to this period, the model is not validated with

respect to these individual characteristics. Taken together, the results suggest

that the model is validated for all statistical characteristics individually when

considering various characteristic-specific subperiods of the actual data. Indeed,

the results of the joint tests show that the model still needs improvements in

order to be validated as a whole when considering all statistical characteristics

jointly.

The remainder of the chapter is organized as follows. Section 2.2 describes

the artificial financial market model with heterogeneous agents to which we

later apply our validation methodology. Section 2.3 presents the benchmark

simulation results. Section 2.4 discusses stylized facts and their reproduction

in the benchmark model. Section 2.5 describes validation methodology and

the application. Section 2.6 concludes.

An artificial financial market 2.2

In this section we introduce the financial market model that will be used in our

validation analysis. In this financial market model agents trade in assets, issued

by the firms. The equilibrium in every period is set by a market maker who

computes a temporary Walrasian equilibrium (see Grandmont (1988)) and a

regulator who controls the orderly functioning of the financial market. We de-

scribe the assets traded in the market, then introduce the heterogeneous agents,

proceeding with the definition of market equilibrium and the mechanisms

agents use to determine their demand for the assets.

Assets 2.2.1

There are J + 1 assets, numbered 0 to J , and characterized by dividend payoffs

Dj t and prices S j t in period t. The numéraire asset has price S0t = 1 and

dividend payoff D0t = 0 in each period t. In modeling the dividend process, we
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follow, among others, LeBaron (2001), Levy et al. (2000), and He and Li (2007,

2008), and assume it is exogenously given and independent across firms. In

particular, we follow LeBaron (2002a) in the dividend rule specification:

log
�

Dj,t+1

�

= cD j + log
�

Dj t

�

+ εD j,t+1, (2.1)

with j = 1, . . . , J , cD j the growth rate of log dividends of asset j, and εD j,t+1 a

normally distributed white noise term. The net return of asset j over period t

is calculated by

R j t =
S j t + Dj t − S j,t−1

S j,t−1
, (2.2)

and the gross return is defined as r j t = R j t+1. We assume that dividend payoffs

in period t, Dj t , will only be observed after trading of assets in period t has

been completed.

2.2.2 Agents

The financial market is populated with I agents who hold and trade the available

assets. Agents use a model to forecast prices, dividends, or returns and base

their investment decisions on these forecasts. To estimate their model, they

use the available data which they have observed and memorized in the past.

The number of periods of data in the memory of agent i is denoted by Mi. We

denote hi j t as agent’s i holdings (measured in numbers of assets) of asset j in

time period t, and ui j t as the value of agent’s i portfolio holdings of asset j in

terms of the numéraire. The wealth of agent i at the beginning of time period

t is given by Wi t = St · hi,t−1, where St is a vector of prices of J + 1 assets in

terms of the numéraire, hi,t−1 is a vector of agent i’s holdings of J + 1 assets in

previous period, and ‘·’ indicates the inner-product.

We model the financial market with two types of agents, the fundamentalists

and the mean-variance investors. Next, we briefly present their preferences,

rules to forecast relevant statistics, and define the demands for the risky assets.
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Fundamentalists

We assume that the fundamentalists believe that market prices are predictable

and depend on market fundamentals, such as dividend earnings. They discount

expected dividends over future periods of each asset j independently using the

discount rate r∗D j in the following way:

Fi j t = Ei t

�∞
∑

τ=1

Dj,t+τ

(1+ r∗D j)τ

�

,

where Ei t (.) denotes the expectations operator conditioned upon the informa-

tion available up to and including time t according to the model that agent i

uses for asset j. As in Levy et al. (2000), we assume that the fundamentalists

believe that the price will converge to its fundamental value in the next period.

The fundamentalists employ Gordon’s dividend stream model (Gordon (1962))

to calculate the fundamental price:

Fi j t =
Ei t

�

Dj,t+1

�

rD j
. (2.3)

We set rD j =
r∗D j−g j

1+g j
, with g j the expected growth rate of the dividend of asset

j and r∗D j the expected return on the asset, in line with the dividend model of

Gordon (1962). When rD j is such that rD j =
1−β
β , with β the fraction of wealth

invested in stocks at every time period, the fundamental price (2.3) is equivalent

to the homogeneous agent equilibrium price in LeBaron (2002a). In our model

the fundamentalists trade according to the difference between the perceived

fundamental price, Fi j t , and the past period price, S j,t−1 (cf., for instance,

Chiarella et al. (2006) and He and Li (2007)). We assume that fundamentalists

increase their demand when they believe the asset is underpriced and reduce

their demand in the opposite case.

For computing a portfolio adjustment we select a functional form that is

flexible enough and exhibits the following characteristics. The portfolio adjust-

ment rule for the fundamentalist has to take into account portfolio holdings in

the previous period ui j,t−1, the direction in which prices move compared to the

perceived fundamental price, Fi j t −S j,t−1, and how much prices change relative

to the perceived fundamental price Fi j t .
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We choose a specific functional form which satisfies the criteria above. We

postulate that the fundamentalists adapt their portfolio at each time period t

in the following way:

ui j t = ui j,t−1 +αi sgn
�

Fi j t − S j,t−1

�

�
�

�Fi j t − S j,t−1

�

�

Fi j t

�θi

Fi j t , (2.4)

where αi > 0 is the adjustment speed, θi > 0 the responsiveness to differences

between the fundamental price and the price of the previous period, and sgn(.),
the sign function.5 The adjustment speed, αi, is a combined measure of risk

tolerance, the agent’s ‘sensitivity’ to perceived mispricing, and confidence in

market fundamentals (Chiarella et al. (2006), He and Li (2007)). The agent’s

responsiveness to differences in prices, θi, is used to implement a nonlinear

way of response for θi 6= 1. If θi increases and
�

�Fi j t − S j,t−1

�

�

�

Fi j t < 1, the

portfolio adjustment will decrease. If the asset is perceived to be underpriced

(Fi j t > S j,t−1), sgn(.) will be positive and the agent increases the demand for the

asset. The size of the adjustment depends positively on the relative difference

between the perceived fundamental price Fi j t and the previous period price

S j,t−1 and is proportional to Fi j t .

Mean-Variance Investors

Mean-variance (MV) investors do not believe that asset prices are predictable

and therefore diversify their portfolio. We assume that MV investors buy the per-

ceived one period ahead mean-variance efficient portfolio (Markowitz (1959)),

found by solving the following optimal investment problem:

max
ui t
Ei t

�

Wi,t+1

�− γi t Vari t

�

Wi,t+1

�

s.t. Wi,t+1 = r ′t+1ui t

ι′ui t =Wi t ,

where Vari t(.) denotes the variance operator using the available information

up to and including time t according to the model of agent i, Wi,t+1 is invested

5The function results into 1, −1, and 0 for positive, negative, and zero arguments, respec-
tively.
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wealth, rt+1 is the (J × 1) vector of gross returns of assets over period t + 1, γi t

is the time varying risk aversion parameter of agent i in time period t, and ι is

a (J × 1) vector of ones. The agent wants an optimal combination of expected

return and risk. This results in eui t , the (J × 1) vector of values of risky assets

demanded by investor i in time period t in terms of the numéraire, given by:

eui t =
1

2γi t
(Covi t(Rt+1))

−1Ei t(Rt+1) , (2.5)

ui0t =Wi t − ι′eui t ,

where Covi t denotes the covariance operator using the available information up

to and including time t according to the model of agent i. We indicate portfolio

demand of the risky assets and the numéraire by eut and u0t , respectively.

Furthermore, due to the trend in dividends, the predictions of the funda-

mental price by the fundamentalists will contain an exponential trend. Ignoring

other influences, such a trend in general leads to an increase of fundamentalists’

investments in the risky assets. MV investors observe that the total wealth in

the market is growing due to dividend payments. We assume that MV investors

adjust their risk aversion in order to keep a similar market share of risky assets

as from the start of the simulation:

γi t =
γi,t−1

1+ cD
, (2.6)

where cD is the growth rate of dividends. By becoming less risk averse the MV

agents stay in the market and can keep up with the fundamentalists who might

otherwise gradually take over the market of risky assets.

Market Equilibrium 2.2.3

We compute a temporary Walrasian equilibrium at every time period. We

indicate portfolio holdings of the risky assets excluding the numéraire by eht . At

time t, the total supply of risky asset j is given by
∑I

i=1
ehi j,t−1, i.e., the sum of

portfolio holdings of risky asset j by all I agents at the beginning of time period

t. The total demand for risky asset j in time t in terms of the numéraire is

given by
∑I

i=1 eui j t , where eui j t depends on agent’s expectation about the current
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prices and returns (see equations (2.4) and (2.5)) and does not depend on the

current price S j t . The equilibrium price in the market of risky asset j is set

when the market maker equalizes asset demand and supply:

S j t =

∑I
i=1 eui j t

∑I
i=1
ehi j,t−1

. (2.7)

The market maker then proposes this temporary Walrasian equilibrium price to

a regulator. The regulator observes the equilibrium price and can take actions

if the market maker suggests prices that would make the market too volatile

or even crash. After prices S j t have been proposed by the market maker, the

regulator controls the price difference by limiting returns within the interval of

λ standard deviations, λσr
τt , with σr

τt computed in time period t over returns

of the τ most recent trading periods.

2.2.4 Rule Switching and Herding

The agents in this financial market are able to choose from a set of rules for

forecasting the relevant quantities, such as the expected returns or prices. The

rules that agents choose may be different in each period of time. Below we

describe the forecasting rules available to each type of agent, explain how rules

are evaluated, and present the rule switching mechanisms.

Forecasting rules

We endow each agent with two possible forecasting rules. The fundamental-

ists can choose from the Last dividend rule and the Dividend trend prediction

rule. When using the former rule, the fundamentalist predicts Ei,t−1

�

Dj t

�

, the

expected dividend payment of asset j in time t, by means of the last known div-

idend, Dj,t−1. This forecasting rule is one of the simplest methods of predicting

the non-stationary dividend process. Using the second rule, the fundamental-

ist employs the following model for asset j to predict the expected dividend

payment:

Ei,t−1

�

Dj t

�

= exp
�

bcD j + log
�

Dj,t−1

��

,
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where bcD j denotes the estimate of cD j. The fundamentalists estimate cD j using

the sample average of the first order differences in log dividends from:

log
�

Djτ

�− log
�

Dj,τ−1

�

= cD j + εD jτ, τ= t −Mi + 1, . . . , t − 1,

with E
�

εD jτ

�

= 0. This is a more advanced method of predicting the non-

stationary dividend process.

The MV investors predict future returns, Ei t(Rt+1), using the Average rule or

the Median rule. With the former rule an MV investor forecasts the next period’s

expected return using the average return over the time periods in an agent’s

memory. When using the latter rule, an MV investor predicts Ei t(Rt+1) using

the median of the observed returns in the memory. In the presence of outliers

in the returns, this might be a more robust forecasting rule for the mean return

than the sample average rule.

Rule performance

In every time period agents evaluate the performance of the available rules

before choosing one which they use to form the forecasts. The performance

is measured in terms of the Exponentially Weighted Mean Squared Prediction

Error, following LeBaron (2002b). Since the fundamentalist and MV investor

forecast different quantities, we define the prediction error for the fundamen-

talists and the MV investors as:

v l
i j t = (1−δi)v

l
i j,t−1 +δi

�

S j t − F l
i j t

�2
(2.8a)

v l
i j t = (1−δi)v

l
i j,t−1 +δi

�

R j t −El
i,t−1

�

R j t

�

�2
, (2.8b)

respectively, where δi is a weighting parameter, also denoting different degrees

of agent’s myopia when evaluating forecasting accuracy. El
i,t−1

�

R j t

�

denotes the

return on asset j as predicted by agent i using forecasting rule l in time period

t − 1. Every period, agent i computes the performance of each prediction rule

l ∈ Li.

A relatively high rule performance error indicates that a rule forecasts poorly,

possibly leading to suboptimal investment decisions. After each trading period,
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before forming a demand for risky assets for the next trading period, agents

can learn about the prediction accuracy of each forecasting rule.

Rule switching and herding

Every trading period each agent decides to use one of the two forecasting rules

partly by minimizing the prediction error encountered when using the specific

rule (equations (2.8a) and (2.8b)). This way, rule switching can be considered

as a rational change of expectations about the market. In addition, agents might

herd in their choices over the forecasting rules, i.e., they might not only switch

between two forecasting rules based on the rule performance measure but

also on the majority opinion in the market. The majority opinion is measured

in terms of the relative fraction of the total number of agents employing a

particular rule in the previous trading period.

In implementing this herding mechanism, we follow closely Lux and March-

esi (2000). The authors model the endogenous switching of agents in the

market according to the prevailing mood (measured in terms of the opinion

index) among chartists and fundamentalists. We define the opinion index among

either the fundamentalists or the MV investors, each with the forecasting rules

l1, l2 ∈ Li (available to agent i), in the following way:

x l1,l2
j t =

nl1
j t − nl2

j t

nl1+l2
j t

∈ [−1,1], (2.9)

where, for every asset j in time period t, nl1
j t (nl2

j t) refers to the number of agents

applying the forecasting rule l1 (l2), scaled by nl1+l2
j t , the total number of agents

of one type.

We assume that with a possibility of herding an agent switches to another

forecasting rule with a probability which is determined by two factors, namely,

the forecasting performance measure of the rule and the fractions of agents

using a specific rule in the market. We construct transition probabilities for

every agent i in the following way:

π
l1
i j t = ηi j t exp

�

+U l1
i j t

�

, (2.10a)

π
l2
i j t = ηi j t exp

�

−U l1
i j t

�

, (2.10b)
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where

U l1
i j t =ψi1 x l1,l2

j t−1 +ψi2

�

v l2
i j,t−1 − v l1

i j,t−1

�

(2.11)

denotes the utility function of agent i for asset j when using forecasting rule

l1, while the utility function using forecasting rule l2 is U l2
i j t = −U l1

i j t; ηi j t is a

normalization parameter such that πl1
i j t +π

l2
i j t = 1. The forecasting accuracy,

v l1
i j,t−1 (v l2

i j,t−1), is defined by equation (2.8a) in the fundamentalist’s case or by

equation (2.8b) in the MV investor’s case. The parameters ψi1 > 0 and ψi2 > 0

represent the strength of each factor in determining the transition probabilities.

The probability of choosing rule l1 increases when rule l1 forecasts better than

rule l2 and/or when more agents prefer rule l1 to rule l2 in the previous time

period.

In addition, we assume that agents are influenced by the opinion index

with herding probability ω. In each period the agents choose the forecast-

ing rule based on (2.10a) and (2.10b) with probability ω. With probability

1−ω they choose the forecasting rule by minimizing the prediction error in

(2.8a) and (2.8b).

Benchmark model 2.3

In this section we present the benchmark parameter values for running the

artificial financial market, and discuss the corresponding simulation results.

The benchmark model serves as an illustration of this artificial financial market

to which we later apply our proposed validation methodology.

Benchmark parameter setting 2.3.1

We set half of the I = 200 agents as fundamentalists, the other half as MV

investors. They trade J = 3 risky assets in addition to the risk-free asset. Each

agent has a different memory length which is randomly drawn from a uniform

distribution with support between 100 and 800 periods. After the equilibrium

price is determined, a regulator checks it by making sure that the realized
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return lies within λ= 4 standard deviations computed over the returns of the

τ= 2000 most recent time periods.

The dividend processes are modelled on a weekly basis. Following LeBaron

(2002a) we use cD =
0.02
52 for the growth rate of log dividends, cD j, for all

assets. We assume that εD jt+1, the noise term of the log dividend process, is iid

N
�

0, 0.062

52

�

distributed. We further set the discount factor of fundamentalists,

rD j, equal to 0.02
52 , the same as the growth rate of log dividends cD, for all assets.

The starting value of the dividend processes of all risky assets is set equal to cD.

We set the parameters for the agents in the following way. In equation (2.4)

we choose the parameters αi = 3.9 and θi = 1.1 for all i. The time varying risk

aversion parameter γi t starts with value γi1 = 5 in the first period and changes

according to (2.6) for each agent i. Furthermore, following LeBaron (1999)

we set δi = 1/75 for the rule performance measures in (2.8a) and (2.8b). For

the herding mechanism we set the parameters ψi1 = 0.7 and ψi2 = 1 in the MV

investor’s case, while ψi1 = 0.7 and ψi2 = 1 in the fundamentalist’s case.6 The

probability to herd is set to ω = 0.8. These parameters are chosen such that

the market is able to generate higher volatility, volatility clustering, and at the

same time low autocorrelations in asset returns.

We run the benchmark simulation for 5000 periods, selecting the last 1000

(which is about 20 years) to be presented here. The burn-in period of the 4000

periods is used to let the economy start up and wash out the effects of the

starting information which was not generated by the economy.7

2.3.2 Simulations

In this section we describe the asset prices and returns and present a brief

description of the behaviour of both types of agents in the benchmark model of

this market.

6Due to the small values of the prediction errors compared to the opinion index in transition
probabilities defined in (2.10a) and (2.10b), we scale the values of the prediction errors
multiplying by 105 in the MV investor’s case and by 103 in the fundamentalist’s case.

7We simulate the dividend process and compute prices from the dividends using equation
(2.1) to generate the initial information. The asset returns are computed from the prices and
dividends using equation (2.2), but we add normally distributed noise with standard deviation
0.01. We calibrate the total supply of assets in the first period of the simulation to align the
simulation data with the generated initial data.
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Simulated asset returns

Figures 2.1 and 2.2 provide the series for all three assets resulting from the

simulations of the benchmark model. Figures 2.1 shows simulated dividends,
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Figure 2.1: Asset prices and returns: dividends in column 1, prices
in column 2, returns (in %) in column 3; assets in rows.
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Figure 2.2: Autocorrelations: of returns in column 1, squared re-
turns in column 2, absolute returns in column 3; assets
in rows.
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prices, and returns for each asset over time. Clearly, this artificial financial

market is able to generate volatility clusters in asset returns. Figure 2.2 shows

the autocorrelations of returns, squared returns, and absolute returns for the

first 50 lags. The dashed lines indicate the 5% critical values for testing whether

the autocorrelations are significantly different from zero. We observe that the

market generates only a few significant lags of autocorrelations in the asset

returns (mostly for the first lags). In case of asset 1 and 2 we find significant

autocorrelations of squared and absolute returns. However, the patterns in all

graphs suggest that slow decay of autocorrelations in absolute and squared

returns is not present in the benchmark results.

Agents’ behaviour in the market

In Figures 2.3 and 2.4 we provide the simulation results for a fundamentalist

and an MV investor with memory length of 686 and 768 time periods, re-

spectively. The prediction errors and the transition probabilities in panels (a)
and (b) are plotted as observed by a single agent, the opinion indices in pan-

els (c) are observed by all fundamentalists and MV investors in Figures 2.3

and 2.4, respectively. In some periods the patterns of the transition probabilities

(panels (b) in Figures 2.3 and 2.4) resemble the patterns of the opinion index

(panels (c) in Figures 2.3 and 2.4). This is due to the fact that in some periods

both rules result in almost equal predictions. Thus, the differences v l2
i, j,t − v l1

i, j,t

in (2.10a) are close to zero and the opinion index remains the main driver of

the transition probabilities. As a result, agents keep switching with a certain

probability even though both rules are performing nearly equally well. This

reflects herding behaviour: after observing the opinion index and relying on

publicly observed dynamics of the opinion in the market, an agent sometimes

chooses the forecasting rule which was performing worse in the previous period.

Next, we examine the simulation results for each type of agent. Figure 2.3

panel (a) shows the differences in the prediction error between the two rules for

a single fundamentalist. For example, in the case of asset 1, the dividend trend

rule outperforms the last dividend rule. However, as can be seen in Figure 2.3

panel (c), this pattern is not the same for all agents in the market: the values
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Figure 2.3: Simulation results for a fundamentalist (assets in rows).
(a) The differences in prediction errors (v l2

i j t − v l1
i j t) of

the dividend trend and the last dividend rules; (b) The
transition probabilities to switch to the last dividend
rule; (c) The opinion index for the fundamentalists.

of the opinion index indicate that a fraction of all fundamentalists uses the last

dividend rule. This agent then observes that some fundamentalists in the market

use the last dividend rule. This is taken into account in the transition probability

and gives rise to herding behaviour. Therefore, in Figure 2.3 panel (b), the

transition probabilities of switching to the last dividend rule indicate that this

agent still encounters a probability to use the last dividend rule even though

the dividend trend rule is performing better. For example, in case of asset 3,

the last dividend rule is performing much worse than the dividend trend rule.

It results in big differences between the prediction errors which overweigh the



24 Parameter Analysis and Validation of an Artificial Financial Market Chapter 2

effects of the opinion index. Thus, the transition probabilities of choosing the

last dividend rule are close to zero.

In Figure 2.4 panel (a) we plot the differences in the forecasting rule per-

formance for a particular MV investor. For example, in case of asset 2, during

the last 200 periods both rules are performing almost equally. Still, the tran-
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Figure 2.4: Simulation results for a MV investor (assets in rows).
(a) The differences in prediction errors (v l2

i j t − v l1
i j t) of

the median and the mean rules; (b) The transition
probabilities to switch to the mean rule; (c) The opinion
index for the MV investors.

sition probabilities in panel (b) are higher than 0.5 indicating that after observ-

ing the opinion index, this MV investor has a higher probability to switch to the

mean rule.
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In Figure 2.4 panel (c) the graphs of the opinion index indicate that MV

investors switch between the two rules more heavily compared to the funda-

mentalists, possibly causing higher volatility in the market. This is due to the

fact that none of the rules dominates and the differences in the forecasting

performance change often. When we compare the patterns in the aggregate

market returns in Figure 2.1 and the patterns of the opinion index in Figures 2.3

and 2.4, we see that volatility clusters are generated due to MV investors’ switch-

ing between the forecasting rules. For example, in the cases of assets 2 and

3, the big clusters in asset returns can be associated with the big variations

in the opinion index for MV investors. In some periods the majority of these

investors switch the forecasting rule rather frequently. This result is in line with

the earlier findings in the literature where volatility clustering in agent-based

financial markets was associated to agents’ endogenous switching between

investment strategies (see, for instance, Lux and Marchesi (2000)).

Stylized facts 2.4

This section presents results on the reproduction of stylized facts (see, for

example, Cont (2001)) in the benchmark model. These stylized facts will be

used in our validation analysis presented in the next section. We measure the

stylized facts using statistical characteristics of the asset returns. Table 2.1

provides a brief description of the stylized facts and the corresponding statistics

used in this study.

The statistical characteristics measured in a single run of the benchmark

model are provided in Table 2.2. The stylized facts are tested at the 5% level and

the statistical significance is indicated with a star.8 We find that the kurtosis of

the returns is significantly larger than 3 indicating heavy tails of the distribution.

Furthermore, we find that with an increase of the period over which returns

are computed, the Jarque-Bera statistic decreases, indicating aggregational

Gaussianity in the simulated returns. Moreover, we find significant ARCH

effects in the asset returns. These results confirm our findings of volatility

clusters after visually inspecting asset returns in Figure 2.1.

8For testing kurtosis (in excess of 3) and skewness we refer to Bai and Ng (2005), for
Jarque-Bera statistics to Jarque and Bera (1987), for ARCH statistic to Engle (1982), and for
correlation and autocorrelations to Hamilton (1994).
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Table 2.1: Stylized facts (Cont (2001)) and the statistical charac-
teristics used for testing.

Stylized fact Observation Statistic used

Excess kurtosis The distribution of asset returns has heavy
tails and the fourth central moment is ob-
served to be much higher than for the nor-
mal distribution.

Kurtosis

Negative skew-
ness

The distribution of returns is left-skewed,
meaning that negative returns occur with
greater probability than suggested by a
symmetric distribution.

Skewness

Gain/loss
asymmetry

The negative returns are typically found to
be higher than the positive returns.

The difference between the average
value of the absolute negative returns
and the average of the positive returns.

Aggregational
Gaussianity

The distribution of asset returns comes
closer to the normal distribution when one
increases the period over which the returns
are measured.

The Jarque-Bera statistic (Jarque and
Bera (1987)) for returns over 1, 4, 12
periods. For instance, in case of weekly
frequency, we calculate this statistic for
returns over the period of 1, 4, and 12
weeks.

Volatility clus-
tering

The measure of volatility displays a positive
autocorrelation.

The statistic of the ARCH test using
one lag in the ARCH equation (Engle
(1982)).

Leverage
effect

The correlation between asset returns and
volatility measures are observed to be neg-
ative.

The correlation (see, for instance, Hamil-
ton (1994)) between the asset returns
and volatility measure. We calculate
volatility using rolling windows with
sample length of 100 periods.

Absence of au-
tocorrelations

The autocorrelations of asset returns are
observed to be insignificant.

Autocorrelations (see, for instance,
Hamilton (1994)) of returns at lags 1, 5,
10, 20, 50, and 100.

Nonlinear
dependence

Absolute and squared returns exhibit signif-
icant positive autocorrelations.

Autocorrelations of squared and absolute
returns at lags 1, 5, 10, 20, 50, and 100.

The correlations between asset returns and volatility are positive but not

significant, which means that the leverage effect is not reproduced. We do not

find that the average losses are higher (in absolute terms) than the average gains.

Further, we find that autocorrelations of returns at different lags are low but

significant at lag 1. What is more, we find significantly positive autocorrelations

of absolute and squared returns.9

9Nevertheless, the analysis of autocorrelation patterns is not straightforward since here we
only report the values at certain lags. Therefore, the visual analysis of the graphs in Figure 2.2
might give more insight.
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Table 2.2: Statistical characteristics of the benchmark model.

