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Preface 

 
 
 
 
 
 
Colleagues have often told me that the preface is amongst the few parts of one’s 
PhD thesis that some (or perhaps most) people will ever actually read. In my view, 
this rather sad reality makes these first few pages the most important pages of 
one’s thesis. Therefore, notwithstanding the importance of acknowledging those 
who helped me on my way, from an academic perspective I consider these pages 
to be too valuable to only use for this matter. Rather, I would like to take this 
opportunity to also introduce the research on which this thesis reports. Then, in 
case these are actually the only pages some people will ever read, they will not 
only know the names of those who have helped me, but they will also know with 
what topics these people have helped me. 

 
As the title already promises, this thesis deals with the social dimensions of 
investor behavior. More specifically, this thesis makes an important contribution 
to the recent behavioral finance literature. The before-mentioned literature has 
argued that for many investors, investing is much more than simply weighting the 
risks and expected returns of all possible investments opportunities. Rather, 
besides financially oriented needs, some (or most) investors may also have more 
socially oriented needs, or they may simply consider investing to be a nice free 
time activity. This thesis empirically proved this to be the case and used an online 
investment survey to do so. The next question this thesis aimed to answer was 
what implications more socially oriented investor behavior may have on overall 
stock market dynamics. This question was investigated using a multi-agent social 
simulation model. Using this model, it was for example discovered that stock 
markets with a higher proportion of socially oriented investors display a greater 
volatility as measured by the standard deviation of returns. Another important 
contribution of this thesis is that it uses an interdisciplinary research approach. 
More specifically, this thesis combines theoretical insights from the (behavioral) 
finance, marketing, and social-psychology literature. Moreover, the methodology 
that is used in this thesis is a combination of a literature study, a self-administered 
survey in the form of an online questionnaire, several descriptive and inferential 
statistical analyses, and a multi-agent social simulation (computer) model.  

 
Now that I can rest assure that most people will have some idea about the topics 
this thesis deals with, I allow myself to become more personal. It is important for 
me to become more personal, as it is actually due to the many persons I have met 
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over the last four years that my time as a PhD student at the University of 
Groningen was both an unforgettable as well as a very enjoyable experience. The 
next part of this preface therefore serves to express my gratitude for the big-
hearted support of all of these people.  

In this respect, I would like to thank most of all my two thesis supervisors 
Wander Jager and Henk von Eije for being my reliable tour operators through all 
of these years. I am thankful for the great opportunity that you have given to me 
and I realize that without your enthusiasm and trust I might have never left the 
ground. Moreover, on this occasion I would like to express my sincere gratitude to 
my promoter Robert Lensink. Your refreshing perspective on my PhD research 
and critical - but always insightful - comments helped me to define the main 
contributions of my research in a defendable way. Although our cooperation only 
started near the end of my time as a PhD student, I still believe it had a substantial 
impact on both the clarity and quality of my thesis. Furthermore, I would like to 
thank all the members of my doctoral dissertation committee, Werner De Bondt, 
Nigel Gilbert, and Robert van der Meer, for benevolently investing their time and 
effort in reviewing the academic quality of this thesis.  

 
As mentioned previously, this thesis is the result of almost four years of academic 
(team)work. Yet, during these years, there has not been a single moment in which 
I actually thought that every morning I was (just) going to my ‘work’. Rather, I 
perceived these years at the university as a great opportunity to increase my 
knowledge about a topic that I was (and still am) truly interested in. It is my firm 
belief that both my supervisors and my colleagues have greatly contributed to this 
feeling. Therefore, I would like to thank again my supervisors, but also all of my 
colleagues at the University of Groningen for contributing to this inspiring 
working environment. More specifically, I would like to thank Jasper Hotho, Thijs 
Broekhuizen, Alessio Delre, Adriana Krawczyk, and Truusje Cordes for both their 
professional and their moral support.  

 
Although an inspiring working environment clearly is a necessary precondition for 
a satisfying and successful working life, it is not a sufficient precondition. Rather, 
it is my opinion that refueling at home after work and discussing what is on your 
mind is what really matters and contributes most to long-term creativity. In this 
respect, I would like to thank my family and my friends for giving me this 
opportunity. More specifically, it has been due to my parents Robert and Cornelia 
and the involvement and perseverance they have shown me while dealing with our 
past, that today I have the mentality to successfully complete this thesis.  

 
Finally, I wholeheartedly thank Mae for all her love, care and empathy. Thanks to 
you my home has become our castle.  
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1. Introduction 

1.1 General Introduction 

This thesis describes an interdisciplinary study on individual investor behavior in 
The Netherlands. In general, interdisciplinary research is used to develop a greater 
understanding of a problem that is either too complex or wide-ranging to deal with 
using the knowledge and methodology of a single discipline. It draws from two or 
more academic disciplines and integrates their insights and methods in the pursuit 
of a common goal (Augsburg, 2005). The common goal of this thesis is to increase 
our understanding of the social dimensions of individual investor behavior.  

This thesis combines theoretical insights from the behavioral finance, 
marketing, and social-psychology literature to investigate the relative importance 
of the different personal needs investors may strive to satisfy by investing and 
determines their average level of investment-related knowledge and experience. 
Subsequently, the effect of these two investor characteristics on their decision-
making behavior is examined. With regard to this decision-making behavior, the 
thesis focuses on the social dimensions of investor behavior, like investors’ 
conformity behavior.  

A key characteristic of interdisciplinary research is not only that it draws from 
multiple theoretical perspectives, but also that it applies several different research 
methods. The methodology employed in this thesis is a combination of a literature 
study, a self-administered survey in the form of an online questionnaire, several 
descriptive and inferential statistical analyses, and a multi-agent social simulation 
model.  

The interdisciplinary nature of the study is one of the key contributions of this 
thesis. Forming a bridge between different disciplines, this thesis aims to 
contribute both to theory development and application. 

1.2 Background and Contribution of this Thesis 

For many investors, investing constitutes more than simply weighting the risk and 
expected returns of various investment assets. Or, as in the words of Fisher and 
Statman (1997: 48): 
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"... some - perhaps most - investors have preferences that go beyond expected 
returns and risk. A preference for stocks of socially responsible companies is one 

example." 
 
These insights are supported by the recent literature in behavioral finance, in 
which marketing and consumer behavior theories and concepts are applied to 
distinguish between utilitarian and expressive characteristics of investing. 
Investing in the stocks of specific companies can offer utilitarian benefits like low 
risk and high returns, but also expressive benefits. For example, investments can 
help investors to demonstrate their feelings of patriotism, social responsibility and 
fairness or convey a position of high status to other investors (Statman, 1999; 
2004). Investments, however, are private matters and contrarily to wearing 
exclusive watches or driving expensive sports cars, outsiders will in general be 
relatively ignorant with respect to the size and composition of one’s investment 
portfolio. Considering this low visibility, investments could be assumed to have a 
limited signaling function towards outsiders. Statman (2004), however, argued 
that the self-signaling benefits of making e.g., socially responsible investments 
help to explain the preference of some investors for these stocks. By buying green 
investment funds, these investors signal their social responsibility to themselves, 
and this allows them to achieve the personal benefit of feeling like a social 
responsible citizen. 

Notwithstanding the value of self-signaling, we argue that investors - like 
consumers - may sometimes also deliberately want to signal to outsiders, by 
displaying and discussing about their investments with other investors in their 
social networks. This may be in order to attain or maintain status; i.e. investments 
as a form of conspicuous consumption (Janssen & Jager, 2003; Veblen, 1899). Or 
this may be to satisfy other, more socially oriented needs, like the need to 
participate in investment related conversations or to affiliate with other investors.  

For investment professionals, it is important to be aware that their clients may 
have multiple needs, and to discover and cater to these needs. After all, successful 
financial products, like all successful products, are those that meet the needs of 
customers (Statman, 1999: 25). This implies that investment professionals now 
explicitly have to deal with questions that were formerly considered to belong to 
the domain of marketing. Yet, investment professionals are reluctant to discuss 
marketing and in the academic literature few articles link marketing to the 
investment profession (Statman, 2004: 160).  

Behavioral finance scholars have therefore recently called for a more explicit 
link between investments and marketing (Statman, 2004), and even Fama and 
French (2005) - two proponents of traditional finance - have recently questioned 
the strict distinction in decision-making processes for investments versus 
consumption goods.  

Being aware of the many considerations and needs beyond risk and return that 
influence investors’ behavior, it is surprising that finance journals are mostly 
confined to the utilitarian benefits of low risk and high expected returns (Statman, 
2004: 154). Just as surprising is that until now there are no reports in the literature 
of empirical investigations on the multiple needs investors may try to satisfy by 
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investing, and whether there are significant differences in these needs between 
male and female investors, young and old investors, or investors with higher 
versus lower levels of investment-related knowledge and experience.  

This thesis contributes to the literature discussed above by performing a fine-
grained empirical investigation on the multiple needs of individual investors using 
theories and research techniques originating from behavioral finance, marketing 
and social-psychology (i.e. consumer behavior) research.  

 
If investors have more socially oriented needs, this can have important 
implications for their decision-making processes and market interactions. It would 
for example imply that they do not make their decisions in social isolation. Rather, 
individual investors would be susceptible to social influences from other investors 
and also they would exert social influence on other investors. Hirschleifer and 
Teoh (2003: 25) endorse this view, stating that: 
 
“We are influenced by others in almost every activity, and this includes investment 

and financial transactions”. 
 

Shiller (1984: 457) joins Hirschleifer and Teoh, characterizing investing in 
speculative assets as “a social activity”.  

In consumer behavior and marketing research, the effects of social influence 
have been widely investigated by social-psychologists and sociologists. Recent 
studies on this topic have demonstrated that the real or imagined presence of 
others can significantly influence someone’s behavior (Abrams, 1994; Bearden et 
al., 1989; Kropp et al., 1999b; Lascu et al., 1995; Terry & Hogg, 1996). 
Furthermore, it has been found that when the results of decisions can affect both 
self-image and public image, social influences can play a particularly important 
role in someone’s decision-making behavior (Kropp et al., 1999a).  

An important concept in the literature on social influence are processes of 
conformity; that is adjusting one’s behavior or thinking to match those of other 
people or a group standard (see e.g., Sherif (1936) and Cialdini and Goldstein 
(2004)). There has been a considerable amount of research on social influence in 
general and conformity influence in particular (summarized by e.g., Cialdini and 
Goldstein (2004)). Yet, until now the literature has only infrequently touched upon 
individual investors’ conformity behavior. The relevance of this behavior in an 
investment setting, however, was already suggested by De Bondt (1998: 835). He 
argued that: 

 
“…it seems likely that conformist behavior affects assets prices”. 

 
The effect of conformist behavior on asset prices could be quite substantial if it 
would lead to herding, which is considered one of the driving forces behind 
excessive stock market price movements like hypes, crashes, and bubbles (Lynch, 
2001; Ofek, 2003; Sharma et al., 2005; Valliere & Peterson, 2004). Even 
policymakers like the International Monetary Fund are concerned that herding by 
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financial market participants exacerbates volatility, destabilizes markets and 
increases the fragility of the financial system (Bikhchandani & Sharma, 2000).  

This thesis contributes by investigating the effect of more socially oriented 
needs as well as investors’ level of investment-related knowledge and experience 
on these investors’ propensity for conformity behavior. Subsequently, using a 
multi-agent social simulation model, the effect of this micro level investor 
behavior on macro level stock market dynamics like market volatility is 
investigated. A final contribution of this thesis therefore is that it investigates the 
dynamical properties of micro-macro level interactions in an investment setting.  

 
The next section introduces the main research objectives and research questions 
that will be dealt with in this thesis. 

1.3 Research Objectives and Research Questions 

In the previous sections, the background and contribution of this thesis were 
introduced and discussed. Having this in mind, the following research objectives 
are central to this thesis: 
 
RO 1 This thesis aims to contribute both to the understanding in the academic 
literature of as well as to the professional practitioners’ knowledge on individual 
investors’ personal needs, level of investment-related knowledge and experience, 
and the effect of afore-mentioned investor characteristics on (the social 
dimensions of) individual investors’ decision-making behavior.  
 
RO 2 Moreover, this thesis aims to contribute both to the understanding in the 
academic literature of as well as to the professional practitioners’ knowledge on 
the possible effects of the micro level investor behavior as identified in the first 
research objective on macro level stock market dynamics as measured by the 
occurrence of stylized financial market facts like e.g., volatility clustering.  
 
To achieve the research objectives as outlined above, a number of research 
questions have been formulated. The main research questions of this thesis are: 
 
RQ 1 To what extent and in what way do different personal needs and 
individual investors’ level of investment-related knowledge and experience exert 
influence on the social dimensions of these investors’ decision-making behavior 
like their propensity to demonstrate conformity behavior? 
 
RQ 2 To what extent and in what way does the micro level individual investor 
behavior as meant in the first research question exert influence on macro level 
stock market dynamics as measured by the occurrence of stylized financial market 
facts like e.g., volatility clustering? 
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RQ 3 To what extent and in what way can the micro level individual investors’ 
decision-making behavior and their market interactions be influenced by the 
overall macro level stock market dynamics? 
 
To achieve these research objectives and answer the research questions, an 
interdisciplinary research approach will be applied. In the next sections, the 
methodology of this thesis will be discussed in more detail. 

1.4 General Methodological Perspective of this Thesis 

As stated in the introduction, this thesis reports on an interdisciplinary study in 
which a number of different research methods are applied. These research 
methods are complementary: each and every research method has its specific 
limitations, and multiple methods are required to overcome the limitations of these 
individual methods in order to achieve the research objectives and answer the 
research questions.  

For example, a literature study can be used to identify the diverse theoretical 
concepts that might be relevant for investor behavior, like the different needs 
investors may strive to satisfy by investing. Yet, an empirical (survey) study is 
necessary to determine whether real-life investors actually strive to satisfy these 
different needs, to estimate the relative importance of these different needs, and to 
investigate the possible consequences of striving to satisfy these different needs 
for these investors’ decision-making behavior. Nonetheless, an empirical (survey) 
study cannot provide us with insights in the aggregate effects of the investors’ 
resulting decision-making behavior on overall stock market dynamics. For such 
insights, other methods are called for, like multi-agent social simulation. The latter 
method allows a researcher to e.g., create an artificial stock market with investor 
agents that use empirically plausible trading and interaction rules and to observe 
the overall stock market dynamics that result from the trades and social 
interactions between the investor agents. Nevertheless, to estimate the empirical 
plausibility of the simulated stock market data, a comparison has to be made 
between the simulation-generated data and the real-life data using e.g., 
econometric analyses.  

To summarize, the research methodology of this thesis can be broken down in 
three main parts with strong connections between the consecutive parts: 

 
1. A literature study. 
 
2. A survey study with corresponding data analysis. 
 
3. A multi-agent social simulation (computer) model with corresponding 
experiments and data analyses. 
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In the upcoming sections, each of the methods listed above will be briefly 
introduced. A more in-depth discussion of these methods and the relevant 
literature can be found in later chapters of this thesis in which the findings of this 
thesis are also presented. 

1.5 Literature Study 

In order to achieve a clear understanding of the current state of the literature on 
individual investor behavior and concepts that might be relevant for this behavior, 
an extensive literature study was performed. Scientific journals in finance, 
behavioral finance, marketing, consumer behavior, economic psychology, 
sociology, psychology and social-psychology were filtered for concepts such as 
(individual) investor behavior, investors’ needs, conformity behavior, social 
influence, stock market dynamics, herding processes, informational cascades, and 
a variety of stylized financial market facts.  

Based on this literature study, we identified a gap in the literature as discussed 
in section 1.2 which this thesis aims to narrow. Moreover, in line with the first 
research question, a number of specific hypotheses on the interrelationships 
between the most important concepts were formulated. Subsequently, using a 
survey study we collected primary data to empirically test these hypotheses. 

1.6 Survey Study 

To examine the relationships that are represented in the hypotheses, an online 
questionnaire was developed and administered in 2005-2006. We collected data 
on e.g., investors’ importance of different personal needs, their level of 
investment-related knowledge and experience, their propensity for conformity 
behavior, the role other investors in their social networks and investment experts 
play in their decision-making behavior, numerous transaction and portfolio related 
information, as well as several descriptive characteristics, like the respondents’ 
age and gender. 

To allow for suggestions on the structure of the questionnaire as well as to 
assess the content and face validity of the questionnaire (Mitchell, 1996), several 
consumer behavior and investment experts were consulted. Moreover, before 
using the questionnaire to collect final data, it was pilot tested amongst 78 
Bachelor and Master Students of the University of Groningen.  

The final questionnaire was distributed online. Visitors of 4 well-known Dutch 
investment-related websites were asked to complete the questionnaire. These 
websites offer a wide range of investment-related information, as e.g., analysts’ 
reports on overall market developments or individual stocks, and financial news 
items. Moreover, they feature online discussion groups and provide access to 
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online trading systems. These characteristics made visitors of these websites an 
appropriate respondent group.  

Before completing the questionnaire, it was made clear to all participants that it 
was a non-commercial academic study and that under no circumstances their 
individual data would be made available to any third party. It was, moreover, 
possible for respondents to complete the questionnaire anonymously. For some 
more sensitive questions, for example with regard to the respondent’s portfolio 
size and their age, it was indicated that these questions did not need to be 
answered. In these instances, missing answers did not lead to deletion of the 
questionnaire. In all other cases, incomplete questionnaires were deleted, after 
which 486 questionnaires remained for further analysis.  

After the data were collected, diverse descriptive statistical techniques were 
used to get an insight into the characteristics of the respondents. Moreover, diverse 
inferential statistical techniques like multiple regression analyses were used to test 
the hypotheses. 

The survey study as described above was capable of greatly improving our 
knowledge of micro level investor behavior. Yet, the statistical techniques that 
were used in this study, like for example regression analyses, have a number of 
limitations. Most importantly, they are less suitable to investigate the dynamical 
properties of the interactions between micro level investor behavior and macro 
level stock market dynamics which are central to the second and third research 
question. 

Multi-agent social simulation, however, does not suffer from these limitations 
and is an excellent method to study these interactions. 

1.7 Multi-Agent Social Simulation 

The complexity of the relationship between the micro and macro level makes it 
practically impossible to study this phenomenon in the real world. A common 
solution to this problem is to create a model of this target (Doran & Gilbert, 1994; 
Zeigler, 1976) (the target being the real world micro-macro level relationships), 
which is simpler to study than the target itself (Gilbert & Troitzsch, 1999). 
Notwithstanding the fact that models are always simplifications of real-life targets, 
the model and the target should be sufficiently similar for the conclusions drawn 
about the model also to apply to the target.  

In this thesis, we apply a multi-agent social simulation methodology in which 
the model of the target is a computer program of investor behavior, which we will 
call an artificial stock market. Running this program is called simulation and 
results in simulated data on e.g., stock market returns over time. After each 
simulation run, the similarity of this data to real-life stock market data will be 
observed. 

In general, social simulation as a research method has a number of valuable 
features for social science research (Gilbert & Troitzsch, 1999). First, it is well 
adapted to developing and exploring theories concerned with social processes and 
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capable of representing dynamic aspects of change. Second, it can help with 
understanding the often complex relationship between the attributes and behavior 
of individuals (the micro level) and aggregate effects on a higher level of 
abstraction (the macro level).  

A recurring theme of social simulation research therefore is that even when 
agents are programmed with very simple rules, the aggregate behavior of the 
agents can turn out to be highly complex. Complexity theory aims to develop 
general results about such nonlinear systems (Kauffmann, 1995; Lewin, 1999; 
Waldrop, 1992) and one of the most important ideas that came from this 
interdisciplinary field is a formal notion of emergence. Emergence occurs 
whenever interactions among objects at one level give rise to different types of 
objects at another level: a phenomenon is emergent if it requires new categories to 
describe it which are not required to describe the behavior of the underlying 
components (Gilbert & Troitzsch, 1999: 10).  

Amongst other things, nonlinearities are thought to play a role in eye-catching 
phenomena like landslides and stock market crashes. The only generally effective 
way of exploring nonlinear behavior is to simulate it by building a model and then 
running the simulation. Yet, even when one can get some understanding of how 
the nonlinear systems work, in principle they remain unpredictable. That is, no 
matter how intensively one studies the properties of sand or stock markets, it will 
remain impossible to predict the (exact) timing of landslides or stock market 
crashes. Therefore, when working with complex systems in which nonlinearities 
play an important role, one should focus on understanding instead of prediction. 
Complexity theory illustrates that even if researchers would have a complete 
understanding of all the factors affecting individual actions, this would not be 
sufficient to predict the behavior of a group or institution (Conte & Castelfranchi, 
1995). 

The general developmental path of computer simulation in the social sciences 
was more or less parallel to that of the introduction of computers in university 
research in the early 1960s. The early models mainly consisted of discrete event 
simulation and system dynamics. Initially, these early models, like the Club of 
Rome studies on the future of the world economy (Meadows et al., 1992; 
Meadows et al., 1974), gave simulation an undeserved poor reputation when it 
became clear that the results of these models depended very heavily on the 
specific quantitative assumptions that were made about the models’ parameters, 
and the fact that many of those assumptions were backed by rather little empirical 
evidence. Another reason for the somewhat difficult start of computer simulation 
in the social sciences was that the early work focused on prediction, while in 
general social scientists tend to be more concerned with purposes of understanding 
and explanation of the specific phenomena under study (Gilbert & Troitzsch, 
1999).  

Apart from microsimulation, little was heard about simulation during the 1980s 
(Gilbert & Troitzsch, 1999). During the 1990s, however, this situation changed 
radically as a result of the development of multi-agent social simulation models 
(see e.g., Axelrod (1997a)). These models have a number of specific advantages, 
which make them particularly appropriate for social science research and the 
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topics that are dealt with in this thesis. Amongst the advantages that these models 
have to offer are (1) the ease with which it is possible to limit agent rationality, (2) 
the facilitation of heterogeneity in the agent population, (3) the possibility of 
generating an entire dynamical history of the processes under study, and (4) the 
ease with which it is possible to have agents interact in social networks (Axtell, 
2000).  

Multi-agent simulation models are a specific instance of agent-based modeling 
(ABM). ABM differs from other simulation methods on a number of aspects, and 
can be used to study research questions which feature complex systems with 
numerous interdependencies and nonlinear interactions (Garcia, 2005). Garcia 
(2005) summarizes the differences between ABM and non-agent-based simulation 
methods, noting that ABM as a method to study complex adaptive systems is not a 
competitor to ordinary causal models, but rather fulfills a complementary task. 
ABM’s objective is to build theory, increase the understanding of established 
findings, and assist in identifying previously unexplained causalities, instead of 
representing a descriptively accurate or predictive model of the studied 
phenomenon per se. The three main differences between ABM and other 
simulation methods are (Garcia, 2005): 
  

1. In ABM, the primary unit of study is the agent or individual. Agents 
are heterogeneous entities that interact with other agents and/or their 
environment in a repetitive process from which macro trends and 
behavior evolves. 

 
2. ABM focus on the adaptiveness of the agents as heterogeneous 
individuals at the micro level within the larger system that can adapt at 
their own pace and in their own unique way to macro level changes. 
Heterogeneous agents allow a more realistic representation of real-world 
phenomena than models that assume homogeneity or agents that follow 
some kind of average behavior as in for example the representative agent 
approach (Kirman, 1992). 

 
3. ABM are easy to use by non-computer programmers, without the need 
to understand differential equations, integrals, or even statistics. 
However, a basic level of computer programming skills is both helpful as 
well as advisable. 

 
To summarize, multi-agent social simulation should in general not aim to create 
exact copies of real-life systems, but should rather focus on exploring the 
consequences of various contingencies and should be seen as a tool for theory-
refinement as described by e.g., Bonabeau (2002). 
 
In the next section, we will discuss how the different research methods of this 
thesis are combined and how the different chapters contribute to achieving the 
research objectives as well as answering the research questions. This is done by 
giving an overview of the organization of this thesis. 
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1.8 Organization of this Thesis 

In order to achieve the research objectives and to answer the research questions, 
this thesis is organized in a number of different chapters. Chapters 2 and 3 
contribute to achieving the first research objective and answering the first research 
question. Chapters 4 and 5 contribute to achieving the second research objective 
and answering the second and third research question, respectively. Chapters 2 
and 3 are empirically oriented and present the results of our investment survey. 
Chapters 4 and 5 present two multi-agent social simulation models that are used to 
improve our understanding of the dynamical properties of the interactions between 
micro level individual investor behavior and macro level stock market dynamics. 
In the following, we will briefly outline the content of each of these chapters. 
 
Chapter 2 

 
In chapter 2, we present the first results from our empirical study. The goal of this 
chapter is to empirically prove whether real-life investors do actually care about 
more than risk and expected returns as has been argued by the recent behavioral 
finance literature. This literature states that investing may offer expressive benefits 
like status and social responsibility besides utilitarian benefits such as low risk in 
combination with high expected returns (Fisher & Statman, 1997; Statman, 1999; 
2004). Yet, there have been no reports in the literature of empirical studies on this 
topic. We therefore contribute by performing a survey study on the different needs 
investors aim to satisfy by investing. This investment survey made a fine-grained 
distinction between these different needs and showed important differences for 
male and female, old and young investors, and investors with a high level of 
investment-related knowledge and experience and investors with a low level of 
investment-related knowledge and experience. In general, it was found that the 
investors that participated in our investment survey cared about more than only 
risk and expected returns. Although financially oriented needs were rated as very 
important, more socially oriented needs and needs focused at investing as a nice 
free-time activity were also reported to be important. 

 
Chapter 3 

 
In chapter 3, we perform a number of more elaborate analyses on the data that was 
obtained from the empirical study. In this chapter, the effects on investors’ 
decision-making behavior of the importance of the different needs they may strive 
to satisfy, as well as their level of investment-related knowledge and experience 
were investigated. More specifically, using regression analyses, we investigated 
the effect of the before-mentioned factors on investors’ conformity behavior. It 
was found that individual investors that gave a greater importance to socially 
oriented needs or had lower levels of investment-related knowledge and 
experience had a greater propensity to perform both more informational 
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conformity behavior as well as more normative conformity behavior. Exact 
definitions of these two concepts can be found in chapter 3. 

 
The second research objective and the second and third research questions focus 
on the aggregate effect of investors’ decision-making processes as investigated in 
the chapters 2 and 3 on overall stock market dynamics. Yet, as explained in 
previous sections of this introduction, empirical (survey) studies and the 
accompanying statistical analyses are less suitable methods to answer these types 
of questions. To answer these types of questions and achieve the second research 
objective, other methods are called for, like multi-agent social simulation. In 
chapter 4 and 5, multi-agent social simulation is applied to answer the before 
mentioned research question and achieve the before mentioned research objective, 
respectively.  

 
Chapter 4 

 
In chapter 4, the model of investor behavior by Day and Huang (1990) is re-
formalized in a multi-agent social simulation environment. This specific model is 
a representative example from a class of models in which so-called ‘rational’ 
traders, often called fundamentalists, are let to interact with so-called ‘irrational’ 
traders, which in alternation have been called chartists, technical analysts, or 
noise traders and which subsequently observes the stock market dynamics that 
result from these market interactions (Hommes, 2006; LeBaron, 2000). These 
types of markets illustrate how simple interactions at the individual, micro level 
can cause sophisticated structures and emergent phenomena at the aggregate, 
macro level.  

In this specific model, the fundamentalists base their investment decisions upon 
market fundamentals and expect the asset price to move towards its fundamental 
value and buy (sell) assets that are undervalued (overvalued). In contrast, the 
chartists or technical analysts are more socially oriented and look for simple 
patterns, like for example trends in past prices and base their investment decisions 
upon extrapolation of these historical patterns.  

More specifically, in chapter 4 the model of Day and Huang (1990) was used to 
investigate the effect on the stock market price and returns dynamics of changing 
proportions of ‘rational’ investors who are mainly interested in the fundamentals 
of a stock versus socially oriented trend following investors, changing sizes of the 
investor population, as well as the effect of heterogeneous versus homogeneous 
investor populations. It was found that increasing the proportion of socially 
oriented trend following investors or the size of the investor population leads to 
increasingly volatile stock market price and returns dynamics. Moreover, markets 
populated by homogenous investors following identical investment strategies 
reached higher levels of volatility earlier than markets that were populated by 
heterogeneous investor populations.  

Yet, even after we made a number of modifications to the original model 
specification, the model inspired by Day and Huang (1990) has a number of 
limitations, which justified the development of a more realistic multi-agent social 
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simulation model of investor behavior. In chapter 4, these limitations will be 
discussed more extensively. 

 
Chapter 5 

  
In chapter 5, we present a model on investor behavior that takes the limitations of 
the model as discussed in chapter 4 into account. Most importantly, this model, 
called SimStockExchange™ 1, uses more realistic agent rules that are derived 
from the empirical studies of which the results were reported in chapters 2 and 3. 
Moreover, SimStockExchange allows for far more elaborate processes of social 
interaction to take place amongst the investor agents.  

More specifically, in this chapter we give a practical example of the possible 
combination of empirical micro and macro level data, theoretical micro and macro 
level perspectives, and a multi-agent social simulation approach in the 
development of an artificial stock market. In this artificial stock market, investor 
agents make investment decisions using empirically estimated decision rules and 
socially interact in different social network structures. From these market 
interactions, macro level price and returns time series result, which are 
subsequently compared to empirical macro level data. These comparisons 
illustrated the agreement between the simulated market data and real market data 
with regard to a number of stylized financial market facts and also pointed out a 
number of opportunities for future research. 

 
Chapter 6 

 
In chapter 6, we will draw a number of overall conclusions based on the previous 
chapters, summarize the results of this thesis and outline possibilities for future 
research. 

1.9 Included Publications 

The chapters in this thesis are based on papers that are either published, accepted 
for publication, or currently under publishing consideration. Consequently, each of 
these chapters is readable as an individual contribution. Yet, the chapters are 

                                          

1 More information and a downloadable demonstration version of this model can be found 
at www.simstockexchange.com.  
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closely related and should preferably be read in the included order. The chapters 
are based on the following papers (with the corresponding chapter numbers), 
respectively: 
 
Chapter 2: 
 
- Hoffmann, A. O. I. (2007). Individual Investors’ Needs and the Investment 
Professional: Lessons from Marketing. The Journal of Investment Consulting, 8 
(2), 82-93. 
  
Chapter 3: 
 
- Hoffmann, A. O. I., Von Eije, J. H., & Jager, W. (2006b). Individual Investors’ 
Needs and Conformity Behavior: An Empirical Investigation. SSRN Working 
Paper Series No. 835426. 
 
Chapter 4: 
 
- Hoffmann, A.O.I. & Jager, W. (2005). The Effect of Different Needs, Decision-
making Processes and Network Structures on Investor Behavior and Stock Market 
Dynamics: a Simulation Approach. ICFAI Journal of Behavioral Finance, 2, 49-
65.  

 
- Hoffmann, A. O. I., Delre, S. A., Von Eije, J. H., & Jager, W. (2005). Stock 
Price Dynamics in Artificial Multi-Agent Stock Markets. In: P. Mathieu, B. 
Beaufils, & O. Brandouy (Eds.), Artificial Economics: Agent-Based Methods in 
Finance, Game Theory and Their Applications (pp. 191-201). Heidelberg: 
Springer Verlag. 
 
- Hoffmann, A. O. I., Delre, S. A., Von Eije, J. H., & Jager, W. (2006a). Artificial 
Multi-Agent Stock Markets: Simple Strategies, Complex Outcomes. In: C. Bruun 
(Ed.), Advances in Artificial Economics: The Economy as a Complex Dynamic 
System (pp. 167-176). Heidelberg: Springer Verlag. 

 
Chapter 5: 
 
- Hoffmann, A. O. I., Jager, W., & Von Eije, J. H. (2007). Social Simulation of 
Stock Markets: Taking it to the Next Level. Journal of Artificial Societies and 
Social Simulation, 10 (2). 
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2. Individual Investors’ eeds and the Investment 
Professional: Lessons from Marketing 1 2 

2.1 Introduction 

 “…for me, investing is playing with stock markets…it gives me a kick.” 
 
 
Above-mentioned statement was entered as a general remark by one of the 
respondents of our investment survey. Apart from its value as a piece of anecdotic 
evidence on investor behavior, it also serves to illustrate that for many investors, 
investing constitutes more than simply weighting the risk and returns of various 
investment assets. Or, as in the words of Fisher and Statman (1997: 48): 
 

“... some - perhaps most - investors have preferences that go beyond expected 
returns and risk. A preference for stocks of socially responsible companies is one 

example.” 
 
These insights are supported by the recent literature in behavioral finance, in 
which marketing and consumer behavior theories and concepts are applied to 
distinguish between utilitarian and expressive characteristics of investing. 
Investing in the stocks of specific companies can offer utilitarian benefits like low 
risk and high returns, but also expressive benefits. For example, investments can 
help investors to demonstrate their feelings of patriotism, social responsibility and 
fairness or convey a position of high status to other investors (Statman, 1999; 
                                          

1 This chapter is a slightly modified version of Hoffmann, A. O. I. (2007). Individual 
Investors’ Needs and the Investment Professional: Lessons from Marketing. The Journal 
of Investment Consulting, 8 (2), 82-93. 

 
2 I am grateful to Meir Statman for his insightful comments on previous versions of this 

paper and the time and effort he invested in our discussions. 
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2004). Stock trading may even offer an investor so-called ‘flow experiences’ 
(Csikszentmihalyi, 1997; Statman, 2002: 17). This feeling comes close to that of 
‘getting a kick’ as uttered by the investor quoted above and is related to the feeling 
of camaraderie day traders may experience when they come together in trading 
rooms like players in a casino (Statman, 2002).  

Investments, however, are private matters and contrarily to wearing exclusive 
watches or driving expensive sports cars, outsiders will in general be relatively 
ignorant with respect to the size and composition of one’s investment portfolio. 
Investments  have a low visibility, and therefore can be considered to have a 
limited signaling function towards outsiders. Statman (2004), however, argued 
that the self-signaling benefits (see e.g., Quattrone and Tversky (1984)) of making 
e.g., socially responsible investments help to explain the preference of some 
investors for these stocks. By signaling to themselves that they are socially 
responsible members of society, these investors achieve expressive benefits. 
Notwithstanding the value of self-signaling, we argue that investors - like 
consumers - may sometimes also deliberately want to signal to outsiders, by 
displaying and discussing about their investments with other investors in their 
social networks. This may be in order to attain or maintain status; i.e. investments 
as a form of conspicuous consumption (Janssen & Jager, 2003; Veblen, 1899). Or 
this may be to satisfy other, more socially oriented needs, like the need to 
participate in investment related conversations or to affiliate with other investors. 
Investors might even simultaneously satisfy multiple needs. For example, an 
investment process initially started to save for retirement may turn out to be a nice 
free time activity as well as offering interesting learning opportunities. In this way, 
financially oriented needs may be satisfied at the same time as socially and 
intellectually oriented needs. Although these possibilities are absent in the original 
needs hierarchy of Maslow (1954), simultaneities, complementarities, and trade-
offs between different needs are introduced in more recent research on human 
needs (Jackson et al., 2004; Max-Neef, 1992). 

 For investment professionals, it is important to be aware that their clients may 
have multiple needs, and to discover and cater to these needs. After all, successful 
financial products, like all successful products, are those that meet the needs of 
customers (Statman, 1999: 25). This implies, that investment professionals now 
explicitly have to deal with questions that were formerly considered to belong to 
the domain of marketing. Yet, it may well prove to be a challenging task to 
reinforce this link between marketing and investment (Statman, 2004: 160): 

 
“Money managers, securities designers, and all other investment professionals 
practice marketing as they seek to understand investor needs, utilitarian and 

expressive, and satisfy them. Yet investment professionals are reluctant to discuss 
marketing, and few articles link marketing to the investment profession. I hope 

that in the future the link between investment and marketing would become 
stronger and more explicit.” 

 
Explicitly linking investment and marketing could for example imply that 
investments are viewed as a specific type of consumption good bought by a 
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specific type of consumer instead as non-consumption goods. Fama and French 
(2005), two most fierce proponents of standard finance that assumes that only risk 
and expected returns matter, have recently questioned the common assumption in 
finance that investment assets are not also consumption goods. Consistent with the 
view of the previously cited behavioral finance scholars, Fama and French (2005: 
2) accepted that investors might be concerned with more than risk and expected 
returns and stated that loyalty or the desire to belong to others may also impact 
investors’ decision-making. Examples of investments inspired by the latter 
considerations are holding the stocks of one’s employer in greater quantities than 
justified by payoff characteristics (Cohen, 2004), buying stocks of one’s favorite 
football club or avoiding so-called ‘sin-stocks’. Sin-stocks are stocks of 
companies active in businesses related to e.g., alcohol, tobacco, gambling, and 
weapons or defense (Waxler, 2004). 

Being aware of the many considerations and needs beyond risk and return that 
influence investors’ behavior, it is surprising that finance journals are mostly 
confined to the utilitarian benefits of low risk and high expected returns (Statman, 
2004: 154). Just as surprising is that there are no reports in the literature of 
empirical investigations on the multiple needs investors may try to satisfy by 
investing, and whether there are significant differences in these needs between 
male and female investors, young and old investors, or investors with higher 
versus lower levels of investment-related knowledge and experience. It is 
important for investment professionals to get a clear understanding of these 
differences, as they are relevant for the design of new securities, obtaining new 
clients, retaining existing clients, and increasing the customer satisfaction of 
existing clients. 

We contribute by performing a fine-grained empirical investigation on the 
multiple needs of individual investors using theories and research techniques 
originating from marketing and consumer behavior research. 

The remainder of this chapter is organized as follows. Section 2.2 describes the 
methodology. Section 2.3 presents the results of the study. Section 2.4 states the 
possible implications for investment professionals like investment consultants and 
offers practical advice on how to deal with the results of this study. The final 
section 2.5 concludes, discusses the limitations of the study, and indicates 
directions for future research. 

2.2 Method 

2.2.1 Participants and Design  

To find out the different needs of investors, an online questionnaire was developed 
and administered in 2005-2006. To allow for suggestions on the structure of the 
questionnaire as well as to assess the content and face validity of the questionnaire 
(Mitchell, 1996), several consumer behavior and investment experts were 
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consulted. Moreover, before using the questionnaire to collect final data, it was 
pilot tested amongst 78 Bachelor and Master Students at the author’s university. 
The purpose of the pilot test was to ensure that the respondents had no problems in 
answering the questions and to make sure that the recording of the data was 
properly executed. Moreover, the pilot test ensured the constructive validity of the 
questionnaire. After the pilot test, some minor lay-out and grammatical 
adjustments were made to the questionnaire. The various items and constructs, 
however, remained the same.  

The final questionnaire was distributed online. Individual investors with direct 
investments in the stock market were needed for the study sample. However, due 
to the Dutch privacy regulations, it is prohibited for e.g., banks and investment 
companies to distribute contact information about their clients to external parties. 
Therefore, a sampling frame was developed which takes the above-mentioned 
considerations into account. Subsequently, visitors of 4 well-known Dutch 
investment-related websites were asked to complete the questionnaire. These 
websites offer a wide range of investment-related information, as e.g., analysts 
reports on overall market developments or individual stocks, and financial news 
items. Moreover, they feature online discussion groups and provide access to 
online trading systems. These characteristics made visitors of these websites an 
appropriate respondent group.  

As an incentive, participants could win an Apple iPod MP3 player that was 
raffled after the study. Before completing the questionnaire, it was made clear to 
all participants that this was a non-commercial academic study and that under no 
circumstances their individual data would be made available to any third party. It 
was, moreover, possible for respondents to complete the questionnaire 
anonymously. In that case, however, they could not win the MP3 player, as the 
researchers did not have their contact details.  

For some more sensitive questions, for example with regard to the respondent’s 
portfolio size and their age, it was indicated that these questions did not need to be 
answered. In these instances, missing answers did not lead to deletion of the 
questionnaire. In all other cases, incomplete questionnaires were deleted, after 
which 486 questionnaires remained for further analysis. The questionnaire can be 
found in appendix 2.1 at the end of this chapter.  

2.2.2 Respondent Characteristics 

The mean age of the respondents was 53 years, while the median age was 55 
years. The youngest participant was 16 years old, while the oldest participant was 
85 years old. The sample consisted of 431 male investors and 55 female investors. 
Mean portfolio size was approximately 226,000 Euro, with a median of 70,000 
Euro, and a mode of 50,000 Euro (in the period of the availability of the 
questionnaire this is comparable to approximately 294,000, 91,000, and 65,000 
US Dollar, respectively). The mean number of transactions that respondents 
executed on a yearly basis was 89, with a median of 30. On average, the 
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respondents had 16 years of investing experience, with a median of 13 years. 
These descriptive respondent characteristics are presented in table 2.1. 

The relatively small sample size of this investment survey introduces the 
possibility of a general bias in the sample with respect to these respondent 
characteristics in comparison to the general population of investors with direct 
investments in the Dutch stock market. 

Therefore, we compared the respondents’ age and gender distribution as well as 
their portfolio size with data from the 2002 NIPO Investment Survey (results from 
this study are presented in e.g., VEB (2002)). This comparison showed that our 
respondents were on average older (53 years as compared to 48 years) and more 
likely to be male (89% as compared to 71%). The modal portfolio size of our 
respondents, however, was equal to the size that could be found in the general 
population, i.e. 50,000 Euro (in the period of the availability of the questionnaire 
this is comparable to approximately 65,000 US Dollar). Unfortunately, the NIPO 
Investment Survey (2002) did not offer information on the average number of 
transactions and years of investment experience. It was therefore not possible to 
check whether our sample is biased in that respect. Yet, based on the previously 
presented information, it is plausible that our respondents are relatively active 
investors. 

The fact that the respondents of our investment survey are visitors of 
investment-related websites introduces the possibility of a more specific type of 
sample bias. That is, considering that the respondents are willing to invest their 
free time in accessing investment-related websites on their computers makes it 
likely that they have a greater interest in investment research and knowledge than 
the general population.  

It is important to be aware of the possibility that the previous characteristics 
may have an influence on some of the respondents’ scores on the questions of our 
investment survey. For example, it could be possible, that our respondents have a 
greater propensity to consider investing to be a nice free time activity. Yet, the 
comparison of our sample on the general respondent characteristics proved our 
sample not to be far out of line with the more general population of individual 
investors with direct investments in the Dutch stock market.  

2.2.3 Measures  

The relevant questions in the questionnaire were classified into three groups.  
First, we asked descriptive characteristics of the respondents as discussed 

above.  
Second, a number of questions were asked to determine the importance of the 

different needs that investors might strive to satisfy. Participants reported the 
importance of the various needs by rating their agreement with statements that 
described different reasons for investing using a five-point Likert scale, where 1 = 
completely disagree, 2 = disagree, 3 = neither disagree, nor agree, 4 = agree, and 
5 = completely agree. The development of the statements was based on Max-
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Neef’s (1992) Matrix of Needs and Satisfiers by translating his statements to an 
investment setting. In general they were of the following design: “I invest 
because…”. For each need, a statement was developed, resulting in six questions 
in total that were used to measure the importance of the different needs. 

Third, the respondents were requested to self-report on their investment-related 
knowledge and experience. In this respect, it is important to note that recent 
research on individual investors has shown that the self-perception of investors as 
revealed by their survey responses is fairly accurate (Dorn & Huberman, 2005: 
440). That is, the self-reported knowledge of investors is strongly positively 
related to the actual knowledge of these investors. A five-point Likert scale was 
subsequently used to measure the level of investment-related knowledge and 
experience, where 1 = I have very little knowledge/experience, 2 = I have little 
knowledge/experience, 3 = I have an average amount of knowledge/experience, 4 
= I have much knowledge/experience, and 5 = I have very much 
knowledge/experience.  

The specific questions for each group, the number of respondents per question 
(N), the mean and median score, as well as the standard deviation (SD) are all 
available in table 2.1 below.  
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Table 2.1. Questions and Descriptives  
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2.3 Results 3 

2.3.1 Investors’ Multiple eeds 

As a general result, in figure 2.1 below, the importance of the different needs 
investors strive to satisfy by investing are plotted in a bar chart. 

 
 

 
Fig. 2.1.  Importance of Investors’ Needs. 

Figure 2.1 shows, that although the respondents rate the potential for financial 
gain as the most important reason for investing, investing as a nice free time 
activity, more socially oriented needs - participating in investment related 

                                          

3 We have also performed a number of non-parametric tests, like the Mann-Whitney U-test, 
which led to very similar results. 
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conversations, and affiliation with other investors - and needs more focused at 
understanding and mastering new skills - investing as an opportunity to analyze 
problems, look for new constructions and learn - are also rated as important needs. 
Although the minimum rating of a need is a score of 1 -  indicating that the 
respondents completely disagreed with its importance - even the need that is rated 
as the least important by our respondents has an average score of 2.50.   

The results of a one-way ANOVA proved the differences in importance 
between all the different needs to be statistically significant F(5, 2887) = 139.13, p 
= 0.00. 

2.3.2 Male versus Female Investors 

Figure 2.2 displays the differences in importance of the different needs of 
investors between female and male investors. Table 2.2 presents the average 
scores for the different needs and a number of descriptive characteristics of these 
two groups, as well as the results of an independent samples t-test that shows 
which differences are statistically significant. 

 
 

 
 

Fig. 2.2.  Differences between the Importance of Investors’ Needs due to Gender. 

From the bar chart in figure 2.2 and the data of table 2.2, we can see that both 
male and female respondents rate the potential for financial gain as the most 
important reason for investing. In comparison to male investors, female investors, 
however, have a score that is slightly higher. It is furthermore interesting to see, 
that females rate the need for understanding and mastering new skills - investing 



Essays on The Social Dimensions of Investor Behavior 
 

32 

as an opportunity to analyze problems, look for new constructions and learn - as 
more important than investing as a nice free time activity. For male investors, the 
relative importance of these two needs is the other way around. Male investors 
rate the need for investing as a nice free time activity as more important than the 
need for understanding and mastering new skills. The relative importance for the 
remaining needs show the same pattern for male and female investors, although 
the scores differ. Female investors are more concerned with their retirement than 
male investors, while male investors rate the need for investment related 
conversations higher than female investors, and also rate the need for investing to 
affiliate with other investors as more important than female investors do. It should 
be noted, however, that - probably due to the relatively small proportion of women 
in our sample - none of the differences between male and female investors with 
regard to the importance of the different needs is statistically significant. It can be 
expected, that larger samples and samples with a more even distribution between 
men and women show different - i.e. significant - results.  
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Table 2.2. Average Scores and T-statistics for Female versus Male Investors. 
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On the right-hand side of table 2.2, we also present some general descriptive 
differences between male and female investors. From this table we can see that the 
female investors in our investment survey had significantly smaller portfolio sizes 
than their male counterparts. On average, the portfolio size of the male investors 
was about three times the size of those of the female investors. The male investors 
in our sample were also on average about 2 years older than the female investors, 
which might have enabled them to accumulate more wealth than the female 
investors. Yet, the differences in portfolio size seem too large to be explained by 
age differences only. Nevertheless, it is a common finding in the literature that 
female investors hold smaller portfolio’s of stocks than male investors (see e.g., 
Barber and Odean (2001: 275)). 

Furthermore, female investors had significantly less investment experience than 
male investors. On average, male investors had 2.5 years more investment 
experience than the female investors.  

Moreover, female investors performed significantly less transactions than male 
investors. On average, male investors performed about 35 transactions per year 
more than female investors did. In percentage terms, this means that the male 
investors traded almost 60% more than the female investors. This large number of 
transactions may be a consequence of the before-mentioned importance for male 
investors of investing as a nice free time activity and the accompanying active 
portfolio management. Yet, the large number of transactions of male investors 
might also be a result of overconfidence; male investors may think that they can 
easily beat the market and as a result they perform many transactions. This 
explanation is supported by recent behavioral finance research which has shown 
that overconfident investors trade more than investors who do not suffer from 
overconfidence (Odean, 1998). Moreover, male investors have a predisposition for 
overconfidence as shown by a recent study of Barber and Odean (2001). Using a 
very large sample from a discount brokerage firm, the latter study documented 
that due to overconfidence, men in this sample traded 45% more than women.  

2.3.3 Younger versus Older Investors 

In figure 2.3 below, based on the median age of our respondents, we have made a 
distinction between younger (up to 55 years) and older (from 55 years) investors. 
For these two groups, a bar chart is shown comparing their scores on the 
importance of the different needs. Table 2.3 presents the average scores for the 
different needs and a number of descriptive characteristics of these two groups, as 
well as the results of an independent samples t-test that shows which differences 
are statistically significant. 
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Fig. 2.3.  Differences between the Importance of Investors’ Needs due to Age. 
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Table 2.3. Average Scores and T-statistics for Younger versus Older Investors. 
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From the bar chart in figure 2.3 and the data of table 2.3, it is interesting to note 
that younger investors rate both the need for the potential for financial gain as well 
as the need for safeguarding their retirement as more important than older 
investors do. Although for older investors, retirement is closer by than for younger 
investors, it are exactly the younger investors who rate this need as a more 
important reason for investing. This can be explained in the following way. Just 
because retirement is closer by for older investors, this does not automatically 
make it a more important issue for them. Rather, the chances are higher that they 
have already taken care of it, which might lower its importance for this group of 
investors. Younger investors, however, have to think now about what to do in 
order to safeguard their future retirement. These differences, however, were not 
statistically significant. 