Asset Kurtosis Skewness Corr(R,vol) avL-avG JB1 JB4 JB12 ARCH-st

1 4.83* 0.1775* 0.0142 -0.0025 142.6* 91.9* 33.3* 97.4*
2 5.80* 0.1271 0.0095 0.0002 329.9* 52.2* 1.2 50.5*
3 4.08* -0.0071 0.0294 -0.0011 47.8* 10.6* 2.7 21.8*

continued

Asset AC(R1) AC(R5) AC(R10) AC(R20) AC(R50) AC(R100)

1 -0.1825* 0.1070* 0.0373 0.0567 0.0030 -0.0541
2 -0.3069* 0.0313 -0.0149 -0.1072* 0.0126 0.0212
3 -0.3622* 0.0243 0.0068 0.0187 0.0133 0.0353

continued

Asset AC(|R|1) AC(|R|5) AC(|R|10) AC(|R|20) AC(|R|50) AC(|R|100)

1 0.2768* 0.0893* 0.0778* 0.1231* 0.0337 0.0152
2 0.2433* 0.1543* 0.1308* 0.1040* 0.0695* 0.0952*
3 0.2093* -0.0246 0.0325 0.0776* -0.0362 0.0608

continued

Asset AC(R2
1) AC(R2

5) AC(R2
10) AC(R2

20) AC(R2
50) AC(R2

100)

1 0.3149* 0.1189* 0.0792* 0.1607* 0.0625 -0.0001
2 0.2182* 0.1241* 0.1425* 0.1493* 0.1013* 0.1007*
3 0.1814* -0.0217 0.0606 0.0651* -0.0351 0.0655*

* significant at the 5% significance level.

Validation 2.5

In this section we present our methodology of model validation and the appli-

cation to our financial market model. Our proposed methodology consists of

two steps. In Section 2.5.1 we perform a parameter analysis, linking model

parameters to model outputs described by the statistical characteristics of asset

prices and returns. In Section 2.5.2 we perform a stylized facts analysis, linking

the results of the first step to statistical characteristics of the actual data.

Parameter analysis 2.5.1

In this section we estimate the relation between model parameters and model

outputs measured in terms of the statistical characteristics. We start with

the benchmark model described in Section 2.3. We reduce the degree of

heterogeneity in our model by setting some parameters with a common value
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among all agents, i.e., αi = α, θi = θ , δi = δ. The parameter ψi1 is equal to

either ψm1 (for mean-variance investors) or ψ f 1 (for fundamentalists), and

ψi2 is either ψm2 or ψ f 2, respectively. For this analysis we concentrate on a

subset of P = 7 parameters, i.e., α, θ , ψm1, ψm2, ψ f 1, ψ f 2, and δ. We keep

the values of the memory length parameter Mi, the risk aversion parameter

γi t , and the herding probability ω as in Subsection 2.3.1. We run our model of

the financial market with J = 3 assets for W = 10000 times, each time with

different parameter values randomly drawn from the uniform distributions

listed in Table 2.3.10 The values are drawn independently for each parameter

and the intervals are chosen such that they include the parameter values used

for the benchmark model producing reasonable results.11

Table 2.3: Distributions for the parameter values.

Parameter Benchmark value Interval

α 3.9 U(3, 5)
θ 1.1 U(1.05,2.5)
ψm1 0.7 U(0, 1)
ψm2 1 U(0.01, 10)
ψ f 1 0.7 U(0, 1)
ψ f 2 1 U(0.01, 10)
δ 1/75 U(1/250,1/25)

After each run we measure the statistical characteristics. Table 2.4 reports

the minimum, maximum, and confidence intervals of the statistical character-

istics generated in the multiple runs. We see that, for example, values of the

kurtosis range from 2.6 to 16 and 95% of the values are between 3.5 and 8.9

and generated values of the skewness range from -1.8 to 1.9 and 95% of the

values are between -0.6 and 1. The intervals in Table 2.4 demonstrate that the

model is able to generate a wide range of values for statistical characteristics

under consideration.

10The ranges of parameter values are chosen broad enough for a raw validation.
11The interval for δ is also discussed in LeBaron (1999).
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Table 2.4: Minimum, maximum, and 95%-CI values of statistical
characteristics generated using the multiple runs.

Statistical charac-
teristic

Min CI(l) CI(u) Max

Kurtosis 2.6353 3.5111 8.9409 15.956
Skewness -1.7817 -0.5947 1.0218 1.8698
Corr(R,vol) -0.0836 -0.0202 0.0548 0.1230
avL-avG -0.0205 -0.0057 0.0022 0.0087
JB1 0.0029 12.59 1595.0 6964.4
JB4 0.0007 0.6506 2420.7 43007.5
JB12 0.00003 0.6595 450.73 4814.9
ARCH-st 0.000001 6.7248 172.03 445.69
AC(R1) -0.9251 -0.2636 0.7880 0.8775
AC(R5) -0.7870 -0.5859 0.3577 0.6966
AC(R10) -0.7114 -0.4463 0.3994 0.6642
AC(R20) -0.5221 -0.2314 0.2990 0.5991
AC(R50) -0.3807 -0.1450 0.1637 0.4154
AC(R100) -0.4700 -0.1366 0.1441 0.4119
AC(|R|1) -0.0561 0.1222 0.7658 0.8919
AC(|R|5) -0.1485 0.0247 0.5014 0.7061
AC(|R|10) -0.1437 -0.0047 0.4132 0.6478
AC(|R|20) -0.1273 -0.0280 0.3281 0.5488
AC(|R|50) -0.2396 -0.0767 0.2064 0.4275
AC(|R|100) -0.2577 -0.1232 0.1156 0.3977
AC(R2

1) -0.0382 0.1159 0.7153 0.8825
AC(R2

5) -0.1277 -0.0009 0.4193 0.6930
AC(R2

10) -0.1011 -0.0321 0.3574 0.6649
AC(R2

20) -0.0944 -0.0352 0.2752 0.5182
AC(R2

50) -0.1527 -0.0667 0.1732 0.3915
AC(R2

100) -0.1887 -0.0918 0.1049 0.3502

We perform the parameter analysis for each statistical characteristic sepa-

rately. We pool the simulated data on prices and returns for the three assets.12

This results in N = JW number of observations. A sufficiently large number

of simulations makes this estimation very accurate. The regression for each

statistical characteristic s is given by:

y s = (1J ⊗ X )β s + εs, (2.12)

12This helps in excluding one dimension in the data. What is more, by pooling assets we are
able to capture the effects which are consistent throughout the assets.
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where X is a W × P matrix of parameter values:

X =







α1 · · · δ1
...

. . .
...

αW · · · δW






.

The parameter values are the same for each asset in this financial market.

The matrix X is therefore replicated J times in the regression of each statistical

characteristic s. y s is a N×1 vector containing values of statistical characteristic

s for all J = 3 assets from all W = 10000 runs of the market. β s is the P × 1

vector of coefficients in a single regression of statistical characteristic s. We

assume that εs, the N × 1 vector of the error terms, is distributed with mean 0

and variance-covariance matrix Ωεs , and is uncorrelated with the independent

variables.

After pooling the assets, we take into account contemporaneous correlation

in the error terms. Since in this case OLS estimates are consistent but not

efficient, we use feasible GLS estimation instead. The estimation results are

presented in Table 2.5. Each column in the table shows the estimates in the

regression of each statistical characteristic. In most cases, the estimates are

significant at the 1% significance level.

We find that, for example, the parameter θ , which models the fundamental-

ist’s responsiveness, has significantly positive effects in most regressions. The

statistically significant effects of the parameters θ and α have opposite signs in

all regressions, suggesting that these parameters affect the resulting outputs in

opposite directions. Further, we find that the parameter ψ f 2, the weight of

the differences in the predicting accuracy of forecasting rules in the transition

probabilities framework for fundamentalists, has a statistically significant effect

on the autocorrelations of returns at lag 100 and squared returns at lag 5 and

20. The parameter ψm2 has a significant effect on autocorrelations of asset

returns at lag 1 and absolute and squared returns at lag 10. One explanation of

the few significant effects of these two parameters can be that the forecasting

rules which fundamentalists and MV investors employ give similar predictions

of dividends and asset returns and, thus, very similar forecasting errors (costs).



Section
2.5

V
alidation

31

Table 2.5: Estimated regressions of statistical characteristics on
model parameters.

Parameter Kurtosis Skewness Corr(R,vol) avL-avG JB1 JB4 JB12 ARCH-st AC(R1) AC(R5)

const 3.1705*** 0.3892*** -0.0046*** -0.0023*** -237.26*** -232.30*** 30.19*** 57.36*** -0.2502*** -0.0585***
(0.0676) (0.0199) (0.0009) (0.0001) (21.18) (39.83) (7.2389) (2.4476) (0.0145) (0.0193)

α -0.0415*** 0.0087** -0.0012*** 0.00002 -13.47*** -18.47** -5.1899*** -3.0551*** -0.0538*** -0.0040
(0.0128) (0.0038) (0.0002) (0.0000) (4.0011) (7.5224) (1.3672) (0.4623) (0.0027) (0.0036)

θ 1.3397*** -0.1076*** 0.0137*** 0.0003*** 333.01*** 300.04*** 21.93*** 12.18*** 0.3792*** -0.0203***
(0.0174) (0.0051) (0.0002) (0.0000) (5.4507) (10.25) (1.8625) (0.6297) (0.0037) (0.0050)

ψm1 -0.0936*** -0.1202*** 0.0006 0.0003*** -63.26*** -139.19*** -17.96*** 16.48*** -0.0210*** 0.0174**
(0.0255) (0.0075) (0.0004) (0.0000) (7.9825) (15.01) (2.7276) (0.9223) (0.0055) (0.0073)

ψm2 0.0004 0.0007 0.00002 -0.000001 0.0555 -0.3942 0.0035 -0.0369 0.0014*** -0.0008
(0.0026) (0.0008) (0.0000) (0.0000) (0.8005) (1.5051) (0.2735) (0.0925) (0.0005) (0.0007)

ψ f 1 0.8036*** -0.0348*** 0.0049*** 0.0004*** 226.26*** 107.61*** 9.7390*** -13.09*** 0.5771*** -0.1439***
(0.0256) (0.0075) (0.0004) (0.0000) (8.0238) (15.09) (2.7417) (0.9270) (0.0055) (0.0073)

ψ f 2 -0.0022 0.0005 0.00002 -0.000003 -0.7196 0.4561 0.1806 -0.1093 0.0003 0.0003
(0.0026) (0.0008) (0.0000) (0.0000) (0.8038) (1.5111) (0.2746) (0.0929) (0.0005) (0.0007)

δ(×103) -1.9457*** -0.1850*** -0.0103*** 0.0040*** -219.57*** 527.33*** -21.15* -36.40*** -0.5341*** 0.1069***
(0.1123) (0.0331) (0.0016) (0.0001) (35.18) (66.14) (12.02) (4.0643) (0.0240) (0.0321)

R2 0.1979 0.0293 0.1108 0.0463 0.1342 0.0558 0.0412 0.0387 0.6031 0.0488

***, **, * significant at the 1%, 5%, and 10% significance level, respectively; standard errors in parenthesis.



32
Param

eter
A
nalysis

and
V
alidation

of
an

A
rtificialFinancialM

arket
C
hapter

2

Table 2.5 (continued): Estimated regressions of statistical charac-
teristics on model parameters.

Parameter AC(R10) AC(R20) AC(R50) AC(R100) AC(|R|1) AC(|R|5) AC(|R|10) AC(|R|20) AC(|R|50) AC(|R|100)

const 0.3807*** -0.0989*** 0.0100*** 0.0133*** 0.0419*** 0.0914*** 0.1101*** 0.0231*** 0.0228*** -0.0121***
(0.0143) (0.0068) (0.0039) (0.0036) (0.0084) (0.0080) (0.0062) (0.0051) (0.0037) (0.0032)

α 0.0177*** -0.0054*** 0.0006 -0.0042*** -0.0145*** -0.0033** -0.0037*** -0.0012 -0.0004 -0.0006
(0.0027) (0.0013) (0.0007) (0.0007) (0.0016) (0.0015) (0.0012) (0.0010) (0.0007) (0.0006)

θ -0.2787*** 0.0753*** -0.0066*** 0.0029*** 0.2356*** 0.0465*** 0.0184*** 0.0485*** 0.0210*** 0.0069***
(0.0037) (0.0018) (0.0010) (0.0009) (0.0022) (0.0020) (0.0016) (0.0013) (0.0010) (0.0008)

ψm1 -0.0402*** 0.0054** 0.0012 0.0045*** -0.0153*** -0.0134*** -0.0356*** -0.0349*** -0.0264*** -0.0059***
(0.0054) (0.0026) (0.0015) (0.0014) (0.0032) (0.0030) (0.0023) (0.0019) (0.0014) (0.0012)

ψm2 0.0008 -0.0003 -0.0001 0.0001 0.0004 0.0005 0.0004* 0.0001 0.00001 -0.0001
(0.0005) (0.0003) (0.0001) (0.0001) (0.0003) (0.0003) (0.0002) (0.0002) (0.0001) (0.0001)

ψ f 1 -0.0763*** 0.0277*** 0.0091*** -0.0041*** 0.3154*** 0.2125*** 0.1392*** 0.1079*** 0.0147*** -0.0069***
(0.0054) (0.0026) (0.0015) (0.0014) (0.0032) (0.0030) (0.0023) (0.0019) (0.0014) (0.0012)

ψ f 2 -0.0007 0.0007 -0.0002 -0.0003** 0.0003 0.0004 0.0002 0.0005** -0.0001 -0.0001
(0.0005) (0.0003) (0.0001) (0.0001) (0.0003) (0.0003) (0.0002) (0.0002) (0.0001) (0.0001)

δ(×103) 0.1546*** -0.1126*** -0.0088 0.0121** -0.5899*** -0.0743*** -0.1972*** -0.1835*** -0.0518*** -0.0122**
(0.0238) (0.0113) (0.0064) (0.0060) (0.0140) (0.0132) (0.0103) (0.0084) (0.0062) (0.0053)

R2 0.3090 0.0698 0.0028 0.0026 0.5249 0.2215 0.1584 0.1793 0.0336 0.0046

***, **, * significant at the 1%, 5%, and 10% significance level, respectively; standard errors in parenthesis.
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Table 2.5 (continued): Estimated regressions of statistical charac-
teristics on model parameters.

Parameter AC(R2
1) AC(R2

5) AC(R2
10) AC(R2

20) AC(R2
50) AC(R2

100)

const 0.0747*** 0.1343*** 0.1623*** 0.0431*** 0.0332*** 0.0024
(0.0086) (0.0064) (0.0058) (0.0044) (0.0032) (0.0027)

α -0.0118*** 0.0001 -0.0013 -0.0004 0.0002 -0.0004
(0.0016) (0.0012) (0.0011) (0.0008) (0.0006) (0.0005)

θ 0.1758*** -0.0194*** -0.0332*** 0.0188*** 0.0050*** 0.0004
(0.0022) (0.0017) (0.0015) (0.0011) (0.0008) (0.0007)

ψm1 -0.0075** -0.0097*** -0.0343*** -0.0297*** -0.0204*** -0.0038***
(0.0033) (0.0024) (0.0022) (0.0016) (0.0012) (0.0010)

ψm2 0.0002 0.0004 0.0004* 0.00002 0.00002 -0.00005
(0.0003) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

ψ f 1 0.2589*** 0.1380*** 0.0821*** 0.0664*** -0.0008 -0.0105***
(0.0033) (0.0024) (0.0022) (0.0017) (0.0012) (0.0010)

ψ f 2 0.0004 0.0005* -0.0000 0.0004** -0.0001 -0.0001
(0.0003) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

δ(×103) -0.1892*** 0.1530*** -0.1091*** -0.0721*** -0.0056 -0.0314***
(0.0144) (0.0107) (0.0096) (0.0073) (0.0054) (0.0044)

R2 0.3871 0.1435 0.0893 0.0798 0.0105 0.0060

***, **, * significant at the 1%, 5%, and 10% significance level, respectively; standard errors in parenthesis.

Then, the cost difference in (2.11) is almost zero in most trading periods.13

To indicate the range of the predicted statistical characteristics we predict

the values of the statistical characteristics using the boundary values of the

intervals listed in Table 2.3. The minimum and maximum values together with

their standard errors are reported in Table 2.6.14 We use these as predicted

model-based statistical characteristics in the stylized facts analysis in the next

subsection.

Stylized facts analysis 2.5.2

We now turn to the second step of our validation approach. In this step, by

linking the results of the parameter analysis with real-life data, we test the

hypothesis whether the distance between the model-based stylized facts and

the corresponding actual stylized facts is zero, where we restrict the model-

based stylized facts to their systematic part. When accepting this hypothesis we

13To check whether the regression results are affected by the fixed herding probability ω, we
have compared the estimates obtained using data of 1500 observations from the multiple runs
with ω = 0.8 and ω = 1 (always observing the opinion index). The test results show that there
is no significant influence in most regresions of changing ω from 0.8 to 1 on the parameter
estimates listed in Table 2.5.

14The result ÓAC(R1)> 1 in Table 2.6 is due to the linear regression in (2.12).
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classify the model to be validated. The model-based stylized facts are quantified

by predicted statistical characteristics presented in Table 2.6. The actual stylized

facts are quantified by observation-based statistical characteristics. The stylized

facts analysis and model validation are performed using different subperiods

of actual data in order to demonstrate the model validation for different time

periods in financial markets. We first perform individual tests for each statistical

characteristic (stylized fact) separately and then we do a joint test to illustrate

how the model is able to fit all statistical characteristics simultaneously.

Table 2.6: Minimum and maximum values of predicted modeled-
based statistical characteristics with standard errors.

Statistical charac-
teristic

bys,min SE bys,max SE

Kurtosis 3.7881 0.2058 7.1505 0.1804
Skewness -0.0548 0.0673 0.3164 0.0464
Corr(R,vol) 0.0015 0.0025 0.0316 0.0029
avL-avG -0.0019 0.0002 0.0002 0.0003
JB1 -73.65 64.49 775.65 56.52
JB4 -135.91 106.37 702.20 121.14
JB12 4.0422 21.76 78.84 19.59
ARCH-st 32.54 7.5482 94.21 6.43
AC(R1) -0.2754 0.0435 1.1016 0.0391
AC(R5) -0.2714 0.0588 -0.0475 0.0515
AC(R10) -0.3763 0.0436 0.2160 0.0382
AC(R20) -0.0755 0.0182 0.1039 0.0207
AC(R50) -0.0073 0.0105 0.0160 0.0117
AC(R100) -0.0085 0.0096 0.0157 0.0109
AC(|R|1) 0.0544 0.0254 0.8890 0.0228
AC(|R|5) 0.0918 0.0239 0.4092 0.0215
AC(|R|10) 0.0263 0.0187 0.2800 0.0168
AC(|R|20) -0.0126 0.0152 0.2447 0.0137
AC(|R|50) 0.0033 0.0113 0.0873 0.0099
AC(|R|100) -0.0238 0.0111 0.0030 0.0072
AC(R2

1) 0.1453 0.0260 0.7333 0.0234
AC(R2

5) 0.0804 0.0169 0.2916 0.0198
AC(R2

10) 0.0111 0.0198 0.2032 0.0133
AC(R2

20) 0.0130 0.0131 0.1538 0.0118
AC(R2

50) 0.0163 0.0098 0.0465 0.0086
AC(R2

100) -0.0215 0.0092 0.0014 0.0060



Section 2.5 Validation 35

Actual data

For the actual data we use weekly observations of the S&P500 index retrieved

from Datastream.15 We gather data for several time periods. We show results

for the periods 1975–1985, 1990–2006, 2007–2012, and 1990–2012. These

periods are based on the levels of the kurtosis and the skewness. The return

distribution over the period of 1975–1985 does not exhibit fat tails and is

positively skewed. On the other hand, the period of 1990–2006 is described by

returns whose distribution is fat tailed and almost not skewed. Further, returns

in the period of 2007–2012 and the long period of 1990–2012 exhibit fat tails

and big negative skewness. Table 2.7 shows values of actual statistical charac-

Table 2.7: Values of the statistical characteristics of S&P500 for
different time periods and the bootstrapped standard
errors.

Statistical
characteristic

1975–1985 1990–2006 2007–2012 1990–2012

ys SE ys SE ys SE ys SE

Kurtosis 4.1863 0.0277 6.2765 0.0469 6.1638 0.0497 7.1240 0.0391
Skewness 0.3259 0.0091 0.0271 0.0075 -0.8196 0.0124 -0.3615 0.0112
Corr(R,vol) 0.0327 0.0019 -0.0258 0.0010 0.0602 0.0035 -0.0022 0.0011
avL-avG -0.0019 0.0001 0.0011 0.00002 0.0034 0.0001 0.0013 0.00003
JB1 43.74 1.7893 357.95 9.8896 165.06 3.4232 803.45 15.49
JB4 24.86 1.3145 106.36 3.5421 86.78 1.4932 332.18 8.6585
JB12 37.04 2.8800 56.25 2.3487 53.16 1.2996 359.82 9.2258
ARCH-st 2.0447 0.0823 68.95 1.7081 2.9035 0.1070 50.68 1.4036
AC(R1) -0.0087 0.0011 -0.1402 0.0009 -0.0624 0.0022 -0.1011 0.0010
AC(R5) -0.0360 0.0017 -0.0285 0.0014 -0.0352 0.0026 -0.0238 0.0009
AC(R10 -0.0229 0.0012 0.0052 0.0012 -0.0815 0.0030 -0.0227 0.0009
AC(R20) 0.0377 0.0015 0.0300 0.0015 -0.0098 0.0017 0.0088 0.0009
AC(R50) -0.0494 0.0018 -0.0260 0.0012 0.0459 0.0029 -0.0042 0.0009
AC(R100) -0.0265 0.0023 0.0462 0.0049 -0.0130 0.0046 0.0154 0.0031
AC(|R|1) 0.0587 0.0020 0.2231 0.0034 0.1580 0.0018 0.2204 0.0020
AC(|R|5) 0.0566 0.0016 0.2013 0.0018 0.1931 0.0030 0.2220 0.0016
AC(|R|10 0.0213 0.0018 0.1826 0.0022 0.0922 0.0023 0.1900 0.0013
AC(|R|20) 0.0148 0.0015 0.1011 0.0017 -0.0206 0.0023 0.0998 0.0011
AC(|R|50) 0.0006 0.0017 0.0343 0.0013 -0.0497 0.0032 0.0411 0.0010
AC(|R|100) 0.0323 0.0023 0.0112 0.0052 -0.0785 0.0051 -0.0109 0.0033
AC(R2

1) 0.0512 0.0015 0.3160 0.0051 0.1001 0.0015 0.2294 0.0030
AC(R2

5) 0.0692 0.0019 0.1774 0.0017 0.2727 0.0048 0.2349 0.0020
AC(R2

10 0.0118 0.0012 0.1473 0.0017 0.0899 0.0021 0.1363 0.0010
AC(R2

20) 0.0213 0.0014 0.0480 0.0020 -0.0237 0.0021 0.0368 0.0012
AC(R2

50) 0.0104 0.0018 0.0074 0.0009 -0.0620 0.0025 0.0006 0.0007
AC(R2

100) -0.0087 0.0021 -0.0285 0.0059 -0.0331 0.0045 -0.0232 0.0039

15The choice of weekly returns is based on the fact that prices and returns in an artificial
financial market are modeled on a weekly basis.
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teristics—the statistical characteristics of the actual data—and the correspond-

ing standard errors, calculated using the bootstrap.16

Individual test

To show model validation for each statistical characteristic separately we per-

form individual tests. We denote ys as the measured value of statistical charac-

teristic s of actual data, CI(ys) as the corresponding 95% confidence interval

measured using bootstrapped standard error, SEys
, presented in Table 2.7. The

confidence intervals of the actual statistical characteristics (CI(ys)) for each

time period are presented in Table 2.8.

First, we investigate raw validation by checking whether the confidence

intervals of the actual statistical characteristics (CI(ys)) fall inside the confidence

intervals of the statistical characteristics of the data generated in the multiple

runs, presented in Table 2.4. We find that this condition holds for all statistical

characteristics. Thus, we show raw validation of our model in terms of each

of the statistical characteristics individually and for each of the subperiods of

the actual data under consideration. This already suggests that the model is

able to reproduce—at least at an individual level—a sufficiently wide range of

values for the statistical characteristics that we observe in real-life data.

Alternatively, we propose to investigate model validation individually for

each statistical characteristic by examining whether the confidence interval of

the actual statistical characteristic falls inside the constructed confidence interval

of the corresponding predicted model-based statistical characteristic. Although

this is not a standard confidence interval, we will, nevertheless, refer to it as a

confidence interval in the remainder of the chapter. The confidence intervals

are constructed in the following way. We take the greatest lower bound of the

standard confidence interval of the minimum value of the predicted modeled-

based statistical characteristic (inf CI(min)) and the least upper bound of the

standard confidence interval of the maximum value of the predicted modeled-

16We bootstrap the actual data using non-overlapping blocks of 100 observations, except for
the data of periods 1975–1985 and 2007–2012, for which we use overlapping blocks of 100
observations due to shorter samples. The block size of 100 is chosen to keep autocorrelation
structure for up to lag 100. Decreasing the block size does not change validation results
considerably.
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Table 2.8: CI of predicted statistical characteristics and actual sta-

tistical characteristics for different time periods.