Moreover, figure 2.3 and table 2.3 indicate that younger investors rate the need 
for understanding and mastering new skills - investing as an opportunity to 
analyze problems, look for new constructions and learn - as significantly more 
important than older investors. These older investors, on the contrary, rate the 
more social need to affiliate with other investors as more important than younger 
investors do, although this difference is not statistically significant. The younger 
investors rate investing as a nice free time activity as significantly more important 
than the older investors do. Moreover, younger investors rate the need to 
participate in investment related conversations with other investors as more 
important than older investors do, although this difference is not statistically 
significant.  

On the right-hand side of table 2.3, we also present some general descriptive 
differences between younger and older investors. From this table, we can see that 
older investors have significantly more investment experience than younger 
investors. On average, older investors have about 7 years more of investment 
experience than younger investors. Moreover, older investors have a significantly 
larger portfolio size than their younger counterparts. The portfolio of older 
investors is on average about four times the size of those of the younger investors. 
Both differences are unsurprising. In general, older investors have worked for 
more years than younger investors, which enabled them to accumulate more 
wealth and gain more investment experience. Nevertheless, the relatively small 
portfolio size of younger investors helps to understand why they rate the potential 
for financial gain and safeguarding one’s retirement as more important than the 
older investors; these young investors simply need to achieve sufficient financial 
gains to safeguard their retirement as their current portfolio size is not yet 
sufficient to live from when they are retired.  

More surprising is that the older investors perform more transactions than the 
younger investors, while the younger investors give greater importance to the need 
of investing as a nice free time activity, which in fact could justify a more active 
portfolio management and a larger number of transactions. Perhaps the older 
investors simply have more time available for managing their portfolio’s or the 
larger portfolio size of the older investors accounts for the larger number of 
transactions. This last difference, however, was not statistically significant.  
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2.3.4 Differences in Investment-related Knowledge and Experience 

In figure 2.4 below, using the median level of investment-related knowledge and 
experience of our respondents, we have made a distinction between investors with 
a high level of investment-related knowledge and experience and investors with a 
low level of investment-related knowledge and experience. Table 2.4 presents the 
average scores for the different needs and a number of descriptive characteristics 
of these two groups, as well as the results of an independent samples t-test that 
shows which differences are statistically significant. 
  

 
Fig. 2.4. Differences between the Importance of Investors’ Needs due to different Levels of 
Investment-Related Knowledge and Experience. 

From the bar chart in figure 2.4 and the data of table 2.4, we can see that investors 
with a lower level of knowledge and experience rate all needs as less important 
than investors with a higher level of knowledge and experience. With regard to the 
need that deals with safeguarding one’s retirement, the difference in importance 
between investors with a lower level of knowledge and experience and investors 
with a higher level of knowledge and experience is relatively small and 
statistically insignificant, while the differences between these two groups are both 
statistically significant and more substantial for all the other needs. 

On the right-hand side of table 2.4, we also present some general descriptive 
differences between these two groups. It was found that investors with more 
investment-related knowledge and experience performed significantly more 
transactions per year than investors with a lower level of investment-related 
knowledge and experience. Not surprisingly, those investors that had a higher 
level of investment-related knowledge and experience, were also significantly 
more experienced in the number of years they already invested in comparison to 
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the investors that reported lower levels of investment-related knowledge and 
experience. Moreover, investors with a higher level of investment-related 
knowledge and experience had a larger portfolio size than the investors with a 
lower level of investment-related knowledge and experience, although this last 
difference was not statistically significant. 
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Table 2.4. Average Scores and T-statistics for Investors with lower versus higher Levels of 
Knowledge and Experience.  
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2.4 Implications for Investment Professionals 

The results of our investment survey indicated that our respondents care about 
much more than risk and expected returns when making their investment decisions 
as was already suggested by the literature on utilitarian versus expressive benefits 
of investing. Using a fine-grained distinction between six different needs, we now 
have an insight into the importance of these different needs for real-life investors.  

Investment professionals like investment consultants should be aware of this 
insight and use this knowledge in their day-to-day contact with clients, their more 
long-term marketing plans, as well as in the design of new security products. In 
the next few paragraphs, we will more extensively deal with the implications of 
our study for investment professionals. 

 
First, although in this study the differences between male and female investors 
with regard to the importance of the different needs were found to be statistically 
insignificant, it is important for investment professionals like investment 
consultants to be aware of possible gender differences. Future studies with larger 
samples and/or samples with a more even distribution between male and female 
investors might show significant differences between male and female investors. 
Therefore, we do consider it worthwhile to sketch a perspective on the ways 
investment consultants could adapt their sales pitches and marketing 
communications to deal with the gender differences as found in our study given 
that they would be found to be significant in future studies.  

In general, our results suggest that financially oriented needs should constitute 
an important part of all communications investment consultants have with their 
clients, either more directly through face-to-face contacts, or more indirectly 
through e.g., brochures on investing.  

However, investment consultants might also consider it worthwhile to pay 
additional attention to needs focused more at understanding and mastering new 
skills when dealing with female clients. When dealing with male clients, 
investment consultants might focus on investing as a nice free time activity, and 
more social needs like participating in investment related conversations with other 
investors, and affiliating with others. A practical example of this would be to 
develop differentiated advertisements for magazines of which the majority of the 
readership is female (e.g., Marie Claire, Redbook, or Elle), magazines of which 
the majority of the readership is male (e.g., Esquire, Maxim, or Road and Track), 
and magazines with a more mixed readership (e.g., Business Week, Forbes, or 
Time Magazine). 

However, before implementing these suggestions, further research on the 
significance of the differences between male and female investors has to be 
awaited.  

We did, however, find significant differences between male and female 
investors with regard to their portfolio size, number of transactions per year, and 
their investment experience in years. Dependent on how these relationships are in 
the overall investor population, investment professionals might like to take these 
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more general differences between male and female investors into account as they 
can give indications of the respective profitability of these two groups. 

Based on the potential for high revenues in terms of brokerage and transaction 
fees that can be associated with male investors’ large portfolio sizes and 
substantial number of transactions, it is tempting to consider this group to contain 
the most lucrative clients. However, male investors have more investment 
experience which makes it more likely that this are relatively self-supporting 
clients that are more likely to use online brokerage services - which are known for 
their relatively low margins - instead of the more costly and more personal 
services of an investment consultant. Female investors, on the other hand, have 
less years of investment experience, and therefore might be more willing to 
consider high-margin services like the additional - personal - counseling and 
education from an investment consultant.  

 
Second, it is important for investment professionals and investment consultants to 
be aware of age differences. Investment professionals and consultants who fine-
tune their communications, marketing efforts, and design of new securities to 
accommodate these differences are expected to have better chances of improving 
their company’s performance than investment professionals who do not take these 
differences between investors into account. When dealing with younger clients, 
investment consultants might focus on the need for understanding and mastering 
new skills - investing as an opportunity to analyze problems, look for new 
constructions and learn - and investing as a nice free time activity. Younger 
investors score significantly higher on these needs than older investors and can 
therefore be expected to be either more willing to invest in or be less price-
sensitive to securities that match this profile. 

Although based on the significantly larger portfolio size of older investors 
compared to younger investors, the former group seems more lucrative than the 
latter group in terms of e.g., brokerage and transaction fees, younger investors 
might also constitute a rewarding target, especially for investment consultants. 
Younger investors - with their significantly smaller portfolio sizes and less years 
of investment experience than older investors - are probably more in need of 
specific investment advice to for example financially safeguard their retirement, 
than older investors, who are already close to retirement. Designing the right 
investment plan for these younger investors today offers the perspective of a long-
term relationship with these clients and the accompanying profits tomorrow and 
the days after tomorrow. 

  
Third, investment professionals like investment consultants should be aware of the 
possible differences of their clientele with regard to their investment-related 
knowledge and experience and the impact of these differences on the importance 
of the different needs of investors.  

The practical implications of these differences are two-sided. On the one hand, 
the difference between the two groups of investors is only a difference in 
magnitude of the importance of the different needs. There are no specific needs for 
which the investors with a higher level of investment-related knowledge and 



Chapter 2: Individual Investors’ Needs and the Investment Professional 
 

43 

experience score higher and other needs for which the investors with a lower level 
of investment-related knowledge and experience score higher. Overall, investors 
with a higher level of investment-related knowledge and experience score higher 
than those with a lower level of investment-related knowledge and experience. 
This suggests, that investment professionals do not need to differentiate in their 
overall marketing plans and securities design between investors with lower levels 
of investment-related knowledge and experience and investors with higher levels 
of investment-related knowledge and experience per se. On the other hand, 
investors with lower levels of investment-related knowledge and experience had 
an overall lower rating of the different needs than investors with higher levels of 
investment-related knowledge and experience. This is a clear piece of marketing 
information in the sense that investment professionals could expect these two 
groups to differ in their sensitivity and response towards the amount and type of 
marketing communications and differences in securities design. In general, 
consumers with more knowledge and experience have been found to perform less 
external search (e.g., reading specialized magazines and consumer reports) and 
more internal search (e.g., recapitulating from one’s own experiences) (Beatty & 
Smith, 1987). Moreover, consumers that can be considered to be experts with 
regard to the specific decision at hand perform more selected and bottom-up 
search, starting comparing details, while novices are sensitive for external cues 
like brand image and price and are more top-down oriented. Furthermore, while 
novices are sensitive for e.g., the sheer number of technical details provided in 
marketing communications, experts are more likely to judge the significance of 
these technical details (Solomon, 2007).  

2.5 Conclusion and Discussion 

The behavioral finance literature argued that investors may care about more than 
risk and returns. Investing may offer expressive benefits like status and feelings of 
social responsibility besides utilitarian benefits like low risk in combination with 
high returns. Tastes differ and different investors like stocks for different reasons 
as they try to satisfy different needs with their investments. We have performed an 
empirical study on the different needs investors aim to satisfy by investing. Our 
investment survey made a fine-grained distinction between these different needs 
and showed important differences for male and female, old and young investors, 
and investors with a high level of investment-related knowledge and experience 
and investors with a low level of investment-related knowledge and experience. 

Investment professionals like investment consultants are advised to consider the 
different needs of investors and the differences between the importance of the 
different needs for the different groups of investors and adapt their marketing 
plans, communication with existing and potential clients, and their new securities 
design accordingly.  

Moreover, this chapter made a more direct link between marketing and 
investments. This was done both by using marketing and consumer behavior 
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concepts and theories and by discussing the implications of our investment survey 
in marketing terms.  

The nature of our investment survey, however, brings along a number of 
possible limitations to the generalizability of the results. It is important to consider 
these limitations before generalizing the results beyond the specific class of 
investors that participated in this study.  

First, the greater part of the general population of investors with direct 
investments in the Dutch stock market are older males. Yet, the participants of this 
study were slightly older and even more likely to be male than the investors in the 
general population. 

Second, the participants of this study were interested in spending their free time 
on the computer accessing investment-related websites and seemed to be relatively 
active investors who like to transact. This could possibly affect their scoring on a 
number of questions of our investment survey. In particular, these two 
characteristics could lead to higher scores for investing as a nice free time activity. 

Third, although the modal portfolio size of the participants of this study was 
equal to that of the general population, it is important to realize that these 
investors had a reasonable amount of wealth in their portfolio on average.  

Fourth, the respondents of our survey were Dutch investors. Dutch society - 
like the society of the United States, Great Britain, and Australia -  has been found 
to have a very high level of individuality (Hofstede, 1983). Similar results can 
therefore be expected to be found in the United States, but future studies have to 
show what effects can be found in more collectivistic countries, like for example 
those in Central America, Asia, or even Scandinavia.  

Therefore, future studies with both a larger and more international sample have 
to demonstrate the universality of this study’s results. 
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Appendix 2.1: Questionnaire 

 
Group 1: Descriptive Characteristics 
 

 
Please answer the following general questions.  
 
 
1. What is your gender?      
 

 Female 
 

 Male 
 
 

2. In what year were you born? (Please give the complete date, e.g., 1955) 
    

  
 
 

3. What is your estimated portfolio size in Euro?   
 

 
 
 

4. In what year did you first start to invest? (Please give the complete date, e.g., 
1995)  
 

 
 
 

5. What is the average number of investment transactions that you perform on a 
yearly basis? 
       

 
 

 
Group 2: eeds 

 
 

Please indicate to which degree you agree or disagree with the following 
statements: 
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6. I invest because of the potential for financial gain.  
 
 Completely disagree 

 
 Disagree 

 
 Neither disagree, nor agree 

 
 Agree 

 
 Completely agree 

 
 
7. I invest because I like to analyze problems, look for new constructions and 
learn. 
 

 Completely disagree 
 

 Disagree 
 

 Neither disagree, nor agree 
 

 Agree 
 

 Completely agree 
 
 
8. I invest because it is a nice free time activity. 
 

 Completely disagree 
 

 Disagree 
 

 Neither disagree, nor agree 
 

 Agree 
 

 Completely agree 
 
       
9. I invest because I want to safeguard my retirement. 
 

 Completely disagree 
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 Disagree 
 

 Neither disagree, nor agree 
 

 Agree 
 

 Completely agree 
 
 
10. I invest because I like to participate in investment related conversations with 
others. 
 

 Completely disagree 
 

 Disagree 
 

 Neither disagree, nor agree 
 

 Agree 
 

 Completely agree 
 
 
11. I invest because I like to affiliate with other investors. 
 

 Completely disagree 
 

 Disagree 
 

 Neither disagree, nor agree 
 

 Agree 
 

 Completely agree 
 
 
Group 3: Investment-Related Knowledge and Experience 
 

 
Please answer the following questions with regard to your amount of investment-
related knowledge and experience. 

 
 

12. How would you characterize your amount of investment-related knowledge? 
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 I have very little knowledge 
 

 I have little knowledge  
 

 I have an average amount of knowledge 
 

 I have much knowledge 
 

 I have very much knowledge 
 
 
13. How would you characterize your amount of experience in investing? 
 

 I have very little experience 
 

 I have little experience 
 

 I have an average amount of experience 
 

 I have much experience 
 

 I have very much experience 
 
 
 



 

 49 

3. Individual Investors’ eeds and Conformity 
Behavior: An Empirical Investigation 1 2 

3.1 Introduction 

Mainstream finance literature is based on the assumption of rational and 
omniscient investors who optimize the risk/return profile of their portfolios. This 
approach has merits in the development of theoretical foundations like the Capital 
Asset Pricing Model and the Arbitrage Pricing Theory for a stylized world with 
efficient markets. However, treating investors as being utility optimizing, 
omniscient, and unboundedly rational sets limits to understanding and explaining 
real-life investors’ behavior.  

The limitations of mainstream finance are well-known in the field of behavioral 
finance and the extant literature in this field has contributed to understanding 
many facets of investor behavior that were initially inexplicable from a 
mainstream finance perspective (for a brief overview of behavioral finance, see 
e.g., Nofsinger (2002), Schleifer (2000), and Shefrin (2002)). Notwithstanding the 
important contributions of behavioral finance research, Frankfurter and McGoun 
(2002) criticize its strong reliance on the axioms and methods of mainstream 
finance. Furthermore, behavioral finance scholars call for a more explicit link 
between investments and marketing (Statman, 2004), and even Fama and French 

                                          

1 This chapter is a slightly modified version of Hoffmann, A. O. I., Von Eije, J. H., & Jager, 
W. (2006b). Individual Investors’ Needs and Conformity Behavior: An Empirical 
Investigation. SSRN Working Paper Series No. 835426 

 
2 We gratefully acknowledge AB Media, Ben Butot, Merwin Bisseling, and Tom Lassing 

for their assistance in gathering the data. Moreover, we thank Thijs Broekhuizen, Niels 
Hermes, Jasper Hotho, Robert van der Meer, Joeri Mol, Eugene Nivorozhkin, Robert 
Scapens, Meir Statman, Frans Tempelaar and Wim Westerman for their useful comments 
on earlier versions of this paper.  
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(2005) - two proponents of mainstream finance - recently questioned the strict 
distinction between investment assets and consumption goods. They noted that 
investors are concerned with more than only the payoffs from their portfolios and 
argued that tastes for assets as consumption goods can have price effects (Fama & 
French, 2005: 2).  

In this chapter we respond to these recent developments by following an 
interdisciplinary research approach in which theories and research techniques 
from consumer behavior and marketing research are used to study investor 
behavior. More specifically, we contribute both theoretically and 
methodologically to the behavioral finance literature by increasing our 
understanding of individual investor behavior by studying individual investors’ 
needs and conformity behavior using theories and research techniques originating 
from consumer behavior and marketing research.  

In line with recent behavioral finance research, we argue on a more 
fundamental level that using utility functions that only incorporate risk and 
expected returns for explaining investor behavior ignores the multiplicity of 
human needs, and the heterogeneity between individuals in satisfying these needs. 
Moreover, assuming investors to be omniscient ignores the fact that they may 
have to engage in information search processes and that they may be bounded in 
their rationality (Simon, 1957; 1976; 1982).  

Reducing utility to risk and expected returns implies that investors cannot 
derive utility from owning a particular type of stock except for its risk and return 
characteristics. This would, however, mean that fans of Manchester United do not 
consider buying stocks of their football club, unless this improved the risk-return 
profile of their portfolios. It would also imply that investors would not care for the 
social desirability of the stocks they buy and that weapon and tobacco stocks were 
evaluated in the same manner as green investment funds and health care stocks. 
Yet, it seems safe to assume, that more emotional and/or social reasons are 
dominant in deciding to purchase stocks from one’s favorite football club or a 
green investment fund. More generally, it has been argued that: 

 
“... some - perhaps most - investors have preferences that go beyond expected 

returns and risk. A preference for stocks of socially responsible companies is one 
example.” 

 
(Fisher & Statman, 1997: 48)  

 
Investors’ actual portfolios deviate from mean-variance-optimized portfolios, 
because the actual goals of investors are incongruent with the goals of mean-
variance-optimized portfolios (Fisher & Statman, 1997). Elaborating on these 
findings, Statman (2004) more recently has made the distinction between 
utilitarian and expressive benefits of investments. Apart from utilitarian benefits, 
like a combination of low risk and high expected returns, investments may offer 
an investor expressive benefits like e.g., feelings of status, patriotism, and social 
responsibility. 
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Moreover, people whose income or wealth enables them to invest have already 
fulfilled many of the primary needs like food and shelter, and therefore may aim 
to satisfy higher-ranked needs on the Maslow (1954) scale, like social esteem or 
self-actualization. This means that they may not mainly invest for higher returns, 
but also for striving to satisfy social and intellectual needs. Investors may even 
simultaneously satisfy multiple needs. For example, an investment process 
initially started to save for retirement may also turn out to be a nice free time 
activity as well as offering interesting learning opportunities. In this way, 
financially oriented needs may be satisfied at the same time as socially and 
intellectually oriented needs. Although this possibility is excluded in the original 
needs hierarchy of Maslow (1954), simultaneities, complementarities and trade-
offs between different needs are introduced in more recent research on human 
needs (Max-Neef, 1992).  

Furthermore, the traditional utility approach ignores the possibility that humans 
may derive utility from the investment process itself. Forwarding orders through 
the Internet or phoning a broker, tracking previous investment decisions by 
studying their outcomes and trying to outperform other investors may however 
generate intellectually and socially valuable interactions and challenges. 
Moreover, since investors are not omniscient, they may gather information on 
investment strategies, interesting companies or industries and other investors’ 
market behavior. Then, the investment process may be not merely time consuming 
and hindering the efficient functioning of markets, but it may also add to 
investors’ enjoyment and satisfy a wide range of needs, of which financially 
oriented needs naturally will be part. In this regard, recent behavioral finance 
research suggests that stock trading may sometimes offer an investor so-called 
‘flow experiences’ (Csikszentmihalyi, 1997; Statman, 2002: 17). Flow comes 
when high challenge meet high skills. It is the experience of day traders captivated 
by the flickering of colors on their monitor with stock prices and market 
developments or athletes ‘in the zone’ (Statman, 2002).  

 
Based on the above we assume that investors not only strive to satisfy financial 
needs, but also strive to satisfy other, socially oriented, needs.  

 
Therefore, it is hypothesized that: 
 
H 1 Investors may strive to satisfy other, more socially oriented, needs than 
only financially oriented needs. 
 
If investors do have more socially oriented needs, this can have important 
implications for their decision-making processes. It would imply that they do not 
make their decisions in social isolation. On the contrary, individual investors 
would be susceptible to social influences from other investors and they would 
exert social influence on other investors. Hirschleifer and Teoh (2003: 25) support 
this view by stating that: 
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“We are influenced by others in almost every activity, and this includes investment 
and financial transactions.” 

 
In line with this,  Shiller (1984: 457) argued that investing in speculative assets is 
“a social activity”.  

In social psychology and sociology in general, and in particular in consumer 
behavior and marketing research, the effect of social influence has been widely 
investigated, and recent studies have demonstrated that the real or imagined 
presence of others can significantly influence someone’s behavior (Abrams, 1994; 
Bearden et al., 1989; Kropp et al., 1999b; Lascu et al., 1995; Terry & Hogg, 
1996). 

Furthermore, when the results of decisions can affect both self-image and 
public image, social influences can play a particularly important role in decision-
making behavior (Kropp et al., 1999a) 3.  

A concept that plays a pivotal role in the social influence literature is 
conformity; i.e. adjusting one’s behavior or thinking to match those of other 
people or a group standard (see e.g., Sherif (1936) and Cialdini and Goldstein 
(2004)). There has been a considerable amount of research on social influence in 
general and conformity influence in particular (summarized by e.g., Cialdini and 
Goldstein (2004)). However, until now the literature has only infrequently touched 
upon individual investors’ conformity behavior, although De Bondt (1998: 835) 
already suggested the relevance of this behavior, stating that: 

 
“…it seems likely that conformist behavior affects assets prices.” 

 
Moreover, conformist behavior of investors is related to processes such as herding 
and informational cascades. These behavioral phenomena are frequently 
considered as driving forces behind excessive stock market price movements 
which are not justified by obvious news items, like the late 1990’s Internet Bubble 
(Lynch, 2001; Ofek, 2003; Sharma et al., 2005; Valliere & Peterson, 2004). 
Furthermore, policymakers like e.g., the International Monetary Fund, are 
concerned that herding by financial market participants exacerbates volatility, 

                                          

3 Studying investor behavior from this social influence perspective might also be useful in 
gaining a better understanding of the behavioral causes and dynamics of both 
informational cascades (Banerjee & Fudenberg, 2004; Bikhchandani et al., 1998; 
Hirschleifer, 1993; Hirschleifer & Teoh, 2003) and herding behavior (Bikhchandani & 
Sharma, 2000; Cont & Bouchaud, 2000; De Bondt & Forbes, 1999; Graham, 1999; 
Hirschleifer & Teoh, 2003; Lux, 1995; Orlean, 1989; Scharfstein & Stein, 1990). 
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destabilizes markets and increases the fragility of the financial system 
(Bikhchandani & Sharma, 2000). 

These considerations add additional weight to the importance and societal 
relevance of studying investors’ conformity behavior. 

 
In their seminal paper, Deutsch and Gerard (1955) make the important distinction 
between informational and normative conformity influences.  

Informational conformity influence is an influence to accept information from 
others as evidence about the reality (Deutsch & Gerard, 1955). Two ways exist in 
which this influence may be demonstrated. First, individuals may search for 
information from knowledgeable others in their social environment. Second, 
individuals may make inferences about reality based on the observed behavior of 
others (Park & Lessig, 1977). Informational conformity behavior (hereafter ICB) is 
driven by a desire to form accurate interpretations about the reality and to behave 
in a correct way (Cialdini & Goldstein, 2004), ‘correct’ meaning behaving in a 
way that brings one closer to achieving one’s objectives. It may be difficult to 
form accurate interpretations about the reality and to behave in a correct way due 
to reasons that are ‘internal’ to an individual, like a lack of knowledge or 
experience, and reasons that are ‘external’ to an individual, like an environment 
that is rapidly and unexpectedly changing. As a result, individuals are likely to 
experience feelings of uncertainty when making their decisions. In this chapter, 
we only consider the internal sources of uncertainty. Investors, realizing that their 
personal knowledge and/or experience is insufficient to make correct decisions, 
may try to reduce the resulting feelings of uncertainty and come to a decision by 
deriving investment related information from knowledgeable others or observing  
the behavior of other investors in their social network.  

Normative conformity influence relates to the individual’s desires to comply 
with the positive expectations of others (Deutsch & Gerard, 1955). The resulting 
normative conformity behavior (hereafter CB) is driven by a desire to obtain 
social approval from others and to achieve a sense of belonging (Cialdini & 
Goldstein, 2004). In this instance, investors conform to satisfy their more socially 
oriented needs, like the need to belong to and identify with social others (Maslow, 
1954; Max-Neef, 1992). More generally, it has been reported that persons who are 
more susceptible to interpersonal influences rate values of belonging, being well 
respected and warm relationships with others more highly than people who are 
less susceptible to this type of influence (Kropp et al., 1999a).  

However, it has been found too that the above two forms of conformity 
behavior are interrelated and difficult to disentangle in both theoretical and 
empirical terms (David & Turner, 2001). Nevertheless, the extant literature has 
maintained the conceptual distinction between the two concepts (Cialdini & Trost, 
1998).  

Due to this interrelationship of the two forms of conformity behavior, an 
investor’s level of knowledge and experience as well as the importance of more 
socially oriented needs can both be expected to be predictors of both ICB and CB. 
Nonetheless, in accordance with the literature on social influence (see e.g., 
Cialdini and Goldstein (2004)), ICB is expected to be more strongly affected by the 
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level of knowledge and experience than by the importance of socially oriented 
needs. In contradistinction, CB is expected to be more strongly affected by the 
relative importance of socially oriented needs than by the level of knowledge and 
experience.  

Based on the previous considerations, with regard to ICB it is therefore 
hypothesized that: 
 
H 2 Investors having a lower level of investment-related knowledge or 
experience display more informational conformity behavior. 
 
H 3 Investors having stronger socially oriented needs display more 
informational conformity behavior. 
 
H 4 Informational conformity behavior is more strongly affected by an 
investors’ level of investment-related knowledge and experience than that it is by 
the importance of socially oriented needs. 
 
Furthermore, concerning CB it is hypothesized that: 
 
H 5 Investors having a lower level of investment-related knowledge or 
experience display more normative conformity behavior. 
 
H 6 Investors having stronger socially oriented needs display more normative 
conformity behavior. 
 
H 7 Normative conformity behavior is more strongly affected by the 
importance of socially oriented needs than that it is by an investors’ reported level 
of investment-related knowledge or experience. 
 
In this chapter, we report on the empirical tests of these hypotheses. We focus on 
(1) the extent to which investors strive to satisfy socially oriented needs besides 
financial needs and (2) the effect of both more socially oriented needs and 
investors’ self-reported knowledge and experience on the two types of conformity 
behavior as distinguished in the previous sections. 

The remainder of this chapter is organized as follows. Section 3.2 describes the 
methodology. It should be noted, however, that sections 3.2.1 and 3.2.2 are highly 
similar to sections 2.2.1 and 2.2.2. Yet, for the sake of completeness, we also 
present this information in this chapter. Section 3.3 presents the results of the 
study, while section 3.4 discusses the results and advances possible implications 
of the results for an investment professional’s work. The final section 3.5 sets out 
the limitations of the study and indicates directions for future research. 
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3.2 Method 

3.2.1 Participants and Design  

To examine the relationships that are represented in the hypotheses, an online 
questionnaire was developed. To allow for suggestions on the structure of the 
questionnaire as well as to assess the content and face validity of the questionnaire 
(Mitchell, 1996), several consumer behavior and investment experts were 
consulted. Moreover, before using the questionnaire to collect final data it was 
pilot tested amongst Bachelor and Master Students at our university. The purpose 
of the pilot test was to ensure that the respondents had no problems in answering 
the questions and to make sure that the recording of the data was properly 
executed. Moreover, the pilot test confirmed the constructive validity. After the 
pilot test, some minor lay-out and grammatical adjustments were made to the 
questionnaire. The various items and constructs, however, remained the same. 
This pilot test was completed by 78 respondents. After deletion of incomplete 
questionnaires, 74 questionnaires remained.  

The final questionnaire was also distributed online. Individual investors with 
direct investments in the stock market were needed for the study sample. 
However, due to privacy guidelines, it is prohibited for e.g., banks and investment 
companies to distribute contact information about their clients to external parties. 
Therefore, a sampling frame was developed which takes the above-mentioned 
considerations into account. Subsequently, visitors of 4 well-known Dutch 
investment-related websites were asked to complete the questionnaire. These 
websites offer a wide range of investment-related information, as e.g., analysts 
reports on individual stocks and provide financial news items. Moreover, they 
feature online discussion groups and provide access to online trading systems. 
These characteristics make visitors of these websites an appropriate respondent 
group.  

As an incentive, participants could win an Apple iPod MP3 player that was 
raffled after the study. Before completing the questionnaire, it was made clear to 
all participants that this was a non-commercial academic study and that under no 
circumstances their individual data would be made available to any third party. It 
was, moreover, possible for respondents to complete the questionnaire 
anonymously. In that case, however, they could not win the MP3 player, as the 
researchers did not have their contact details.  

The questionnaire was made available in 2005-2006. In total, 497 investors 
completed the questionnaire. For some more sensitive questions, for example with 
regard to the respondent’s portfolio size and age, it was indicated that these 
questions did not need to be answered. In these instances, missing answers did not 
lead to deletion of the questionnaire. In all other cases, incomplete questionnaires 
were deleted, after which 486 questionnaires remained for further analysis.  
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3.2.2 Respondent Characteristics 

The mean age of the participants was 53 years, with a median of 55 years. The 
youngest participant was 16 years old, while the oldest participant was 85 years 
old. The sample consisted of 431 male investors and 55 female investors. Mean 
portfolio size was approximately 226,106 Euro with a median of 70,000 Euro (in 
the period of the availability of the questionnaire this was comparable to 
approximately 293,938 and 91,000 US Dollar, respectively). The mean number of 
transactions that respondents executed on a yearly basis was 89, with a median of 
30. On average, the respondents had 16 years of investing experience, with a 
median of 13 years. These descriptive respondent characteristics are presented in 
table 3.1.  

To check for selection bias in the sample in comparison to the general 
population of Dutch investors with direct investments in the stock market, we 
compared the respondents’ age and gender distribution as well as the portfolio size 
with data from the 2002 NIPO Investment Survey (results from this study are 
presented in e.g., VEB (2002)). This comparison showed that our respondents 
were on average older (53 years as compared to 48 years) and more likely to be 
male (89% as compared to 71%). The modal portfolio size of our respondents, 
however, was equal to the size that can be found in the general population, i.e. 
50,000 Euro (in the period of the availability of the questionnaire this was 
comparable to approximately 65,000 US Dollar). The above comparisons suggest 
that our questionnaire was overrepresented by older male investors.  

As the majority of the sample is male and on average older than the general 
population, we controlled for male/female and age effects in the analyses that 
were used to test the hypotheses, by entering these variables as independent 
variables in the regression models. In this way, we prevented the results from 
being biased by male/female and age effects. 

3.2.3 Measures  

The relevant questions in the questionnaire were classified into four groups. First, 
we asked descriptive characteristics of the respondents as discussed above. 
Second, a number of questions were asked to determine the importance of the 
different needs that investors might strive to satisfy. Third, the respondents were 
requested to self-report on their investment related knowledge and experience. 
Fourth, questions were asked to determine the extent of ICB and the extent of CB. 
The specific questions for each group, the number of respondents per question 
(N), the mean and median score, as well as the standard deviation (SD) are 
available in table 3.1. 

For all the statistical tests that were performed in this study, an alpha 
(significance) level of 0.05 was used. 

The questionnaire itself can be found in the appendix at the end of this chapter. 
It should be noted, however, that the first three groups of questions of this 
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questionnaire are identical to those in the questionnaire that can be found in the 
appendix of chapter 2. To minimize the overlap between these two chapters, we 
therefore only present the additional questions of group 4 in the appendix of this 
chapter. For the first three groups of questions, we refer to the appendix of the 
previous chapter.  
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Table 3.1. Selection of Questions from the Questionnaire and Corresponding Descriptive 
Characteristics. 

 

 
 

eeds 
 
Participants reported the importance of the various needs by rating their agreement 
with statements that described different reasons for investing using a five-point 
Likert scale, where 1 = completely disagree, 2 = disagree, 3 = neither disagree, 
nor agree, 4 = agree, and 5 = completely agree. The development of the 
statements was based on Max-Neef’s (1992) Matrix of Needs and Satisfiers by 
translating his statements to an investment setting. In general they were of the 
following design: “I invest because…”. For each need, a statement was developed, 
resulting in six questions in total that were used to measure the importance of the 
various needs of investors.  

A factor analysis was performed to identify the existence of a smaller number 
of underlying, and more general types of needs that spanned more than one 
question. Factor analysis is a generic name for a class of multivariate statistical 
methods whose main purpose is to define the underlying structure in a data matrix. 
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It addresses the problem of analyzing the structure of the interrelationships (i.e. 
correlations) among a large number of variables (e.g., questionnaire responses) by 
defining a set of common underlying dimensions known as factors (Hair et al., 
1998: 90). These factors can subsequently be used to form constructs that cannot 
be measured directly, but are derived from a number of measured items (Hair et 
al., 1998: 579). Two basic models exist to obtain factor solutions, common factor 
analysis and component analysis. Both models are widely used and empirical 
research has demonstrated similar results in many instances. The complications of 
common factor analysis, however, have contributed to the widespread use of 
component analysis (Hair et al., 1998: 100-103) and this is also the model that will 
be used in this chapter. More specifically, Principal Component Analysis (PCA) 
was used, performing Varimax rotation to facilitate the interpretation of the 
results.  

A number of tests exist to determine the appropriateness of performing a factor 
analysis.  

First is the Kaiser-Meyer-Olkin Measure of Sampling Adequacy (MSA). The 
MSA quantifies the degree of intercorrelations among the variables and therefore 
the appropriateness of factor analysis. The MSA index ranges from 0 to 1, where a 
value of 1 indicates that each variable is perfectly predicted without error by the 
other variables (Hair et al., 1998: 99). We found a test score of 0.64, which can be 
regarded as satisfactory (Kaiser, 1970; Kaiser, 1974). 

Second is Bartlett’s test of sphericity. This test provides the statistical 
probability that the correlation matrix has significant correlations among at least 
some of the variables. For this test, we found a value of 447.07 with a significance 
of 0.00. These results also indicate the appropriateness of performing a factor 
analysis (Hair et al., 1998: 99). 

As a criterion for the number of factors to extract, the latent root criterion was 
used (Hair et al., 1998). The latent root criterion was set to extract factors with 
eigenvalues above 1.00. As can be observed in table 3.2, this resulted in the 
extraction of three factors. The first factor, consisting of two items, was labeled 
‘socially oriented needs’. The second factor, also consisting of two items, was 
labeled ‘leisure oriented needs’. The third factor, also consisting of two items, was 
labeled ‘financially oriented needs’.  
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Table 3.2. Factor Analyses Needs Scale: Eigenvalues Criterion 1 (Rounded Figures). 
 

 
 
These more general types of needs were subsequently used to form the constructs 
that in a later stage of the study would be entered into the regression analyses that 
were used to test the hypotheses.  

The first factor of this factor analysis was used to form the construct of socially 
oriented needs. The two items that constituted the factor were combined to form 
one average score for the importance of socially oriented needs to investors, where 
higher scores indicate a greater importance of these socially oriented needs. The 
factor analysis suggests unidimensionality for these two items, as they both load 
high on one factor and load low on all other factors.  

Moreover, the results of a number of tests for the internal consistency and the 
consistency of the entire scale indicated a reliable scale. The internal consistency 
of the scale was tested using both inter-item as well as item-to-total correlations. 
For both items, these two measurements were 0.62. Moreover, the consistency of 
the entire scale was measured using Cronbach’s alpha. For Cronbach’s alpha, a 
value of 0.77 was found. All these measures for consistency suggested a reliable 
scale (Robinson et al., 1991).  

 
Investment-Related Knowledge and Experience 
 
In accordance with the literature (Bearden et al., 1989; Bearden et al., 1990; 
Deutsch & Gerard, 1955; Gigerenzer & Selten, 2001; March, 1994; Milburn & 
Billings, 1976), the self-reported level of investment-related knowledge and 
experience of the respondents were tested as predictors of the level of 
informational and normative conformity behavior of investors. A five-point Likert 
Scale was used to measure both items, where 1 = I have very little 
knowledge/experience, 2 = I have little knowledge/experience, 3 = I have an 
average amount of knowledge/experience, 4 = I have much knowledge/experience, 
and 5 = I have very much knowledge/experience.  

As knowledge and experience can be seen as related items, these two items 
were combined in one average score forming a single construct. Factor analysis 
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confirmed the unidimensionality of the scale, with both variables loading highly 
on the same factor (both variables had an identical loading of 0.93). 

Due to the small number of variables, the resulting MSA value is insufficient 
with a value of 0.50. However, Bartlett’s test of sphericity is satisfactorily with a 
value of 361.16 and a significance of 0.00. 

A reliable scale is suggested by tests for the internal consistency and the 
consistency of the entire scale. The internal consistency of the scale was tested 
using both inter-item as well as item-to-total correlations. For both items, these 
two measurements were 0.73. Moreover, the consistency of the entire scale was 
measured using Cronbach’s alpha. For Cronbach’s alpha, a value of 0.84 was 
found.  

 
Informational Conformity Behavior and ormative Conformity Behavior  
 
To measure the extent to which participants engaged in ICB and CB, a five-item 
scale was used on which respondents could indicate their agreement with 
statements using a five-point Likert scale, where 1 = completely disagree, 2 = 
disagree, 3 = neither disagree, nor agree, 4 = agree, and 5 = completely agree. 
The scale was adapted from the well-known (see e.g., Bearden et al., 1989; 
Bearden et al., 1990; D'Rozario, 2001; Kropp et al., 1999b; Mourali et al., 2005; 
Schroeder, 1996) scale for Consumer Susceptibility for Interpersonal Influence 
(CSII) developed by Bearden et al. (1989), who in their turn based this scale on 
the landmark work of Deutsch and Gerard (1955). In a validation study, the CSII 
scale has been found to be an efficient, reliable and valid measure (Schroeder, 
1996). The CSII scale consists of 12 items, with the first 9 items representing CB 
and the last 3 items representing ICB (Bearden et al., 1989). Choosing the items 
that were relevant in an investment setting, as well as trying to establish a more 
balanced distribution of items between both constructs, resulted in the selection of 
three items representing CB and two items representing ICB.  

Factor analysis was used to test the existence of the two underlying constructs 
of ICB and CB. Again, a PCA was performed, and again Varimax rotation was 
used to facilitate the interpretation of the results. An MSA value of 0.73 was 
found, which is sufficient. Moreover, Bartlett’s test of sphericity supports the 
appropriateness of using factor analysis, with a value of 653.86 and a significance 
of 0.00. 

In the first factor analysis, factors were extracted with the latent root criterion 
set to extract factors with eigenvalues above 1.00. This standard setting resulted in 
the extraction of one factor. The results of this analysis can be found on the left-
hand side of table 3.3. Considering the empirical and theoretical entanglement of 
the two constructs of conformity behavior, this result was not unexpected and 
confirmed the interdependence of these two types of conformity behavior as 
reported in the literature (Cialdini & Goldstein, 2004; David & Turner, 2001). 

However, also in accordance with the above-mentioned literature, the authors 
desired to maintain the conceptual independence of these constructs in the further 
analyses and hypotheses testing procedures. Therefore, a second factor analysis 
was executed. 
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In this second factor analysis, in accordance with Jolliffe (1972, 1986) 
eigenvalues above 0.80 were used as a criterion to extract the factors. This setting 
led to the extraction of two factors. As expected, questions 14, 15, and 16 that 
measured CB now loaded highly on factor 1 and questions 17 and 18 that 
measured ICB now loaded highly on factor 2 and also there was no longer any 
overlap between these two factors. On the right-hand side of table 3.3, the results 
of this factor analysis are presented. 

Subsequently, these groups of three and two items that resulted from the second 
factor analysis were combined in average scores, forming scales for CB and ICB 
respectively, where in both cases higher scores indicate a more important role of 
the relevant type of behavior for the respondent’s investment related decision 
making. The formerly executed factor analysis indicated unidimensionality for the 
two scales.  

 
Table 3.3. Factor Analyses NCB and ICB : Eigenvalues Criterion 1 versus 0.80 (Rounded 
Figures). 

 

 
 
Tests of internal consistency as well as tests for the consistency of the entire scale 
were subsequently performed, and the results of these tests indicated reliable 
scales for these two constructs. Considering the three-item scale for CB we found 
satisfactory results with regard to the inter-item as well as the item-to-total 
correlations, as can be observed in table 3.4. The consistency of the entire scale 
was also adjudicated to be sufficient with a Cronbach’s alpha of 0.69.  

With regard to the two-item scale for ICB, the internal consistency was also 
satisfactorily, with both the inter-item and the item-to-total correlation having a 
value of 0.58. Finally, the scale in its entirety was consistent, with a Cronbach’s 
alpha of 0.73. 
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Table 3.4. Reliability Analysis Scale Normative Conformity Behavior (Rounded Figures). 
 

 

3.3 Results 

3.3.1 Investors’ eeds 

The data as presented in table 3.5 show that investors also strive to satisfy other, 
e.g., more socially oriented needs than only financial ones, thus supporting 
hypothesis 1.  

As discussed above, non-financial needs are generally excluded in traditional 
financial utility functions. From that perspective, scores of 1.00, meaning that the 
respondent did not give any importance to the specific need, would be expected 
for all non-financial needs.  

Although according to the mean scores in table 3.1, the need for financial gain 
is reported as the most important one, a one sample t-test indicates that the scores 
for all the other needs significantly differ from 1.00, giving unambiguous support 
to the first hypothesis. The respondents also strove to satisfy socially oriented 
needs, as well as needs focused at leisure and understanding. In table 3.5, the t-
values, degrees of freedom, significance level, and mean difference from the test 
value of all the scores for the different needs are presented.  

Moreover, we performed two t-tests to detect effects of respondents’ gender 
and age on the scoring on the different items. The respondents’ gender did not 
have a significant effect on the scoring of any need. With respect to age, only the 
need to “analyze problems, look for new constructions and learn” was rated as 
more important (effect size 0.25) by respondents with a below-median age, t(480) 
= -2.74, p = 0.01 (equal variances not assumed).  
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Table 3.5. One-Sample T-Test (Rounded Figures). 

 
An overview of all hypotheses, their Beta’s, degrees of freedom, t-values, p-values 
(significance), and acceptance versus rejection decision is presented in table 3.6.  
 
Table 3.6. Overview Hypotheses and Accept/Reject Decisions based on Simultaneous 
Linear Regression Analysis (alpha level 0.05). 

 

 

3.3.2 Informational Conformity Influence 

Hypothesis 2, 3, and 4 deal with the influence of investor’s reported knowledge 
and experience as well as the importance of socially oriented needs on investors’ 
informational conformity behavior. These three hypotheses are tested using a 
multiple regression analysis following standard procedures (Hair et al., 1998) 4. 

                                          

4 The use of multiple regression analysis, which assumes interval data, with ordinal 5-point 
Likert scales is the norm in contemporary social science. Empirical evidence supports 
treating ordinal variables as if they conform to interval scales. Albeit some small error 



Chapter 3: Individual Investors’ Needs and Conformity Behavior 
 

65 

The level of investment-related knowledge and experience and the importance of 
socially oriented needs predicted ICB. Moreover, the respondents’ age and gender 
were entered as independent variables. In total, the model explained 11 % of the 
variation in the outcome variable as indicated by the adjusted R2  = 0.11, F(4, 462) 
= 15.10, p = 0.00. The following multiple linear regression equation was 
estimated: 
 

ICB = C +  β1 * A + β2 * G + β3 * KE + β4 * SN (3.1) 

 

ICB = Informational Conformity Behavior 

C = The Intercept Term (Constant) 

A = The Respondents’ Age 

G = The Respondents’ Gender 

KE = The Respondents’ Reported Level of Investment-Related 
Knowledge and Experience 

SN = The Respondents’ Importance of Socially Oriented Needs 

 

 
The respondent’s age (β1 = 0.04, t(462) = 0.89, p = 0.37) and gender (β2 = 0.02, 
t(462) = 0.49, p = 0.62) were not found to be significant predictors of an investor’s 
level of ICB. Yet, supportive of hypothesis 2, the analysis revealed that an 
investors’ level of investment-related knowledge and experience significantly 
predicted the level of ICB (β3 = -0.17, t(462) = -3.79, p = 0.00). Investors that 
reported less investment-related knowledge and experience displayed more 
informational conformity behavior. Moreover, supportive of hypothesis 3, the 
importance of socially oriented needs significantly predicted the level of ICB (β4 = 

                                                                                                

may accompany the treatment of ordinal variables as interval, Labovitz (1967: 151; 1970: 
515) argues that this is compensated by the use of more powerful, more sensitive, better 
developed, and more clearly interpretable statistics with known sampling error. The 
adoption of the parametric strategy has further been advocated by Kim (1975: 294), not 
because assuming the equal interval of rankings produces only minor errors in the 
correlations, but from a firm belief that a parametric strategy is more compatible with the 
successive refinement of our measurements and theories and with the interplay between 
substantive theory and measurement.  
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0.32, t(462) = 7.20, p = 0.00). Investors who rated social needs as more important 
displayed significantly more informational conformity behavior. Unfortunately, 
the data do not support hypothesis 4. This hypothesis states that an investor’s level 
of investment-related knowledge and experience has a stronger influence on the 
level of informational conformity behavior than the importance of social needs 
has. According to the standardized coefficients, the effect of socially oriented 
needs is larger than the effect of investment-related knowledge and experience. 

3.3.3 ormative Conformity Influence 

Following similar standard procedures as used for the testing of hypotheses 2, 3, 
and 4, multiple regression analysis was also used to test hypotheses 5, 6, and 7. 
These three hypotheses deal with the influence of investors’ reported knowledge 
and experience, as well as the importance of socially oriented needs on investors’ 
normative conformity behavior. The level of investment-related knowledge and 
experience and the importance of socially oriented needs, as well as the 
respondents’ age and gender were tested as predictors of investors’ CB. This 
model explained 10 % of the variation in the outcome variable, as represented by 
the adjusted R2  = 0.10, F(4, 463) = 14.37, p = 0.00. The following multiple linear 
regression equation was estimated: 
 

CB = C +  β1 * A + β2 * G + β3 * KE + β4 * SN (3.2) 

 

NCB = Normative Conformity Behavior 

C = The Intercept Term (Constant) 

A = The Respondents’ Age 

G = The Respondents’ Gender 

KE = The Respondents’ Reported Level of Investment-Related 
Knowledge and Experience 

SN = The Respondents’ Importance of Socially Oriented Needs 

 

 
The respondents’ age (β1 = 0.03, t(463) = 0.76, p = 0.45) and gender (β2 = 0.06, 
t(463) = 1.28, p = 0.20) were not found to be significant predictors of an investor’s 
level of CB. Nevertheless, hypothesis 5 is supported by the data, an investors’ 
level of investment-related knowledge and experience is a significant predictor of 
an investor’s level of CB (β3 = -0.16, t(463) = -3.64, p = 0.00). Investors with 
lower levels of knowledge and experience displayed more normative conformity 
behavior. Moreover, the importance of socially oriented needs is a significant 
predictor of the level of CB (β4 = 0.31, t(463) = 6.97, p = 0.00), thereby 
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supporting hypothesis 6. Investors that rated socially oriented needs as more 
important displayed more normative conformity behavior. Furthermore, 
hypothesis 7, stating that socially oriented needs are a stronger predictor of 
normative conformity behavior than an investor’s level of investment-related 
knowledge and experience is also supported by the data, the standardized 
coefficients as mentioned above are larger for socially oriented needs than for an 
investor’s level of knowledge and experience.  

3.4 Conclusion and Discussion 

Taken together, 6 out of 7 hypotheses are supported by the results of our 
investment survey. This underlines behavioral finance’s arguments for 
reconsidering the merits of the traditional utility approach as being representative 
for the decision making process of individual investors. Although mainstream 
finance’s approach has clearly demonstrated its competence and led to many 
important insights, it historically suffers from a number of important limitations. 
A very important limitation is that in general investors were assumed only to take 
risk and expected returns into consideration in their decision-making process, 
excluding more social needs. Another important limitation is that, generally, the 
world was considered to be perfect and inhabited by omniscient, unboundedly 
rational decision makers. Today, even well-known and influential proponents of 
mainstream finance acknowledge these limitations and question some of 
mainstream finance’s most central assumptions (Fama & French, 2005).  

In our ‘extended’ utility approach, which is grounded in consumer behavior and 
marketing research, investors do not only care about financial aspects of investing, 
but rather display a palette of different needs. Our findings empirically support the 
claims from behavioral finance scholars that investing may offer both utilitarian 
and expressive benefits (Fisher & Statman, 1997; Statman, 1999; 2002; 2004).  

Although the investors in this study - in line with the traditional utility approach 
- reported the need for financial gain as the most important one, their responses 
also confirm the hypothesis that they also strive to satisfy socially oriented needs. 
Investing as a nice free-time activity, as well as other, more social aspects of 
investing like affiliating with other investors and engaging in investment-related 
discussions, are reported to be almost as important as the possible financial gains 
of investing.  