Statistical
characteristic

CI(bys) CI(ys) CI(ys) CI(ys) CI(ys)

1975–1985 1990–2006 2007–2012 1990–2012

Kurtosis 3.3846 7.5040 4.1321 4.2405 6.1847 6.3684 6.0663 6.2613 7.0474 7.2006
Skewness -0.1868 0.4074 0.3081 0.3436 0.0124 0.0418 -0.8439 -0.7953 -0.3835 -0.3395
Corr(R,vol) -0.0033 0.0372 0.0290 0.0364 -0.0279 -0.0238 0.0534 0.0670 -0.0044 -0.0001
avL-avG -0.0022 0.0008 -0.0020 -0.0018 0.0011 0.0012 0.0032 0.0036 0.0012 0.0013
JB1 -200.06 886.43 40.23 47.25 338.57 377.34 158.35 171.77 773.09 833.82
JB4 -344.39 939.64 22.28 27.43 99.41 113.30 83.86 89.71 315.21 349.15
JB12 -38.61 117.23 31.40 42.69 51.64 60.85 50.61 55.70 341.74 377.90
ARCH-st 17.75 106.82 1.88 2.21 65.60 72.30 2.69 3.11 47.93 53.43
AC(R1) -0.3606 1.1784 -0.0108 -0.0065 -0.1419 -0.1385 -0.0666 -0.0581 -0.1032 -0.0991
AC(R5) -0.3867 0.0534 -0.0394 -0.0326 -0.0313 -0.0257 -0.0403 -0.0301 -0.0255 -0.0221
AC(R10) -0.4618 0.2909 -0.0253 -0.0204 0.0028 0.0076 -0.0873 -0.0756 -0.0244 -0.0210
AC(R20) -0.1111 0.1445 0.0347 0.0407 0.0272 0.0329 -0.0131 -0.0065 0.0071 0.0105
AC(R50) -0.0279 0.0389 -0.0529 -0.0459 -0.0284 -0.0236 0.0403 0.0515 -0.0059 -0.0025
AC(R100) -0.0274 0.0371 -0.0310 -0.0221 0.0367 0.0557 -0.0221 -0.0039 0.0094 0.0215
AC(|R|1) 0.0046 0.9337 0.0548 0.0627 0.2164 0.2298 0.1546 0.1615 0.2166 0.2243
AC(|R|5) 0.0449 0.4515 0.0535 0.0598 0.1979 0.2048 0.1872 0.1990 0.2189 0.2252
AC(|R|10) -0.0103 0.3129 0.0178 0.0248 0.1783 0.1869 0.0876 0.0968 0.1874 0.1926
AC(|R|20) -0.0425 0.2716 0.0118 0.0178 0.0978 0.1043 -0.0250 -0.0162 0.0976 0.1021
AC(|R|50) -0.0189 0.1068 -0.0027 0.0039 0.0318 0.0368 -0.0560 -0.0435 0.0391 0.0431
AC(|R|100) -0.0456 0.0172 0.0279 0.0367 0.0011 0.0214 -0.0884 -0.0686 -0.0175 -0.0044
AC(R2

1) 0.0943 0.7792 0.0483 0.0541 0.3059 0.3260 0.0971 0.1031 0.2235 0.2353
AC(R2

5) 0.0474 0.3304 0.0654 0.0729 0.1741 0.1808 0.2633 0.2820 0.2310 0.2388
AC(R2

10) -0.0276 0.2292 0.0095 0.0141 0.1439 0.1506 0.0859 0.0939 0.1344 0.1381
AC(R2

20) -0.0127 0.1770 0.0187 0.0240 0.0441 0.0520 -0.0279 -0.0195 0.0346 0.0391
AC(R2

50) -0.0030 0.0633 0.0069 0.0138 0.0057 0.0091 -0.0670 -0.0571 -0.0008 0.0020
AC(R2

100) -0.0396 0.0132 -0.0127 -0.0046 -0.0401 -0.0170 -0.0419 -0.0243 -0.0308 -0.0156
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based statistical characteristic (supCI(max)) as the lower and the upper bound

of the confidence interval under consideration:

CI(Òys)≡ [infCI(min), sup CI(max)]. (2.13)

The confidence intervals defined in (2.13) as well as the confidence intervals of

the actual statistical characteristics for different time subperiods are presented

in Table 2.8.

We classify the model to be validated for the corresponding characteristic if:

CI(ys) ⊂ CI(Òys). (2.14)

Furthermore, we also consider a weaker condition for validation. We check

whether the confidence interval of the actual statistical characteristic s and the

constructed interval in (2.13) have an overlapping region:

CI(ys)∩CI(Òys) 6=∅. (2.15)

The validation classification based on conditions (2.14) and (2.15) are

reported in Table 2.9. The validation of the model with respect to individual

statistical characteristic is indicated by a “+”. The cases, in which condition

(2.15) is satisfied, but not condition (2.14), are marked by a “∼”. We find

that the validation of our model is supported for the majority of statistical

characteristics considering different time periods of S&P500 weekly data.

In terms of model validation for individual stylized fact we find that our

model is validated for each statistical characteristic for at least one subperiod

of actual data (although not always the same subperiods). Furthermore, the

model is validated in terms of more statistical characteristics when considering

data over a time period characterized by zero or positive skewness compared to

a time period characterized by negative skewness. For instance, for the period

of 1975–1985 with positively skewed returns we conclude validation in terms

of all statistical characteristics, except for the ARCH statistic and a number of

autocorrelations. For the period of 1990–2006 with nearly no skewed returns

we conclude validation for all statistical characteristics, except for the return-

volatility correlations and the average loss-gain asymmetry. For the period of
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2007–2012 with negatively skewed returns we do not validate our model in

terms of the skewness, the return-volatility correlation, the average loss-gain

asymmetry, the ARCH statistic, and a number of autocorrelations. For the

long period of 1990–2012 with the negatively skewed returns we conclude

validation for all statistical characteristics, except the skewness, the average

loss-gain asymmetry, and the Jarque-Bera 12 statistics.

Table 2.9: Validation results: individual tests.

Statistical
characteris-
tic

1975–
1985

1990–
2006

2007–
2012

1990–
2012

Kurtosis + + + +
Skewness + + − −
Corr(R,vol) + − − ∼
avL-avG + − − −
JB1 + + + +
JB4 + + + +
JB12 + + + −
ARCH-st − + − +
AC(R1) + + + +
AC(R5) + + + +
AC(R10) + + + +
AC(R20) + + + +
AC(R50) − ∼ − +
AC(R100) ∼ ∼ + +
AC(|R|1) + + + +
AC(|R|5) + + + +
AC(|R|10) + + + +
AC(|R|20) + + + +
AC(|R|50) + + − +
AC(|R|100) − ∼ − +
AC(R2

1) − + + +
AC(R2

5) + + + +
AC(R2

10) + + + +
AC(R2

20) + + − +
AC(R2

50) + + − +
AC(R2

100) + ∼ ∼ +

We find that the model validation for some statistical characteristics is

demonstrated for some subperiods only. For example, the model is validated for

the skewness of the actual data over the periods with positively or no skewed

returns but not over the time period exhibiting negatively skewed returns. Thus,

we observe that the model cannot generate sufficiently negative skewness as

measured for the actual data.
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Further, we find that the model is validated in terms of the ARCH effects,

i.e., volatility clustering, for the subperiods of 1990–2006 and 1990-2012 only.

Using actual data over the subperiods of 1975–1985 and 2007–2012 we reject

model validation in terms of the ARCH statistic observed in actual returns. The

main reason is that the volatility clustering in these subperiods is not observed in

the actual data. Thus, since the model generates volatility clustering, individual

test rejects validation in terms of this stylized fact for the periods for which it is

not detected in the actual data.

Furthermore, we validate the model in terms of the average loss and gain

asymmetry for the data over the period 1975–1985 and do not validate for

the other subperiods. The predicted model-based differences between average

losses and gains are low compared to realizations in the recent decades, espe-

cially in the period 2007–2012 when the average losses exceed average gains

to a greater extent than compared to the other subperiods.

Moreover, we find that the model is validated for all autocorrelations of the

actual returns over the longer period 1990–2012. Therefore, we conclude that

the validation for the autocorrelations of asset returns in case of our model can

be achieved if one considers a longer time period of actual data.

Joint test

After investigating model validation in terms of the statistical characteristics

individually, we next present and perform a joint test. In the previous sec-

tion we showed that the model is validated for the statistical characteristics

individually. Nevertheless, a model needs to reproduce a number of stylized

facts simultaneously. This calls for the need to test model validation for the

statistical characteristics jointly. In each time period, we first perform a joint

test taking into account all statistical characteristics under consideration. Then,

we perform the joint test taking into account only the statistical characteristics

for which model validation was accepted individually (i.e., taking into account

the cases with a “+” only).

We develop the joint test in the following way. We test whether the distance

between the model-based systematic part of the stylized facts and the corre-

sponding actual stylized facts is jointly equal to zero against the alternative that

it is strictly positive. We define acceptance of this hypothesis as model valida-
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tion. We use the following notations. The estimated statistical characteristics

of the actual data are stored in the S × 1 vector yT . We denote bqN T , the P × 1

vector of parameter values, that minimizes the distance between the actual

stylized facts and the corresponding model-based stylized facts, i.e.,

bqN T = argmin
q̃

�

yT − bB′N q̃
�′

WN T

�

yT − bB′N q̃
�

, (2.16)

where bBN is a P × S matrix of estimated coefficients bβ s
p (with p = 1, . . . , P and

s = 1, . . . , S) in (2.12); bB′NbqN T gives the S × 1 vector of the predicted statis-

tical characteristics using the regression results of the previous section and

the parameter values solving (2.16), WN T is a S × S symmetric and positive

definite weighting matrix, satisfying by assumption WN T
p→W0 (see, for exam-

ple, Cameron and Trivedi (2005), Chapter 6). The solution of (2.16) is the

following:

bqN T =
�

bBN WN T
bB′N
�−1

bBN WN T yT , (2.17)

where the invertibility of the matrix bBN WN T
bB′N is possible due to a sufficiently

higher number of statistical characteristics (i.e., 26) compared to the number

of parameters (i.e.,7) under consideration.

Proposition 1 The limit distribution of bqN T when the number of observations

T →∞ and assuming T
N → 0,

p
N (WN T −W0) = Op(1), and

p
T (yT − y) ;

d−→
N
�

0,Σy

�

, is:17

p
T (bqN T − q)

d−→ N
�

0,
�

BW0B′
�−1

BW0 Σy W0B′
�

BW0B′
�−1�

, (2.18)

with Σy the asymptotic covariance matrix of the statistical characteristics of actual

data in yT and B the probability bound of bBN in N →∞. The limit distribution

of
p

T
�

yT − bB′NbqN T

�

is then

p
T
�

yT − bB′NbqN T

� d−→ N
�

0,ΣB y

�

, (2.19)

17N = JW = 30000 the number of observations from the multiple runs. Op(1) means
“bounded in probability”; see, for example, Wooldridge (2002), Chapter 3. In our case, T = 573
for the period of 1975-1985, T = 800 for the period of 1990-2006, T = 312 for the period of
2007-2012, T = 1100 for the period of 1990-2012 and N = 30000.
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where ΣB y = [IS − B′ (BW0B′)−1 BW0] Σy [IS − B′ (BW0B′)−1 BW0]′ with IS,

an S-dimensional identity matrix.

See Appendix 2.A for a detailed derivation.

We test the model validity by analyzing whether the differences between

the actual statistical characteristics, y , and the model-based statistical charac-

teristics, B′q, are zero, i.e., we test the joint hypothesis:

H0 : y − B′q = 0 vs. H1 : y − B′q 6= 0. (2.20)

The test statistic for H0 is given by:

T
�

yT − bB′NbqN T

�′
Σ−B y

�

yT − bB′NbqN T

� d−→
H0

χ2
rank(ΣB y)

. (2.21)

The matrix ΣB y is a projection matrix, hence, does not have full rank. We use

the generalized inverse of this matrix to compute the test statistic (see, for

example, Cameron and Trivedi (2005), Chapter 8). The optimal weighting

matrix W opt
0 = Σ−1

y is such a generalized inverse of ΣB y if W0 =W opt
0 .

The joint test results are reported in Table 2.10. We find that the validation

of the artificial financial market is not supported for the statistical characteristics

jointly. The results of the joint test are in line with the results of the individual

test (Table 2.9): the model validation is rejected for at least one statistical

characteristic for each subperiod of actual data; model validation is rejected

jointly as well. Furthermore, when taking into account only those statistical

characteristics for which we conclude model validation, indicated by a “+”,

in the individual test, we still find that the joint test rejects model validation

jointly.18 This shows that the joint test which also takes into account the

correlations among the statistical characteristics is a much stricter procedure to

decide upon model validation. What is more, the results of the joint test indicate

that the raw validation, based solely on the range of values for the statistical

characteristics of the data generated in the multiple runs of an artificial financial

market, is not a sufficient procedure to investigate joint model validation.

18Most test statistics in this case are higher than the values of the full joint test due to large
negative values of covariances cross components.
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Table 2.10: Validation results: joint test.

1975–
1985

1990–
2006

2007–
2012

1990–
2012

statistic (×103) 135.71 232.98 300.14 165.76
p-value 0 0 0 0
Validation − − − −
Only the (+) in the individual test

statistic (×103) 229.93 226.26 429.74 379.28
p-value 0 0 0 0
Validation − − − −

Furthermore, the joint test can suggest in which direction the model needs

to be improved.19 To do this, we check which statistical characteristics have

the highest ‘contribution’ to the test statistic. The ‘contributions’ are calculated

as the squared difference between the actual statistical characteristic and the

model-based statistical characteristic divided by the variance of the correspond-

ing actual statistical characteristic. We find that, for the actual data over the

period of 1975–1985, the lowest model fit is due to the ARCH statistic and

autocorrelations of absolute and squared returns at lag 1. For the period of

1990–2006 the lowest fit is due to autocorrelations of absolute returns at lags

10 and 20, and squared returns at lag 10. For the data over the period of 2007–

2012, the lowest fit is due to the ARCH statistic, and the autocorrelations of

returns and squared returns at lag 1. For the data over the period of 1990–2012,

the lowest fit is due to the autocorrelations of returns and squared returns at

lag 10 and of absolute returns at lags 5, 10, and 20.

However, in the end, we do not consider a low fit due to the ARCH statistic

as the direction for improvement, because volatility clustering (associated with

a higher value of the ARCH statistic) for those periods is rejected while the

desirable quality of the model is to generate volatility clustering. We show

that, taken into account the data over the periods of 1990–2006 and 1990–

2012 the model is validated in terms of volatility clustering. As for the other

statistical characteristics, we can conclude that this model needs improvements

to generate a number of autocorrelations of asset returns, absolute and squared

returns at various lags.

19The conclusions could potentially be improved when relaxing the linearity assumption.
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2.6 Conclusions

Heterogeneous agent-based models of financial markets provide ways to study

the interaction and learning of heterogeneous agents. Undoubtedly, they are a

good platform to approach and study complex real world phenomena. However,

the large number of parameters that these models embody and a lack of a

clear relation between model parameters and outputs demand the need for a

validation procedure. Therefore, in order to understand the real potential of

these models, we need to answer the question to what degree such a model

matches the real world.

We propose a new methodology to validate these models. It consists of

two parts: a parameter analysis and a stylized facts analysis. In the parameter

analysis we first run an artificial financial market multiple times, each time with

different parameter values. We then measure relevant statistical characteristics

of the resulting asset prices and returns. Further, we use the regression analysis

to quantify the parameter effects on those statistical characteristics.

In the stylized facts analysis we link the regression results to the measured

statistical characteristics of actual data. We derive a test to investigate whether

the differences between actual stylized facts and model-based stylized facts

is zero. We illustrate our methodology by applying it to an artificial financial

market, characterized by two types of agents, namely, fundamentalists and

mean-variance investors with heterogeneous expectations.

We find that the validation of the artificial financial market is supported

individually for the statistical characteristics using real-life data on several

subperiods. Our proposed methodology proves to be a simple and effective

way to validate an agent-based financial market model. Furthermore, the

methodology that we propose also allows for the analysis using nonlinear

effects of model parameters on model-based statistical characteristics. This

could be done by replacing linear regressions with non-linear or non-parametric

regressions and could be a subject of further research.
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Derivation of the test statistic 2.A

The estimates of the parameter values, which minimize the weighted quadratic

distance in (2.16), can be written as

bqN T =
�

bBN WN T
bB′N
�−1

bBN WN T yT . (2.22)

With N T →∞, bqN T converges to q, defined as

q =
�

BW0B′
�−1

BW0 y, (2.23)

i.e.,

q = argmin
q̃

�

y − B′q̃
�′

W0

�

y − B′q̃
�

.

We define:

bN = vec
�

bBN

�

; and b = vec (B) ;

and the functions of bN and b:

gN (bN ) =
�

bBN WN T
bB′N
�−1

bBN WN T ;

g (b) =
�

BW0B′
�−1

BW0.

Then using definitions in (2.22) and (2.23) and applying the mean value theo-

rem to g (bN ) componentwise around b with b∗ = νbN +(1−ν)b, for ν ∈ [0, 1]
we get20

bqN T − q = gN (bN ) yT − g (b) y

= (gN (bN )− g (bN )) yT + g (b) yT + g ′ (b∗) (bN − b) yT − g (b) y

= (gN (bN )− g (bN )) yT + g (b) (yT − y) + g ′ (b∗) (bN − b) yT .

(2.24)

20 b∗ is component-specific. For notational simplicity we suppress this component-specific
characteristic.
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The limit distributions of bN and yT are given by:

p
N (bN − b)

d−→ N (0,Σb) , (2.25)
p

T (yT − y)
d−→ N

�

0,Σy

�

. (2.26)

The limit distribution of the estimator bqN T is derived from (2.24):

p
T (bqN T − q) =

p
N (gN (bN )− g (bN ))

√

√ T
N

yT + g (b)
p

T (yT − y)

+ g ′ (b∗)
p

N (bN − b)

√

√ T
N

yT . (2.27)

Given the assumption
p

N (WN T −W0) = Op (1) it follows thatp
N (gN (bN )− g (bN )) is Op (1). Assuming T

N → 0 we have
q

T
N yT = op(1).

Thus, we get that
p

T (bqN T − q) is asymptotically equivalent to

g (b)
p

T (yT − y) =
�

BW0B′
�−1

BW0

p
T (yT − y) . (2.28)

Using (2.26) and the result in (2.28), the limit distribution of
p

T (bqN T − q) is

given by:

p
T (bqN T − q)

d−→ N
�

0,
�

BW0B′
�−1

BW0 Σy W0B′
�

BW0B′
�−1�

. (2.29)

The limit distribution of
p

T
�

yT − bB′NbqN T

�

is then derived as follows:

p
T
�

yT − bB′NbqN T

�

=
p

T
�

yT − B′bqN T

�

+
p

T
�

bBN − B
�

bqN T

=
p

T
�

yT − B′bqN T

�

+
p

N
�

bBN − B
�

p
Tp
N
bqN T

=
p

T
�

yT − B′bqN T

�

+ op(1);

and:

p
T
�

yT − B′bqN T

�

=
p

T (yT − y)−pT
�

B′bqN T − B′q
�

=
p

T (yT − y)− B′
�

BW0B′
�−1

BW0

p
T (yT − y)

= [I − B′
�

BW0B′
�−1

BW0]
p

T (yT − y)
d−→ N

�

0,ΣB y

�

,
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where ΣB y = [IS − B′ (BW0B′)−1 BW0] Σy [IS − B′ (BW0B′)−1 BW0]′, with IS,

S-dimensional identity matrix.

�
The test statistic for the hypothesis

H0 : y − B′q = 0

is defined as:

T
�

yT − bB′NbqN T

�′
Σ−B y

�

yT − bB′NbqN T

� d−→
H0

χ2
rank(ΣB y)

, (2.30)

with Σ−B y the general inverse of ΣB y as described in Section 2.5.2.





3Parameter Estimation of an
Artificial Financial Market
Model Using Survey Data

Introduction 3.1

Artificial financial market models are a good platform to approach and study

complex real world phenomena of financial markets, providing ways to inves-

tigate the interaction of heterogeneous agents (see, for example, surveys by

Hommes (2006), LeBaron (2006), Lux (2009)). It is well documented that

these heterogeneous agent-based models are successful in generating stylized

facts in line with the empirical findings (see, for instance, He and Li (2008),

LeBaron (2011), LeBaron and Yamamoto (2007), Lux and Marchesi (2000),

Yamamoto (2011)). As a result of modelling behaviour among heterogeneous

agents and the market as a whole, these models are often highly parameterized

and have flexibility in producing a lot of different outputs. Despite the fact that

the models are very promising, the complexity and high level of parametrization

make them difficult to estimate on the basis of financial macro data alone. In

this chapter we estimate model parameters using other data sources than are

typically used in previous literature, namely, micro-level data from a specifically

designed questionnaire.

Using financial time series data alone it is hard or even impossible to esti-

mate the parameters describing agents’ behaviour in order to make a sensible

interpretation of the parameter estimates indicating real agents behaviour. The

models are rather complex but not complex enough to completely avoid misspec-

ification. Moreover, estimation using macro-level data can be very difficult. For
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example, Chen et al. (2012) describe difficulties that are encountered when es-

timating agent-based models. In applications of direct estimation methods, the

authors identify challenges such as, for instance, intractable objective functions

due to complexity of the agent-based model. For this reason indirect estimation

methods are applied more often but cannot avoid practical issues such as a

high dimensionality of the objective function. Moreover, the nonlinearities and

complex processes within agent-based models are probably the reason why

attempts to estimate an agent-based model on the basis of micro-level data are

scarce.

One other possible way to get insight into real agents’ behaviour is to

connect agent-based models to the results of laboratory experiments with

human subjects (see, for example, Bao et al. (2012), Hommes (2011)). The

experiments, similarly to agent-based models, provide a platform to control

for the economic environment and market structure. For example, Grazzini

(2013) builds an agent-based model from the setup of an experimental stock

market and shows that the model mimics the fundamental characteristics of

the experimental market. However, the experiments are typically done with

students who might not always be representative for investors in general.

We take a step further and analyze the behaviour of actual market partic-

ipants, namely individuals who hold financial assets. Large investors, such

as pension funds, are typically concerned to invest in such a way that they

represent their pension fund participants. Thus, our approach of using data on

individuals holding financial assets might also reveal indirectly the parameter

values of such large investors. We contribute to the literature on agent-based

financial markets by estimating behavioural parameters in an artificial financial

market using a specifically designed questionnaire. To the best of our knowl-

edge, this work is one of the first attempts to estimate a chosen heterogeneous

agent-based financial market model using micro-level data from a survey. Some

attempts to validate the general features of agent-based models include, for

instance, Yamamoto and Hirata (2012) and Branch (2004). Yamamoto and

Hirata (2012) analyze strategy switching behaviour, which is often included

in agent-based financial market models (see, for example, Lux and Marchesi

(2000), Yamamoto (2011)). Using survey data on forecasts made by profession-

als at the Japanese stock market, the authors find support for the existence of

strategy switching among investors and its relation to destabilized prices in the
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market. However, they do not relate their findings to a specific model but rather

validate the typical behavioural feature which is used in models following the

pioneering work by Brock and Hommes (1998). Nevertheless, the literature

stresses the necessity and importance of fixing the values of parameters, es-

pecially those which are key to the behaviour of the market. Thus, our work,

using micro-data based on a specifically designed questionnaire to estimate

model parameters, is a much needed step in the development of agent-based

financial market models.

Our artificial financial market model is characterized by two types of agents,

namely, fundamentalists who believe in price predictability and mean-variance

investors who diversify their portfolio. The model incorporates various features

of agents’ behaviour such as heterogeneous expectations about asset returns or

prices, learning and interaction among agents. As a result, the model contains

behavioural parameters such as parameters indicating how many periods of past

information agents take into account, what weights they give to the available

information sources, how they adjust their portfolio, etc. In Chapter 2 we

present our methodology of model validation and apply it to this model. Here,

we estimate the behavioural parameters using micro-level data. We separate our

model into parts, each describing specific agent’s behaviour, such as expectation

formation about asset returns and dividends and asset demand formation based

on those expectations. The estimation of the model parameters is performed

for each part of the model separately.

The specifically designed questionnaire was fielded in the LISS panel. The

LISS panel is a representative sample of individuals residing in the Netherlands

who are paid to participate in monthly internet surveys.1 Those without a

computer or internet access are supplied with the needed equipment. We

concentrate our analysis on the answers of individuals who reported to have

financial assets. The questionnaire consisted of questions on individual risk

attitudes, changes in portfolio value, individual’s views about asset prices in

stock markets, and use of information about the investments. For example, a

question in which respondents were asked to choose between a risky investment

and a safe option for savings, allows for estimating individual risk aversion

parameters.

1For more detailed information about the panel see www.lissdata.nl.
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One of the characteristics of our financial market model is herding among

agents. We estimate the herding parameters with the help of hypothetical

situations, which were formulated in line with the model framework. The

respondents were asked to choose a method for predicting the future return and

the future dividend of an asset. They were also given randomized information

on costs attributed to the use of a method and randomized fractions of investors

who supposedly chose a particular method in the past. These answers allow for

estimating the weights that individuals are likely to give to specific information

when choosing the method of forecasting asset returns or dividends.

Questions on individual portfolios allow for studying the reported changes

in portfolio holdings due to expected changes in portfolio value. In a series of

questions we asked about the recent changes which the respondents made to

their portfolio holdings, about the level of portfolio holdings at the time they

decided to change the portfolio composition, and about possible reasons (for

example, the expected changes in value) due to which they decided to make

the change.

This work illustrates how an agent-based financial market model can be

estimated using micro-level data from a specifically designed questionnaire.

We find the estimates that are rather precise. We then run simulations with

the parameter estimates. The estimated model using micro-level data is able to

jointly reproduce a number of stylized facts such as excess kurtosis, volatility

clustering, and non-normality of asset returns observed in actual financial time

series.

The remainder of the chapter is organized as follows. Section 3.2 describes

an artificial financial market model with heterogeneous agents. In Section 3.3

we describe the questionnaire and the data. Section 3.4 presents estimation

methods used for each part of the model estimation and discusses the estimation

results. Section 3.5 lays out the results of the simulations with the estimated

parameters. Section 3.6 concludes.