In a less than perfect world, investors are bounded in their rationality. They do 
not have all relevant information, unlimited cognitive and mathematical 
capacities, and their knowledge and experience is limited. While they are 
searching for information or trying to reduce the uncertainty that surrounds their 
decision-making, they are susceptible to social influences from other investors. It 
is therefore not surprising that this study finds that lower levels of investment 
related knowledge and experience, and a higher importance of socially oriented 
needs significantly predict both the level of CB and the level of ICB of investors.  
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For finance scholars, this study illustrates the relevance of using theoretical 
insights and methods from fields such as consumer behavior and marketing 
research to explain and understand individual investor behavior. Moreover, the 
relevance and importance of other, more socially oriented needs as well as 
conformity behavior in an individual investors setting was empirically 
demonstrated. 

Our study suggests that professionals in the field, like e.g. investment 
consultants, could do wise to be aware of the role of investors’ multiple needs (in 
particular the social needs) and investors’ propensity to conform to others. This 
may both be relevant when developing marketing strategies, new investment 
products, as well as in the everyday contact with clients. If e.g., a client would 
hesitate on what stock to add to his or her portfolio, the investment consultant 
might bring in aspects of portfolio risk or market risk as well as knowledge of 
what other investment consultants suggest (for example through IBES), enabling 
the investor to make better informed investment choices. If the choice of the 
investor would be influenced by conformity considerations, the consultant might 
like to suggest comparable shares or if it involves only one stock (e.g.,  that of 
Manchester United), the consultant could suggest to buy less shares if it would be 
wise to do so from, for example, a portfolio perspective. Moreover, the investment 
consultant can bring to the client’s attention the different tools that are available to 
assess or even improve one’s investment decisions.  

3.5 Limitations and Future Research 

This study used a sample of individual Dutch investors that could be biased in 
several ways. First, only those investors that visited the specific four investment-
related websites could complete the questionnaire. Second, the study could suffer 
from the general problem of a non-response bias. The investors that did not 
participate in the study could be different from the respondents in more ways than 
the simple fact that they refused to fill in the questionnaire. Socially oriented 
investors or investors more interested in the Internet could be more inclined to 
answer a questionnaire in general and about this topic in specific and therefore 
could be overrepresented in our sample. 

However, for a number of reasons, we expect a rather unbiased sample. First 
and foremost, a comparison between our sample and the more general population 
of individual Dutch investors showed that our sample is not far out of line with the 
more general population of investors. Second, we used well-known websites that 
have nationwide visitors. Third, the call to participate in the research was neutrally 
worded on the four websites as “Research on investor behavior by the University 
of Groningen”. For the above reasons, we have confidence that our sample is 
representative for individual Dutch investors with direct investments in the stock 
market.  

The nature of our investment survey, however, brings along a limitation of this 
study. The respondents of our survey were Dutch investors. Dutch society - like 
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the society of the United States, Great Britain, and Australia -  has been found to 
have a very high level of individuality (Hofstede, 1983). Similar results can 
therefore be expected to be found in these countries, but future studies have to 
show what effects can be found in more collectivistic countries, like for example 
those in Central America, Asia, or even Scandinavia. If social needs and processes 
of conformity behavior amongst investors can already be observed in an 
individualistic country as The Netherlands, even stronger effects could be 
expected in these other countries.  

Furthermore, the sample of this study was limited to individual investors. 
Future studies have to determine whether the specific results of this study also 
hold for the behavior of institutional and professional investors. Yet, individual 
investors constitute an important group in the financial marketplace and their 
decision-making behavior is likely to have an impact on the stock market as a 
whole (De Bondt, 1998). The latter argument becomes even more pronounced 
taking into consideration that even a small country as The Netherlands already 
accommodates 2,300,000 individual investors that invest directly and indirectly in 
the stock market (VEB, 2002).  

 
In this chapter, we have demonstrated that survey research can contribute in 
important ways to increase our understanding of investor behavior. Moreover, we 
have given suggestions to the possible effect of this behavior on overall stock 
market dynamics. Yet, for a true understanding of the dynamical properties of 
interactions between micro level investor behavior and macro level stock market 
dynamics, survey research has to be supported by additional research techniques, 
like multi-agent social simulation (for a general introduction to this method, see 
e.g., Gilbert and Troitzsch (1999), for an overview of the use of agent-based 
models in finance, see e.g., LeBaron  (2000; 2005; 2006)). In the following two 
chapters, we subsequently present two multi-agent social simulation models. In 
chapter 4, we formalize an existing model from the finance literature in a multi-
agent social simulation environment and explore this model’s possibilities. In 
chapter 5, we present the newly developed artificial stock market 
SimStockExchange™, in which the results of our investment survey are used to 
formalize the agents’ trading and interaction rules. 
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Appendix 3.1: Questionnaire 

 
Groups 1 - 3: See Appendix of Chapter 2 

 
 

Group 4: ormative and Informational Conformity Behavior 
 
 

Please indicate to which degree you agree or disagree with the following 
statements: 
 
 
14. It is important to me that other people approve of the stocks that I buy. 
 

 Completely disagree 
 

 Disagree 
 

 Neither disagree, nor agree 
 

 Agree 
 

 Completely agree 
 
 
15. I identify myself with others by buying and/or selling the same stocks as they 
do. 
 

 Completely disagree 
 

 Disagree 
 

 Neither disagree, nor agree 
 

 Agree 
 

 Completely agree 
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16. I get a feeling of belongingness by buying and/or selling the same stocks as 
others do. 
 

 Completely disagree 
 

 Disagree 
 

 Neither disagree, nor agree 
 

 Agree 
 

 Completely agree 
 

 
17.  Before I buy or sell a stock, I often inform about this stock amongst family 
and friends. 
 

 Completely disagree 
 

 Disagree 
 

 Neither disagree, nor agree 
 

 Agree 
 

 Completely agree 
 

 
18. When I have little experience with a certain stock, I often ask friends and 
acquaintances about it. 
 

 Completely disagree 
 

 Disagree 
 

 Neither disagree, nor agree 
 

 Agree 
 

 Completely agree 
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4. Stock Price Dynamics in Artificial Multi-Agent 
Stock Markets 1 

4.1 Introduction 

In the recent past, finance scholars have made a number of striking observations 
with regard to both micro level individual investor behavior as well as macro level 
stock market dynamics.  

With regard to micro level individual investor behavior, behavioral finance 
research reported on the effect of phenomena such as frame-dependence, heuristic 
driven bias, mental-accounting, herding, and investors’ variety of preferences on 
the decision-making behavior of these investors. For an introductory overview of 
the behavioral finance literature, we refer to e.g., Nofsinger (2002), Schleifer 
(2000), Shefrin (2002), or Shiller (2005). In addition to these findings, the results 
of our empirical studies as discussed in the previous two chapters have shown that 
apart from financially oriented needs, individual investors sometimes also try to 

                                          

1 This chapter is based on: 
 

- Hoffmann, A. O. I. & Jager, W. (2005). The Effect of Different Needs, Decision-
making Processes and Network Structures on Investor Behavior and Stock Market 
Dynamics: a Simulation Approach. ICFAI Journal of Behavioral Finance 2: 49-65.  
 
- Hoffmann, A. O. I., Delre, S. A., Von Eije, J. H., & Jager, W. (2005). Stock Price 
Dynamics in Artificial Multi-Agent Stock Markets. In: P. Mathieu, B. Beaufils, & O. 
Brandouy (Eds.), Artificial Economics: Agent-Based Methods in Finance, Game 
Theory and Their Applications (pp. 191-201). Heidelberg: Springer Verlag. 
 
- Hoffmann, A. O. I., Delre, S. A., Von Eije, J. H., & Jager, W. (2006a). Artificial 
Multi-Agent Stock Markets: Simple Strategies, Complex Outcomes. In: C. Bruun 
(Ed.), Advances in Artificial Economics: The Economy as a Complex Dynamic 
System (pp. 167-176). Heidelberg: Springer Verlag. 
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satisfy more socially oriented needs. When investors try to satisfy needs that are 
more socially oriented, their decision-making behavior may also become more 
socially oriented and the level of social interaction amongst investors can be 
expected to increase. Moreover, in these instances, investors may also be more 
inclined to use the investing behavior of other investors as an input for their own 
decision-making or on occasions they may even simply copy other investors’ 
behavior (Deutsch & Gerard, 1955; Hirschleifer, 1993; Mangleburg et al., 2004; 
Suls et al., 2002). Yet, this does not imply that investors’ socially oriented 
decision-making may only originate from the importance that these investors 
attribute to their social needs. Feelings of uncertainty may also be an important 
driver of this behavior. In general, it has been found that when people are 
uncertain as to what action to take or feel to have a lack knowledge and 
experience relevant for a certain task, the observed behavior of those around them 
becomes an important input for their own decision-making (DiMaggio & Louch, 
1998; Festinger, 1954; Jones & Gerard, 1967). This socially oriented decision-
making may occur in social networks that connect friends with friends of friends 
and so on (Janssen & Jager, 2003; Watts, 2001; Watts & Strogatz, 1998).  

Recent research on these (social) networks has demonstrated that many large 
networks display a scale-free power-law distribution for node connectivity 
(Barabasi & Albert, 1999). This implies that there are many persons with only a 
few links to others and only a few persons with many links to others. In the 
before-mentioned literature, these heavily connected persons are called ‘hubs’ and 
in terms of market dynamics, the existence of such hubs may imply that a small 
proportion of investors having many contacts may have an exceptional influence 
on the investing behavior of many other investors. As was argued in the 
introduction of this thesis, herding may be an ultimate result of the socially 
inspired decision-making behavior of individual investors and is considered one of 
the driving forces behind excessive stock market price movements like hypes, 
crashes and bubbles (Lynch, 2001; Ofek, 2003; Sharma et al., 2005; Valliere & 
Peterson, 2004). In this chapter, it is hypothesized that the larger the proportion of 
investors who exhibit socially oriented decision-making, the larger will be the 
odds for chaotic stock market dynamics, which can contribute to more frequent 
observations of the striking stock market phenomena that will be discussed in the 
next two paragraphs.  

With regard to macro level stock market dynamics, a distinction can be made 
between observations of extreme stock market phenomena and observations of 
less extreme stock market phenomena. Perhaps the most salient example of an 
extreme stock market phenomenon is the late 1990’s Internet bubble which 
severely disturbed financial markets all over the world. Throughout the years, 
different authors have presented possible explanations for this bubble. Shefrin 
(2002), for example, investigated the role of initial underpricing of Internet IPO’s 
(Initial Public Offerings), long-term underperformance due to initial overshooting 
of the fundamental value, and hot-issue markets. Bhattacharya et al. (2004) have 
studied the role of the media, while Valliere and Peterson (2004) focused on 
groupthink as a possible explanation for the Internet bubble. Although many 
scholars at least seem to agree that the extreme inflation of stock prices as 
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illustrated by figure 4.1 was partly due to the irrational exuberance of some 
investors (Shiller, 2005), no single study managed to present an all-encompassing 
explanation for this phenomenon. Figure 4.1 shows the weekly price index of the 
Dutch stock market AEX from January 1997 until December 2002. We have used 
weekly data to avoid problems of missing data due to weekends, holidays, and 
other special occasions. We would like to note that as the AEX contains both 
technology as well as non-technology stocks, the spike in stock prices for this 
index can be considered as relatively mild in comparison to more technology-
heavy indices like for example the NASDAQ.  
 

 
Fig. 4.1. Weekly Price Index of the AEX from  January 1997 ~ December 2002. 

Less extreme stock market phenomena have been studied under the heading of 
stylized financial market facts and include phenomena such as autocorrelation, 
volatility clustering, and heavy tails in the (un)conditional asset returns 
distributions (Cont, 2001). In the following, we will briefly discuss these 
phenomena and illustrate them for the Dutch stock market AEX, again for the 
period from January 1997 until December 2002.  

In liquid markets, there will be no significant linear autocorrelation in both 
price increments and asset returns (Fama, 1970; Pagan, 1996). This absence of 
autocorrelation means that it is impossible to consistently achieve positive 
expected earnings with a simple strategy of statistical arbitrage (Cont, 2001: 229). 
In this situation, an investor cannot be expected to be able to predict the future’s 
stock prices or asset returns using historical stock prices or asset returns data. This 
can also be seen as support for the efficient market hypothesis (Fama, 1991). 
However, it has been proven too that when we increase the time scale on which 
the linear autocorrelation is measured, the absence of autocorrelation does not 
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systematically hold anymore. It has for example been found that weekly and 
monthly returns do exhibit autocorrelation (Cont, 2001). To illustrate these 
findings, figure 4.2 shows the autocorrelation graph of the weekly returns for the 
Dutch stock market AEX for the period from January 1997 until December 2002. 
As can be seen in this figure, these weekly returns do exhibit significant 
autocorrelation for several lags. 
 

 
 

Fig. 4.2. Autocorrelation Graph of the Returns of the AEX from January 1997 ~ December 
2002. 

Yet, even if asset returns do not display linear autocorrelation, this does not mean 
that they are independent random variables. Independence means that any 
nonlinear function of asset returns will also display no autocorrelation. The latter 
condition, however, does not hold. Simple, non-linear functions of asset returns, as 
for example the squared or absolute returns, often display significant positive 
autocorrelation or ‘persistence’. This characteristic is indicative for a phenomenon 
that is called ‘volatility clustering’ (Cont, 2001). Volatility clustering is a 
description for the tendency of large positive or negative changes of asset prices 
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and returns to be followed by large changes and small changes to be followed by 
small changes. That is, current levels of volatility tend to be positively correlated 
with the level of volatility in immediately previous periods (Brooks, 2004). In 
table 4.1, we present the outcomes of a test in finance that is commonly used to 
detect volatility persistence or ‘volatility clustering’, namely the (Generalized) 
ARCH test.2 Again, we have used weekly data for the period from January 1997 
until December 2002. A very typical pattern observed for asset returns is that the 
coefficients on all three terms in the conditional variance equation are highly 
statistical significant, with a small value for the variance intercept term C, a 
somewhat larger ARCH term, and an even larger GARCH term. The ARCH term 
represents the lagged squared error, while the GARCH term represents the lagged 
conditional variance. Both terms summed together are generally found to be close 
to 1 (unity). The latter indicates that shocks to the conditional variance will be 
highly persistent, i.e. there is volatility persistence or volatility clustering. As can 
be seen in table 4.1, the weekly returns of the Dutch stock market AEX display 
volatility clustering in a similar fashion as worldwide stock markets in general do. 
That is, the variance intercept term C is small, the ARCH term is larger and the 
GARCH term is even larger than the ARCH term. Moreover, summed together, 
these three values are close to 1 (unity).   
 

                                          

2 ARCH is the test for conditional heteroscedasticity as developed by Engle (1982). 
GARCH is a generalized model for conditional heteroscedasticity as developed 
independently by Bollerslev (1986) and Taylor (1986). 
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Table 4.1. GARCH (1,1) Analysis AEX. 
 

 
Heavy (or ‘fat’) tails (indicated by a kurtosis higher than 3, which can be observed 
for a normal distribution) are one characteristic of a leptokurtic distribution that is 
characteristic for asset returns and which has both heavier tails as well as a more 
peaked mean than a normally distributed random variable with the same mean and 
variance (Brooks, 2004). Sometimes, even after correcting returns for volatility 
clustering, using e.g., GARCH-like models, the residual time series exhibit heavy 
tails. However, these tails are normally less heavy than those of the unconditional 
distribution of asset returns (Cont, 2001). In figure 4.3, the weekly unconditional 
returns distribution of the Dutch stock market AEX is displayed for the period 
from January 1997 until December 2002. The kurtosis of 5.62 indicates that 
similar to most international stock markets this distribution shows heavy tails.  

 
Fig. 4.3. Weekly Returns Distribution of the AEX from January 1997 ~ December 2002. 
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As expressed in the second research objective and the second and third research 
question of this thesis, we aim to contribute to a better understanding of the 
possible effects of micro level investor behavior on macro level stock market 
dynamics. Yet, the interactions between the micro and the macro level are often 
nonlinear and macro level outcomes - such as crashes, hypes, and bubbles - may 
sometimes ‘emerge’ (Arthur, 1995; Lewin, 1999; Waldrop, 1992). Multi-agent 
social simulation is a particularly appropriate tool in helping to explain the 
complex interactions between the micro and macro level (Gilbert & Troitzsch, 
1999).  

In this chapter we will re-formalize an existing model on investor behavior in a 
multi-agent social simulation environment. The model that will be used is the 
well-cited model of Day and Huang (1990). In this model, a distinction can be 
made between investors that are predominantly interested in the fundamental 
characteristics of a share and investors whose decision-making behavior is more 
socially oriented. These characteristics of the model make it a particularly 
appropriate model to investigate the effect of changing proportions of socially 
oriented investors on the stock market dynamics. When studying these stock 
market dynamics, our main focus will be on the price and returns dynamics and to 
a lesser extent on the occurrence of the before discussed stylized financial market 
facts. In chapter 5, more attention will be paid to the occurrence of stylized 
financial market facts in simulated returns time series. 

The remainder of this chapter is organized in the following way. In section 4.2, 
we will more extensively discuss the original model specification of Day and 
Huang (1990). Sections 4.3 through 4.7 will present the results of five different 
simulation experiments, while section 4.8 concludes and discusses opportunities 
for future research.  

4.2 The Simulation Model 

The original specification of the model by Day and Huang (1990) distinguishes 
three types of market participants. These are alpha-investors, beta-investors, and 
the market maker, respectively. In the next three sections, we will discuss the 
behavior of each of these groups in a more detailed way. 

4.2.1 The Alpha Investor 

The α-investor uses a strategy based on an independent, sophisticated estimate of 
the long run investment value u in relation to the current market price p and on an 
estimate of the probability of capital gains and capital losses. The investment 
value u is the α-investor’s best estimate of the price if anticipated long run 
economic conditions actually came to dominate the future. It is based on e.g., 
statistical analyses of trends in aggregate economic variables and individual 
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company performances. These quantitative estimates are then adjusted with the 
help of ‘soft’ judgments based on e.g., journals, papers, magazines and direct 
company observations. 
 
The α-investors have the following demand function: 

 

If p < u, then buy. (4.1) 

 

If p > u, then sell. (4.2) 

 

If p = u, then hold. (4.3) 

 
These functions are bounded on an estimated topping price M and an estimated 
bottoming price m. The assumptions of Day and Huang (1990) with regard to 
these topping and bottoming prices are that: 
 

If p < m, investors will have bought in already,  
so there is no excess demand. (4.4) 

 
If p> M, investors will have sold out already,  

so there is no excess demand. (4.5) 

 
The excess demand function of α-investors therefore is: 
 

α(p): = a(u-p) f (p) for p ε [m, M] (4.6) 

 

α(p): = 0 for p<m, p>M (4.7) 

 
Formally we have: 
 

α (p) > 0 for m < p < u (4.8) 

 

α (p) < 0 for u < p < M (4.9) 

 
 

α (p) = 0 for p = u, p < m or p > M (4.10) 
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α’(p) ≤ 0 for m ≤ p ≤ M (4.11) 

 
The positive parameter ‘a’ is a measure of the strength of investor demand. It 
reflects the fact as expressed by Black (1986) that the more the price of a stock 
deviates from its long run investment value, the more aggressive the information 
traders become. Day and Huang (1990) set the value of this parameter to 0.2. 

 
f (p) is a weighting function that represents the chance of lost opportunity caused 
by either failing to buy when the market is low or failing to sell when the market 
is high. When p is close to m, the chance of missing a capital gain by failing to 
buy is great, when p is close to M, the chance of losing a capital gain and 
experiencing a capital loss by failing to sell is great as well. When p is close to u, 
the perceived chance of capital gain or capital loss is small or zero. So, f (.) is 
bimodal with modes near or at m and M.  Formally stated:  

 
f (.) is non-negative, differentiable and  

bounded on [m, M]. (4.12) 

 
 

f’ (p) < 0 for m < p < u (4.13) 

 
 

f’ (u) = 0 (4.14) 

 
 

f’ (p) > 0 for u < p < M (4.15) 

4.2.2 The Beta Investor 

The β-investors, similar to Blacks’ (1986) ‘noise traders’ do not pursue the same 
sophisticated techniques as the α-investors do, as this kind of trading is expensive. 
It takes a lot of time, costly information and a substantial investment in intellectual 
and computational capital. Most market participants therefore cannot afford to 
pursue this kind of behavior and consequently they don’t (Day & Huang, 1990). 
Rather, the β-strategy suggests a more socially oriented investment behavior. The 
β-investors make their decisions using a simple comparison between the current 
price p and a given current fundamental value, v. β-investors buy when they 
expect an upward price trend (whenever the current price p is above a given 
current fundamental value v that initially equals u) and sell when they expect a 
downward price trend (whenever p is below v). This simple kind of behavior has 
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some similarity to herding behavior (Banerjee & Fudenberg, 2004; Bikhchandani 
& Sharma, 2000; Cont & Bouchaud, 2000; De Bondt & Forbes, 1999; Hirschleifer 
& Teoh, 2003; Lux, 1995; Orlean, 1989; Scharfstein & Stein, 1990).  

 
After a number of simplifications, Day and Huang (1990) arrive at the following 
excess demand function for β-investors: 

 
 

β (p): = δ (u – p) = b (p – v) (4.16) 

 
 

Where b = σδ (4.17) 

 
The coefficient b reflects the relative importance of β-investors and the strength of 
their response to price signals. Day and Huang (1990) set the value of this 
parameter to 0.88.  

4.2.3 The Market Maker 

The third participant in the market is the market maker. This party functions as a 
mediator between transactions on the market and sets a price according to the 
excess demand or excess supply that can be observed in the market. At this price 
the market maker satisfies the excess demand from his inventory of stocks or 
increases his inventory of stocks to absorb an excess supply. 

 
The total excess demand E is the combined excess demand of the α-investors and 
the β-investors : 

 

E (p): = α (p) + β (p) (4.18) 

 
If V t is the market makers’ inventory of stocks at the time he or she announces the 
price, then the change in inventory is:  
 

V t + 1 – V t = E (pt) (4.19) 

 
The price change p t + 1 – p t is determined by a continuous, monotonically 
increasing function: cγ [E (p)] where γ (0) = 0 and where c is an adjustment 
coefficient and that p t + 1 = θ (p t): = p t + cγ [E (p t)]. For simplicity, Day and 
Huang assume γ [ E(p)] ≡ E (p), so that: 
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P t + 1 = θ (p t): = p t + cE (p t) (4.20) 

 
Initially, the value of the parameter c is set to 1 in Day and Huang (1990). 

4.3 Simulation Experiment 1 

In the original model by Day and Huang (1990), an investor will either be an α-
investor or a β-investor. In reality, it seems more likely that in some circumstances 
an investor’s behavior will show more similarity to that of an α-investor and in 
other circumstances an investor’s behavior shows more similarity to that of a β-
investor. Stock markets and stocks alike may differ to the extent that investors 
focus more on fundamental characteristics of a share like price/earnings ratios or 
beta’s (like α-investors may do) or focus more on social aspects of a share like 
information about which shares friends, colleagues or prominent finance experts 
buy (like β-investors may be more inclined to do). To acknowledge these 
differences between investors, we re-formalized the model by Day and Huang 
(1990) in a multi-agent social simulation context and introduced a new parameter 
S. The extent to which each investor follows either an α-strategy or a β-strategy is 
now weighted by this parameter that represents the social susceptibility of an 
investor. That is, in our multi-agent social simulation model formalization of this 
model, an agent can use only an α-strategy, only a β-strategy, or any possible 
mixture between these two strategies. In other words, investors are heterogeneous 
with regard to the strategies they follow.  

 
Introducing the parameter S leads to the following simple formula 3 for the total 
excess demand as based on Day and Huang (1990): 

 

E = (1-S) · (u-p) · f (p) + S · (p – v) (4.21) 

 

                                          

3 All other formulas remain the same and a similar parameterization is used as in 
the original paper by Day and Huang (1990). Moreover, as in Day and Huang 
(1990), in this chapter we also set u = v. 
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In the remainder of this section, we will investigate the effect of changing 
proportions of socially oriented investors on the stock market price dynamics, 
expecting to see more chaotic stock market price dynamics when the level of S is 
increased. 
 
In experiment 1.1 we show that when S is very low or close to zero, representative 
for a situation in which fundamental traders dominate the market, the market 
prices stabilize and remain at a constant level after only a small number of time 
steps. This is caused by the alpha-investors who constantly try to trade in a way 
that brings the price back to its long-run investment value. Yet, we can observe 
that this equilibrium price is higher than both the starting price and the long-run 
investment value. So, although with these low values of S, the β-investors did not 
succeed in pushing the market out of equilibrium into a more chaotic price 
behavior, these investors did induce an upward shock. In figure 4.4, we further 
illustrate these findings of experiment 1.1 by presenting an example of the price 
dynamics (with p = 0.501; u = 0.500; S = 0.03 and 10 agents).   

 

 
Fig. 4.4. Price Time Series from Experiment 1.1. 

In experiment 1.2 we separately increased the value of S (i.e. the weighting of the 
β-strategy) as well as the number of agents, which both resulted in more chaotic 
stock market price dynamics as can also be observed in real stock markets. In 
figure 4.5, we present an example of the price dynamics for this second series of 
experiments (with p = 0.501; u = 0.500; S = 0.02 and 100 agents). Durbin-Watson 
tests and GARCH analysis indicated both autocorrelation and heteroscedasticity to 
be present in the returns series from this series of experiments. Both effects can 
also be observed in real-life stock market returns.  
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Fig. 4.5.  Price Time Series from Experiment 1.2. 

In experiment 1.3, we further increased the weighting of the β-strategy over 
certain boundaries, which lead to very excessive stock market price dynamics. In 
these situations, the stock market price dynamics become so extreme, that we had 
to instruct the computer to stop the simulation. This is visible in figure 4.6 (where 
we used p = 0.501; u = 0.500; S = 0.100 and 100 agents) by the absence of price 
developments after a short period of very volatile stock price dynamics. 

 
Fig. 4.6.  Price Time Series from Experiment 1.3. 
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4.4 Simulation Experiment 2 

In experiment 1.3, after only a minor increase in the level of S, the price time 
series already became excessively volatile. A persistent problem in the first 
simulation experiment therefore was that the parameter space for which useful 
price time series could be obtained like those of experiment 1.2 (see figure 4.5) 
was very small. This problem was due to the fact, that in the original model by 
Day and Huang (1990), all investors made their decisions to buy, sell or hold at 
exactly the same moment in time.  

In experiment 2.1 we attempt to increase the parameter space by changing this 
‘simultaneous market updating mechanism’ into a ‘sequential market updating 
mechanism’ and to observe the market dynamics that result from this model 
modification. In the sequential market updating formalization, a random process is 
responsible for the order in which the investors are selected to make their 
decisions to trade. After each individual trade has taken place, the market is 
cleared and a new market price is calculated. Then, another investor trades, 
reacting partly to the trades of previous investors, as the price has now probably 
changed, and again the market is cleared.  

In experiment 2.2, we moreover performed a number of experiments with 
homogenous and heterogeneous investor populations in combination with the 
sequential market updating mechanism. In experiments 1.1, 1.2, and 1.3, the 
investor population was homogeneous. That is, S was set at a certain value and 
this value was the same for all investors. In experiment 2.2, however, we will 
introduce heterogeneity by not using one fixed average value of S, but using a 
range of randomly generated values of S to lie within 0 and a set value. This 
situation would represent the actual market situation in a more realistic way, as it 
is a well-known fact that not all investors follow exactly the same strategy. 
Although this setting eventually results in the same average S for the experiment 
as when directly setting S at a certain average value, we expect different market 
dynamics, as the investor population now doesn’t react in exactly the same way to 
price changes.  

 
In experiment 2.1, investors are still homogeneous, that is, they all have the same 
value of S. In this case, the market price always reaches equilibrium. No matter 
how strong the β-strategy is, the α-strategy is always able to bring the market back 
to equilibrium, though the market price ends at a higher level than it started. The 
price level at which an equilibrium is reached depends on the value of S. Higher 
values of S lead to equilibria at higher levels, as the greater proportion of socially 
oriented investors with trend following behavior drives up market prices. In figure 
4.7, the price developments for a number of different levels of S are presented 
(with p = 0.501; u = 0.500 and 100 agents).  
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Fig. 4.7.  Price Time Series From Experiment 2.1. 

As mentioned above, in experiment 2.2, the investors are heterogeneous, with 
every investor having a different value for S. This setting leads to a change in the 
before discussed stock market price dynamics. Now, the price developments only 
become chaotic when the β-strategy is strong enough, that is, at higher levels of S. 
At relatively low levels of S, the price still reaches equilibrium. In figure 4.8, we 
report on the price developments that result from three different settings of S. In 
the first setting S was randomly assigned between 0.0 and 1, in the second setting 
it was randomly assigned between 0.4 and 1, and in the third setting it was 
randomly assigned between 0.5 and 1.  

 
Fig. 4.8. Price Time Series from Experiment 2.2. 
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4.5 Simulation Experiment 3 

In the previous section, we applied a sequential market updating mechanism to 
increase the parameter space for which useful price time series could be obtained. 
Although this modification to the model was effective in enlarging this parameter 
space, chaotic like stock market dynamics could now only be observed for 
heterogeneous investor populations. To overcome this limitation of the model, a 
more elaborate mechanism to enlarge the parameter space was required. 

We therefore decided to bound the total excess demand between the previously 
described bottoming (m) and topping (M) prices of 0.0 and 1.0 using an 
exponential transformation (see equation 4.22). Day and Huang (1990) have 
avoided these problems of a limited parameter size by only reporting on a model 
parameterization that caused the market price dynamics to remain between the 
bounds of 0.0 and 1.0.  
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Here γ represents how strongly the market reacts to investors’ actions. This 
parameter γ is comparable to the price adjustment coefficient c as used by Day and 
Huang (1990). 

In experiment 3.1 and 3.2, we studied the influence of changing levels of trend 
following versus fundamental investors on the stock market price dynamics as in 
the experiment series 1 and 2. Moreover, we now also observed the effect of 
changing proportions of the socially oriented investors on the volatility of the 
overall stock market returns. In experiment 3.1, the level of socially oriented trend 
following investors is uniformly distributed between 0.10 and 0.12, resulting in an 
average level of trend following investors of 0.11. In experiment 3.2, the level of 
socially oriented trend following investors is uniformly distributed between 0.1 
and 0.5, resulting in an average level of trend following investors of 0.3. In both 
experiments, the starting price p is 0.501, the long run investment value u and the 
current fundamental value v are both 0.500, and there are 100 investing agents.  

 
In figure 4.9 and 4.10, we present both the price and returns time series for 
experiment 3.1. In figure 4.11 and 4.12, we present these results for experiment 
3.2.  
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Fig. 4.9. Price Time Series from Experiment 3.1. 

 

 
Fig. 4.10. Returns Time Series from Experiment 3.1. 
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Fig. 4.11. Price Time Series from Experiment 3.2. 

 
 

Fig. 4.12. Returns Time Series from Experiment 3.2. 
 

The results of 100 time steps were subsequently studied and it was found that with 
lower proportions of trend following investors (as in experiment 3.1), the standard 
deviation of returns is much smaller than with larger proportions of trend 
following investors (as in experiment 3.2). In experiment 3.1, the standard 
deviation of returns was 0.09, while in experiment 3.3, this standard deviation was 
larger at a value of 1.1. Again, this result indicates that social interaction amongst 
investors may lead to an increased level of stock market volatility, as measured by 
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the standard deviation of the returns. This is intuitive in the sense that if an 
increasing number of investors rely on a social strategy to make their investment 
decisions, it becomes more likely that herding behavior, the corresponding stock 
market price inflation, and an increased level of stock market volatility occurs. 
Moreover, it can be seen in figure 4.11 that a higher proportion of socially 
oriented investors results in an initial upward price swing. All in all, the results of 
the modified model confirm the results of the previous experiments.  

A comparison of the kurtosis of the returns distributions of these experiments 
with those that can be observed in real stock markets showed that the results of the 
current experiments do not yet replicate the heavy or ‘fat’ tails that can be 
observed in real markets. The kurtosis of experiment 3.1 was only 1.98, while the 
kurtosis of experiment 3.2 was somewhat larger at 2.40.  

4.6 Simulation Experiment 4 

On the individual level, the behavior of the investors is driven by the parameter S. 
However, the behavior of investors must not necessarily be the same in all 
circumstances. Investors might change their S according to their feelings and their 
fears (see equation 4.23). We therefore decided to design a switching mechanism 
in the investors’ strategies where we formalize the changes in S as a combination 
of the agent’s confidence coming from his or her previous returns and fear coming 
from the deviation of the current price from the fundamental or long-run 
investment value. The returns are derived from an estimation of how good 
individual investor agents have forecasted the price for the next period, better 
forecasts implying superior returns (see equation 4.24). Investors with higher 
returns are expected to feel more confident. The more the current price deviates 
from the fundamental value, the higher the fear of investors that the stock price 
developments might reverse, possibly leading to losses for these investors. 
Therefore, at certain moments in time, trend following investors may decide to 
return to a more ‘rational’ or fundamental’s based strategy.  

This adaptation of the model (the addition of a switching mechanism in the 
investors’ strategy) also addresses the weak point of the standard model as 
identified more generally in Arthur (1995). This is that the market dynamics are 
generated by the actions of the investors, but the cognition of the investors is not 
affected by the evolution of the market. 
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It should be noted that the only parameter that is introduced in comparison to the 
previous formalization of the model is δ. This is the individual tendency of 
investors to become afraid. When this tendency is higher, investors will more 
quickly develop feelings of fear in case the current price deviates from the 
fundamental value. We interpret this parameter as the speed of the investors’ 
reactions to changes in the price relative to the fundamental or long-run 
investment value. We can fix δ for every investors or we can distribute it in a 
uniform way (e.g., δ = [0.0, 1.0]).  

In the following experiments, the influence of two different levels of the 
parameter δ on the stock market price and returns dynamics will be studied. In 
both experiments, the initial proportion of trend following investors is 0.11, the 
starting price p is 0.501, the long run investment value u and the current 
fundamental value v are both 0.500, and there are 100 investor agents. We 
subsequently studied the results for 100 time steps.  

In experiment 4.1, the value of δ is 0.5 and in experiment 4.2, the value of δ is 
1.0. Figures 4.13 and 4.14 report on the price and returns time series of experiment 
4.1, while figures 4.15 and 4.16 report on the price and returns time series of 
experiment 4.2.   
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Fig. 4.13. Price Time Series from Experiment 4.1. 

Fig. 4.14. Returns Time Series from Experiment 4.1. 
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Fig. 4.15. Price Time Series from Experiment 4.2. 
 

 
Fig. 4.16. Returns Time Series from Experiment 4.2. 
 

When we compare the volatility of the stock market as measured by the standard 
deviation of returns between experiment 4.1 and 4.2, we find that higher levels of 
‘fear’ in the investor population can be associated with greater stock market 
volatility. In experiment 4.1 (with δ = 0.5), we find a standard deviation of returns 
of 0.44, while in experiment 4.2 (with δ = 1.0), we find a standard deviation of 
returns of 0.50. Apparently, the higher probability of investors to switch between 
investment strategies caused more turbulent stock market dynamics in the second 
experiment. 
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Moreover, it was found that when investors have a higher initial individual 
tendency to become afraid (indicated by a higher level of δ), the risk of previous 
periods becomes less important for the risk of today, as measured by ARCH 4 and 
GARCH 5 effects. The ARCH term represents the lagged squared error, while the 
GARCH term represents the lagged conditional variance. In tables 4.2 and 4.3, the 
ARCH and GARCH effects are displayed in the conditional variance equations for 
experiment 4.1 and 4.2, respectively. When investors react more fiercely to 
deviations of the current price from the current fundamental value, and therefore 
switch more easily from a trend following to a more fundamental or ‘rational’ 
strategy, the market displays less volatility clustering.  

Lastly, in contrast to the results reported for the previous experiments, the 
returns distributions of both experiments showed somewhat heavy or ‘fat’ tails as 
indicated by the kurtosis of 3.74 of experiment 4.1 and 3.39 of experiment 4.2. 
Yet, these tails are less heavy than those that can be found in real stock markets.  

Table 4.2. GARCH (1, 1) Analysis of Experiment 4.1. 

 

 

                                          

4 ARCH is the test for conditional heteroscedasticity as developed by Engle (1982). 
  
5 GARCH is the generalized model for conditional heteroscedasticity as developed 

independently by Bollerslev (1986) and Taylor (1986). 
 



Essays on The Social Dimensions of Investor Behavior 
 

96 

Table 4.3. GARCH (1, 1) Analysis of Experiment 4.2. 

 

 

4.7 Simulation Experiment 5 

In the previous experiments, we investigated the effect of different proportions of 
socially oriented trend following investors on the overall stock market dynamics. 
Yet, we did not study the individual returns achieved by the different types of 
investors and in what situations it may pay to be either a socially oriented trend 
following or a fundamentals based ‘rational’ investor.  

In experiment 5, the returns for each individual agent in the agent population as 
aggregated over 500 time steps of the simulation were therefore calculated using 
equation 4.26, resulting in 100 observations (one for each agent). Also, for each 
agent, the level of S was recorded. Scatter plots of the relationship between the 
level of S and the returns were made for two situations; a situation with a lower 
average level of S and a situation with a higher average level of S. In experiment 
5.1, S was set as a uniform distribution between 0.01 and 0.21, resulting in an 
average level of S of 0.11. In experiment 5.2, S was set as a uniform distribution 
between 0.1 and 0.5, resulting in the higher average level of S of 0.3. This 
experimental design leads to the observation of the following phenomena.  

In stock markets that are dominated by ‘rational’ investors using a fundamental 
strategy as in experiment 5.1, investors with higher levels of S achieve higher 
returns than investors with lower levels of S. So, in these markets it is beneficial to 
be a socially oriented trend following investor, and these investors can be said to 
be ‘free-riding’ on the fundamental investors. In figure 4.17, this relationship has 
been plotted. 
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Fig. 4.17. The Relationship between S and the Individual Returns for Experiment 5.1. 

 
However, in markets with a higher average level of trend following investors, as 
in experiment 5.2, a more complex pattern emerges. In these markets, the 
relationship between the level of S and the individual returns follows a flattened 
U-shape, as can be seen in figure 4.18. In this market, investors with relatively low 
levels of S achieve high returns, and so do investors with relatively high levels of 
S. Investors with intermediate levels of S are proverbially ‘stuck in the middle’, as 
they earn lower returns than both of these other two groups of investors do. So, in 
this market an investor should either be a pronounced ‘rational’ investor following 
a fundamental strategy or a pronounced socially oriented trend following investor 
in order to obtain high returns. Overall, the returns are higher in experiment 5.2 
than they are in experiment 5.1.  

 
Fig. 4.18. The Relationship between S and the Individual Returns for Experiment 5.2. 
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4.8 Conclusion and Discussion 

In this chapter we have investigated the effect of micro level investor behavior on 
macro level stock market dynamics and a possible feedback effect from macro 
level stock market dynamics on micro level individual investor behavior.  

More specifically, we investigated the effect of changing proportions of 
socially oriented trend following investors on the overall stock market dynamics. 
Moreover, we have studied the possible effects of overall stock market dynamics 
on individual investor behavior through an elaborate switching mechanism that 
allowed investors to switch from a socially oriented trend following investment 
strategy to a more fundamentals based ‘rational’ strategy when they become afraid 
that the current stock market price developments might reverse. Furthermore, we 
have studied in what market situations a socially oriented investment strategy 
could be more or less appropriate in terms of individual investors’ returns. 

We have found that increasing the proportion of socially oriented investors 
leads to more chaotic, volatile stock market price and returns dynamics. 

Moreover, we have found that higher levels of ‘fear’ in the investor population 
can be associated with greater stock market volatility as measured by the standard 
deviation of the overall stock market returns.  

Furthermore, it has been found that in stock markets that are dominated by 
‘rational’ investors using fundamental strategies, it is beneficial to use a socially 
oriented trend following strategy, while in markets with a higher average level of 
trend following investors, a more complex pattern emerges. In these markets, an 
investor should either follow a pronounced fundamental strategy or a pronounced 
socially oriented trend following strategy in order to obtain high returns 

To obtain these results, Day and Huang’s (1990) model on investor behavior 
was re-formalized in a multi-agent social simulation environment. Moreover, in 
the course of this chapter, several modifications to the original model specification 
were made to improve both its relevance and usability.  

Yet, even the current model formalization has a number of limitations, which 
justified the development of a more realistic multi-agent social simulation model 
of investor behavior that will be presented in the next chapter.  

First, in traditional models like the model by Day and Huang (1990), agents 
only interact through market prices. There are no more elaborate processes of 
social interactions taking place amongst traders. Although in general these 
traditional models have been able to explain unpredictable asset prices and returns, 
they have difficulty in explaining the other stylized facts as identified in e.g., 
Brock (1997). Also the results obtained by the modified model by Day and Huang 
(1990) showed only limited agreement with the several stylized financial market 
facts that can be found in real stock markets as discussed in the introduction of 
this chapter. Although the returns time series showed a small amount of volatility 
clustering and the returns distribution had somewhat heavy tails, there still is a gap 
to be bridged in terms of agreement between real-life results and simulated results.  

Moreover, the traditional view of financial markets from which these type of 
models on investor behavior historically stem, has recently become challenged by 
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developments in bounded rationality (see e.g., Sargent (1993)), behavioral finance 
(see e.g., Barberis and Thaler (2003)) and computational agent-based modeling 
(see e.g., Tesfatsion and Judd (2006)). Yet, even the more recent models have one 
important limitation. This is that their agent trading and interaction rules are often 
overly simple and remote from those as applied by real-life investors.  

In the next chapter, we will present a model on investor behavior that takes the 
limitations of this chapter’s model into account. Most importantly, this model, 
called SimStockExchange™, uses more realistic agent rules that are derived from 
the empirical studies of which the results were reported in chapters 2 and 3. 
Moreover, SimStockExchange allows for far more elaborate processes of social 
interaction to take place amongst investors.  





 

 101 

5. Social Simulation of Stock Markets: Taking it to the 
ext Level 1 2 

5.1 Introduction 

In recent years, agent-based computational finance has developed into a growing 
field in which researchers rely on computational methods to overcome the 
inherent limitations of analytic methods (LeBaron, 2000). Amongst the 
advantages that agent-based computational models have to offer are (1) the ease 
with which it is possible to limit agent rationality, (2) the facilitation of 
heterogeneity in the agent population, (3) the possibility of generating an entire 
dynamical history of the processes under study, and (4) the ease with which it is 
possible to have agents interact in social networks (Axtell, 2000). Furthermore, 
agent-based computational models as a specific instance of the broader field of 
social simulation are well adapted to developing and exploring theories concerned 
with social processes and are well able to represent dynamic aspects of change. 
Using these models can help to increase our understanding of the relationship 
between micro level attributes and individuals’ behavior and macro level 
aggregate effects (Gilbert & Troitzsch, 1999). An example of the latter would be 

                                          

1 This chapter is a slightly modified version of: 
 
- Hoffmann, A. O. I., Jager, W., & Von Eije, J. H. (2007). Social Simulation of Stock 

Markets: Taking it to the Next Level. Journal of Artificial Societies and Social 
Simulation 10 (2). 

 
2 We like to thank conference participants of the First World Conference on Social 

Simulation WCSS 06 in Kyoto, Japan and the Artificial Economics 2006 Conference in 
Aalborg, Denmark as well as two anonymous referees of the JASSS for their valuable 
comments on this paper. This paper greatly profited from all of their feedback.  
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to study the influences of different types of investors’ behavior on the fluctuations 
of asset prices as described in e.g., Takahashi and Terano (2003).  

Moreover, the application of multi agent models for financial markets research 
has been promoted by a number of empirical puzzles or stylized facts (e.g., time 
series predictability, volatility persistence/clustering, and heavy or ‘fat’ tails in the 
asset returns distribution) that are difficult to explain using traditional 
representative agent structures (LeBaron et al., 1999). The latter structures assume 
rational agents who make optimal investment decisions and have rational 
expectations about future developments (Hommes, 2006). In addition, using the 
representative agent assumes that the choices made by all the diverse agents in a 
sector - e.g., consumers, investors, or producers - can be considered as the choices 
of one ‘representative’ standard utility maximizing individual whose choices 
coincide with the aggregate choices of the heterogeneous individuals. However, 
this reduction of the behavior of a group of heterogeneous agents is criticized as 
not simply being an analytical convenience but as being unjustified and leading to 
conclusions that are usually misleading and often wrong (Kirman, 1992).  

An excellent overview of early and influential models in agent-based 
computational finance is given by LeBaron (2000; 2005). These models range 
from relatively simple models like the one of Lettau (1997) to very complicated 
models like the Santa Fe Artificial Stock Market (Arthur et al., 1997; LeBaron et 
al., 1999). It is beyond the scope of this chapter to discuss them all in detail here, 
but for those unfamiliar with them, we have provided a summary in appendix 1 of 
this chapter. 

The myriad number of different agent-based models that are applied in finance 
makes this a complex research field. To even further complicate matters, finance 
itself is not a uniform entity. Rather, the finance literature distinguishes two fields, 
which are related, but differ in their main axioms and principles. These fields can 
be called ‘traditional finance’ versus ‘behavioral finance’, respectively.  

Traditional finance literature is based on the assumption of rational and 
omniscient investors who optimize the risk/return profile of their portfolios 
(Olsen, 1998). This approach has merits in the development of theoretical 
foundations like the Capital Asset Pricing Model and the Arbitrage Pricing Theory 
for a stylized world with efficient markets. However, treating investors as being 
utility optimizing, omniscient, and unboundedly rational individuals, sets limits to 
understanding and explaining real-life investors’ behavior. The limitations of 
traditional finance are well-known in the field of behavioral finance and the extant 
literature in the latter field has contributed to understanding many facets of both 
micro level individual investor as well as macro level stock market behavior that 
were inexplicable from a traditional finance perspective (for a brief overview of 
behavioral finance, see e.g., Nofsinger (2002), Schleifer (2000), and Shefrin 
(2002)). However, the connections between micro level investor behavior and 
macro level stock market (price) dynamics - which are an essential part of the 
artificial stock market that will be presented in this chapter - remain an 
underdeveloped field of research according to Van der Sar (2004: 442). With 
respect to this topic, in his review of behavioral finance he argues that: 
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“… there still is a gap to be bridged between the individual investor and the 
market, and the question of aggregation has not been settled yet.” 

 
Traditional finance has a long history and the majority of the agent-based 
computational models mentioned in previous sections and that are discussed in the 
literature as outlined in appendix 1 of this chapter- either explicitly or implicitly - 
spring from this history. Consequently, unlike the literature on agent based 
computational finance in general, the literature on agent-based computational 
behavioral finance is still scarce. Takahashi and Terano (2003) are amongst the 
first who explicitly aim to apply behavioral finance theories in agent-based 
computational models.3 These authors state, that the decision-making rules of 
investors based on behavioral finance are much more complicated than the ones in 
traditional finance. Moreover, they note that it is difficult to analytically derive 
asset prices under these assumptions which motivates their choice to use an agent-
based model (Takahashi & Terano, 2003: 2). However, they also critically observe 
that most research in artificial markets makes the micro level agent rules as simple 
as possible in accordance with Axelrod’s ‘Keep It Simple, Stupid’ principles 
(1997b). Takahashi and Terano (2003) furthermore argue that this results in rules 
that are sometimes too mechanical and emphasize that these micro level rules are 
different from investors’ behavior in real markets. It is stated, that one of the 
novelties of their paper is that their models of bounded rational agents are 
grounded in real theories, such as those of trend chasers, overconfident investors 
and the Prospect Theory as introduced by Kahneman and Tversky (1979). Another 
novelty these authors claim to introduce is that they analyze, based on their 
investor models, how the behavior of each investor type (i.e. fundamentalists, 
trend chasers and overconfident investors) are associated with overall asset price 
fluctuations.  

This paper of Takahashi and Terano (2003) is an important step forward in 
explicitly applying behavioral finance theories and concepts in agent-based 
models and argues with good reason for agent rules that are more thoroughly 
based on theoretical work. Notwithstanding the contribution of these authors, we 
consider our approach and the artificial stock market model we present in this 
chapter, to be both novel and to offer a number of contributions to the field.  

The first contribution is that our model - like the model of Takahashi and 
Terano (2003) - is explicitly based on real theories. However, in contrast to these 

                                          

3 We note that there are authors (see e.g., Lux (1998: 148)) who argue that distinguishing 
between groups of trend following and fundamentalist investors is already an application 
of behavioral finance. 
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authors, we apply an interdisciplinary approach, in which (behavioral) finance, 
social-psychological and consumer behavior theories are used in combination. 
Amongst the theoretical concepts that are used in developing this model is the 
general notion of boundedly rational investors as propagated by the behavioral 
finance literature (Nofsinger, 2002; Schleifer, 2000; Shefrin, 2002) as well as 
more specific concepts like the Prospect Theory of Kahneman and Tversky 
(1979). Other theories that are utilized are theories on the different personal needs 
people may strive to satisfy (Maslow, 1954; Max-Neef, 1992), conformity 
behavior (Bikhchandani et al., 1998; Burnkrant & Cousineau, 1975; Cialdini & 
Goldstein, 2004; Cialdini & Trost, 1998), and the way decision-makers deal with 
uncertainty and risk (Knight, 1921; Mitchell, 1999; Taylor, 1974; Tversky & 
Kahneman, 1974). Moreover, theories on different social network topologies and 
the interactions within these networks are used in developing the model (Barabasi, 
2002; Newman, 1999; Wellman & Berkowitz, 1997).  