3.2 An artificial financial market

In this section we describe the agent-based model of financial market, see also

Chapter 2.
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Assets

There are J risky and 1 risk-free assets characterized by dividend payoffs Dj t

and prices S j t in period t, where j = 0, . . . , J . The numéraire asset with index

0 is the risk-free asset and has price S0t = 1 and dividend payoffs D0t = 0 in

each period t. The dividend processes of the risky assets are assumed to be

independent across assets. The dividend payment is observed after trading of

assets is completed and is determined by:

log
�

Dj,t+1

�

= cD j + log
�

Dj t

�

+ εD j,t+1, (3.1)

with cD j the growth rate of log dividends of asset j, and εD j,t+1 a normally dis-

tributed white noise term.2 The net return of asset j over period t is calculated

as

R j t =
S j t + Dj t − S j,t−1

S j,t−1
, (3.2)

and the gross return is defined as r j t = R j t + 1.

Agents

There are two types of agents in this financial market: fundamentalists who

believe in price predictability and mean-variance investors who diversify their

portfolio. Each type of agents applies a different rule to forecast asset prices

or returns using the data which is observed and memorized through the past

periods. Agents have heterogeneous memory represented by Mi, the number of

periods of data in the memory of agent i. Agent’s i holdings of asset j in time

period t are denoted by hi j t , and ui j t denotes the value of agent’s i portfolio

holdings of asset j in terms of the numéraire. The wealth of agent i at the

beginning of time period t is given by Wi t = St · hi,t−1, where St is a vector of

prices of J + 1 assets in terms of the numéraire, hi,t−1 is a vector of agent i’s

holdings of J + 1 assets in previous period, and ‘·’ indicates the inner-product.

2We simulate the dividend process and compute prices from the dividends using equation
(3.1) to generate the initial information. The asset returns are computed from the prices and
dividends using equation (3.2), but we add normally distributed noise with standard deviation
0.01. We calibrate the total supply of assets in the first period of the simulation to align the
simulation data with the generated initial data.
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The fundamentalists believe that market prices are predictable and depend

on market fundamentals, such as dividend earnings. They discount expected

dividends over future periods of each asset j independently using the discount

rate r∗D j. As in Levy et al. (2000), we assume that the fundamentalists believe

that the price will converge to its fundamental value in the next period. The

fundamentalists employ Gordon’s dividend stream model (Gordon (1962)) to

calculate the fundamental price:

Fi j t =
Ei t

�

Dj,t+1

�

rD j
,

where Ei t (.) denotes the expectations operator according to the model that

agent i uses for asset j conditional on all information available up to and

including time period t. We set rD j =
r∗D j−g j

1+g j
, with g j the expected growth rate

of the dividend of asset j and r∗D j the expected return on the asset, in line with

the dividend model of Gordon (1962).3 When rD j =
1−β
β , with β the fraction

of wealth invested in stocks at every time period, this fundamental price is

equivalent with the homogeneous agent equilibrium price in LeBaron (2002a).

The fundamentalists trade according to the difference between the perceived

fundamental price, Fi j t , and the past period price, S j,t−1 which they observe at

time period t. Their portfolio at each time period t is adapted in the following

way:

ui, j,t = ui, j,t−1 +αi sgn
�

Fi j t − S j,t−1

�

�
�

�Fi j t − S j,t−1

�

�

Fi j t

�θi

Fi j t , (3.3)

where αi > 0 is the adjustment speed, θi > 0 the responsiveness to differences

between the fundamental price and the price of the previous period, and sgn(.)
the sign function.4 The adjustment speed, αi, is a combined measure of risk

tolerance, the agent’s ‘sensitivity’ to perceived mispricing, and confidence in

market fundamentals.

3The dividend processes is modelled on a weekly basis. We use cD =
0.02
52 for the growth rate

of log dividends, cD j , for all assets. We assume that εD j,t+1, the noise term of the log dividend

process, is iid N
�

0, 0.062

52

�

distributed. We further set the discount factor of fundamentalists, rD j ,

equal to 0.02
52 , the same as the growth rate of log dividends cD, for all assets. The starting value

of the dividend processes of all risky assets is set equal to cD.
4The function results into 1,−1, and 0 for positive, negative, and zero arguments, respectively.
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The second type of traders, the mean-variance (MV) investors, diversify

their portfolio and buy the perceived one period ahead mean-variance efficient

portfolio (Markowitz (1959)). This type of agents wants an optimal combination

of expected return and risk at the end of the planning horizon:

max
ui t
Ei t

�

Wi,t+1

�− γi t Vari t

�

Wi,t+1

�

(3.4)

s.t. Wi,t+1 = r ′t+1ui t

ι′ui,t =Wi,t ,

where Ei t (.) and Vari t(.) denote the expectation and the variance operators

conditioned upon the information available up to and including time t of agent

i, Wi,t+1 is invested wealth, rt+1 is the (J × 1) vector of gross returns of assets

over period t + 1, γi t is the time varying risk aversion parameter of agent i in

time period t.

It results in the demand for assets in terms of the numéraire:

eui t =
1

2γi t
(Covi t(Rt+1))

−1Ei t(Rt+1) , (3.5)

ui0t =Wi t − ι′eui t ,

where eui t is a (J × 1) vector of portfolio holdings of risky assets by investor

i in time period t, ui0t is portfolio holdings of the risk-free asset, and ι is a

vector of ones of the same dimension as eui t . Covi t (.) denotes the covariance

operator conditioned upon the information available up to and including time

t according to the model of agent i.

Due to the trend in dividends, the predictions of the fundamental price

by the fundamentalists contain an exponential trend leading to an increase

of fundamentalists’ investments in the risky assets. The MV investors observe

that the total wealth in the market is growing due to dividend payments. They

adjust their risk aversion in order to keep a similar market share of risky assets

as at the start of the trading periods, reducing it each period to

γi t =
γi,t−1

1+ cD
, (3.6)
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where cD is the growth rate of dividends. By becoming less risk averse, the MV

agents stay in the market and can keep up with the fundamentalists who might

otherwise gradually take over the market of risky assets.

Market Equilibrium

A temporary Walrasian equilibrium is computed at every time period. The

equilibrium price in the risky asset market is set by the market maker who

equalizes asset demand and supply. Afterwards this price can be controlled by a

regulator who observes the equilibrium price and can take actions if the market

maker suggests prices that would make the market too volatile or even crash.

After prices have been proposed by the market maker, the regulator controls the

price difference by limiting returns within the interval of λ standard deviations,

λσr
τt , with σr

τt computed in time period t over returns of the τ most recent

trading periods.

Rule Switching and Herding

Each agent has two possible forecasting rules. The fundamentalists can choose

from the Last dividend rule and the Dividend trend prediction rule. Using the first

rule a fundamentalist predicts Ei,t−1

�

Dj t

�

, the expected dividend payment in

time t, of asset j, using the last dividend known, Dj,t−1. Using the second rule a

fundamentalist first estimates the trend factor cD j in the first order differences

of log dividends and then uses the following model to predict the expected

dividend payment, Ei,t−1

�

Dj t

�

:

Ei,t−1

�

Dj t

�

= exp
�

bcD j + log
�

Dj,t−1

��

, (3.7)

where bcD j denotes the estimate of cD j.
5

MV investors predict future returns, Ei t(Rt+1), using either the Average rule

or the Median rule. Using the first forecasting rule a MV investor forecasts

5Fundamentalists estimate cD j using the sample average of the first order differences in log
dividends from:

log
�

Djτ

�

= cD j + log
�

Dj,τ−1

�

+ εD jτ, τ= t −Mi + 1, . . . , t − 1,

with E
�

εD jτ

�

= 0.
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the next period’s return using the average return over the past observations in

agent’s memory. When using the second rule, the MV investor predicts Ei t(Rt+1)
using the median of the observed asset returns.

The rules that agents choose may be different in different periods of time.

In every time period agents evaluate the performance of the available rules

before choosing one for forecasting. The prediction errors calculated by a

fundamentalist and a MV investor are defined as:

v l
i, j,t = (1−δi)v

l
i, j,t−1 +δi

�

S j t − F l
i j t

�2
, (3.8a)

v l
i, j,t = (1−δi)v

l
i, j,t−1 +δi

�

R j t −El
i,t−1

�

R j t

�

�2
, (3.8b)

respectively, where δi is a weighting parameter, denoting different degrees of

agent’s myopia in evaluating the forecasting accuracy. El
i,t−1

�

R j t

�

denotes the

return on asset j as predicted by agent i using forecasting rule l in time period

t − 1.

In every trading period each agent decides to use one of the two forecasting

rules based, not only on the rule performance measure formalized in equa-

tions (3.8a) and (3.8b), but also possibly on the majority opinion in the market.

The latter factor induces herding among agents, when choosing the forecasting

rules. The majority opinion is measured in terms of the opinion index (among

the fundamentalists and the MV investors separately) which is determined as

the relative fraction of the total number of agents who used one or the other

rule in the previous trading period:

x l1,l2
j t =

nl1
j t − nl2

j t

nl1+l2
j t

∈ [−1,1], (3.9)

where, for every asset j in time period t, nl1
j t (nl2

j t) refers to the number of agents

applying the forecasting rule l1 (l2), scaled by nl1+l2
j t , the total number of agents

of one type. Therefore,
n

l1
j t

n
l1+l2
j t

�

n
l2
j t

n
l1+l2
j t

�

denotes the fraction of agents using rule l1

(l2).

The switching between the forecasting rules with a possibility of herding

is based on the transition probability. This probability is determined by two

factors: the forecasting performance measure and the opinion index in the
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market in the following way:

π
l1
i j t = ηi j t exp

�

+U l1
i j t

�

, (3.10a)

π
l2
i j t = ηi j t exp

�

−U l1
i j t

�

, (3.10b)

where

U l1
i j t =ψi1 x l1,l2

j,t−1 +ψi2

�

v l2
i, j,t−1 − v l1

i, j,t−1

�

, (3.11)

denotes the utility function of agent i for asset j when using forecasting rule l1,

while the utility function using forecasting rule l2 is U l2
i j t = −U l1

i j t . Further, v l1
i j,t−1

(v l2
i j,t−1) are defined either by equation (3.8a) in the fundamentalist’s case or by

equation (3.8b) in the MV investor’s case. The parameters ψi1 > 0 and ψi2 > 0

represent the strength of each factor determining transition probabilities; ηi j t

is a normalization parameter such that πl1
i j t +π

l2
i j t = 1.

In addition, we assume that agents are influenced by the opinion index

with herding probability ω. In each period the agents choose the forecast-

ing rule based on (3.10a) and (3.10b) with probability ω. With probability

1−ω they choose the forecasting rule by minimizing the prediction error in

(3.8a) and (3.8b) only.

3.3 Data

Our data is retrieved from the survey “Questions about investments” held in the

LISS panel. The survey was a single wave study held in July 2012. Out of 5382

respondents, 749 individuals answered that they held financial investments at

the time of the survey and 63 replied that they sold their assets within a period

of six months prior to the survey. We consider these 812 respondents as our

sample of investors. The sample demographics are presented in Table 3.1. The

average investor in our sample is a bit older and more educated compared to

the average panel member.

The questionnaire was designed specifically for the model described in

Section 3.2. The questions allow for estimating the model parameters which

are crucial to the behaviour of agents and the market as a whole. The questions

included behavioural aspects such as individual risk attitudes, beliefs about
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stock market, and use of information sources. The questionnaire can be found

in Appendix 3.A.

Table 3.1: Sample demographics.

Variable Panel members Respondents Investors

Mean SD Mean SD Mean SD

Male 0.49 0.50 0.47 0.50 0.64 0.48
Age 42 21.8 50 17.5 56 14.5
Single 0.12 0.32 0.19 0.39 0.20 0.40
Employed 0.45 0.50 0.50 0.50 0.56 0.50
University degree 0.08 0.26 0.08 0.27 0.18 0.39
College 0.18 0.39 0.22 0.41 0.35 0.48
Junior college 0.20 0.40 0.22 0.42 0.18 0.38

Observations 11211 5382 812

The questionnaire included seventeen questions.6 The first three questions

were asked to all panel members. One more question was asked to those

respondents who did not have investments in financial securities, though it was

not included in this study. The other 13 questions were specifically asked to

only those members who had investments in financial products, such as stocks,

bonds, or mutual funds, at the time of the survey or shortly before it. The target

sample of our analysis consisted of the panel members who reported to have

(had) financial assets.

The first two questions were asked to separate the respondents into those

who invest and those who do not. Question 3 described a hypothetical situation

where the respondents were asked to choose between a risky investment and a

safe option for savings. The answers to this question allow for estimating risk

aversion parameters in a mean-variance investors’ setting described by equation

(3.5) in Section 3.2.

The part of our questionnaire, that was asked to investors only, included

questions with specific hypothetical situations to elicit herding effects, ques-

tions on individual’s view about asset prices in the stock market, the use of

information about the investments, and questions on portfolio changes. When

6The percentages of the “don’t know” answers per question are as follows. Question 3: 16%,
q.5: 9%, q.6a: 4%, q.7: 6%, q.8: 5%, q.9: 7%, q.10: 7%, q.11-12: 10% (plus “prefer not to
say” 10%), q.13-14: 13% (plus “prefer not to say” 13%), q.16-17: 37% (plus “prefer not to
say” 6%). Based on the comments that respondents left and the fact that our investor’s sample
seems to be more educated, there is little concern that the questions were not understood.
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analyzing herding effects with the help of hypothetical situations, we were

interested in the weights that individuals give to certain information sources.

Question 5 helped to distinguish the important events in the stock market which

respondents take into account when making investment decisions. The answers

to this question allowed for measuring the memory length of investors and

estimating a distribution for this parameter. Question 6 allowed for separating

the respondents into two types of investors, i.e., fundamentalists (who believe

in price predictability) and mean-variance investors (who do not believe in

price predictability and diversify their portfolio). We included question 7 to

identify how likely individuals are to use suggestions/actions by others (for

example, friends, colleagues, etc) as a source of information. This allows for

estimating the probability of herding.

The respondents in the hypothetical situations of questions 8-9 were asked

to choose a method for predicting the future return and the future dividend of

an asset. They were also given information on costs of a method, and fractions

of investors that supposedly have chosen a particular method in the past.7

These answers allow for estimating the weights that individuals are likely to

give to specific information when choosing the method of forecasting asset

return or dividend. Furthermore, for questions 8-9 we included randomization

between two different formulations, in order to take into account the possibility

of a framing effect (Tversky and Kahneman (1981)). One formulation of these

questions was presented in an impersonal manner when respondents had to

make an advise to an unknown “Mr. Janssen” on the choice of the method.

Using another formulation, the questions were presented using a “personal”

form, i.e., substituting “you” for “Mr. Janssen” in order for the respondents to

make a choice for themselves rather than advising someone else.

The questions on individual portfolios allow for studying the reported

changes in the portfolio holdings due to expected changes in portfolio value (as

defined in (3.3) in Section 3.2). We asked about the recent changes which the

respondents made in their portfolio holdings (questions 10-12), about the level

of portfolio holdings at the time individuals decided to change the portfolio

composition (questions 13-14), and about possible reasons (e.g., the expected

7The values of the fractions were drawn from U(0, 1); the values of costs were drawn from
U(1,100).
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changes in value) due to which they decided to make the change (questions

15-17).

Estimation methods and results 3.4

This section describes the methods used to estimate the model parameters and

presents the estimation results. The model is separated in parts, describing

different aspects of agent’s behaviour in the artificial financial market. The

parameters are estimated for each part separately.

Subsamples of fundamentalists and mean-variance investors 3.4.1

In the survey, question 6a, we asked respondents whether they agreed with the

statement that stock prices are completely unpredictable. We use this question

to distinguish between fundamentalists and mean-variance investors within

our model framework. The question was answered by 811 investors. There

were 419 respondents who (highly) agreed that price movements in the stock

market are unpredictable, while 120 (highly) disagreed with the statement. 236

were neutral and 36 gave a “do not know” answer. After taking this separation

into account, we use the subsample of the individuals who agreed and those

who were neutral about the statement as mean-variance investors. Another

subsample consists of individuals who disagreed with the above statement or

were neutral about it; we consider these individuals as fundamentalists. These

subsamples overlap because we include neutral respondents in both cases.

When estimating the parameters, we use the subsamples in accordance with

the model. However, this is not possible for the estimation of the parameters

α and θ in the fundamentalist’s portfolio adaption rule due to a small sample,

causing numerical problems in the estimation.

Portfolio adaption: parameters α and θ 3.4.2

In the model of the financial market, described in Section 3.2, the fundamen-

talists adapt their portfolio in each period using equation (3.3). In this step

their behaviour is described by two parameters: αi > 0, the adjustment speed,
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and θi > 0, the responsiveness to differences between the fundamental price

and the price of the previous period. For the estimation we assume these pa-

rameters to have the same value for each individual, i.e., αi = α and θi = θ .

In order to formulate survey questions for this part of the model in a more

understandable way for respondents, we multiply the prices in equation (3.3)

by q > 0, the number of assets in the portfolio, so the quantities are expressed

as portfolio values rather than price levels. This multiplication does not change

the meaning of the parameters α and θ . The adjusted fundamentalist’s demand

rule in equation (3.3) is thus the following:

∆ui = α sgn({Fq}i − {Sq}i)
� |{Fq}i − {Sq}i|

{Fq}i

�θ

{Fq}i, (3.3’)

where ∆ui is the change in the portfolio value reported by individual i, {Fq}i −
{Sq}i is the expected change in the portfolio value, and {Sq}i is the value of the

portfolio before the changes.

For the estimation of the parameters in (3.3’) we asked individuals about the

changes in their portfolio value, the expected changes, and the expected value

of the portfolio just before the change was made. We need a combination of

answers to all these questions in order to estimate the parameters α and θ . Out

of 812 investors, 399 gave answers on how much they have changed the value

of their portfolio holdings (∆ui). Out of the 399, 142 respondents reported the

value of the portfolio holdings before the changes were made ({Sq}i). Further,

out of the 142, 126 respondents provided the expected change in value of

their portfolio holdings ({Fq}i − {Sq}i) before they made the change.8 Thus,

our sample consists of 126 observations which we use in the estimation of the

parameters α and θ in equation (3.3’).9

In the survey the respondents were given an opportunity to provide ∆ui

as a value or as an interval value. This resulted in two kinds of observations:

exact values and ordered responses. The ordered responses are of the following

8In case respondents do not want to reveal the exact values of the quantities, they were
given accompanying question to report a category to which the value belongs. Out of 126
responses, there are 20 on the portfolio value before the changes (quantity {Sq}i) and 48 on
the expected changes (quantity ({Fq}i −{Sq}i)). We use the middle value of the corresponding
interval as the observation for the estimation.

9We remove one observation which we consider an outlier (the change in the portfolio value
provided is seven times larger than the highest value provided by other respondents) and which
causes numerical problems in the estimation.
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form:

∆ui =































































































































1, ∆u∗i < −50, 001;

2, ∆u∗i ∈ (−50,000;−25,001);
3, ∆u∗i ∈ (−25,000;−20,001);
4, ∆u∗i ∈ (−20,000;−15,001);
5, ∆u∗i ∈ (−15,000;−12,001);
6, ∆u∗i ∈ (−12,000;−10,001);
7, ∆u∗i ∈ (−10,000;−7,501);
8, ∆u∗i ∈ (−7,500;−5,001);
9, ∆u∗i ∈ (−5,000;−2,501);

10, ∆u∗i ∈ (−2,500;−1,501);
11, ∆u∗i ∈ (−1,500;−501);
12, ∆u∗i ∈ (−500;0);
13, ∆u∗i ∈ (0;500);
14, ∆u∗i ∈ (501;1, 500);
15, ∆u∗i ∈ (1,501; 2,500);
16, ∆u∗i ∈ (2,501; 5,000);
17, ∆u∗i ∈ (5,001; 7,500);
18, ∆u∗i ∈ (7,501; 10,000);
19, ∆u∗i ∈ (10,001; 12,000);
20, ∆u∗i ∈ (12,001; 15,000);
21, ∆u∗i ∈ (15,001; 20,000);
22, ∆u∗i ∈ (20,001; 25,000);
23, ∆u∗i ∈ (25,001; 50,000);
24, ∆u∗i > 50.001.

Out of the 126 respondents, 19 gave interval values of the changes in their

portfolio value.

Due to a small sample, we do not separate the respondents into funda-

mentalists and mean-variance investors and treat all 126 respondents as if

they are all likely to have fundamentalist’s preferences and form their portfolio

using (3.3’).10

We formulate the estimation problem as follows:

∆ui = α sgn({Fq}i − {Sq}i)
� |{Fq}i − {Sq}i|

{Fq}i

�θ

{Fq}i + εi, (3.12)

εi|{Fq}i, {Sq}i ∼ N(0,σ2
ε
),

where individuals are assumed to be iid.

We use Maximum Likelihood (ML) to estimate the parameters α and θ .

The likelihood contributions for two different types of observations, when the

10After taking into account answers on the statement about stock price predictability we are
left with 64 fundamentalists and this causes numerical problems in the estimation.
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individuals report a value of changes in the portfolio or when they report an

interval value only, are combined to construct the likelihood. The ordered

observations are modeled using ordered probit. The estimates are provided in

Table 3.2. We find that the estimate for the parameter θ is significant at the 5%

significance level, while the estimate of the parameter α is insignificant. The

parameter α is a scaling parameter which scales the expected portfolio changes

to the reported portfolio changes.

Table 3.2: Estimation results.

Parameter α θ

Estimates 0.5450 1.2607**
(0.5999) (0.7092)

Observations 126
Wald test (p-value) 0.1834

LM test (p-value) 0.1343

** significant at the 5% significance level; standard errors in parenthesis.

To test the assumption that errors in ε are normally distributed, we perform

a Lagrange multiplier (LM) test. The LM test, following Newey (1985) and

adapted to the ordered probit model, does not reject the normality assumption

of εi.
11

3.4.3 Portfolio formation: parameter γi

In the model in Section 3.2 it is assumed that mean-variance (MV) investors

buy the perceived one period ahead mean-variance efficient portfolio (3.5). In

question 3 of the questionnaire we asked about one asset only, i.e., a portfolio.

Thus, equation (3.5) simplifies to:

ui t =
1

2γi t
(Vari t(Rt+1))

−1Ei t(Rt+1) , (3.13)

where Vari t(Rt+1) is the variance of portfolio returns. See Appendix 3.B for

more details.
11The LM test statistic is LM = NR2, where N is the number of observations and R2 is the

coefficient of determination in the regression of a N × 1 vector of ones on the score vectors
evaluated at the coefficients of the higher order terms in the likelihood set equal to 0.
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We further assume that an individual will take an opportunity to invest in

a risky portfolio rather than putting money in a deposit, if the mean variance

utility, U(E(R),Var(R)), of the investment in the risky portfolio is higher than

the utility from savings:

U(E(R),Var(R))≥ U(x%, 0), (3.14)

where x is the interest rate of a deposit. The relevant mean-variance utility

function defined in (3.4) in a one dimensional case, i.e., considering a portfolio

as one asset, is given by:

U(E(R),Var(R)) = uE(R)− γu2Var(R), (3.15)

where u is the value invested in assets or put in a deposit.12

Given the answers to the survey question with the value of u = €1000, the

expected rate of the portfolio of 5%, the variance of 0.0025, and adjusting for

the weekly time period, we calculate the individual parameter of risk aversion

γi in the following way:13

γi =
0.9645− 0.1923x i

0.9246
. (3.16)

where x i is the minimum interest rate reported by a respondent, at which one

still prefers to put money in a deposit rather than investing in a given portfolio.14

The answers on the minimum interest rate vary between 0 and 100. Under

no errors we expect the measured values of the risk aversion parameter to lie

within the interval [0;1.0432]. However, 127 or 19% out of 681 respondents

reported the interest rate values that we cannot reconcile with the framework

12We assume that initial wealth of individual is given and does not vary, therefore, it only
enters the expectation component in the utility equation. Due to our assumed utility form the
effect of initial wealth cancels out when solving for x in (3.14). We assume the linearized utility
form in (3.15) in order to stay within the framework of our agent-based model of financial
market.

13Question 3 states that a risky portfolio with equal probability gives a return of either 0% or
10%, this results in the expected rate of the portfolio of 5%, the variance of 0.0025.

14We calculate the individual parameter of risk aversion γi in the following way:

1000× 0.05
52
− γi × 10002 × 0.0025

522
= 1000× 0.01× x i

52
.
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of our model setup.15 What is more, after considering a subsample of indi-

viduals who are likely to have mean-variance investors preferences, we have

286 observations of mean-variance investors in our sample. The estimated

distributions of bγi after excluding the answers which result in negative values

for the estimated risk aversion parameter γi are provided in Figure 3.1 for

all investors and a subsample of mean-variance investors.16 We find that the

distributions of risk aversion measures based on answers provided by investors

and a subsample of mean-variance investors do not differ greatly.

investors
mv-investors

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.5

1

1.5

Figure 3.1: Smoothed distribution of risk aversion parameter bγi for
all investors and mean-variance investors separately.

3.4.4 Transition probabilities: parameters ψi1 and ψi2

The transition probabilities used for the herding mechanism described in Sec-

tion 3.2 are defined in (3.10a) and (3.10b). We reformulate equations (3.10a)

and (3.10b) after including the normalization in the following way:

π
l1
i j t =

exp
�

+U l1
i j t

�

exp
�

+U l1
i j t

�

+ exp
�

−U l1
i j t

� =
exp

�

2U l1
i j t

�

1+ exp
�

2U l1
i j t

� , (3.17)

15The reported interest rates higher than 5% result into negative values of the parameter
γi and thus indicate risk-prone individuals. In our model we assume risk-averse agents and
therefore we do not include these observations.