The second contribution lies in the fact that we not only based the model on the 
theories as introduced in the previous section, but furthermore, using these 
theories, we have developed specific hypotheses with respect to the individual 
investors’ trading and interaction behavior and performed empirical studies in 
which these hypotheses were tested. In chapters 2 and 3, we have reported on the 
results of these studies in which we investigated e.g., to what extent individual 
investors have needs that deviate from a risk/returns perspective. Moreover, 
differences in the amount of investment-related knowledge and experience of 
these investors were studied. Furthermore, the effect of these differences - which 
result in different levels of confidence - on the conformity behavior of these 
investors was examined. 

In the empirical studies of the before mentioned chapters it was found that 
individual investors do have other, more social needs apart from their financially 
oriented needs. In fact, investors that gave a higher importance to social needs 
and/or who had lower levels of investment-related knowledge and experience, 
displayed more informational and normative conformity behavior. Informational 
conformity behavior is the expression of an individual’s tendency to accept 
information from others as evidence about reality (Deutsch & Gerard, 1955). This 
is expressed by e.g., asking the members of one’s reference group for information 
and subsequently using this information in one’s own decision-making. Normative 
conformity behavior is the expression of an individual’s desire to comply with the 
positive expectations of others (Deutsch & Gerard, 1955). This expression of 
compliance takes the form of e.g., performing similar actions as the individuals to 
whose norms one wishes to conform.  

Subsequently, the results of these studies have been used to develop empirically 
plausible agent trading and interactions rules and to parameterize the model in 
order to achieve an artificial stock market that is a closer match with reality than 
existing models. In case we were unable to collect data to empirically ground a 
model part, we conformed to well-accepted trading and behavioral principles as 
reported in the agent-based computational finance literature or relied on 
information provided by investment practitioners like investment consultants and 
brokers. In the section where the model will be described, we will make explicit 
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how and where empirical findings have been incorporated in the model, and where 
we adhered to the agent-based computational finance literature’s ‘best practices’. 
Moreover, more (technical) details on how the empirical findings are incorporated 
in the artificial stock market will be presented there. 

The third and last contribution is that we not only investigate how the 
aggregation of micro level investor behavior results in macro level stock market 
results, but we will also estimate the empirical plausibility of the macro level 
stock market price and returns data that are generated by the model in the spirit of 
LeBaron (1999). Yet, we will go one step further as we do not only investigate the 
occurrence of possible stylized financial market facts (Cont, 2001) in the model’s 
returns time series, but we also evaluate the extent to which these stylized 
financial market facts in the returns time series of the simulation experiments 
agree with those of a representative empirical stock market. In this case, we will 
compare the returns time series of our artificial stock market that uses empirical 
data of Dutch investors, with the returns time series of the overall Dutch stock 
market using several statistical techniques.  

To summarize, in this chapter we introduce the artificial stock market 
SimStockExchange™ (from here on ‘SSE’) by outlining the main design of this 
model. Moreover, we report on a number of simulation experiments and a 
comparison is made between the results of the SSE and those of real stock 
markets. The remainder of this chapter is organized as follows. In section 5.2, the 
SSE model will be presented. In section 5.3, the results of two typical simulation 
runs of the SSE using two different network types as well as empirically valid 
parameter settings for the various agent rules are presented and these results are 
subsequently compared to those of the overall Dutch stock market. Section 5.4 
concludes, outlines the limitations of the current model, and discusses perspectives 
for related future research. 

5.2 The SSE 

We built an artificial stock market called SSE on a personal computer using a 
multi agent social simulation approach. The program is written in Java and both 
the Eclipse and Repast software packages are used in developing, error-testing and 
running the model. To succinctly show how the model works, we have included a 
brief sample of the model’s pseudo code in appendix 2 of this chapter. 4 

                                          

4 A demonstration version of the SSE is downloadable from www.simstockexchange.com. 
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The SSE is capable of simulating markets with any desirable number of 
investors. In the SSE, different types of investors exist who conduct transactions 
based on the investment rules that are formalized for each type. At the beginning 
of each simulation run, each investor agent is allocated a number of stocks in its 
portfolio as well as a cash budget. The investors can decide to invest all or part of 
their budget or to keep all or part of their budget in cash. Investors that are so 
unsuccessful that they lose their entire budget, are declared bankrupt by the SSE. 
The SSE offers the possibilities of either replacing these bankrupt agents by 
similar new agents or to let them remain bankrupt and let them no longer 
participate in the market interactions of the model. In the simulation experiments 
of this chapter, bankrupt agents are replaced. 

The SSE operates in the following four steps: (1) every investor in the market 
receives a personal signal (information on the next period’s expected price) and 
observes the current market price, (2) depending on the confidence of the investor, 
the personal signal is weighted to a greater or lesser extent with the signal that 
neighboring agents have received, and based on this an order is forwarded to the 
stock market, (3) a new market price is calculated based on the crossing of orders 
in the SSE’s order book, and (4) the agent’s rules can be updated according to 
their results. In the following sections, the SSE will be explained in more detail.  

 
Step 1: ews Enters the Stock Market 
 
Each time period t, investors observe for a stock s a current market price Pst

 (which 
is the same for every investor) and they also have an expectation of the next 
period’s price Est

 (which may differ among investors). The expectation of the next 
period’s price is based on news that enters the market. Although there is an 
important body of literature on the impact of different types of news on the stock 
markets, like announcements on company takeovers (see e.g., Keown and 
Pinkerton (1981)), announcements on quarterly earnings (see e.g., Bernard and 
Thomas (1989)), and announcements of stock splits (see e.g., Fama, Fisher, Jensen 
and Roll (1969)), this literature provides little information on how one could 
actually model a news arrival process in an artificial stock market. Nevertheless, 
the literature seems to agree that one important feature of such a news arrival 
process would have to be that neither fat tails, nor volatility clustering nor any 
kind of non-linear dependence in the returns time series of the model is caused by 
the news arrival process, but rather that the occurrence of any of these stylized 
financial market facts is due to the actual trading and interaction of the investors in 
the market (Chen et al., 2001). Inspired by the work of Chen, Lux and Marchesi 
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(2001: 5-6), we therefore model our news arrival process as normally distributed 
noise with a user-specified standard deviation around the current price. This 
property of the simulation model represents the fact that in real markets, different 
investors get different pieces of news, process the news in different ways, and 
consequently differ in their valuation of shares. This process leads to differences 
in the prices that the investors expect for the next period. The agents do not know 
that the signal they receive is random noise and therefore they are bounded in their 
rationality.5  

Yet, the current formalization of the news arrival process and corresponding 
decision-making by the investor agents differs in one important aspect from those 
that can be observed in real markets. Agents do not take news from previous 
periods into account for their decision-making. Rather, the agents forget the 
information signal of the previous period at the start of each new period. However, 
as we will see in later sections of this chapter, as the agents make their decisions, 
information is spread through the social network. Depending on the agent’s 
position in the social network and the agent’s moment of trading, the information 
it receives within a time period will be aggregated to a greater or lesser extent. So, 
although there is no aggregation of dispersed information beyond subsequent time 
periods, within a time period, there are processes of information aggregation.  

 
Step 2: Agents Make Investment Decisions 
 
In every time step t, each agent has to decide how much of its budget to invest in 
the stock s and how much to keep in cash. To determine what proportion of its 
available cash budget an agent is willing to invest in the risky asset or what 
proportion of its portfolio of stocks it is willing to divest, formulas 5.1, 5.2, and 
5.3 as depicted below are used. These formulas are based on the well-accepted 
principle in the field (see e.g., Lux (1998: 148) and references therein) of making 
a comparison between some kind of fundamental value and current market value, 
or in our case comparing the expected price of a stock with its current market 
price. 
 
 

                                          

5 In the current formalization of the SSE, the latter characteristic implies that the market 
interactions are a zero-sum game. Furthermore, the current formalization of the SSE 
features no transaction costs. 
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If , then this proportion is  

(5.1) 

 
 

 

If  , then this proportion is - 1 
 

(5.2) 

 
 

If , then this proportion is 1 
 

(5.3) 

 
Est = Expected price for stock s at time t 
Pst = Current market price for stock s at time t 
 
That is, an agent weighs the deviation of the current market price from the 
expected price for the next period by the current market price. When the expected 
price is higher than the current price it is attractive to invest, when the expected 
price is lower than the current price, it is more attractive to divest. The agents 
react stronger as the expected price deviates more from the current market price.6  

                                          

6 This mechanism can be interpreted as a form of symmetrical, linear loss aversion and is 
comparable to the mechanisms used in e.g., Day and Huang (1990). It is also possible to 
include a more elaborate loss aversion mechanism, like the type as assumed in the 
prospect theory (Kahneman & Tversky, 1979). Asymmetrical loss aversion types, 
however, call for more elaborate methods of analysis that take this asymmetry into 
account, like EGARCH  (Brooks, 2004). For an example of the application of a loss 
aversion mechanism as proposed by prospect theory, see e.g., Takahashi and Terano 
(2003). 
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Depending on the standard deviation that is chosen for the news, it would be 
possible that the above formula returns values that would imply an agent to invest 
more than its current cash budget allows or to sell more stocks than it has in 
portfolio. In these instances - of which the chances of occurring are extremely 
small using the parameter settings of the experiments that are discussed in this 
chapter - the proportion is limited to the agent’s available cash budget and 
portfolio of shares as can be seen in the formulas above. So, investors are not 
allowed to borrow money or short-sell stocks. 
 
Agents with lower levels of confidence C in the correctness of their own signal 
perform risk reducing strategies (RRS) in order to reach an investment decision. 
Using regression analyses, it was found in our empirical studies that investors with 
lower levels of investment related knowledge and experience who therefore have 
lower levels of confidence C, perform both more informational and more 
normative conformity behavior, which are two specific instances of the more 
general concept of RRS. In general (see e.g., Mitchell & McGoldrick (1996)), 
RRS may be either more individual or more socially oriented and either of a 
clarifying or simplifying kind. In table 5.1 below, a number of examples of these 
different types of RRS that are relevant for an investing context are displayed. 

Table 5.1. Risk Reducing Strategies. 

 

 
 

In the SSE, we focus on social RRS. The parameter C weights the extent to which 
an agent trusts on its individual signal on the expected price for the next period 
versus the extent to which it uses information obtained from its social network. C 
is bounded between 0 (no confidence in the correctness of their individual signal, 
i.e. only using information from the network) and 1 (complete confidence in the 
correctness of their individual signal, i.e. only using individual information on the 
expected next period’s price). The values for C for each individual investor that 
will be used in the simulation experiments of this chapter are derived from the 
empirical studies of the previous two chapters. In order to be able to incorporate 
this empirical data in the simulation model, two transformations were necessary. 
First, for each individual respondent, the average of his or her scores on the two 
questions that were used to measure C was calculated. Second, this overall score, 
which was on a five-point Likert scale, was transformed to a score on a one-point 
scale so that we only had values for C between 0 and 1. These two steps resulted 
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in an empirically validated set of estimates of C for a group of 167 investors that 
subsequently could be loaded into the model. 

The SSE also offers the possibility to use different distributions, e.g., uniform 
and normal distributions, as well as fixed values for the level of confidence C in 
case one would like to perform other types of experiments. The experiments 
presented in this chapter, however, use a replication of the distribution of C as 
found in the empirical study, based on the empirically derived estimates of C as 
found for each individual investor. 
  
The extent to which an agent uses a clarifying versus a simplifying strategy is 
weighed by a parameter named R (risk reducing strategy). R is bounded between 0 
(only using a clarifying strategy) and 1 (only using a simplifying strategy). The 
values for R that will be used in the experiments are derived from the empirical 
studies in the following way. First, for each individual respondent, we calculated 
his or her average score for his or her propensity to use clarifying strategies Sc, 
which was measured using two questions, and their propensity to use simplifying 
strategies Ss, which was measured using three questions. Second, we again 
transformed these overall scores - which were measured on a five-point Likert 
scale - to a score on a one-point scale, so that we also had values for Sc and Ss 
between 0 and 1. Third, in order to convert these two scores to one value for R 
that indicated the relative importance of either of these two types of strategies, we 
used the following formulas: 

 
 

If  , then  
 
 

(5.4) 

 

 

If   , then  
 
 
 

(5.5) 

 
      
These three steps resulted in an empirically validated set of estimates of R for a 
group of 167 investors. A schematic overview of the above is given in figure 5.1 
below. Although in this overview, only the extreme situations (C = 0, C = 1, R = 
0, R = 1) are displayed, investors in our model can also trust only partly on their 
own signal and partly on information obtained from their social network (0 < C < 
1) and/or use a combination of both clarifying and simplifying strategies (0 < R < 
1) as can be seen in appendix 3 of this chapter. 
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In case one would like to perform other types of experiments, the SSE also 
offers the possibility to use different distributions, e.g., uniform and normal 
distributions, as well as fixed values with regard to the relative proportion R of 
using clarifying versus simplifying strategies. The experiments presented in this 
chapter, however, only use the empirically derived set of estimates of R as found 
for the individual respondents. 

In appendix 3, the empirically derived values as well as some sample statistics 
for C and R for the before discussed investor sample are displayed in a table.  

 

 
 

 
Fig. 5.1.  Simplified Overview of the SSE’s  Agents’ Trading Behavior. 
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The previously introduced clarifying strategy is a form of informational 
conformity behavior. When performing this strategy, the agent asks other agents 
in its social network to which it is connected by a single link what prices they 
expect for the next period and calculates the unweighted average of these 
expectations.7 Subsequently, the agent will weigh the value of its individual signal 
of the expected next period’s price and the signal of the next period’s expected 
price obtained from its social network by its value for C (confidence). For 
example, if an agent’s value for C is 0.2, the agent will weigh its own expectation 
for 20% and the expectation obtained from its social network for 80%.  
  
The previously introduced simplifying strategy is a form of normative conformity 
behavior. When performing this strategy, the agent will perform similar actions as 
the agents in its social network to which it is connected by a single link. The agent 
observes the investment behavior of its neighbors and evaluates whether there are 
more selling or more buying agents. It will decide whether to buy or to sell 
depending on what action is dominant among its neighbors. After it has identified 
the dominant action, it will conform to this action. In order to decide how many 
shares to buy or to sell, the agent will take the average value of the expectations of 
the next period’s price of the group of investors (either buyers or sellers) it 
decided to copy. Then, it again weighs this average value with its own expectation 
according to its level of confidence (C) to arrive at an average expected value for 
the next period’s price. This value is subsequently used to arrive at the decision 
how much of its remaining cash budget or stock portfolio to invest or divest. 
When the number of buyers and sellers in the market is equal, the investor will 
simply take the average of all their expectations of the next period’s stock price 
and weigh this with its own expectation to arrive at a decision. In this one and 
exceptional case, the decision will thus be made in a similar way as in the 
clarifying strategy. 
 
All agents in the SSE are connected to each other in a social network. Depending 
on the specific properties of this social network topology, agents will differ in the 
number of other agents to which they are connected and information on the 
expectations of the next period’s stock price will diffuse in different ways and at 
different speeds through the social network. This may offer some agents an 
informational advantage in comparison to other agents in the social network.  

                                          

7 The SSE also offers several other options of weighting the expectations of the agents’ 
neighbors, like weighting the neighbors’ expectations according to the importance of 
their network position or their past success in investing. 
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In every time step, all agents receive news at the same time, but the order in 
which the agents are allowed to decide to trade and forward their order to the 
order book, is random. So, depending on whether an agent is amongst the very 
first or last agents which are selected to trade, the information this agent collects 
from its direct neighbors may already contain information that these neighbors 
have collected from their neighbors and the neighbors’ neighbors for their 
decision-making or not. Notwithstanding this simplification, different social 
network topologies will vary in their information diffusion characteristics (Cowan 
& Jonard, 2004). In order to investigate to what extent the stock market returns 
time series’ dynamical features are affected by these differences, in our simulation 
experiments we compare the results of two different network topologies. The 
network topologies that we use are the torus network (regular lattice) and the 
Barabasi and Albert (1999) scale free network, respectively. A torus network is 
simply a lattice whose edges are connected, and a scale free network is a network 
in which the distribution of the connectivity of the nodes of the network follows a 
power law, i.e. there are many nodes with only a few connections to others, and 
there are only a few nodes with many connections to others. Many networks in 
real life, like those of websites and scientific citations, behave like a scale free 
network and also have small world characteristics (Amaral et al., 2000; Barabasi, 
2002; Barabasi & Albert, 1999; Buchanan, 2002; Watts & Strogatz, 1998).  

Figures of the two different network topologies that are used in the experiments 
are displayed in figure 5.2 and figure 5.3, respectively.  
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Fig. 5.2. Torus Network. 
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Fig. 5.3. Barabasi and Albert Scale Free Network. 

 
 
Step 3: a ew Market Price is Calculated 

 
To determine the market price, an order book is used to which agents forward 
their orders that either consist of a maximum price and the number of stocks that 
the agent wishes to buy for this price or a minimum price and the number of 
stocks the agent is willing to sell for this price. The general rule is that the 
processing of orders follows the FIFO (first in, first out) principle and in the 
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situation that it is not possible to cross a complete order, an order will be partly 
executed.8 The non-executed part of the order remains in the order book until it is 
(1) eventually crossed by another order or (2) the respective agent decides to issue 
a new order. 
 
Buying Stocks 
 
The maximum price that buying agents are willing to pay for their shares is the 
price they expect for the next period. At prices lower than this expectation, these 
agents expect to gain money. At prices higher than their expectation, the agents 
expect to lose money. This maximum price is used to determine the number of 
shares the investor wants to buy. This is done by dividing the budget to invest by 
the expected price for the next period, rounded off downward to the closest whole 
number. So, each buying investor forwards a limit order to the market stating the 
number of shares it wants to buy and the limit price that it is willing to pay for 
these shares. In case its limit order crosses another agent that is willing to sell the 
requested number of shares at the indicated limit price, the order is executed and 
removed from the order book. In case the order crosses another agent that is 
willing to sell at a price below the limit, the order is executed for the average of 
the bid and ask price. This system of ‘splitting the difference’ is inspired by 
Beltratti and Margarita (1992). In case there is no agent willing to sell at the limit 
order price of the agent, the order stays in the order book until it eventually 
crosses another ask order or the agent issues a new order, in which case the old 
order will be deleted from the order book.  

 
Selling Stocks 
 
The minimum price selling agents are willing to sell their shares for is the price 
that they expect for the next period. For them it is no problem to sell below the 
current price, as they expect the price in the next period to (downwardly) move 
towards their own expected price, which is lower than the current price. As long as 
the selling price is above the expected price for the next period, these agents 
expect to minimize their losses. However, they will not sell for less than the price 
they expect for the next period. So, these agents calculate the number of shares 
they want to sell as the budget they want to sell divided by the expected price for 

                                          

8 We use the in the financial literature common phrase ‘crossing of orders’ to indicate that a 
buy or sell order matches another sell or buy order, respectively, and subsequently a 
transaction takes place.  
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the next period, also rounded off downward to the nearest whole number. In case 
this limit order crosses another agent that is willing to buy the offered number of 
shares at the indicated limit price, the order is executed and removed from the 
order book. In case this order crosses another agent that is willing to buy at a price 
above the limit, the order is executed for the average of the ask and bid price. In 
case there is no agent willing to buy at the limit order price of the agent, the order 
stays in the order book until it finally crosses another bid order or the agent issues 
a new order, in which case the old order will be deleted from the order book.  

 
The Market Price of Stocks 
 
The market price that is realized in each time step is calculated as the average of 
the bid and ask prices that are present in the order book, weighted by the number 
of asked and offered shares. In this way, we account for the price pressure that is 
put on the market by the bid and ask orders. Even when not all the orders are 
executed, they will still influence the market sentiment and therefore the price 
level. 

Although in the simulation experiments described in this chapter, only the 
shares of one stock are traded amongst the investor agents, the SSE offers the 
possibility to incorporate a number of different stocks.  

 
Step 4: Updating the Agents’ Rules  

 
Most if not all artificial stock market models, including the SSE, have a feedback 
loop from the macro to the micro level in the sense that the individual agent’s 
orders are influenced by an aggregate variable such as the stock price. This type of 
feedback effect can be characterized as feedback influencing the input that is used 
in the decision-making of the individual agents. However, this type of feedback 
does not change the way in which the agents make their decisions. Investors for 
example do not change the type of strategy they use, only the input that is used to 
determine e.g., the type of order (buy or sell) and the order size, is affected. A 
general point of critique on these type of models made by e.g., Arthur (1995) is 
therefore that the market dynamics are generated by the actions of the investors, 
but the cognition of the investors is never affected by the evolution of the market. 

One of the contributions of the SSE is that we have incorporated the possibility 
to include a feedback mechanism that influences the decision-making of the 
investor. Investors can change their strategies according to the returns they get. 
Using this updating mechanism, the rules which the agents use will depend on the 
successfulness of these agents. Agents with higher returns, who are more 
successful, get higher levels of confidence C in the correctness of their own signal 
and therefore in the correctness of their own rules. Yet, it should be noted, that 
with the current formalization of the news arrival process, there is little in these 
news signals - except from the variance - that could make decisions based on them 
more or less effective than other agents’ decisions. Since agents cannot ‘choose’ 
this variance themselves, the current formalization of the model gives little room 
for the agents’ decisions to be improved consistently. In future versions of the 
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model, experiments could be performed with news arrival processes using other 
distributions, giving more learning opportunities for the agents and so the 
possibility to create truly superior strategies that provide these agents with 
consistently higher payoffs.  

5.3 Experiments 

Using the settings for both C and R as were empirically found for 167 investors, 
the experiments that will be discussed in this chapter compare the time series 
behavior of the simulated price and returns series in two different network 
situations, a torus network and a scale free network. 9 Due to the superior 
information diffusion characteristics of the latter, we expect random shocks (news 
in the form of random noise) to dampen out more quickly and therefore expect 
these networks to display less volatility clustering than networks with poorer 
information diffusion characteristics, like the regular torus network. 

In table 5.2 below, an overview of the settings of the two simulation 
experiments can be found. 

                                          

9 As the 167 investors for which we have obtained empirical data do not constitute a social 
network by themselves, but rather are a sample of the overall population of investors with 
direct investments in the Dutch stock market, the exact positions of the investor agents in 
the two different social networks is arbitrarily chosen. In future research, one might try to 
rebuild an actual social network of investors and incorporate it in an artificial stock 
market.  
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Table 5.2. Parameter Settings. 

 

 
To generate the time series of both experiments, the market was initially run for 
500 time steps to allow eventual early transients to die out. Subsequently, the 
market was run for another 929 time steps for which the returns time series were 
calculated. The number of 929 time steps was chosen to accommodate with the 
availability of data on the real stock market that would be used as a benchmark. In 
order to avoid problems of missing data due to weekends, holidays, and other 
special occasions, we decided to use weekly data. This resulted in 929 
observations for the overall Dutch stock market from the seventh of January of 
1987 until the twentieth of October 2005. 10  

                                          

10 This was the longest time frame available from DataStream at the time of collecting the 
data for this chapter (October 2005). 



Essays on The Social Dimensions of Investor Behavior 
 

120 

In figures 5.4 through 5.7 and 5.8 through 5.11, the price and returns time 
series, returns distribution and autocorrelation graphs for experiment 1 and 2 with 
the torus network and the scale free network, respectively, are shown. Figures 5.12 
through 5.15 show the same weekly information for the overall Dutch stock 
market. 
 

 
 
Fig. 5.4. Price Time Series Experiment 1 (Torus Network).  

 

 
 
Fig. 5.5. Returns Time Series Experiment 1 (Torus Network).  
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Fig. 5.6. Returns distribution Experiment 1 (Torus Network).  
 

 
 
Fig. 5.7. Autocorrelation Graph of the Returns of Experiment 1 (Torus Network).  
 
The impression given by figure 5.4 and figure 5.5 - although it is more difficult to 
notice in the latter figure - is that the price swings in the market ‘arrive in 
clusters’. Periods of relative tranquility in which the price changes remain small 
are alternated by periods of increased volatility with larger price changes. 
Volatility clustering in the returns time series of this experiment, as can also be 
observed in real stock markets, is therefore expected to be present in the results of 
this first experiment. However, more thorough statistical analyses like GARCH 



Essays on The Social Dimensions of Investor Behavior 
 

122 

(1,1) estimates are necessary to prove this to be actually the case. In table 5.3, one 
can observe the results of such a GARCH model.  

Evaluating figure 5.6 suggest the returns distribution of the first experiment to 
be relatively close to a normal distribution, while more formal results on this are 
also presented in table 5.3.  