16We use density estimate based on a normal kernel function, using bandwidth as a function
of the number of observations in a sample.
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and

π
l2
i j t = 1−πl1

i j t =
1

1+ exp
�

2U l1
i j t

� , (3.18)

where U l1
i j t is defined in (3.11). It is now easy to see that (3.17) and (3.18)

resemble the probabilities of a logit model (see, for example, Cameron and

Trivedi (2005)).

The parameters ψi1 and ψi2 in (3.11) represent the strength of the factors

determining the transition probabilities for each type of investors, i.e., the

opinion index and the forecasting performance costs. For the estimation we

assume that the parametersψi1 andψi2 have the same value for each individual

who are likely to be either fundamentalist or mean-variance investor. That is,

the parameter ψi1 is equal to either ψm1 (for mean-variance investors) or ψ f 1

(for fundamentalists), and ψi2 is either ψm2 or ψ f 2, respectively. Further, since

the data in our sample is cross sectional and we ask about one asset only, we

suppress the dimensions j and t form the specification in (3.11), (3.17), and

(3.18). The utility function for using method 1 defined in (3.11) is adjusted in

the following way (with l1 = 1 and l2 = 2):

U1
i =ψe1 x1,2

i +ψe2

�

v2
i − v1

i

�

, (3.19)

where e = m, f indicates the type of investor: a fundamentalist or a mean-

variance investor. The utility for using method 2 is U2
i = −U1

i . The values of

the costs, v1
i and v2

i , and fractions used to measure x1,2
i according to equation

(3.9) were given for every individual.

The answers to the survey questions result in the following observations for

each individual i:

yi =

(

1, method 1 with probability π1
i =

exp(2U1
i )

1+exp(2U1
i )

;

0, method 2 with probability 1−π1
i .

(3.20)

To estimate the parameters in equation (3.19), the respondents were asked

to choose between two methods to forecast certain measures in hypothetical

situations. 718 respondents gave answers on their choice for the method to
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forecast future dividends and 675 respondents gave answers on their choice for

the method to predict the asset return.

We estimate the model using data on two questions separately: question 8,

which asked about forecasting future dividends, and question 9, which asked

about forecasting expected returns. To check whether the framing effect played

a role in the responses, we performed estimations using subsamples of the

answers to questions 8 and 9 formulated with “Mr. Janssen” and “you”. The

two sample t-tests show no significant differences in the parameter estimation

using data of the different framing.

Further, we first perform estimation using the whole sample of the respon-

dents who answered these questions. Then, we separate the sample into the

respondents who we consider as fundamentalists or mean-variance investors.

Estimation results are provided in Tables 3.3-3.4. The two sample t-tests showed

significant differences between the estimates.

Table 3.3: Estimation results: whole sample.

question 8 question 9

Parameter ψ1 ψ2 ψ1 ψ2

Estimates 0.2285*** 0.0041*** 0.2778*** 0.0048***
(0.0654) (0.0010) (0.0677) (0.0010)

Observations 718 675

*** significant at the 1% significance level; standard errors in parenthesis.

Table 3.4: Estimation results: fundamentalist and mean-variance
investors separately.

question 8 (Fund only) question 9 (MV only)

Parameter ψ1 ψ2 ψ1 ψ2

Estimates 0.2517*** 0.0036 0.3071*** 0.0049***
(0.0945) (0.0014) (0.0748) (0.0011)

Observations 335 554

*** significant at the 1% significance level; standard errors in parenthesis.

For estimating the herding probability, we asked panel members whether

they take into account suggestions by others as a relevant source of information.

Out of 811 respondents, who answered this question, 129 (strongly) agreed
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with the statement, while 49 responded “do not know”. After separating the

respondents into subsamples of MV investors and fundamentalists, we find that

16.00% of respondents, whom we consider as MV investors, agreed that they

might be affected by others in making investment choices, while 19.48% of

respondents considered as fundamentalists, agreed with the statement. We

use these numbers as estimates of the herding probabilities ωm and ω f for MV

investors and fundamentalists, respectively.

Memory length Mi 3.4.5

To analyze the empirical distribution of individual memory lengths, we asked

panel members to report which events they take into account when making

their financial decisions. Then their “memory” is measured by counting the

number of years (later transformed into weeks) between the date of the survey

(i.e., July 2012) and the date of an event in the question.17 741 respondents

gave answers on this question. Further, 452 individuals chose the answer

formulated as follows: “I don’t make a selection among the specific events,

nevertheless, I take into account past events.”. Since, these respondents do not

separate the events, we assume that these responses can be approximated by

the uniform distribution on the interval with a starting and an ending value of

the shortest and the longest memory length from the sample, respectively. We

then randomly draw 452 values and add them to the sample. The histogram is

presented in Figure 3.2.

We measure the fractions of the respondents with the measured memory

lengths (0 to 4316 weeks). These fractions are used as empirical probabilities

yi = bπ (·|λ), with i = 1, . . . , 7, where yi denotes the observed (empirical)

probability that the memory length of an individual lies within the interval of

the specified time lengths; the parameter vector λ describes the theoretical

probability π. We want to have a smooth distribution for the memory length

parameter. Therefore, instead of using the empirical distribution, we assume a

specific theoretical distribution and estimate its parameters using the observed

memory lengths.

17Rounding the timing to years or half years.
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Figure 3.2: Histogram of the memory lengths (in weeks).

The parameter vector λ is estimated using asymptotic least-squares (ALS)

(see, for example, Gourieroux and Monfort (1989)) by minimizing the weighted

quadratic distances:

min g(·)′Sn g(·), (3.21)

where a function g(·) gives the differences between the empirical probabilities

and theoretical probabilities. The theoretical probability is characterized by a

distribution function of data and the parameter vector λ:

π (·|λ) = F (·|λ) .

See Appendix 3.C for more details.

We assume that the memory length data in our sample is generated by a

Weibull distribution. The parameter vector λ then consists of the parameters

λ1 and λ2. The distribution function describing the theoretical probabilities is

given by:

F(x i;λ1,λ2) = 1− exp

�

−
�

x i

λ2

�λ1
�

. (3.22)

where x i, i = 1, ..., 7, are data points.
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The estimation results are reported in Table 3.5. We find that the estimates

are significant and the test of overidentifying restrictions (the J-test) does not

reject the model.

Table 3.5: Estimation results assuming Weibull distribution.

Parameter λ1 λ2

Estimates 0.6385*** 14.65*
(0.1838) (8.2629)

Observations 741
J-test (p-value) 0.7018

*, *** significant at the 10% and 1% significance level, respectively;

standard errors in parenthesis.

Simulations with estimated parameter values 3.5

This section discusses the simulation results of the artificial financial market

using the estimation results of the previous section. We first summarize the

parameter estimates and values used to run the simulations. We then present

the results and discuss the stylized facts reproduced in the simulations.

Parameter values 3.5.1

The parameters estimated in Section 3.4 and the values used for the simulations

are summarized in Table 3.6. The second column of Table 3.6 contains the

estimated parameter values with the standard errors, the estimated distributions

are provided in the third column. Since the parameters under consideration

are assumed to be positive (in addition, herding probability parameters need to

lie in between 0 and 1), we use truncated normal distribution to generate the

values for each individual in the simulations.18 The values for the parameter θi,

ψi1, ψi2, ωi are randomly drawn from these truncated normal distributions.19

18The parameters of the truncated distributions are not adjusted so that the means and the
variances are the same as those of the estimated normal distributions because solving the
system of equations did not result into unique solution.

19The values for the parameter θi , ψi1, ψi2 are randomly drawn from a truncated Normal
distribution from below of 0, the values for the parameters ωi are drawn from a truncated
Normal distribution from below of 0 and from above of 1.
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We choose the value of the scaling parameter α to assure continuous trading

without market crashes. After running a number of simulations with different

values on the range of [0.5,10], the value of α was set to 5.25 in order to

generate satisfactory results in terms of the absence of market crashes and the

reproduction of stylized facts.20

Table 3.6: Parameter values.

Parameter Estimate (SE) Estimated distribution

Portfolio adaption

α 0.545 (0.5999) N(0.545,6.73392)
θ 1.2607 (0.7092) N(1.2607,7.96082)
γ [0,1.0432] U[0,1.0432]

Herding mechanism

ψm1 0.3071 (0.0748) N(0.3071,1.76062)
ψm2 0.0049 (0.0011) N(0.0049,2.68092)
ψ f 1 0.2517 (0.0945) N(0.2517,1.72962)
ψ f 2 0.0036 (0.0014) N(0.0036,2.59172)

Memory length (Mi)

λ1 0.6385 (0.1838) Weibull(0.6385,14.65)
λ2 14.65 (8.2629)

Herding probability

ωm 0.16 (0.0146) N(0.16,0.36652)
ω f 0.1948 (0.0212) N(0.1948,0.39602)

After taking into account the observed fractions of fundamentalists and

MV investors among the respondents, out of the I = 200 agents 46% are

characterized as fundamentalists, the other 54% as MV investors.21 They trade

J = 3 risky assets in addition to the risk-free asset. After the equilibrium

price is determined, a regulator checks it by making sure that the realized

return lies within λ= 4 standard deviations computed over the returns of the

20The range of values for the parameter α we use for the simulations has an overlapping
region with the confidence interval in Table 3.6.

21The fractions are calculated as follows. We take an extreme of the observed distribution,
where all respondents who were neutral about the predictability of asset prices are added to
those who agree with the statement and are considered to be fundamentalists; those who
disagree are counted as MV agents. The other extreme point where the neutral responses
are added to those who disagree with the statement is not possible to implement due to the
fact that our model works if the fraction of the fundamentalists is not much smaller than the
fraction of MV agents.
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τ = 2000 most recent time periods. Furthermore, we set δi = 1/75 for the rule

performance measures in (3.8a) and (3.8b).

We run the simulation for 5000 periods, selecting the last 1000.22 The

burn-in period of the 4000 periods is used to let the economy start up and

wash out the effects of the starting information which was not generated by

the economy.

Simulations: asset prices and returns 3.5.2

The series for the three assets resulting from the simulations are presented in

Figures 3.3-3.5. Figure 3.3 shows simulated dividends, prices, and returns for

each asset over the last 1000 periods. The clusters of higher returns followed by

the clusters of lower returns indicate that the model is able to generate volatility

clustering in asset returns. Figures 3.4 shows the autocorrelations of returns,

squared returns, and absolute returns for the first 50 lags. The dashed lines
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Figure 3.3: Asset prices and returns: dividends in column 1, prices
in column 2, returns (in %) in column 3; assets in rows.

22Due to the small values of the prediction errors compared to the opinion index in transition
probabilities defined in (3.10a) and (3.10b), we scale the values of the prediction errors
multiplying by 105 in the MV investor’s case and by 103 in the fundamentalist’s case (see
Chapter 2).
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Figure 3.4: Autocorrelations: returns, absolute, and squared re-
turns in columns 1 through 3, respectively; assets in
rows.
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Figure 3.5: Regulator actions: -1, 0, 1 indicate limiting a negative
shock, no action, and limiting a positive shock, respec-
tively.

indicate the 5% critical values for testing whether the autocorrelations are

significantly different from zero. The market generates significant autocorrela-
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tions in returns up to lag 5 and also some significant autocorrelations in returns

at lags 30–40. Furthermore, we find significant positive autocorrelations of

squared and absolute returns up to lag 5 and at lags 30–40. However, we do

not observe slow decay of autocorrelations in absolute and squared returns.

Figure 3.5 presents regulator actions in the market of all three assets. We

observe that the regulator was almost inactive in the market of assets 1 and

3 and had around 15 actions during 1000 periods in the market of asset 2.

After trying various values of parameter α, we find that the simulations with

estimated parameters are not likely to produce results without any regulator

action, unless at a cost of generating significant autocorrelations in asset returns.

Simulations: stylized facts 3.5.3

This section presents results on the reproduction of stylized facts (see, for

example, Cont (2001)) using the estimated parameter values. We measure the

stylized facts using statistical characteristics of the asset returns; see Table 3.7

for a brief description and the statistics used in this analysis.

The measured statistical characteristics are provided in Table 3.8. The

stylized facts are tested at the 5% level and the statistical significance is indicated

with a star.23

We find that the kurtosis of the returns is significantly different from 3

indicating heavy tails of the distribution. Moreover, in line with our findings

of volatility clusters after visually inspecting asset returns in Figure 3.3, we

find significant ARCH effects in asset returns. The analysis of autocorrelations

in asset returns should be combined with the visual analysis of the graphs in

Figure 3.4 because here we only report the values at certain lags. Further, the

correlations between asset returns and volatility are positive but insignificant at

the significance level of 5%, indicating that a leverage effect is not reproduced.

Lastly, we find that the Jarque-Bera test statistics are significantly different from

the ones of the normal distribution. However, we do not observe aggregational

Gaussianity in the asset returns.

23For testing kurtosis (in excess of 3) and skewness we refer to Bai and Ng (2005), for
Jarque-Bera statistics — Jarque and Bera (1987), for ARCH statistics — Engle (1982), and
for correlation and autocorrelations — Hamilton (1994).
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Table 3.7: Stylized facts (Cont (2001)) and the statistical charac-
teristics used for testing.

Stylized fact Observation Statistic used

Excess kurtosis The distribution of asset returns has heavy
tails and the fourth central moment is ob-
served to be much higher than for the nor-
mal distribution.

Kurtosis

Negative skew-
ness

The distribution of returns is left-skewed,
meaning that negative returns occur with
greater probability than suggested by a
symmetric distribution.

Skewness

Gain/loss
asymmetry

The negative returns are typically found to
be higher than the positive returns.

The difference between the average
value of the absolute negative returns
and the average of the positive returns.

Aggregational
Gaussianity

The distribution of asset returns comes
closer to the normal distribution when one
increases the period over which the returns
are measured.

The Jarque-Bera statistic (Jarque and
Bera (1987)) for returns over 1, 4, 12
periods. For instance, in case of weekly
frequency, we calculate this statistic for
returns over the period of 1, 4, and 12
weeks.

Volatility clus-
tering

The measure of volatility displays a positive
autocorrelation.

The statistic of the ARCH test using
one lag in the ARCH equation (Engle
(1982)).

Leverage
effect

The correlation between asset returns and
volatility measures are observed to be neg-
ative.

The correlation (see, for instance, Hamil-
ton (1994)) between the asset returns
and volatility measure. We calculate
volatility using rolling windows with
sample length of 100 periods.

Absence of au-
tocorrelations

The autocorrelations of asset returns are
observed to be insignificant.

Autocorrelations (see, for instance,
Hamilton (1994)) of returns at lags 1, 5,
10, 20, 50, and 100.

Nonlinear
dependence

Absolute and squared returns exhibit signif-
icant positive autocorrelations.

Autocorrelations of squared and absolute
returns at lags 1, 5, 10, 20, 50, and 100.

Table 3.8: Statistical characteristics of the simulations with esti-
mated parameters.

Asset Kurtosis Skewness Corr(R,vol) avL-avG JB1 JB4 JB12 ARCH-st

1 4.3154* 0.2042* 0.0243 -0.0100 79.0* 3080.1* 455.3* 132.9*
2 6.3421* 0.7607* 0.0572 -0.0203 559.8* 1868.6* 908.8* 85.5*
3 4.7482* 0.3050* 0.0292 -0.0059 141.5* 1071.3* 1117.2* 123.7*

continued

Asset AC(R1) AC(R5) AC(R10) AC(R20) AC(R50) AC(R100)

1 0.2370* 0.1682* 0.0279 -0.0319 -0.0183 0.1422
2 0.3138* -0.0047 -0.0134 -0.0229 -0.0198 -0.0259
3 0.2349* 0.1590* -0.0259 -0.0046 0.0112 0.0151

* significant at the 5% significance level. The kurtosis is tested in excess of 3.
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Table 3.8 (continued): Statistical characteristics of the simulations
with estimated parameters.

Asset AC(|R|1) AC(|R|5) AC(|R|10) AC(|R|20) AC(|R|50) AC(|R|100)

1 0.1328* 0.0590 -0.0392 -0.0389 -0.0495 -0.0590
2 0.3659* 0.0332 -0.0724* -0.1622* -0.1029* -0.0210
3 0.2147* 0.0423 -0.0704* -0.0348 -0.0456 -0.0690*

continued

Asset AC(R2
1) AC(R2

5) AC(R2
10) AC(R2

20) AC(R2
50) AC(R2

100)

1 0.2894* 0.0547 -0.0580 -0.0401 -0.0746* -0.0474
2 0.3228* -0.0245 -0.0647 -0.1041* -0.0638 -0.0017
3 0.3162* 0.0177 -0.0778* -0.0291 -0.0289 -0.0623

* significant at the 5% significance level. The kurtosis is tested in excess of 3.

To conclude, the estimated model using micro-level data is able to reproduce

a number of stylized facts, such as excess kurtosis, volatility clustering, and

non-normality in asset returns also observed in actual financial time series data.

Our model is estimated on the bases of the survey data which allows for a direct

interpretation of the estimated behavioural parameters of our model. What is

more, the estimated model seems to perform reasonably well in terms of our

chosen criteria, i.e., a number of stylized facts observed in real life data.

Conclusions 3.6

Artificial financial market models are often highly parameterized as a result

of modelling behaviour among heterogeneous agents and the market as a

whole. These models are very promising, as they provide a good platform for

analyzing real world phenomena. However, the complexity and high level of

parametrization make the estimation of these models very challenging. What

is more, using financial data alone it is hard or nearly impossible to estimate

the behavioural parameters allowing for a sensible interpretation of parameter

values and explain real agents behaviour. Therefore, estimation using macro

data alone does not give satisfactory results and, moreover, it might be very

hard due to nonlinearities in the models. Estimation using micro data allows for

a better interpretation of estimated parameters because the data is provided by

individuals in real markets. However, due to a lack of the appropriate data and

costly resources, the attempts to estimate an agent-based model on the basis
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of micro-level data are scarce. In this chapter we estimate model parameters

based on micro-level data from a specifically designed questionnaire fielded in

the LISS panel.

We estimate behavioural parameters in an artificial financial market model,

characterized by two types of agents, namely, fundamentalists who believe in

price predictability and mean-variance investors who diversify their portfolio.

Since the model incorporates various features of agents’ behaviour, we have

designed survey questions to capture the behavioural aspects. As a result, the

questionnaire consisted of questions on individual risk attitudes, changes in

portfolio holdings, individuals’ views about asset prices in stock market, and

herding effects.

After retrieving data from the survey we are able to estimate most param-

eters rather accurately. The simulations with the estimated model are able

to reproduce stylized facts such as excess kurtosis, volatility clustering, and

non-normality of asset returns.

3.A Questionnaire

1. Do you currently possess investments in financial products such as stocks, bonds,

or mutual funds etc? (Do not include stocks of your own private limited company,

investments in growth funds, or savings through the life insurance here.)

[By owning stocks you participate in the capital of a company and receive dividends

dependent on the profits made by the company. By owning bonds you participate

in loans to the government, companies, or other institutions; in return you receive

interest payments while taking a low risk. Mutual funds are created by institutions

that invest money from individual savers in joint programs.]
(a) yes;⇒ Q3, then Block 2.

(b) no.

2. Did you possess investments in financial products, such as shares, bonds, or mutual

funds etc, in the last 6 months?

(a) yes;⇒ Q3, then Block 2.

(b) no.

3. Suppose you receive €1000 and you plan to invest this money. Suppose you only

have two options — to put money in the deposit paying a sure interest or to invest

in a risky portfolio with equal probability of giving you a return of either 0% or 10%

(which means that within one year you might gain€0 or€100 with equal probability).

Presumably, with a lower interest rate of the deposit as an alternative you might prefer

the risky portfolio, and with a higher interest rate you might prefer the safe option
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(deposit). What should be the lowest interest rate for you to still put your money in

the deposit but below which you would invest this money in the risky portfolio?

(a) . . . ;

(b) don’t know.

4 (I) We would like to ask you for an advise. Suppose Mr. Janssen plans to buy a holiday

trip for his next vacation. He wishes to get a good deal, e.g., a quality stay in some

country for the lowest price. He wants to choose a good timing for buying this trip,

thus, he needs to predict the future price in, for example, a few months. Note that the

quality of the holiday (including destination, a hotel etc) does not change over time.

We would like you to choose one of the methods as a suggestion to Mr. Janssen. Two

methods of predicting this future price are available:

Method 1: to collect information on prices over the last few years and to use a

simple way to predict this future price (for example, to calculate the average

price and use it as a prediction). The past shows, that often this method resulted

in reasonable predictions. The use of this method requires costs (e.g., for data

collection) of € COST1 Q4;

Method 2: to go to a travel agency and to ask a travel advisor to forecast this

future price depending on the time one buys a trip. The past shows, that often

this method resulted in good predictions. The use of this method requires costs

(e.g., for the service of travel advisor) of € COST2 Q4;

In addition we tell you that FRAC1 Q4 % of the other holiday planners use method 1

and the other FRAC2 Q4 % method 2 when predicting the price. You can choose to

take this into account or not.

Which of these two methods would you suggest to Mr. Janssen for predicting the future

price of the holiday trip?

(a) method 1;

(b) method 2;

(c) don’t know.

Did the information on the method used by other holiday planners affect your own

choice?

(a) yes;⇒ End of the questionnaire.

(b) no;⇒ End of the questionnaire.

(c) don’t know. ⇒ End of the questionnaire.

4.(II) Suppose You plan to buy a holiday trip for your next vacation. You wish to get a good

deal, e.g., a quality stay in some country for the lowest price. You want to choose

a good timing for buying this trip, thus, you need to predict the future price in, for

example, a few months. Note that the quality of the holiday (including destination, a

hotel etc) does not change over time, only the price of it does. We would like you to

choose one of the methods which you most likely would use in such situation. Two

methods of predicting this future price are available:



80 Parameter Estimation of an Artificial Financial Market Model Chapter 3

Method 1: to collect information on prices over the last few years and to use a

simple way to predict this future price (for example, to calculate the average

price and use it as a prediction). The past shows, that often this method resulted

in reasonable predictions. The use of this method requires costs (e.g., for data

collection) of € COST1 Q4;

Method 2: to go to a travel agency and to ask a travel advisor to forecast this

future price depending on the time one buys a trip. The past shows, that often

this method resulted in good predictions. The use of this method requires costs

(e.g., for the service of travel advisor) of € COST2 Q4;

In addition we tell you that FRAC1 Q4 % of the other holiday planners use method 1

and the other FRAC2 Q4 % method 2 when predicting the price. You can choose to

take this into account or not.

Which of these two methods would you choose for predicting the future price of the

holiday trip?

(a) method 1;

(b) method 2;

(c) don’t know.

Did the information on the method used by other holiday planners affect your own

choice?

(a) yes;⇒ End of the questionnaire.

(b) no;⇒ End of the questionnaire.

(c) don’t know. ⇒ End of the questionnaire.

5. When making your investment decisions, do you take into account the following events:

(a) today’s/last day’s events;

(b) as (a), but also events in the market and economy from the beginning of

the year 2011 until now;

(c) as (b), but also events in the market and economy from the beginning of

European sovereign debt crisis in 2010 until now;

(d) as (c), but also events in the market and economy from the beginning of the

2008-financial crisis (including the IcelandŠs banking collapse) until now;

(e) as (d), but also events in the market and economy from the bursting of the

dot-com bubble in 2000 until now;

(f) as (e), but also events in the market and economy from stock market crash

of 1973–1974, caused by oil crisis in 1973, until now;

(g) as (f), but also events in the market and economy from the beginning of the

Second World War until now;

(h) as (g), but also events in the market and economy from Wall Street Crash of

1929 until now;

(i) you don’t make selection among the specific events in the market but, nev-

ertheless, you take into account past events when making your investment

decisions;
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(j) don’t know.

6. Do you agree or disagree with the following statements?

(a) Price movements in the stock market are completely unpredictable.

i. disagree completely;

ii. disagree;

iii. neither disagree nor agree;

iv. agree;

v. agree completely;

vi. don’t know.

(b) I read stock market outlooks carefully and make my investment decisions

based on them.

i. disagree completely;

ii. disagree;

iii. neither disagree nor agree;

iv. agree;

v. agree completely;

vi. don’t know.

(c) There are temporary mispricings of stocks in the market, i.e., the market

prices are higher or lower than the real value of stocks.

i. disagree completely;

ii. disagree;

iii. neither disagree nor agree;

iv. agree;

v. agree completely;

vi. don’t know.

7. Do you agree or disagree with the following statement? When investing in financial

securities (such as stocks, bonds, mutual funds etc) suggestions by colleagues, friends,

relatives, or other investors are a relevant source of information (i.e., another person

can encourage you to buy or sell financial securities).

(a) disagree completely;

(b) disagree;

(c) neither disagree nor agree;

(d) agree;

(e) agree completely;

(f) don’t know.

(I) We would like to ask you for an advise. Suppose Mr. Janssen has a portfolio of financial

securities. He considers changing the composition of his portfolio depending on future

forecasts and expected profits (returns). We will describe you two methods to predict

the future values when investing in assets. We would like you to choose one of the

methods as a suggestion to Mr. Janssen.

8.(I) Suppose Mr. Janssen wants to predict the future dividend of a stock in one year from

now. Two methods are available:
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Method 1: to check the last year’s dividend value and to predict that the next

year’s value is going to be the same. The past shows, that often this method

resulted in reasonable predictions. The use of this method requires costs (e.g.,

for data collection) of € COST1 Q8;24

Method 2: to ask a financial advisor who extrapolates in an advanced way the

trend in past dividends to the next year’s value. The past shows that often this

method resulted in good predictions. The use of this method requires costs (e.g.,

for the service of an advisor to collect past data, to use specific software and

human resources) of € COST2 Q8;

In addition we tell you that FRAC1 Q8 % of the other investors use method 1 and the

other FRAC2 Q8 % method 2. You can choose to take this into account or not.

Which of these two methods would you suggest to Mr. Janssen for predicting the next

year’s dividend value of an asset?

(a) method 1;

(b) method 2;

(c) don’t know.

Did the information on the method used by other investors affect your own choice?

(a) yes;

(b) no;

(c) don’t know.

9.(I) Suppose Mr. Janssen wants to predict the yearly return of an asset and the following

two methods are available:

Method 1: to collect data of returns of this stock over the last few years. Then,

to calculate the average return and to take this as prediction for the return in

one year from now. This method might be sensitive to sudden changes of asset

prices caused by, e.g., a financial crisis. The past shows, that often this method

resulted in reasonable predictions. The use of this method requires costs (e.g.,

for data collection, use of computer software to do the calculations etc.) of

€ COST1 Q9;

Method 2: to collect data of returns of this stock over the last few years. Then,

to find the value such that half of the observed returns are lower and the other

half are higher (the median) and to take this value as prediction for the return

in one year. This method is rather insensitive to sudden changes in asset prices

caused by, e.g., a financial crisis. The past shows, that often this method resulted

in reasonable predictions. The use of this method requires costs (e.g., for data

collection, use of computer software to do the calculations etc.) of€ COST2 Q9;

In addition we tell you that FRAC1 Q9 % of the other investors use method 1 and the

other FRAC2 Q9 % method 2. You can choose to take this into account or not.

Which of these two methods would you suggest to Mr. Janssen for predicting the stock

return in one year?

(a) method 1;

24The values of the fractions, profits, and costs are drawn by researchers.
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(b) method 2;

(c) don’t know.

Did the information on the method used by other investors affect your own choice?

(a) yes;

(b) no;

(c) don’t know.

(II) Suppose you have a portfolio of financial securities. Suppose also that you consider

changing the composition of your portfolio depending on future forecasts and expected

profits (returns). We will describe you two methods to predict the future values when

investing in assets. We would like you to choose one of the methods which you most

likely would use to predict future values.

8.(II) Suppose you want to predict the future dividend of a stock in one year from now. Two

methods are available:

Method 1: to check the last year’s dividend value and to predict that the next

year’s value is going to be the same. The past shows, that often this method

resulted in reasonable predictions. The use of this method requires costs (e.g.,

for data collection) of € COST1 Q8;25

Method 2: to ask a financial advisor who extrapolates in an advanced way the

trend in past dividends to the next year’s value. The past shows that often this

method resulted in good predictions. The use of this method requires costs (e.g.,

for the service of an advisor to collect past data, to use specific software and

human resources) of € COST2 Q8;

In addition we tell you that FRAC1 Q8 % of the other investors use method 1 and the

other FRAC2 Q8 % method 2. You can choose to take this into account or not.

Which of these two methods would you most likely use for predicting the next year’s

dividend value of an asset?

(a) method 1;

(b) method 2;

(c) don’t know.

Did the information on the method used by other investors affect your own choice?

(a) yes;

(b) no;

(c) don’t know.

9.(II) Suppose you want to predict the yearly return of an asset and the following two

methods are available:

Method 1: to collect data of returns of this stock over the last few years. Then,

to calculate the average return and to take this as prediction for the return in

one year from now. This method might be sensitive to sudden changes of asset

prices caused by, e.g., a financial crisis. The past shows, that often this method

resulted in reasonable predictions. The use of this method requires costs (e.g.,

25The values of the fractions, profits, and costs are drawn by researchers.
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for data collection, use of computer software to do the calculations etc.) of

€ COST1 Q9;

Method 2: to collect data of returns of this stock over the last few years. Then,

to find the value such that half of the observed returns are lower and the other

half are higher (the median) and to take this value as prediction for the return

in one year. This method is rather insensitive to sudden changes in asset prices

caused by, e.g., a financial crisis. The past shows, that often this method resulted

in reasonable predictions. The use of this method requires costs (e.g., for data

collection, use of computer software to do the calculations etc.) of€ COST2 Q9;

In addition we tell you that FRAC1 Q9 % of the other investors use method 1 and the

other FRAC2 Q9 % method 2. You can choose to take this into account or not.

Which of these two methods would you most likely use for predicting the stock return

in one year?

(a) method 1;

(b) method 2;

(c) don’t know.

Did the information on the method used by other investors affect your own choice?

(a) yes;

(b) no;

(c) don’t know.

The following questions are about your investments. To complete these questions, it

would help to have information about your investments at hand. Your answers are very

important to helping us gain insight into investment flows within Dutch households.

Your personal details are used exclusively for research purposes, and shall never be

made available to third parties. Researchers do not have access to your name and

address.

10. Think of the last time you have revised and changed your portfolio holdings (i.e., your

investments). How did you change the value of your portfolio?

(a) I extracted money from it;

(b) I added money to it;

(c) I have rebalanced my portfolio: I neither added nor extracted money;

(d) don’t know.

11. Can you indicate by how much did you change the value of your portfolio? (You can

round the sum to multiples of €500)

(a) . . . ;⇒ Q13

(b) don’t know.

12. Can you say, then, to which of the categories the change in the value belongs?

(a) less than €500

(b) €501 to €1.500

(c) €1.501 to €2.500

(d) €2.501 to €5.000
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(e) €5.001 to €7.500

(f) €7.501 to €10.000

(g) €10.001 to €12.000

(h) €12.001 to €15.000

(i) €15.001 to €20.000

(j) €20.001 to €25.000

(k) €25.001 to €50.000

(l) more than €50.001

(m) don’t know

13. Can you indicate what the value of your portfolio holdings was before you made the

above mentioned changes?

(a) . . . ;⇒ Q15

(b) don’t know.

14. Can you say, then, to which of the categories the value belonged?

(a) less than €2.500

(b) €2.501 to €5.000

(c) €5.001 to €7.500

(d) €7.501 to €10.000

(e) €10.001 to €12.000

(f) €12.001 to €15.000

(g) €15.001 to €20.000

(h) €20.001 to €25.000

(i) €25.001 to €50.000

(j) €50.001 to €75.000

(k) €75.001 to €100.000

(l) €100.001 to €150.000

(m) €150.001 to €200.000

(n) more than €200.001

(o) don’t know

15. Can you tell what made you change the value of your portfolio holdings:

(a) before you made the above mentioned changes, you expected the value of

your portfolio to increase;

(b) before you made the above mentioned changes, you expected the value of

your portfolio to decrease;

(c) you did not expect any changes;

(d) other: . . . (please, fill in any other reason not mentioned above);

(e) don’t know.

16. Can you tell by how much did you expect the value of your portfolio holdings to

change?

(a) . . . ;⇒ End of the questionnaire.

(b) don’t know.
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17. Can you say, then, to which of the categories the expected change in the value be-

longed?

(a) less than €500

(b) €501 to €1.500

(c) €1.501 to €2.500

(d) €2.501 to €5.000

(e) €5.001 to €7.500

(f) €7.501 to €10.000

(g) €10.001 to €12.000

(h) €12.001 to €15.000

(i) €15.001 to €20.000

(j) €20.001 to €25.000

(k) €25.001 to €50.000

(l) more than €50.001

(m) don’t know

3.B Mean-variance investor’s portfolio: parameter γi

MV investor’s demand for risky assets in terms of the numéraire is given by equation (3.5)

(Section 3.2), where Ei t

�

Wi,t+1

�

denotes the expected value of the one period ahead portfolio

which includes a risk-free asset and Vari t

�

Wi,t+1

�

denotes the variance of the portfolio value.

Without specifying which part of the portfolio value is invested in a risk-free asset, we maximize

the expected portfolio value, given the variance, and substitute Wi,t+1 = R′t+1ui,t . Then the

mean-variance utility maximization is of the following from:

max
u
Ei t

�

R′t+1ui,t

�− γi t Vari t

�

R′t+1ui,t

�

, (3.23)

which gives the portfolio formation rule in terms of expected asset return and its variance:

ui,t =
1

2γi t
(Vari t(Rt+1))

−1Ei t(Rt+1) , (3.24)

where Vari t(Rt+1) is the variance of asset returns. Differently from the model specification

where Covi t(Rt+1) was used due to multiple assets in the market, in the survey question in

which the respondents are asked to choose between risky investment and the save deposit,

we ask about one risky asset, namely, a portfolio, without mentioning the particular assets

included. Therefore, we have a one dimensional maximization problem. The value invested in

portfolio, ui,t , includes investments in a risk-free asset as well. Following this formulation, γi t

in equation (3.24) is the same as in the case of eui t in equation (3.5).
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Estimation of the parameters of Weibull distribution us-
ing ALS

3.C

The parameter vector λ is estimated using asymptotic least-squares method (see, for example,

Gourieroux and Monfort (1989)) by minimizing the weighted quadratic distances:

min g(·)′Sn g(·), (3.25)

where a function g(·) gives the differences between the empirical probabilities and the postu-

lated (theoretical) probabilities, which are characterized by distribution functions of data and

the parameter vector λ. It is given by:

gi(yi , x i ,λ) = bπi −πi (·|λ) , (3.26)

where bπi , i = 1, . . . , 7, are the observed probabilities that the memory length of an individual

lies within the interval of the specified years, measured by the fractions of the respondents. The

parameter vector λ describes the theoretical distribution that defines the theoretical probability

π:

π (·|λ) = F (·|λ) .

Sn in (3.25) is calculated by

�

∂ g
∂ π
Ω−1 ∂ g

∂ π′

�−1

, (3.27)

with Ω estimated as variance-covariance matrix of the empirical probabilities:

bΩ=











bπ1(1− bπ1) −bπ1 bπ2 . . . −bπ1 bπ7

−bπ2 bπ1 bπ2(1− bπ2) . . . . . .
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4Overconfidence measures:
principal component analysis using
survey data

Introduction 4.1

The literature distinguishes various manifestations of overconfidence, such as

miscalibration (overestimation), overestimating the precision of private infor-

mation, better-than-average effect (overplacement), and illusion of control

(overoptimism). Overconfidence is found to have significant effects on individ-

ual’s decisions possibly leading to behavioural biases. For example, behavioural

finance literature has linked overconfidence to speculative bubbles in asset

prices, excessive trade and price volatility, and the tendency to herd (Hirshleifer

et al. (1994), Scheinkman and Xiong (2003), Shiller (2000)). The causes of

overconfidence and its manifestations are many and thus the measures used

to incorporate this behavioural aspect in an analysis vary accordingly. What

is more, overconfidence can manifest itself in different areas of life differ-

ently: a person can be confident about one’s health but underconfident about

one’s basic financial knowledge. Therefore, measuring overconfidence is not a

straightforward exercise and each measure individually may not be sufficient

to differentiate individual overconfidence in general. We explore patterns of

correlations among the several measures of overconfidence and construct over-

confidence indices using weights derived from a principal component analysis

(Jolliffe (1986)). We contribute to the existing literature which uses over-

confidence measures as factors driving individual decisions by constructing

overconfidence indices based on measures from different domains. In addi-
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tion, we also investigate how the measures we use as well as the constructed

overconfidence indices relate to the demographic variables.

The question of the relations between the different manifestations of over-

confidence is still mainly unexplored (Michailova (2010)). Herz et al. (2013)

argue that different forms of overconfidence, such as overoptimism and over-

estimation, may have opposite effects on individual behaviour. Larrick et al.

(2007) find that the investigated measures for better-than-average effect and

miscalibration are related, but the relation varies depending on the domain

of the questions asked to an individual. Fellner and Krugel (2012) find that

miscalibration measures resulting from answers to general knowledge questions

and answers on time series forecasting are positively related. However, they

also find that indicators for overweighting private information and measures

of miscalibration are unrelated. They conclude that there is no general over-

confidence bias and suggest that overconfidence might be very much domain-

specific and the measurement method should be carefully selected. Hilton

et al. (2011) investigate whether judgemental overconfidence (miscalibration),

self-enhancement biases, such as better-than-average effect and the illusion of

control, and optimism related to societal risks represent the same behavioural

bias. The authors find that positive illusion measures are interrelated and nega-

tively correlated with optimism measures but are not related to miscalibration

measures.

Nevertheless, the evidence in the literature on the relations between over-

confidence measures is diverse and not easily reconciled. Griffin and Brenner

(2004) argue that various manifestations of overconfidence are linked. For

example, according to the authors, the optimistic overconfidence is derived

from the better-than-average effect, unrealistic optimism, and illusion of con-

trol. However, Glaser and Weber (2005) find that the correlations between the

investigated overconfidence measures are sometimes insignificant or even nega-

tive. Moore and Healy (2008) in an experimental study find that overprecision,

overplacement, and overestimation might reverse depending on the difficulty

of the question. The authors argue that people are likely to overestimate their

actual performances but also believe that they are worse than others when

dealing with a difficult task; when dealing with an easy task, people are likely to

underestimate their actual performances but believe they are better than others.

The authors suggest that researchers should not treat various overconfidence
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measures as the realizations of the same judgement bias. In the same fashion,

Klayman et al. (1999) report that the magnitude of the overconfidence seems

to be related to the difficulty of the question/task in the statement: an easy task

can lead to not only lower levels of overconfidence but even underconfidence,

while hard tasks most likely lead to overconfidence. This raises the question

whether overconfidence is a systematic behavioural bias. The authors find that

not only there are systematic differences in over- and underconfidence levels

among individuals, but also that there are systematic differences between the

domains of questions which, due to the selective sampling, might make individ-

uals appear as overconfident. The reviewed evidence suggests that to have a

more general measure of overconfidence which would capture diverse aspects

of this phenomena, we need to also explore the relations between different

measures. In this work we propose to use a principal component analysis to

construct overconfidence indices from various measures of overconfidence.

The steps of our analysis are the following. We first collect answers from

various questionnaires in the LISS panel that allow for measuring overconfi-

dence. The LISS panel is a representative sample of individuals residing in the

Netherlands who are paid to participate in monthly internet surveys.1 When

selecting the measures we follow various studies which use overconfidence

factors to explain individual decisions in psychology, finance, or economics.

Overconfidence can be measured in a specific or in a general form. Psychology

literature concentrates on the specific form such as miscalibration, defined as

the difference between a belief in the correctness of one’s answer and the actual

correctness. The economic literature on overconfidence is mostly related to the

extensions of the concept of miscalibration when overconfidence is measured

in a general form: better-than-average effect, illusion of control, or unrealistic

optimism. In this work we use measures of overconfidence on the following

manifestations. We include measures on general overconfidence (subjective

evaluation of one’s skills and abilities), unrealistic optimism, better-than-others

effect, and overconfidence in one’s knowledge. Miscalibration and the corre-

sponding measure will not be considered in this work, since we do not have

the necessary questions available in the LISS panel. Secondly, after selecting a

set of measures, we perform a principal component analysis.

1For more detailed information about the panel see www.lissdata.nl.
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In our analysis we are interested in how the overconfidence level varies

among individuals and how it relates to demographic variables. We rephrase

the latter as the demographics of overconfidence. When constructing overcon-

fidence indices we borrow the techniques from the literature on constructing

a socioeconomic status index (see, for example, Filmer and Pritchett (2001),

Howe et al. (2008), Vyas and Kumaranayake (2006)). In order to assess the

status of an individual’s overconfidence, one faces similar challenges as when

assessing a socioeconomic index based on information such as individual assets,

demographics, rather than consumption and income. Both areas need a status

index based on a large list of variables of various origins. For example, to assess

the socioeconomic status, Filmer and Pritchett (2001) use household durable

goods, type of access to facilities, type of dwelling, etc. It is also reported that

measures of socioeconomic status vary widely and depend on data availabil-

ity. The measurement of socioeconomic status resembles the measurement of

overconfidence: both concepts are not directly observable or determined and,

therefore, numerous variables and proxies are used for the measurement.2

We examine whether the same judgmental bias, i.e., an underlying factor, is

present in different measures of overconfidence by constructing indices based

on measures from different domains. However, we do not find enough evidence

which suggests that the index based on all measures and the indices based on

measures from differen domains give different insights into the demographics

of overconfidence. Nevertheless, keeping in mind the limitations of some data,

the results of our analysis on the demographics of overconfidence suggest that

overconfidence measures in different domains might relate to demographic

variables differently and, when used to account for effects on individual be-

haviour, would give different results. This might be relevant for any analysis

if one wants to include overconfidence, carefully selecting the measure which

represents the behavioural bias in that particular area of life. Therefore, studies,

as, for example, Tsutsui et al. (2010), where the authors use the confidence

level in never being robbed as a measure of overconfidence in the study on

2We would like to note that the socioeconomic index is a formative measure (causation goes
from the indicators used to construct it), while the overconfidence index is a reflective measure
(causation goes from the latent variable (the underlying beahvioural factor) to the overconfi-
dence measures used to construct it). We will further investigate the possible implications of
this difference in further work.
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influenza vaccination, might find different results and conclusions when using

an overconfidence measure based on health related overconfidence.3

The remainder of this work is organized as follows. Section 4.2 describes

the measurement of overconfidence regarding its different forms. Section 4.3

presents the data. Section 4.4 lays out principal component analysis results.

Section 4.5 presents regression results on the demographics of overconfidence.

Section 4.6 concludes.

Measures of overconfidence 4.2

In this sections we first define our measure of overconfidence and then present

the questions collected from the LISS panel which we use to measure this

phenomenon in various domains.

Measuring overconfidence 4.2.1

We define our measure of overconfidence as follows:

Overconfidence= Confidence level− Reference level, (4.1)

where Confidence level is the level of confidence expressed by an individual

considering a specific area of life. This can be expressed in terms of the level of

certainty or agreement with a statement (competent/not competent, good/poor,

agree/disagree) or in terms of percentages about the probability of an event

in life, such as getting a disease. The Reference level is the corresponding

objective/actual level.

Questions on confidence and reference levels 4.2.2

This section describes the questions we collected from various surveys con-

ducted in the LISS panel. We discuss measures of general overconfidence in

3They base the choice of this question due to the findings that eagerness to take risks in
different domains are correlated. What is more, they find that overconfidence does not affect the
decision of vaccination directly (through their measure of overconfidence) but only indirectly
through the probability of getting influenza. We think this may also suggest that their choice of
overconfidence is not correct.
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one’s skills and abilities, better-than-others effect, unrealistic optimism, and

overconfidence in one’s knowledge. For each measure, we describe questions

which allow for measuring the confidence level followed by questions which

allow for measuring the corresponding reference level. In total we have eight

measures of overconfidence in different domains such as believes in one’s own

general abilities, life expectancy, perceptions about disease risk, believes about

one’s own knowledge compared to other people, one’s own knowledge about

financial matters, and optimism about the future improvement of one’s financial

situation. Appendix 4.A presents the questions and statements from the LISS

panel which we use to measure overconfidence.

General overconfidence

Koellinger et al. (2007) use individual believes about the skills and, relating this

overconfidence measure to entrepreneurial activity, find that whether the person

believes to have sufficient skills, knowledge, and ability affects the decision to

start a business. We use individual answers whether somebody agrees with

various statements about the ability to solve problems, deal with unexpected

events, set goals, find solutions, etc. As in Koellinger et al. (2007), we do

not use any reference level, but calculate the average score of the evaluated

statements.

Unrealistic optimism

Unrealistic optimism is defined as an individual’s tendency to overestimate one’s

abilities or chances for certain life events. We measure unrealistic optimism

using subjective believes about life expectancy and heart disease risk. Puri

and Robinson (2007) measure optimism (overconfidence in our definition) as

miscalibration in life expectancy. We use observations on subjective probabilities

to live ten or twenty more years. Hamermesh (1985) analyzed subjective

survival probabilities and found that individuals showed optimism in reporting

probabilities to survive to age 60, but showed pessimism in reporting the

probabilities to survive to age 80. Therefore, in our analysis we choose to

include overconfidence derived from probabilities to survive ten or twenty
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more years separately. For the reference level we use the actuarial probabilities

calculated for each age category for both females and males. We use the period

life table of the Dutch population for the year 2008, since the survey that

included questions on life expectancy was conducted in September 2008.4

Furthermore, we use data from questions on subjective probabilities to

develop cardiovascular heart disease in a five or ten years period. As refer-

ence levels, we use epidemiologic (predicted) probabilities, following Carman

and Kooreman (2011).5 Survey studies, such as Ayanian and Cleary (1999),

Weinstein (1982), and Robb et al. (2004), find that individuals demonstrate

optimism bias in believes about developing diseases and thus fail to undertake

preventive actions.

Further, among the measures of unrealistic optimism we include individual’s

believes about changes of one’s financial situation within one year period.

Balasuriya et al. (2010) define optimism (overconfidence in our definition) as

the positive bias or overestimation of the favorable outcome of a future event.

The authors use individual’s opinion about the financial situation in one year

and the follow-up question on the evaluation of the change in the financial

situation. We have answers to the same questions asked yearly to the LISS

panel members. We use them for the confidence level and the reference level

to measure individual’s unrealistic optimism.6

Better-than-others effect

An extensive literature, including, for example, Weinstein (1980), Taylor and

Brown (1988), Glaser and Weber (2005), Benoît and Dubra (2011), Benoît

et al. (2013), and references therein, finds that people judge themselves as

being better than others regarding skills, knowledge, and future opportunities.

4These reference levels help to account for exogenous differences across individuals in terms
of age and gender, but still leave out heterogeneity caused by the fact that some individuals
are healthier, which is reflected in the self-reported probabilities. The reference levels will be
reconsidered in further work.

5We would like to thank Katie Carman for providing us the data on epidemiologic (predicted)
probabilities used in Carman and Kooreman (2011).

6The scales of subjective and objective indicator of changes in individual’s financial situation
within one year differ. Therefore, when measuring overconfidence, we first standardize both
variables and then calculate the difference defined in (4.1).
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We retrieve the better-than-others effect using answers to the three state-

ments about individual’s perception on how much he/she knows about health,

nutrition, and science and technology in relation to nutrition, compared to

other people. Since the reference level is already implied in these statements,

we use answers directly and calculate the average score. In the literature the

reference level is typically the average person. The observations we have are

gathered using reference to “other people”.

Overconfidence in private knowledge

We postulate that the overconfidence in the precision of private knowledge

or information can (to some extent) be measured evaluating how overconfi-

dent respondents are about their financial knowledge. The questions in the

literature on financial knowledge are used to measure and rate individuals

according to their financial knowledge. This is done under the assumption

that these questions that cover knowledge about concepts, such as interest

compounding, risk diversification, inflation effects, and bond prices, represent

a level for one’s understanding about financial matters. Therefore, we use

the answers to these questions as an indication of the individual’s level of

financial knowledge. We compare the score that individuals have given them-

selves before answering these questions (confidence level) with the number

of correctly answered questions (reference level).7 The literature (see, for

example, Lusardi and Mitchell (2011), Lusardi and Mitchelli (2007), van Rooij

et al. (2011)) uses either objective, subjective, or both measures of financial

knowledge as a variable which indicates the level of individual knowledge

over financial matters. Moreover, Allgood and Walstad (2012) find that the

combined measure of both perceived and actual financial literacy provides

greater understanding of the effects of financial knowledge. Therefore, it is

reasonable to compare these two measures and to derive the level of overcon-

fidence which an individual might excel when evaluating one’s own knowl-

edge.

7The scales of subjective and objective indicator of financial knowledge differ. Therefore,
when measuring overconfidence, we first standardize both variables and then calculate the
difference defined in (4.1).
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Data 4.3

We use answers from various questionnaires available in the LISS panel that

allow for measuring overconfidence. The histograms of each of the measure of

overconfidence, described in the previous section, are provided in Figure 4.1 in

Appendix 4.B. The variable Skills stands for confidence in one’s own perception

about abilities and skills to deal with unexpected events, solve problems etc.

LifExp10 and LifExp20 stand for overconfidence in living ten or twenty more

years. HeartRisk5 and HeartRisk10 indicate individual’s overconfidence in

not developing a heart disease within a five or ten years period. FinSituation

stands for individual’s overconfidence in future improvement of one’s financial

situation. FinLiteracy indicates individual’s overconfidence in one’s level of

knowledge in financial matters. BetterThan stands for the better-than-others

effect as perceived by an individual.

We find that individuals mostly underestimate their chances of surviving

ten or twenty more years. The same holds for a heart disease risk for a five and

ten years periods. Moore and Healy (2008) and references therein attribute

this to the fact that people overestimate the probability of the outcomes with

low probabilities, such as dying in a few years. The authors suggest that the

positive outcomes, such as not getting a heart disease, can be treated as an

easy task since this is the most likely outcome. And the literature finds that

individuals are more prone to underconfidence in easy tasks. As described

in Carman and Kooreman (2011), overestimation of health risk probabilities

(underconfidence) is a well recorded finding in the literature on probability

perception in the health domain.

Table 4.1 reports sample demographics for each overconfidence measure.8

The second column shows sample demographics of the participants from all

surveys which we use to measure overconfidence. The third through the eight

columns describe the sample of each measure separately. The last column

presents the demographics of the sample of individuals who provided answers

in all surveys (these observations are used to construct the overconfidence

index, OcIndex).

8Since LifExp10 and LifExp20 have the same sample, we report demographics for both
variables under LifExp. The same holds for HeartRisk.
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Table 4.1: Sample demographics: overconfidence measures.

Variable All participants Skills LifeExp HeartRisk

Mean SD Mean SD Mean SD Mean SD

Male 0.47 0.50 0.47 0.50 0.45 0.50 0.44 0.50
Year of birth 1960 16 1960 16 1964 13 1961 15

Partner 0.79 0.41 0.77 0.42 0.80 0.40 0.8 0.40
Employed 0.57 0.50 0.55 0.50 0.67 0.49 0.62 0.49

Higher education 0.29 0.46 0.29 0.46 0.30 0.46 0.31 0.46

N 6923 3126 4538 4700

continued

Variable FinSituation FinLiteracy BetterThan OcIndex

Mean SD Mean SD Mean SD Mean SD

Male 0.47 0.50 0.46 0.50 0.46 0.50 0.47 0.50
Year of birth 1960 16 1960 16 1961 15 1961 13

Partner 0.79 0.41 0.77 0.42 0.81 0.39 0.80 0.40
Employed 0.57 0.49 0.54 0.50 0.61 0.49 0.66 0.47

Higher education 0.29 0.45 0.29 0.45 0.29 0.45 0.30 0.46

N 4115 4852 4054 650

We observe that samples for the measures do not differ significantly in

terms of gender, year of birth, civil and employment status, and education. The

numbers confirm that we deal with the random samples since they are not very

different from the whole panel. Table 4.2 reports the descriptive statistics of

the background variables. The demographic variables include years of birth,

dummies of gender, having a partner, living in urban areas, owning a dwelling,

having a paid employment, and having a higher education; the income variable

includes categories of personal net monthly income. We include year of birth

instead of age because overconfidence is measured using survey data collected

in different time periods. The surveys we use were conducted in September

and October 2008, August 2011, and February 2012. Therefore, we combine

the demographics of initial respondents in September 2008, August 2011, and

February 2012 in order to have information on those individuals who joined

the panel after year 2008.9 The means of the dummies Sep2008, Aug2011, and

Feb2012 indicating the wave in which the background variables were recorded

are presented in the last rows of Table 4.2.

9Out of 6923 respondents in total, we have 5951 initial respondent in September 2008, plus
441 and 531 initial respondents in August 2011 and February 2012, respectively.
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Table 4.2: Sample demographics: background variables.

Variable Obs Mean SD

Male 6923 0.46 0.50
Year of birth 1961 16

With a partner 0.79 0.41
Urban living 0.39 0.49

Own dwelling 0.75 0.43
Employed 0.57 0.50

Higher education 0.29 0.46
Number of children:

0 0.540
1 0.137
2 0.225
3 0.075
4 0.017
5 0.004
6 0.002
7 0.001

Net monthly income: 6561
No income 0.112
≤€500 0.082
€(501,1000) 0.173
€(1001,1500) 0.209
€(1501,2000) 0.218
€(2001,2500) 0.105
€(2501,3000) 0.049
€(3001,3500) 0.025
€(3501,4000) 0.011
€(4001,4500) 0.005
€(4501,5000) 0.004
€(5001,7500) 0.005
>€7500 0.004

Waves 6923
Sep2008 0.86
Aug2011 0.06
Feb2012 0.08

Principal component analysis 4.4

In this section we discuss the measured correlations between the overconfidence

measures and present the results of the principal component analysis (PCA).

We perform PCA in two cases: first, using all measures and then using measures

grouped according to their domain. We consider three subgroups: measures

retrieved from questions on health related expectations (life expectancy and

heart risk), measures in the finance domain (perception about one’s financial

knowledge and optimism about future financial situation), and measures in

general domain (evaluation of one’s own general skills and self-placement

regarding knowledge about health and nutrition).
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4.4.1 Correlations between the measures

Table 4.3 shows Pearson correlations between the overconfidence measures

together with confidence intervals calculated using Fisher’s z transform (Fisher

(1921)). We find that most measures are significantly correlated except for the

overconfidence in financial literacy and optimism about one’s future financial

situation. The health-related overconfidence measures, i.e., life expectancy and

believes about a heart risk, are strongly positively correlated. This result is in

line with the previous literature which concludes that measures derived within

one domain are related. Confidence in one’s own general skills is significantly

positively correlated with all measures, except the measure in financial literacy

and optimism about future financial situation. In general, the correlations

between the overconfidence measures from different domains are quite low.

This result is in line with the findings in the literature, see, for example, Hilton

et al. (2011).

In addition, we present correlations between the variables when taking

into account the observations of individuals who provided responses in all

surveys under consideration. These observations are later used to construct the

overconfidence index. The correlation coefficients together with the confidence

intervals are provided in Table 4.4. We find that confidence intervals of the

corresponding correlation coefficients in Tables 4.3 and 4.4 have overlapping

regions, except for the correlation between overconfidence in heart disease risks

for a five or ten years periods. This suggests that the correlation matrix later used

in the principal component analysis is representative for the correlation matrix

measured using all available observations for each pair of the overconfidence

measures.
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Table 4.3: Correlation matrix

(a) (b) (c) (d) (e) (f) (g) (h)

(a) Skills 1

3129

(b) LifExp10 0.0778*** 1
(0.028,0.127)

1572 4539

(c) LifExp20 0.0907*** 0.8009*** 1
(0.041,0.139) (0.790,0.811)

1572 4538 4538

(d) HeartRisk5 0.0630** 0.3929*** 0.3638*** 1
(0.014,0.111) (0.367,0.418) (0.337,0.390)

1627 4210 4210 4700

(e)HeartRisk10 0.0453* 0.3611*** 0.3891*** 0.9079*** 1
(-0.003,0.094) (0.334,0.387) (0.363,0.414) (0.903,0.913)

1627 4210 4210 4700 4700

(f) FinSituation 0.0048 0.0146 -0.0091 -0.0029 -0.0292 1
(-0.044,0.054) (-0.019,0.049) (-0.043,0.025) (-0.036,0.030) (-0.063,0.004)

1617 3329 3328 3447 3447 4115

(g) FinLiteracy 0.0925*** -0.0163 0.0165 -0.0208 0.0105 -0.0348* 1
(0.052,0.133) (-0.053,0.020) (-0.020,0.053) (-0.057,0.015) (-0.026,0.047) (-0.071,0.001)

2313 2847 2847 2954 2954 2976 4858

(h) BetterThan 0.2301*** 0.0884*** 0.0636*** 0.0798*** 0.0485** 0.0218** -0.0374 1
(0.173,0.286) (0.049,0.127) (0.024,0.103) (0.041,0.118) (0.010,0.087) (-0.020,0.063) (-0.082,0.007)

1080 2478 2478 2535 2535 2237 1935 3157

* p< 0.10, ** p< 0.05, *** p< 0.01.
95% confidence intervals calculated by using Fisher’s z transform (Fisher (1921)) in parentheses.
Number of observations underneath confidence intervals.
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Table 4.4: Correlation matrix: subsample of 650 observations

(a) (b) (c) (d) (e) (f) (g) (h)

(a) Skills 1

(b) LifExp10 0.0954** 1
(0.019,0.171)

(c) LifExp20 0.0972** 0.7317*** 1
(0.020,0.173) (0.694,0.766)

(d) HeartRisk5 0.0891** 0.4065*** 0.3077*** 1
(0.012,0.165) (0.340,0.469) (0.236,0.376)

(e) HeartRisk10 0.0817** 0.3575*** 0.3379*** 0.9268*** 1
(0.005,0.158) (0.288,0.423) (0.268,0.404) (0.915,0.937)

(f) FinSituation -0.0266 0.0865** 0.0348 0.0691 0.0586 1
(-0.103,0.05) (0.010,0.162) (-0.042,0.111) (-0.008,0.145) (-0.018,0.135)

(g) FinLiteracy 0.0988** 0.0691* 0.0586 -0.0351 -0.0108 -0.0834** 1
(0.022,0.174) (-0.008,0.145) (-0.018,0.135) (-0.112,0.042) (-0.088,0.066) (-0.159,-0.006)

(h) BetterThan 0.2546*** 0.1166*** 0.0755* 0.0663* 0.0438 0.0332 -0.0359 1
(0.181,0.325) (0.040,0.192) (-0.001,0.151) (-0.011,0.142) (-0.033,0.120) (-0.044,0.110) (-0.112,0.041)

* p< 0.10, ** p< 0.05, *** p< 0.01.
95% confidence intervals calculated by using Fisher’s z transform (Fisher (1921)) in parentheses.
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Principal components and the constructed index of overconfidence
using all measures

4.4.2

We apply PCA to the overconfidence measures to construct overconfidence

indices, following the literature on the construction of socioeconomic indices

(see, for example, (Filmer and Pritchett 2001, Vyas and Kumaranayake 2006).

Given the initial set of variables, PCA creates uncorrelated components that

are the weighted combinations of the variables. The overconfidence index is

simply the first component which explains the highest proportion of variation

of the original data (indicated by the eigenvalue). We construct indices of

overconfidence using the factor scores from the first component as weights for

each variable.10 An overconfidence measure with a positive score (weight) is

associated with higher overconfidence index. The higher the index, the more

an individual is overconfident.

First, we construct the index using all the measures. However, we only

include two from the four measures from the health domain to avoid giving

this domain too much weight. We choose a measure of optimism about life

expectancy and optimism about not getting a heart disease. Thus, here we

include LifExp10 and HeartRisk5 since the correlation between them is the high-

est among the LifExp-HeartRisk cases and LifExp10 has significant correlations

with the measures from the other domains.

The output of a principal component analysis consists of the eigenvalues and

proportions of total variation in the original data explained by each principal

component and factor scores or weights of each variable used to structure

each principal component.11 The first half of Table 4.5 presents the fractions

of the total variation explained by each principal component. We find that

the first component explains 26% of the total variation. The second half of

Table 4.5 shows factor scores (weights) of the first principal component for

each overconfidence measure. We use these weights to construct the index of

overconfidence for every individual. The scores (weights) of all variables are

positive, indicating that each measure is associated with a higher value of the

10The sum of squared scores is equal to 1.
11PCA is performed using the correlation matrix because the variable scales are different.
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constructed overconfidence index. The highest weights belong to health-related

overconfidence measures.

Table 4.5: Principal components and coefficients for the first com-
ponent: all measures (N=650).

Component Eigenvalues Proportion explained Variable Score

Comp1 1.5478 0.2580 Skills 0.3754
Comp2 1.1790 0.1965 LifExp10 0.6016
Comp3 1.0692 0.1782 HeartRisk5 0.5700
Comp4 0.9101 0.1517 BetterThan 0.1627
Comp5 0.7243 0.1207 FinLiteracy 0.0576
Comp6 0.5696 0.0949 FinSituation 0.3775

Furthermore, the number of observations for each overconfidence measure

varies from 3126 to 4852. On average we lose over 75% of the observations

when performing a principal component analysis. A part of the missing ob-

servations in the data series of each overconfidence measure is due to non-

participation, as a result of merging data from the surveys which were conducted

in different time periods (September 2008 to February 2012). We conjecture

that the non-participation in the panel is random.12 When performing a princi-

pal component analysis we lose observations mainly due to non-participation

in at least one of the surveys we use. When performing a principal component

analysis the missing data are typically either discarded from the analysis or filled

in using an interpolation method. For example, in constructing socio-economic

index Vyas and Kumaranayake (2006) impute the mean value of the variable

to substitute the missing observation. In our case with the big reduction of

our sample size (mainly due to non-participation in one of the surveys) this

would significantly reduce the variation of the data and alter the distributions.

Therefore, we choose to discard the missing observations and account for a

possible sample selection using Heckman sample selection model (Heckman

(1979)) in the regression analysis in Section 4.5.

12www.lissdata.nl: Since the start of the panel about 18% of the households that ever
participated have left the panel. About 80% of the eligible persons living in the registered panel
households participate in the panel. The refreshment sample for the LISS panel was recruited
between October 2011 and May 2012. This sample was randomly drawn from the population
register by Statistics Netherlands, in the same way as the original sample of 2007. There was
also a stratified refreshment sample in 2009 to correct for bias in the initial recruitment.
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Principal components and the constructed index of overconfidence
using measures in subgroups

4.4.3

In order to construct the domain-specific overconfidence indices, we perform

a principal component analysis using subgroups of the overconfidence mea-

sures.13 We group the measures according to their domains: health-related

overconfidence, finance-related overconfidence, and general overconfidence.

Here we use all four overconfidence measures from the health domain. The

structure of Tables 4.6-4.8 is the same as of Table 4.5 introduced earlier: the first

half of the table presents eigenvalues of each component, the second part shows

the scores for the overconfidence measure later used to construct the first prin-

cipal component. The first principal component explains 65%, 53%, and 95%

of total variation in health-related, finance-related, and general overconfidence

measures, respectively.14

Table 4.6: Principal components and coefficients for the first com-
ponent: health related optimism (N=4210).

Component Eigenvalue Proportion Variable Score

Comp1 977.7 0.6548 LifExp10 0.4961
Comp2 411.1 0.2754 LifExp20 0.5743
Comp3 79.4 0.0532 HeartRisk5 0.4376
Comp4 24.9 0.0167 HeartRisk10 0.4823

Table 4.7: Principal components and coefficients for the first com-
ponent: perceptions in finance (N=2976).

Component Eigenvalue Proportion Variable Score

Comp1 1.5261 0.5315 FinSituation -0.2878
Comp2 1.3451 0.4685 FinLiteracy 0.9577

Table 4.8: Principal components and coefficients for the first com-
ponent: skills and self-placement (N=1080).

Component Eigenvalue Proportion Variable Score

Comp1 2.7057 0.9529 Skills 0.0554
Comp2 0.1338 0.0471 BetterThan 0.9985

13PCA is performed using the covariance matrices since the variable scales are similar.
14The negative score of the variable FinSituation means that this variable is subtracted when

forming the index. The negative score is caused by the negative correlation with the variable
FinLiteracy.
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4.5 The demographics of overconfidence

To study how individual overconfidence relates to the demographic variables, we

run regressions of each measure and the constructed overconfidence index (the

first principal component) on a number of demographic variables introduced

in Section 4.3. As it was discussed in the previous section, after merging

the surveys we increase the number of missing observations in the sample

for each measure of overconfidence. The possible sample selection is taken

into account by the Heckman correction (Heckman (1979)). The exclusion

restriction includes one additional variable (the number of children) among the

independent variables as the selection identifiers.15 The maximum likelihood

estimates of the coefficients in the outcome equation of Heckman’s selection

model for each overconfidence measure are provided in Table 4.9.16 The

estimates of the selection equations can be found in Table 4.12 in Appendix 4.B.

4.5.1 The demographics of overconfidence: the measures and the overall
index

We first describe the demographics of each measure separately. The literature

on the possible effects of overconfidence on individual decisions (see, for exam-

ple, Balasuriya et al. (2010), Garven and Hilliard (2013), Glaser and Weber

(2007), Herz et al. (2013)) typically includes overconfidence as an explanatory

variable in the analysis. On the other hand, the analysis of the demographics of

overconfidence, such as in, for example, Bhandari and Deaves (2006) and Puri

and Robinson (2007), is scarce.

We find that confidence in one’s own abilities and skills (Skills) is lower

for older respondents, but higher for individuals with higher income and for

those who have a higher education, are employed, and live in urban areas. The

overconfidence in living ten or twenty more years (LifExp10 and LifExp20) is also

15The selection identifiers are the background variables used as independent variables in
the regressions plus the total number of children included to avoid multicollinearity. We have
included an exclusion restriction, however, even without an exclusion restriction the estimates
did not cause the suspicion for the presence of multicollinearity.

16We treat observations on the better-than-others measure and overconfidence in believes
about one’s financial knowledge and future financial situation as continuous. We use Eicker-
Huber-White robust standard errors to account for possible heteroskedasticity.
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higher for respondents with higher income and for men and individuals who

have a higher education, but is lower for employed individuals.17 Our finding

that overconfidence about the life expectancy is higher for men and individuals

with a higher education is in line with the findings of Puri and Robinson (2007).

Similarly, the overconfidence in not developing a heart disease (HeartRisk5

and HeartRisk10) in the future is higher for men, individuals with a higher

education and with higher income, but is lower for employed respondents.

The unrealistic optimism about the improvements in individual’s financial

situation (FinSituation) is higher for younger respondents and for individuals

with a higher education degree. The overconfidence in one’s own knowledge

of financial matters (FinLiterecy) is lower for men, for individuals who own

a dwelling (likely due to the fact that people who own a dwelling are likely

to hold a mortgage and thus are more familiar with financial matters), and

have a higher education. The measure of better-than-others effect (BetterThan)

in knowledge about health and nutrition is higher for individuals with an

employment and a higher education.

Finally, we find that in the regression of the constructed overconfidence

index (OCindex) on the demographic variables, age, higher education, and own

housing have statistically significant effects. The index is higher for individuals

with higher education degree, own housing, and for younger individuals.

Based on the demographics of each overconfidence measure under consid-

eration, we find that, in general, men are more overconfident. Also individuals

with a higher degree of education have higher overconfidence. On the other

hand, individuals with a paid employment show lower overconfidence (except

in the case of confidence in general skills). Further, we find significant (posi-

tive) effects of income levels in regressions of confidence in one’s own general

skills, overconfidence in life expectancy, and underestimating the probability

of developing a heart disease. However, the effects on confidence in skills

are significant at higher income levels, while those on underestimation of the

probability of a heart disease or overestimating the survival probability are

significantly affected by lower income levels only.

17The result might change after adjusting the reference levels, for example, for different
degrees of education.
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Table 4.9: The demographics of overconfidence.

Skills LifExp10 LifExp20 HeartRisk5 HeartRisk10 FinSituation FinLiteracy BetterThan OCindex

Constant -2.828** 244.7*** 57.16 -84.70** 412.6*** -16.47*** -10.13*** 5.052 -26.45***

(1.118) (53.05) (55.05) (41.39) (45.65) (2.920) (3.455) (5.135) (8.7010)

Male 0.0175 2.162*** 4.763*** 1.737*** 3.909*** 0.0874** -0.159*** -0.0468 0.1170

(0.0176) (0.816) (0.774) (0.636) (0.702) (0.0442) (0.0501) (0.0811) (0.1200)

Year of birth 0.00295*** -0.128*** -0.0411 0.0363* -0.215*** 0.00846*** 0.00560*** 0.00150 0.0130**

(0.000571) (0.0269) (0.0278) (0.0212) (0.0233) (0.00149) (0.00177) (0.00263) (0.0046)

With a partner 0.00267 1.570* 2.626*** 1.385* 0.629 -0.0629 -0.0657 -0.0652 -0.0409

(0.0202) (0.935) (0.903) (0.731) (0.806) (0.0493) (0.0545) (0.0971) (0.1328)

Urban living 0.0491*** 0.375 -0.292 0.558 0.644 -0.00566 -0.0362 0.0432 0.0356

(0.0153) (0.724) (0.683) (0.561) (0.619) (0.0394) (0.0441) (0.0692) (0.1256)

Own dwelling 0.0245 0.0629 0.830 -0.295 -0.741 -0.0465 -0.161*** 0.0505 0.2781**

(0.0192) (0.894) (0.864) (0.702) (0.775) (0.0470) (0.0543) (0.0888) (0.1256)

Employed 0.0876*** -16.12*** -0.786 -2.363*** -3.616*** -0.0149 0.0130 0.167* 0.1888

(0.0200) (0.955) (1.400) (0.872) (0.958) (0.0494) (0.0562) (0.0935) (0.2193)

Higher education 0.0985*** 1.668** 2.495*** 1.767*** 0.735 0.142*** -0.420*** 0.843*** 0.2604**

(0.0168) (0.833) (0.775) (0.644) (0.710) (0.0468) (0.0498) (0.0831) (0.1176)

Personal net income (base category: zero income)
≤€500 -0.00686 5.378*** 2.826* 2.069 2.213 -0.0805 0.00777 0.0624 0.2066

(0.0344) (1.581) (1.480) (1.261) (1.391) (0.0908) (0.103) (0.152) (0.2214)

€(501,1000) 0.0212 10.84*** 1.525 1.593 1.070 -0.0632 0.213** -0.179 -0.0130

(0.0326) (1.462) (1.452) (1.126) (1.242) (0.0791) (0.0913) (0.138) (0.2554)

€(1001,1500) 0.00523 12.34*** 3.514** 2.800** 2.731** -0.0989 0.135 -0.233 -0.0899

(0.0330) (1.518) (1.528) (1.199) (1.322) (0.0860) (0.0945) (0.149) (0.2668)

€(1501,2000) 0.0187 15.66*** 5.489*** 3.522*** 2.938** -0.205** 0.161 -0.206 -0.0236

(0.0346) (1.618) (1.664) (1.278) (1.409) (0.0886) (0.0989) (0.160) (0.2820)

Continued on Next Page. . .
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Table 4.9 – Continued

Skills LifExp10 LifExp20 HeartRisk5 HeartRisk10 FinSituation FinLiteracy BetterThan OCindex

€(2001,2500) 0.0265 13.30*** 2.552 1.254 0.631 -0.122 0.0205 -0.293 -0.0844

(0.0395) (1.871) (1.874) (1.481) (1.634) (0.102) (0.110) (0.190) (0.2617)

€(2501,3000) 0.108** 15.14*** 4.159* 3.991** 2.928 -0.148 0.136 -0.382 0.4148

(0.0457) (2.244) (2.229) (1.739) (1.918) (0.115) (0.124) (0.256) (0.3748)

€(3001,3500) 0.148*** 13.65*** 4.505* 3.595* 2.894 -0.117 0.258 -0.398 -0.3435

(0.0559) (2.718) (2.573) (2.059) (2.272) (0.143) (0.159) (0.279) (0.4804)

€(3501,4000) 0.135* 14.63*** 2.800 2.531 0.163 -0.105 -0.127 -0.234 0.2966

(0.0760) (3.739) (3.628) (3.029) (3.340) (0.207) (0.202) (0.442) (0.6366)

€(4001,4500) 0.0445 22.70*** 4.655 1.918 0.914 0.276 0.330 0.588 1.0825

(0.0974) (5.507) (5.673) (4.196) (4.629) (0.371) (0.202) (0.703) (0.6631)

€(4501,5000) 0.347*** 11.98** 3.911 3.208 6.761 -0.448 -0.0808 -0.476 0.0878

(0.0996) (5.729) (5.391) (4.256) (4.696) (0.341) (0.348) (0.414) (1.2758)

€(5001,7500) 0.0711 18.68*** 9.286* 6.567 5.549 0.341 0.175 -0.281 0.4598

(0.115) (5.408) (5.292) (4.076) (4.496) (0.347) (0.312) (0.946) (0.7355)

>€7500 0.210 6.953 -4.946 1.518 0.626 0.00105 0.621** 0.169 0.3147

(0.153) (5.876) (5.670) (4.722) (5.209) (0.331) (0.277) (0.398) (0.8906)

N 6557 6557 6557 6557 6557 6557 6557 6557 6557

R2 0.0692 0.0014 0.0328 0.0116 0.0539 0.0200 0.0393 0.0551 0.0700

ρ -0.685*** -0.997*** 0.0037 0.0522 0.0694 -0.0352 -0.676*** 0.659*** 0.2623

LR (ρ = 0) p-value 0.0000 0.0000 0.9725 0.6766 0.5645 0.6036 0.0000 0.0000 0.6650

Standard errors in parentheses; * p< 0.10, ** p< 0.05, *** p< 0.01.

ρ is the correlation coefficient between the error terms in the output and the selection equation.
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Furthermore, in the regression of overconfidence in financial literacy we

find the opposite-sign effects compared to the other regression results. For

example, we find that women are more overconfident. However, we also find

that individuals with higher education have lower levels of this measure of

overconfidence. This suggests, that the part of overconfidence is related to

understanding what financial matters are and whether a person has a certain

level of knowledge in it. Therefore, we think that the analysis could benefit

from the decomposition of the overconfidence into the levels of certainty and

knowledge as in Bhandari and Deaves (2006).

Considering the goodness-of-fit in all regressions, the R2 values are quite low.

The low goodness-of-fit in the regressions of overconfidence on demographic

variables is somewhat in line with previous studies, see, for example, Bhandari

and Deaves (2006), Puri and Robinson (2007), where the authors find R2 values

in the range of 2–11%. This indicates that, even though there is a statistically

significant demographic component, the approximation of individual overconfi-

dence with the background information alone will be rather inaccurate. For

example, taking gender as a proxy for individuals overconfidence might not

account for enough variation in the overconfidence measure.

The significance of the parameter ρ in Heckman’s sample selection model

(correlation coefficient between the error terms in the selection and the output

equations) indicates that there is a significant sample selection effect. We

find that this is the case in the regressions of overconfidence in general skills

(Skills), life expectancy (LifExp10), financial literacy (FinLiteracy), and better-

than-others effect (BetterThan).

Further, after merging the surveys that were fielded at different times within

the period of September 2008 to February 2012, a fraction of the missing

observations introduced for each overconfidence measure were due to non-

participation. The non-participation in a particular survey is due to the fact

that some panel members drop out or join the panel later or simply are not

selected for that particular survey. The sample selection procedure described

earlier treats missing observations due to non-participation as non-response.

Therefore, we also run regressions of each overconfidence measure using the

corresponding initial sample before merging into one sample used previously.

By doing this, we make sure that missing observations are due to non-response
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Table 4.10: The demographics of overconfidence: initial samples.

Skills LifExp10 LifExp20 HeartRisk5 HeartRisk10 FinSituation FinLiteracy BetterThan

Constant -0.764 203.8*** 53.53 -90.25** 407.2*** -18.06*** -0.364 -0.0429

(1.012) (51.89) (55.74) (41.80) (45.90) (2.878) (2.596) (1.381)

Male 0.0148 3.031*** 4.752*** 1.661** 3.871*** 0.0881** -0.159*** -0.0390*

(0.0156) (0.788) (0.782) (0.667) (0.729) (0.0438) (0.0417) (0.0214)

Year of birth 0.00178*** -0.110*** -0.0388 0.0395* -0.212*** 0.00928*** 0.000334 0.00158**

(0.000514) (0.0263) (0.0282) (0.0214) (0.0235) (0.00147) (0.00132) (0.000701)

With a partner 0.00867 2.682*** 2.328** 1.104 0.296 -0.0533 -0.0647 -0.0715***

(0.0168) (0.907) (0.904) (0.724) (0.798) (0.0482) (0.0447) (0.0249)

Urban living 0.0282** 0.470 -0.350 0.499 0.548 -0.00540 -0.0355 0.0268

(0.0139) (0.697) (0.683) (0.561) (0.618) (0.0388) (0.0375) (0.0190)

Own dwelling 0.00450 1.001 0.868 -0.175 -0.654 -0.0516 -0.237*** 0.00805

(0.0168) (0.865) (0.861) (0.703) (0.774) (0.0458) (0.0448) (0.0233)

Employed 0.0583*** -14.27*** -1.066 -2.655*** -3.949*** -0.0247 -0.00945 0.0247

(0.0178) (0.932) (1.319) (0.944) (1.000) (0.0486) (0.0476) (0.0249)

Higher education 0.0941*** 2.045** 2.214*** 1.486** 0.431 0.143*** -0.437*** 0.269***

(0.0161) (0.807) (0.776) (0.652) (0.715) (0.0460) (0.0440) (0.0222)

Personal net income (base category: zero income)
≤€500 -0.0142 5.039*** 2.008 2.066 2.109 -0.0868 0.0616 0.0209

(0.0340) (1.497) (1.486) (1.257) (1.386) (0.0892) (0.0879) (0.0431)

€(501,1000) -0.0103 8.861*** 1.311 1.407 0.898 -0.0448 0.184** -0.0207

(0.0290) (1.407) (1.421) (1.149) (1.263) (0.0779) (0.0770) (0.0388)

€(1001,1500) -0.00339 10.07*** 3.013** 2.786** 2.790** -0.101 0.170** -0.0606

(0.0301) (1.472) (1.492) (1.192) (1.314) (0.0840) (0.0811) (0.0401)

€(1501,2000) 0.0237 12.33*** 5.551*** 3.919*** 3.318** -0.185** 0.200** -0.0238

(0.0315) (1.577) (1.591) (1.266) (1.397) (0.0868) (0.0852) (0.0429)

Continued on Next Page. . .
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Table 4.10 – Continued

Skills LifExp10 LifExp20 HeartRisk5 HeartRisk10 FinSituation FinLiteracy BetterThan

€(2001,2500) 0.0648* 9.683*** 2.728 1.511 0.828 -0.111 0.152 0.0112

(0.0359) (1.831) (1.821) (1.469) (1.620) (0.101) (0.0966) (0.0494)

€(2501,3000) 0.0975** 10.75*** 3.751* 4.095** 3.240* -0.158 0.122 -0.0126

(0.0423) (2.167) (2.146) (1.720) (1.897) (0.114) (0.113) (0.0602)

€(3001,3500) 0.136*** 11.81*** 3.649 3.330 2.418 -0.0808 0.109 -0.0894

(0.0525) (2.661) (2.627) (2.078) (2.292) (0.140) (0.140) (0.0767)

€(3501,4000) 0.201*** 10.56*** 3.911 3.673 1.270 -0.0801 -0.00662 -0.0415

(0.0655) (3.564) (3.484) (3.009) (3.316) (0.198) (0.184) (0.0981)

€(4001,4500) 0.135 16.06*** 4.455 1.944 0.885 0.287 -0.00408 0.279*

(0.0933) (5.794) (5.934) (4.279) (4.718) (0.372) (0.326) (0.147)

€(4501,5000) 0.180 9.708* 2.727 2.440 6.480 -0.439 0.0340 0.0312

(0.132) (5.593) (5.537) (4.257) (4.695) (0.342) (0.317) (0.161)

€(5001,7500) 0.356*** 14.54*** 9.763* 7.849* 7.083 0.259 0.517** 0.181

(0.0878) (5.397) (5.398) (4.168) (4.594) (0.340) (0.260) (0.156)

>€7500 0.100 4.113 -3.245 3.876 1.603 -0.114 0.205 0.129

(0.140) (5.717) (5.664) (4.441) (4.897) (0.303) (0.336) (0.167)

N 2957 5632 5632 5642 5642 5990 4595 3837

R2 0.0728 0.0006 0.0317 0.0117 0.0542 0.0201 0.0468 0.0575

ρ -0.996*** -0.0230 0.0182 0.0230 -0.0685

LR (ρ = 0) p-value 0.0000 0.8058 0.9228 0.8838 0.1201

Standard errors in parentheses; * p< 0.10, ** p< 0.05, *** p< 0.01.

ρ is the correlation coefficient between the error terms in the output and the selection equation.
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alone and we only take into account a non-response in Heckman’s sample selec-

tion model. In case of Skills, FinLiteracy, and BetterThan, there are no missing

observations in the initial samples, therefore we run simple OLS regressions.

The estimates together with the ML estimates in the regressions of LifExp10,

LifExp20, HeartRisk5, HeartRisk10, and FinSituation are reported in Table 4.10.

We find that in this case sample selection is significant in the regressions

of LifExp10 only, while in the previous results (Table 4.9) sample selection

had a significant effect in the regression of Skills, LifExp10, FinLiteracy, and

BetterThan. After comparing the estimates in Tables 4.9 and 4.10, we do not

find significantly different estimates in the regression results.

To conclude, we find significant relations between demographic variables,

such as individual’s age, gender, employment status, education degree, income

level, and various overconfidence measures, while the constructed overconfi-

dence index is related to age, owning a dwelling, and having higher degree of

education.

The demographics of overconfidence: the indices based on subgroup
measures

4.5.2

We further explore the argument that the overconfidence phenomena differ in

different areas of life by analyzing the demographics of overconfidence indices

within the subgroups of the measures. Table 4.11 presents estimated coefficients

of the output equations of Heckman’s selection model for each overconfidence

index based on a subgroup of measures on the demographic variables.18 The

estimates of the selection equations are provided in Table 4.13 in Appendix 4.B.

We find that the constructed overconfidence index based on the expectations

related to health (Health OC) is higher for men, individuals with a partner,

and those who have a higher education degree and higher income.19 The

constructed overconfidence index related to perception about one’s financial

knowledge and future financial situation (Finance OC) is lower for men and for

18The estimates in case of regressions of Health OC and Finance OC are ML estimates, while
due to non-convergence in ML procedure the coefficients in the regression of General OC are
estimated using Heckman’s two-step consistent estimator. The list of independent variables in
the first and the second step is the same as in Section 4.5.1.

19The result might change after adjusting the reference levels, for example, for different
degrees of education.
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individuals with a higher education and for those who own a dwelling. The

constructed overconfidence index related to general perception about one’s

Table 4.11: The demographics of the subgroup-based overconfi-
dence indices.

Health OC Finance OC General OC
Constant -35.72 4.639 -9.709

(87.80) (9.851) (12.98)

Male 6.152*** -0.174*** -0.222*
(1.154) (0.0582) (0.125)

Year of birth 0.0003 -0.0022 0.0100
(0.0440) (0.0053) (0.0072)

With a partner 3.536*** -0.0952 -0.0600
(1.353) (0.0606) (0.158)

Urban living -0.146 -0.0416 0.281**
(1.021) (0.0501) (0.129)

Own dwelling 0.836 -0.133** -0.0723
(1.317) (0.0645) (0.131)

Employed -2.636 -0.0310 -0.179
(2.283) (0.0720) (0.166)

Higher education 4.852*** -0.437*** 0.651***
(1.161) (0.0554) (0.122)

Personal net income (base category: zero income)
≤€500 4.139* 0.0144 -0.00984

(2.188) (0.121) (0.242)

€(501,1000) 2.034 0.171* 0.0762
(2.150) (0.101) (0.243)

€(1001,1500) 4.979** 0.177* -0.0794
(2.351) (0.105) (0.229)

€(1501,2000) 7.373*** 0.176 -0.0304
(2.523) (0.117) (0.244)

€(2001,2500) 3.464 0.110 0.294
(2.876) (0.127) (0.264)

€(2501,3000) 7.765** 0.176 0.163
(3.343) (0.144) (0.335)

€(3001,3500) 6.745* 0.178 0.0132
(3.866) (0.196) (0.461)

€(3501,4000) 4.385 -0.158 0.736
(5.648) (0.257) (0.668)

€(4001,4500) 7.687 0.201 1.232*
(8.430) (0.367) (0.702)

€(4501,5000) 4.249 0.194 -0.510
(8.261) (0.340) (0.841)

€(5001,7500) 11.42 0.141 -0.246
(7.832) (0.358) (0.855)

>€7500 -5.392 0.413 0.316
(8.745) (0.400) (0.970)

N 6557 6557 6557
R2 0.0288 0.0444 0.0566
ρ 0.0361 -0.00210
LR (ρ = 0) p-value 0.7766 0.9965
λ -0.2798

(0.8899)

Standard errors in parentheses; * p< 0.10, ** p< 0.05, *** p< 0.01.
ρ is the correlation coefficient between the error terms in the
output and the selection equation.
λ is the inverse Mill’s ratio in the two-step Heckman’s selection model.
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own skills and self placement (General OC) is lower for men but higher for

individuals with higher education and for those who live in urban areas.

We find some differences in the signs of the estimated coefficients in the

regressions of the overconfidence indices in the different domains. We find that,

for instance, while the overconfidence in health and general skills is higher for

individuals with higher education degree, the overconfidence in the finance

domain is lower. Contrary to the previous findings (see, for example, Barber

and Odean (2001)), especially in the finance-related literature, we find that

overconfidence related to financial matters (Finance OC) is lower for males. We

find the same effect for the General OC.

The results of this section show that after grouping measures according to

their domain, the constructed overconfidence indices significantly relate to an

overlapping sets of demographic variables when comparing with the results

in case of the overconfidence index based on all measures (OcIndex). This

suggests that we do not have enough evidence to show that indices within dif-

ferent domains can give more insights into the demographics of overconfidence.

However, similarly to the previous regression results reported in Table 4.9, the

R2 values are also quite low in these regression results. Further, we find no

significant sample selection effects in the regressions of the indices based on

the subgrouped measures.

Conclusions 4.6

Overconfidence is extensively studied in psychology, economics, and the finance

literature. Because overconfidence has many manifestations also originating

from different areas of life, the measurement is not straightforward and each

measure individually may not be sufficient to differentiate individual overconfi-

dence in general. The literature still does not agree on the relations between

different manifestations of overconfidence, such as positive illusion, unrealistic

optimism, and better-than-others effect.

In this chapter we construct overconfidence indices by exploring the struc-

ture of correlations between several measures of overconfidence and performing

a principal component analysis. Using answers from the questionnaires avail-

able in the LISS panel that allow for determining overconfidence, we select
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the measures following various studies which use overconfidence factor to

explain phenomena in psychology, finance, or economics. In addition, we in-

vestigate the demographics of each measure of overconfidence as well as of the

overconfidence indices.

We find that the overconfidence measures in different domains are not

closely related in terms of correlations. After investigating the demographics

of each overconfidence measure and the constructed overconfidence indices,

we find that, in general, men, also individuals with higher degree of education

are more overconfident, while individuals with a paid employment seem to

show lower levels of overconfidence. Despite general relations, we find that

the measures relate differently to age and employment status. Therefore, our

analysis show that some overconfidence measures relate to demographic infor-

mation differently. Further, we find that the constructed overconfidence indices

significantly relate to an overlapping sets of demographic variables with the

case of the overall overconfidence index suggesting that indices within different

domains do not give more insights into the demographics of overconfidence.

Lastly, we would like to mention possible directions for future work. Cur-

rently, some of the reference levels lack heterogeneity to distinguish between

individuals in our sample and thus possibly affect the resulting values of over-

confidence measures. For instance, in case of optimism about living ten or

twenty more years, the reference level is measured using life tables. The latter

helps to account for exogenous differences across individuals in terms of age

and gender, but it still leaves out heterogeneity caused by the fact that some

individuals are healthier, which is reflected in the self-reported probabilities

(for instance, more educated individuals are more likely to hold better paid

jobs and thus have more funds to invest in their health). Therefore, given the

availability of the appropriate data (such as life tables for different education lev-

els), the resulting distributions of the overconfidence measures and the indices

might change and, in return, possibly suggest different conclusions. Further,

our analysis includes eight measures of overconfidence, therefore, the future

work will benefit from a larger set of overconfidence measures (e.g., adding

measures based on the miscalibration concept) used to construct the indices.

Finally, the current principal component analysis can be complimented with a

factor analysis that might add new insights regarding the relations between the

overconfidence measures.
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Questions 4.A

From “Proactive coping and health behaviour”, fielded in February 2012:

- I can always manage to solve difficult problems if I try hard enough.

- If someone opposes me, I can find the means and ways to get what I want.

- It is easy for me to stick to my aims and accomplish my goals.

- I am confident that I could deal efficiently with unexpected events.

- Thanks to my resourcefulness, I know how to handle unforseen situations.

- I can solve most problems if I invest the necessary effort.

- I can remain calm when facing difficulties because I can rely on my coping abilities.

- When I am confronted with a problem, I can usually find several solutions.

- If I am in trouble, I can usually think of a solution.

- I can usually handle whatever comes my way.

— completely not applicable (1);. . . ; completely applicable (4).

To what extent do you possess the following skills? In other words: How competent

you are in the below mentioned activities?

- Assessing future developments

- Looking ahead

- Recognizing signals that something might go wrong

- Being open to other people’s comments

- Envisioning my personal opportunities and chances

- Recognizing my personal limitations

- Assessing my environment

- Clearly indicating the things I want to accomplish

- Translating my desires into plans

- Making realistic plans

- Asking other people for advice

- Finding solutions

- Thinking of alternatives when a solution proves ineffective

- Actually seeing my plans through

- Persevering

- Seeking support than things get tough

- Evaluating whether I accomplished the goal I wanted to reach

- Considering the positive aspects of a setback

- Learning from setbacks

- Appreciating when something goes right

- Rewarding myself when I have made progress in achieving my goal

— not competent (1);. . . ; very competent (4).
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From “Nutrigenomics” fielded in October 2008:

- Compared to other people I know, I think that with respect to nutrition I. . .

- Compared to other people I know, I think that with respect to health I. . .

- Compared to other people I know, I think that with respect to science and technology

in relation to nutrition, I. . .

— know much less (1);. . . ; know a lot more (5).

From “Disease prevention” fielded September 2008:

- What do you think is the chance that you in 10 years will still be alive?/ What do you

think is the chance that you in the next 10 years will die?

- What do you think is the chance that you in 20 years will still be alive?/ What do you

think is the chance that you in the next 20 years will die?

- What do you think is the chance that you will develop cardiovascular disease in the

next 5 years?

- What do you think is the chance that you will develop cardiovascular disease in the

next 10 years?

From “Financial literacy” fielded in August 2011:

- How would you score your understanding of financial matters (on a scale of 1 to 7,

where 1 means ‘very poor’ and 7 means ‘very good’)?

followed by the following 4 questions on financial matters:

(1) Suppose you have 100 euros on a savings account and the interest is 2% per year. How

much do you think you will have on the savings account after five years, assuming that

you leave all your money on the savings account: more than 102 euros, exactly 102

euros, less than 102 euros?

(2) Suppose that the interest rate on your savings account is 1% per year and that inflation

amounts to 2% per year. After 1 year, would you be able to buy more, exactly the same,

or less than you could today with the money on that account?

(3) A share in a company usually offers a more certain return than an investment fund that

only invests in shares.— true, not true.

(4) If the interest rate goes up, what should happen to bond prices?

From “Economic situation: income” LISS Core Study (September 2008/September 2009):

- Do you expect your financial situation to get better or worse over the coming 12 months?

— will get much better (1);. . . ; will get a lot worse (5).

- Can you indicate, on a scale from 0 to 10, whether your financial situation has gotten

better or worse compared to one year ago? 0 means that your financial situation has

gotten much worse compared to one year ago 10 means that it has gotten much better.
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Histograms and tables 4.B

Figure 4.1: Histograms of the overconfidence measures.
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Table 4.12: The demographics of overconfidence: estimated selec-
tion equation in Heckman correction model.

Skills LifExp10 LifExp20 HeartRisk5 HeartRisk10 FinSituation FinLiteracy BetterThan OCindex

Constant 7.073*** 4.511** -8.410*** 10.74*** 10.80*** 17.73*** 20.21*** 9.966*** 10.92***

(2.449) (2.092) (2.640) (2.601) (2.606) (2.543) (2.534) (2.490) (3.557)

Number of living-at-home children (base category: none)
1 child -0.0658 0.00999 0.174*** 0.122** 0.123** -0.0102 -0.0952** 0.0858* 0.0811

(0.0447) (0.0195) (0.0553) (0.0540) (0.0540) (0.0513) (0.0465) (0.0482) (0.0685)

2 children -0.0405 -0.0388** 0.0339 0.0505 0.0529 -0.00960 -0.0259 0.0774* 0.0672

(0.0407) (0.0166) (0.0488) (0.0480) (0.0482) (0.0470) (0.0415) (0.0419) (0.0614)

3 children -0.157*** -0.0584** 0.0896 0.111 0.114 -0.0677 -0.151*** -0.0963 -0.0842

(0.0581) (0.0231) (0.0709) (0.0698) (0.0701) (0.0674) (0.0586) (0.0591) (0.0948)

4 children -0.307*** -0.0674* -0.209* -0.148 -0.146 0.199 -0.0342 0.211* -0.0131

(0.115) (0.0392) (0.125) (0.125) (0.125) (0.127) (0.117) (0.116) (0.175)

5 children -0.107 -0.0171 0.0991 0.222 0.229 0.203 0.155 0.886*** 0.6476**

(0.228) (0.102) (0.275) (0.274) (0.274) (0.256) (0.223) (0.267) (0.2806)

6 children -0.781** -1.669*** 0.0222 0.274 0.289 -0.436 -0.743* 0.459 0.2463

(0.376) (0.210) (0.430) (0.427) (0.426) (0.414) (0.390) (0.397) (0.6005)

Male 0.00407 0.0247 -0.0182 -0.0591 -0.0591 0.118*** 0.0103 0.0404 0.0676

(0.0368) (0.0329) (0.0389) (0.0381) (0.0381) (0.0370) (0.0372) (0.0368) (0.0517)

Year of birth -0.00356*** -0.00208** 0.00440*** -0.00539*** -0.00542*** -0.00890*** -0.0100*** -0*** -0.0062***

(0.00125) (0.00106) (0.00134) (0.00132) (0.00133) (0.00129) (0.00129) (0.00127) (0.0018)

With a partner -0.0550 -0.0301 0.0132 0.0505 0.0500 0.0572 -0.0650 0.137*** -0.0181

(0.0425) (0.0370) (0.0448) (0.0440) (0.0440) (0.0431) (0.0428) (0.0427) (0.0605)

Urban living -0.0566* -0.0225 0.00725 -0.00279 -0.00258 -0.0500 -0.0166 -0.0208 -0.1425***

(0.0326) (0.0289) (0.0348) (0.0342) (0.0342) (0.0331) (0.0330) (0.0326) (0.0468)

Own dwelling -0.0700* 0.0121 0.0747* 0.0916** 0.0913** -0.0650 -0.120*** -0.00775 -0.0196

Continued on Next Page. . .
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Table 4.12 – Continued

Skills LifExp10 LifExp20 HeartRisk5 HeartRisk10 FinSituation FinLiteracy BetterThan OCindex

(0.0402) (0.0354) (0.0425) (0.0416) (0.0416) (0.0407) (0.0406) (0.0403) (0.0567)

Employed -0.0878** 0.578*** 0.867*** 0.500*** 0.500*** 0.159*** -0.0416 0.3963*** 0.397***

(0.0423) (0.0379) (0.0452) (0.0446) (0.0446) (0.0429) (0.0426) (0.0424) (0.0595)

Higher education -0.0583 -0.0577* 0.0705* 0.116*** 0.117*** 0.0124 -0.00103 0.0477 0.0010

(0.0375) (0.0337) (0.0407) (0.0400) (0.0400) (0.0384) (0.0382) (0.0381) (0.0527)

Personal net income (base category: zero income)
≤€500 -0.0575 -0.146** -0.0417 0.112 0.112 0.0547 0.125* -0.0700 -0.0510

(0.0721) (0.0628) (0.0754) (0.0748) (0.0748) (0.0727) (0.0741) (0.0719) (0.0996)

€(501,1000) -0.0823 -0.392*** -0.364*** 0.0484 0.0490 -0.0922 -0.121* -0.108 -0.3273***

(0.0665) (0.0582) (0.0696) (0.0694) (0.0694) (0.0671) (0.0679) (0.0665) (0.0936)

€(1001,1500) -0.0232 -0.433*** -0.442*** -0.167** -0.166** -0.156** -0.0640 -0.123* -0.3626***

(0.0693) (0.0605) (0.0732) (0.0722) (0.0722) (0.0698) (0.0705) (0.0696) (0.0958)

€(1501,2000) 0.0214 -0.545*** -0.549*** -0.217*** -0.216*** -0.179** -0.163** -0.162** -0.3836***

(0.0735) (0.0648) (0.0779) (0.0767) (0.0767) (0.0742) (0.0744) (0.0741) (0.1016)

€(2001,2500) 0.121 -0.463*** -0.537*** -0.290*** -0.289*** -0.260*** -0.0758 -0.245*** -0.2253**

(0.0850) (0.0754) (0.0900) (0.0884) (0.0884) (0.0856) (0.0856) (0.0856) (0.1139)

€(2501,3000) 0.0658 -0.588*** -0.580*** -0.249** -0.248** -0.117 -0.0689 -0.352*** -0.4434***

(0.100) (0.0897) (0.107) (0.106) (0.106) (0.103) (0.101) (0.103) (0.1426)

€(3001,3500) -0.0371 -0.396*** -0.387*** -0.0790 -0.0787 -0.306** -0.230* -0.397*** -0.5365***

(0.123) (0.111) (0.134) (0.132) (0.132) (0.124) (0.123) (0.125) (0.1806)

€(3501,4000) 0.0802 -0.607*** -0.653*** -0.487*** -0.487*** -0.362** -0.255 -0.5616** -0.5366**

(0.166) (0.148) (0.176) (0.173) (0.173) (0.169) (0.162) (0.172) (0.2531)

€(4001,4500) 0.269 -0.701*** -0.983*** -0.439* -0.439* -0.657*** 0.00548 -0.2690 -0.5616**

(0.239) (0.215) (0.246) (0.243) (0.243) (0.235) (0.233) (0.247) (0.3087)

€(4501,5000) -0.0659 -0.560** -0.429 -0.0802 -0.0813 0.128 0.130 -0.212 -0.8396*

(0.254) (0.228) (0.275) (0.277) (0.277) (0.272) (0.261) (0.250) (0.4803)

€(5001,7500) 0.387 -0.698*** -0.654*** -0.240 -0.239 -0.383 -0.118 -0.626** -0.3004

Continued on Next Page. . .
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Table 4.12 – Continued

Skills LifExp10 LifExp20 HeartRisk5 HeartRisk10 FinSituation FinLiteracy BetterThan OCindex

(0.246) (0.212) (0.252) (0.249) (0.249) (0.241) (0.237) (0.264) (0.3212)

>€7500 -0.105 -0.204 -0.387 -0.278 -0.278 -0.253 -0.376 -0.292 -0.3688

(0.270) (0.232) (0.280) (0.270) (0.270) (0.270) (0.248) (0.262) (0.3819)

N 6557 6557 6557 6557 6557 6557 6557 6557 6557

Standard errors in parentheses; p< 0.10, ** p< 0.05, *** p< 0.01
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Table 4.13: The demographics of the subgroup-based overconfi-
dence indices: estimated selection equation in Heck-
man correction model.

Health OC Finance OC General OC
Constant -14.75*** 24.36*** 17.21***

(2.611) (2.526) (3.102)
Number of living-at-home children (base category: none)
1 child 0.170*** 0.000357 0.0863

(0.0538) (0.0550) (0.0608)
2 children 0.0664 0.00355 0.0770

(0.0476) (0.0457) (0.0548)
3 children 0.132* -0.110* -0.103

(0.0698) (0.0666) (0.0837)
4 children -0.158 -0.00754 -0.0518

(0.124) (0.126) (0.159)
5 children 0.211 0.348 0.645**

(0.274) (0.258) (0.267)
6 children 0.190 -1.002* -0.182

(0.441) (0.563) (0.551)
Male -0.0449 0.0619* 0.0307

(0.0385) (0.0370) (0.0450)
Year of birth 0.00753*** -0.0125*** -0.00932***

(0.00133) (0.00129) (0.00158)
With a partner -0.00465 0.0218 0.0841

(0.0447) (0.0428) (0.0524)
Urban living 0.00624 -0.0411 -0.102**

(0.0345) (0.0330) (0.0401)
Own dwelling 0.116*** -0.0789* -0.0318

(0.0422) (0.0404) (0.0489)
Employed 0.868*** 0.105** 0.146***

(0.0446) (0.0427) (0.0511)
Higher education 0.101** 0.0168 -0.00760

(0.0402) (0.0380) (0.0458)
Personal net income (base category: zero income)
≤€500 -0.0132 0.160** 0.0233

(0.0742) (0.0731) (0.0895)
€(501,1000) -0.278*** -0.0743 -0.149*

(0.0686) (0.0673) (0.0819)
€(1001,1500) -0.435*** -0.0787 -0.0835

(0.0720) (0.0701) (0.0840)
€(1501,2000) -0.502*** -0.128* -0.0964

(0.0766) (0.0744) (0.0891)
€(2001,2500) -0.538*** -0.104 -0.0201

(0.0886) (0.0855) (0.101)
€(2501,3000) -0.523*** -0.0610 -0.118

(0.106) (0.102) (0.122)
€(3001,3500) -0.352*** -0.210* -0.276*

(0.132) (0.124) (0.154)
€(3501,4000) -0.715*** -0.195 -0.349

(0.175) (0.170) (0.219)
€(4001,4500) -0.896*** -0.257 -0.0583

(0.246) (0.242) (0.276)
€(4501,5000) -0.473* 0.100 -0.143

(0.274) (0.261) (0.315)
€(5001,7500) -0.567** -0.212 -0.242

(0.254) (0.238) (0.299)
>€7500 -0.442 -0.211 -0.243

(0.271) (0.268) (0.339)
N 6557 6557 6557
Standard errors in parentheses; * p< 0.10, ** p< 0.05, *** p< 0.01
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