Figure 5.7 shows significant linear autocorrelation in the returns for many lags. 
In general, weekly and monthly data on real stock markets have also been found to 
exhibit linear autocorrelation (Cont, 2001) and it can be seen in figure 5.15, that 
the weekly returns of the overall Dutch stock market also show significant 
autocorrelation for many lags. For more high frequency data, like hourly or daily 
stock data, no significant linear autocorrelation in both price increments and asset 
returns are reported (Fama, 1970; Pagan, 1996). Absence of autocorrelation means 
that it is impossible to consistently achieve positive expected earnings with a 
simple strategy that uses statistical arbitrage. An investor cannot be expected to be 
able to predict tomorrow’s stock prices or asset returns using today’s stock prices 
or asset returns data. This can be seen as support for the efficient market 
hypothesis (Fama, 1991). However, as stated above, it has been proven (see e.g., 
Cont (2001)) that when the time scale on which the linear autocorrelation is 
measured is increased to e.g., weekly data, this absence of autocorrelation does not 
systematically hold anymore.  
 

 
 
Fig. 5.8. Price Time Series Experiment 2 (Scale Free Network).  
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Fig. 5.9. Returns Time Series Experiment 2 (Scale Free Network).  
 

 
Fig. 5.10. Returns Distribution Experiment 2 (Scale Free Network).  
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Fig. 5.11. Autocorrelation Graph of the Returns of Experiment 2 (Scale Free Network).  
 
It is difficult to detect systematic differences between the two experiments when 
comparing figures 5.4 through 5.6 with figures 5.8 through 5.10. On first sight, 
one might be led to believe, that the price and returns time series of the 
experiments performed with the two different social network topologies display 
rather similar characteristics. Only when comparing the autocorrelation graphs of 
figures 5.7 and 5.11, a clear distinction between both experiments appears. While 
the returns of experiment 1 (torus network) show significant autocorrelation in 17 
lags, this is only true for 9 lags in experiment 2 (scale free network). Using 
statistical tests makes it is easier to detect systematic differences between the 
results of experiment 1 and 2. The results of such tests are depicted in table 5.3.  

 
 
Fig. 5.12. Price Index Overall Dutch Stock Market 1987~2005.  
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Fig. 5.13. Returns Time Series Overall Dutch Stock Market 1987~2005.  
 

 
 
Fig. 5.14. Returns Distribution Overall Dutch Stock Market 1987~2005.  
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Fig. 5.15. Autocorrelation Graph of the Returns of the Overall Dutch Stock Market 
1987~2005.  
 
 
Table 5.3. Summary Statistics of Experiment 1,2, and the Overall Dutch Stock Market. 
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Table 5.3 reports on the results of a number of common statistical tests performed 
on the overall market returns time series of both experiments and of the weekly 
returns data of the overall Dutch stock market.  

The first row shows the volatility of the returns time series as defined by the 
standard deviations of the returns for the two simulation experiments as well as for 
the overall Dutch stock market. The standard deviation of the news in the two 
experiments was set at 0.02, a value close to the standard deviation that can be 
observed in the returns time series of the overall Dutch stock market. However, 
both experiments show a higher variance in the returns time series than the before 
mentioned 0.02 and the difference between the two cases is relatively small. 
Social interaction amongst investors in the SSE is a possible reason for this 
increased level of variance. Investors partly reacting on news and partly reacting 
on each other might create self-reinforcing dynamics, thereby pushing the 
standard deviation of returns to higher levels than can be justified by the news that 
hits the market only.  

The second row shows the kurtosis of the simulation experiments as well as 
that of the overall Dutch stock market. The two simulation experiments show a 
kurtosis that approximates that of a normal distribution - which has a kurtosis of 
3.00 - while the empirical stock market shows a significant amount of excess 
kurtosis, which can also be seen in figure 5.14. The returns distribution in the 
overall Dutch stock market is leptokurtotic; a pattern that is common for real asset 
returns distributions. Using the parameter settings from table 5.2, the SSE does not 
replicate this empirically found fact. This can be explained by the fact, that the 
news generation process in the SSE is currently based on a normal distribution. As 
argued in a previous section, this was a necessary simplification as the current 
literature provides no information on how one could incorporate real-life news 
arrival processes in a model. 

The third row shows the Durbin Watson statistic, testing for autocorrelation in 
the residuals. 11 We can observe from table 5.3, that the two simulation 

                                          

11 Autocorrelation is the correlation of a process Xt against a time-shifted version of itself. 
The efficient markets hypothesis of modern finance literature assumes that the residuals 
of today are uncorrelated with the residuals of tomorrow. That is, today’s news is 
completely and immediately absorbed in today’s stock prices and has no effect on 
tomorrow’s stock prices. When the Durbin Watson statistic takes on the test value of two, 
this corresponds to the case where there is no autocorrelation in the residuals. When this 
statistic takes on a test value of zero, this corresponds to the case of perfect positive 
autocorrelation in the residuals. In case the test statistic takes on the value of four, this 
corresponds to the case where there is perfect negative autocorrelation in the residuals.  
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experiments take on test values between 2.12 and 2.18, which lines up well both 
qualitatively and quantitatively with the test value of 2.19 as found for the 
empirical stock market. These values indicate, that both the two simulation 
experiments as well as the overall Dutch stock market display a very small amount 
of negative autocorrelation.  

The next row shows the coefficients and probabilities of the Jarque-Bera test, 
which is a goodness-of-fit measure of departure from normality which is based on 
both the sample kurtosis and skewness (Bera & Jarque, 1980; 1981). When the 
coefficient of this test is significant, the returns time series depart from normality, 
and the higher the value of this coefficient, the greater the departure from 
normality. As can be seen in table 5.3, the returns distribution of the overall Dutch 
Stock Market strongly departs from normality, while the returns distribution of the 
first experiment (torus network) do so to a lesser extent. The returns distribution of 
the second experiment (scale free network) does not significantly deviates from 
normality.  

The next three rows show a common test in finance for volatility persistence or 
‘volatility clustering’, namely the (Generalized) ARCH test. 12 A typical pattern 
observed for real asset returns is that the coefficients on all three terms in the 
conditional variance equation are highly statistical significant, with a small value 
for the variance intercept term C, a somewhat larger ARCH term, and an even 
larger GARCH term. The ARCH term represents the lagged squared error, while 
the GARCH term represents the lagged conditional variance. For real asset 
returns, both terms summed together are generally found to be close to 1 (unity). 
This indicates that shocks to the conditional variance will be highly persistent, i.e. 
there is volatility persistence or volatility clustering. Qualitatively, the results of 
both simulation experiments line up relatively well with the empirical stock 
market with regard to the relative proportions of the three terms of the conditional 
variance equation. Only in the first experiment, however, we observe a statistically 
significant GARCH term that also lines up well quantitatively with the terms 
found for the real asset returns of the overall Dutch stock market. For experiment 
2, with the scale free network, none of the terms in the conditional variance 
equation is statistically significant, while experiment 1, with a regular torus 
network, displays a highly significant GARCH effect. So, for these two 
experiments, we observe ceteris paribus that in artificial stock markets with scale 

                                          

12 ARCH is the test for conditional heteroscedasticity as developed by Engle (1982). 
GARCH is a generalized model for conditional heteroscedasticity as developed 
independently by Bollerslev (1986) and Taylor (1986). 
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free networks, there is no statistically significant proof of volatility clustering, but 
artificial stock markets with a torus network do display volatility clustering. A 
possible explanation for this is that the superior information diffusion capacities of 
the scale free network facilitate an immediate absorption of the news by all 
network members and inhibit news shocks of yesterday to have much effect on the 
returns of today. Moreover, one could argue that in spite of today’s ubiquitous 
information through e.g., mass medial devices and the Internet, which have 
lowered the cost of information drastically, and despite the fact that theoretically 
and empirically there is a good case for the society as a scale free network, in 
reality (at least for the investing population of society) the society is more likely to 
behave like a torus network with regard to the information diffusion capacities, 
where information sometimes takes long to travel to remote corners of the network 
and shocks of the past continue to influence the present for a considerable period 
of time.  

5.4 Conclusions and Limitations 

In this chapter we have presented the SSE and given a practical example of the 
possible combination of empirical micro and macro level data, theoretical micro 
and macro level perspectives, and a multi-agent based social simulation approach 
in the development of an artificial stock market. It was shown, how artificial stock 
markets can be used to explore how different micro level behavioral processes 
aggregate to macro level phenomena and, in turn, how these aggregated outcomes 
affect individual investors’ behavior. In the SSE, investor agents make investment 
decisions using empirically estimated decision rules and socially interact in 
different social network structures. From these market interactions, macro level 
price and returns time series result, which are subsequently compared to empirical 
macro level data. First comparisons showed limited qualitative and quantitative 
resemblances of the simulated data with the real data and therefore a number of 
opportunities to improve this fit. In the following, we will outline a number of 
limitations of the current study, which provide opportunities for future research 
and which are expected to improve the fit between the results of the model and the 
real world when they would be overcome. 

First, the artificial stock market SSE is a model and therefore remains only a 
simplified reproduction of reality. Especially the question on how one should 
model the news arrival process poses a number of difficult questions which are 
hard to overcome for a modeler of an artificial stock market. It is precisely this 
difficulty, and the chances to be heavily criticized for the way one models the 
news arrival process if one does try to incorporate such a process, that can be 
understood as a rationale for many modelers in agent-based finance to omit news 
arrival processes from their artificial stock markets altogether (Lux, 2006). We, 
however, have chosen to model the news arrival process in a simplified way as 
normally distributed noise around the current price, which forms a limitation of 
the current study but poses a challenge for future research.  
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Second, the respondents from the empirical studies that were used to formalize 
the agents’ trading and interaction rules, were mainly individual investors. Only a 
small percentage (approximately 5%) of the respondents indicated to be either a 
professional investor, a broker or to work at a large investment company. It could 
be argued, that in reality, large institutional investors are the main determinants of 
price dynamics and therefore the composition of our sample might represent a 
limitation. 13 There are a number of reasons, why we expect the implications of 
this possible limitation to be limited. First, individual investors constitute an 
important group in the financial marketplace and their decision-making behavior 
is likely to have an impact on the stock market as a whole (De Bondt, 1998). The 
latter argument becomes even more pronounced taking into consideration that 
even a small country as The Netherlands already accommodates 2,300,000 
individual investors that invest directly and indirectly in the stock market (VEB, 
2002). Second, it seems safe to assume, that the stock price expectations of most 
large institutional investors and investment banks - who are well-connected to the 
most important stock analysts - are predominantly of the correct magnitude. This 
would imply that most market disturbances are caused by individual investors and 
that the large institutional investors merely form a stable force in the market that 
has to react to or is affected by disturbances caused by the individual investors. 
This then again makes it highly interesting and relevant to investigate the effect of 
different types of individual investors on the stock market dynamics.  

Third, the empirical benchmark in this study was the overall Dutch stock 
market, rather than specific shares of a company that are traded on this market. 
We expect, however, important differences between the time series behavior of 
specific companies and that of the aggregate market. It seems a realistic 
assumption, that certain shares are traded more by investors with a low confidence 
or who are highly socially oriented and other shares are traded more by high 
confidence, experienced investors who are only interested in certain fundamental 
characteristics of the company and make their decisions in a more individual way. 
In future research, one might therefore compare the results of the SSE to the 
returns time series of several individual publicly traded companies. 

Fourth, the time horizons of the simulation-generated data and the real market 
data might be incompatible. It is not yet evaluated whether one time step of the 
simulation model with its accompanying data point is comparable to one data 
point in the real market data, but in future studies we intend to experiment with 
different time horizons. 
                                          

13 We thank one of the anonymous referees of the Journal of Artificial Societies and Social 
Simulation for bringing this issue to our attention. 
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Appendix 1: Overview of Agent-Based Models in Finance. 
 
The framework of Lettau (1997) is an agent benchmark that implements many of 
the ideas of evolution and learning in a population of traders in a very simple 
setting. In this setting, agents have to decide how much of a risky asset to 
purchase, which is sold at a price p and which issues a random dividend d that is 
paid in the next period. There are two main simplifications in this framework: the 
price is given exogenously and the agents are assumed to have myopic constant 
absolute risk aversion preferences. The objective of Lettau is to investigate how 
close evolutionary learning mechanisms can get to the optimal solution in 
deciding how much of the risky asset to hold in comparison to the risk free bond 
paying zero interest. The results of this framework demonstrate that the genetic 
algorithm is able to learn the optimum distribution between the risky asset and risk 
free bond, but is biased towards holding more of the risky asset.  

The framework of Gode and Sunder (1993) is presented as an early benchmark 
paper in which the effect of zero intelligence traders is investigated. In their 
experiments, Gode and Sunder compared the results of a population of non-
learning, randomly trading agents with the results of real trading experiments. In 
this framework, a double auction market is used in which the efficiency of the 
market is evaluated by comparing the profits earned by the traders to the 
maximum possible profit. Two types of experiments are performed, one in which 
the agents trade randomly, but with a budget constraint and one in which the 
agents behave completely random, without any budget constraint. The population 
of budget-constrained traders displays relatively calm price series that are close to 
equilibrium and the market efficiency of 97% is comparable to that of populations 
of human traders. The population of completely random traders that are not 
limited by a budget, however, displays very volatile price series and the market 
efficiency ranges from 50% to 100%. The message from this paper is that it is 
very important to distinguish between features of artificial (stock) markets that are 
due to learning and adaptation and those which are caused by the market structure 
itself.  

An example of a more extensive framework that attempts to simulate more 
complicated market structures is that of Arifovic (1996). This author considers a 
general equilibrium foreign exchange market inspired by Kareken and Wallace 
(1981). LeBaron (2000) notes that a crucial aspect of this model is that it is 
underspecified in its price space which causes it to contain infinitely many 
equilibria. The economy that this model aims to represent is based on a simple 
overlapping generations economy in which two period agents have to decide 
which of two currencies to use for their savings. This framework introduces a 
number of important issues for artificial markets (LeBaron, 2000). First, it 
considers the equilibrium in a general equilibrium setting with endogenous price 
formation. Second, it compares the model learning dynamics to results obtained 
from actual experimental markets as in Gode and Sunder (1993). Third, it is able 
to replicate certain features from these experiments which other learning 
environments are unable to replicate.  
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A framework with an even more complex model structure is the one of 
Routledge (1994), which focuses on ideas of uncertainty and information in 
financial markets. It implements a version of Grossman and Stiglitz’s (1980) 
model with agents that use genetic algorithms for learning. The model is based on 
a repetition of a one period portfolio decision problem between a risky asset and a 
risk free asset in which agents can decide to purchase a costly information signal 
on the dividend payout. The informed agents develop their forecasts based on the 
signal which they have bought and the uninformed develop their forecasts using 
the only piece of information available to them, the price. This model illustrates 
the finite number problem, i.e. how many agents are needed for good learning to 
occur in a population; a problem which is suggested to be only really addressable 
using a computational framework (LeBaron, 2000).  

The Santa Fe Stock Market has been claimed as “one of the most 
adventuresome artificial market projects” (LeBaron, 2000: 690) and is described 
in detail in Arthur et al. (1997) and LeBaron et al. (1999). This market attempts to 
combine a well-defined economic structure in the market trading mechanisms with 
inductive learning using a classifier-based system. As with the previously 
described frameworks, the market setup utilizes concepts from existing work, such 
as Bray (1982) and Grossman and Stiglitz (1980). In the Santa Fe Stock Market, 
the one-period, myopic, constant absolute risk averse agents have to compose a 
portfolio of holdings of a risk free bond which is in infinite supply and pays a 
constant interest rate r and a risky stock which pays a stochastic dividend d. The 
before mentioned complexity of this market brings both advantages and 
disadvantages (LeBaron, 2000). An advantage of this market is that it allows 
agents to explore a wide range of possible forecasting rules and they are flexible in 
deciding whether to use or ignore different pieces of information. Moreover, the 
interactions that cause trend following rules to persist are endogenous. A 
disadvantage is that the market as a computer study is relatively difficult to track 
and it is sometimes difficult to establish what causalities are functioning inside 
this market. The foregoing makes it more difficult to draw strong theoretical 
conclusions about the reflections of this market on real markets. 

Beltratti and Margarita (1992) present another interesting framework which 
differs from the ones previously described in that trade takes place in a random 
matching environment and agents forecast future prices using an artificial neural 
network. Agents forecast future prices by using a network that is trained with e.g., 
several lagged prices and the average trade prices from earlier periods. Then, 
agents are randomly matched and trade occurs whenever two agents have different 
expected future prices. The trades are executed at the average of their two 
respective expected future prices, i.e. they split the difference. Another way in 
which this framework differs from some of the previously discussed frameworks 
is that trade is decentralized. An interesting result from this model is that when 
one varies the cost to agents of buying more complicated neural networks (that are 
able to give better forecasts) and/or the stages of a market’s development, 
different types of traders either can coexist or dominate the other type and the 
value of buying a more complicated neural network differs.   
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Many other models of artificial stock markets exist (for an overview see e.g., 
the review article of LeBaron (2000: 695-696)). Many of these markets are based 
on research that distinguishes several kinds of traders (e.g., information traders 
versus noise traders or fundamentalists versus chartists) and subsequently observe 
the market dynamics after these groups are let to interact (e.g., Chiarella (1992) 
and Day and Huang (1990)). For a recent overview of the specific field that is 
called ‘interacting agents in finance’, which studies the effects of different 
proportions of fundamentalists and chartists, we refer to Hommes (2006). 
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Appendix 2: Model Pseudo Code. 
 

Est = Expected price for stock s at time t 
Pst = Market price for stock s at time t 
Nst = News for stock s at time t 
Strat = Preference for an agent for simplifying risk reduction (0 ≤ Strat ≤ 1) 
NEst = Aggregated expected price for stock s at time t from an agents neighbours 
SimplNEst  = Aggregated expected price for stock s at time t from an agents 
neighbours, based solely on simplifying risk reduction. 
ClarNEst  = Aggregated expected price for stock s at time t from an agents 
neighbours, based solely on clarifying risk reduction. 
Conf = The agent's confidence level (0 ≤ Conf ≤ 1) 
Os = The amount of shares owned in stock s by the agent 
L = Loss aversion type. 
 
for t=1 to timespan 
 step agents  
  for each agent update expected values of stocks 
   if there is news 
    Est = Pst-1 + ( Pst-1 * Nst) 
   end 
  end 
 
  for each agent get expected prices from neighbours 
   NEst = (SimplNEst * Strat) + (ClarNEst * ( 1 – Strat)) 
   Est = ( Est  * Conf) + (Nest * (1 – Conf))  
  end 
 
  for each agent: place trade orders 
   if Est > Pst then 
    if L = linear 
     B = (cash * (Est - Pst)/Pst * Est) 
    if L = kahneman/tversky 
     B = (cash * ((Est ^ 0.88) - Pst/Pst) * 
Est) 
    Place buy order for B amount of shares 
   else if Est < Pst then 
    if L = linear 
     S = (Os * |(Est – Pst)/Pst| * Est) 
    if L = kahneman/tversky 
     S = (Os * ( Pst  + ( Pst  * (-2.25 * (- ( 
Est  – Pst))^0.88))) 
    Place sell order for S amount of shares 
   end 
  end 
 end 
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 step market 
 for each stock 
  for each order (in the order placed) 
  if order is buy order 
   match with the lowest priced sell order 
   subtract the amount of shares needed to satisfy the buy 
order with    the amount in the sell order, repeat matching 
sell orders until the buy    order is satisfied 
   the trading price for each transaction is the average of 
the limits of    the two orders 
  if order is sell order 
   match with the highest priced buy order 
   subtract the amount of shares needed to satisfy the sell 
order with    the amount in the buy order, repeat matching 
sell orders until the sell    order is satisfied 
   the trading price for each transaction is the average of 
the limits of    the two orders 
   
  end 
 
  Set Pst for each stock to the average trading price 
 end   
end 
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Appendix 3: Empirical Values and Sample Statistics C and R. 
 

 
 
 



 

 137 

6. Conclusions and Future Research 

6.1 Conclusions 

In the introduction of this thesis, we have identified two main research objectives 
that this thesis aimed to achieve as well as three research questions this thesis 
aimed to answer. In the remainder of this section, we will summarize how we have 
achieved the research objectives of this thesis by answering our research 
questions.  

To memorize, the following research objectives and research questions have 
been central to the research of which this thesis reported:  

 
RO 1 This thesis aims to contribute both to the understanding in the academic 
literature of as well as to the professional practitioners’ knowledge on individual 
investors’ personal needs, level of investment-related knowledge and experience, 
and the effect of afore-mentioned investor characteristics on (the social 
dimensions of) individual investors’ decision-making behavior.  
 
RO 2 Moreover, this thesis aims to contribute both to the understanding in the 
academic literature of as well as to the professional practitioners’ knowledge on 
the possible effects of the micro level investor behavior as identified in the first 
research objective on macro level stock market dynamics as measured by the 
occurrence of stylized financial market facts like e.g., volatility clustering.  
 
To achieve the research objectives as outlined above, a number of research 
questions have been formulated that this thesis aimed to answer. The main 
research questions of this thesis are: 
 
RQ 1 To what extent and in what way do different personal needs and 
individual investors’ level of investment-related knowledge and experience exert 
influence on the social dimensions of these investors’ decision-making behavior 
like their propensity to demonstrate conformity behavior? 
 
RQ 2 To what extent and in what way does the micro level individual investor 
behavior as meant in the first research question exert influence on macro level 
stock market dynamics as measured by the occurrence of stylized financial market 
facts like e.g., volatility clustering? 
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RQ 3 To what extent and in what way can the micro level individual investors’ 
decision-making behavior and their market interactions be influenced by the 
overall macro level stock market dynamics? 

6.1.1 Conclusions Research Question 1 

Using an empirical study on individual investors’ preferences and their behavior, 
in this thesis we have answered the first research question and thereby achieved 
our first research objective.  

In chapters 2 and 3, we have reported on the results of our online investment 
survey and described how these results contributed to answering the first research 
question. These results can be summarized in the following way.  

First and foremost, in line with recent behavioral finance research this thesis 
has empirically proved that investors care about much more than only the risks 
and expected returns of their investments. Apart from financially oriented needs, 
the investors that participated in our investment survey tried to satisfy more 
socially oriented needs like affiliating with other investors and participating in 
investment-related conversations with other investors. Moreover, these investors 
found investing to be a nice free-time activity and appreciated investing for the 
opportunities it gives for analyzing problems, looking for new security 
constructions and learn.  

Second, this study has found considerable differences between investors with 
regard to their self-reported level of investment-related knowledge and experience. 
Moreover, we have found that investors that give a greater importance to socially 
oriented needs and/or have lower levels of investment-related knowledge and 
experience, have a greater propensity to perform normative conformity behavior 
as well as informational conformity behavior. In the first instance, this socially 
oriented behavior is driven by the social needs of investors. In the second instance, 
this socially oriented behavior is driven by a desire to reduce the feelings of 
uncertainty investors may experience as a result from their low levels of 
investment-related knowledge and experience.  

To which extent these results may also hold for the more general population of 
investors with direct investments in the Dutch stock market has been discussed in 
section 2.5 and 3.5. and we will come back on this issue in section 6.2. 

6.1.2 Conclusions Research Questions 2 and 3 

Empirical studies like those used to answer the first research question are less 
suited to answer research questions that deal with the interactions between micro 
level investor behavior and macro level stock market dynamics which are central 
to the second and third research question. Multi-agent social simulation models, 
however, are a particularly suitable method to answer these types of questions.  
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In chapters 4 and 5, we have reported on the results obtained from two different 
multi-agent social simulation models and described how these results contributed 
to answering the second and third research question, respectively. 

 
In chapter 4, the model on investor behavior by Day and Huang (1990) was re-
formalized in a multi-agent social simulation environment. In this chapter we have 
performed a number of simulation experiments that concerned the influence of 
micro level investor behavior on macro level stock market dynamics and the 
possible influences of macro level stock market dynamics on micro level investor 
behavior.  

With regard to the first, we have found that increasing the proportion of 
socially oriented trend following investors leads to increasingly volatile stock 
market price and returns dynamics. Moreover, it was found that markets populated 
by homogenous investors reached higher levels of volatility earlier than markets 
that were populated by heterogeneous investor populations. That is, stock markets 
where all investors respond in an identical way to e.g., price changes, can be 
assumed to be more susceptible to stock market hypes and crashes. Considering 
the propensity of investors to perform conformity behavior as was found in 
chapter 3, a situation in which many investors perform similar behavior does not 
seem particularly unlikely. Socially oriented investor behavior such as conformity 
behavior may therefore be considered to be a potentially important driver of 
aberrant stock market phenomena such as crashes, bubbles, and hypes.  

With regard to the latter (the possible influence of macro level stock market 
dynamics on micro level investor behavior), we have performed a number of 
simulation experiments in which we have found that as investors become more 
sensitive to macro level stock market dynamics in terms of their fear that the 
current stock market price developments may turn around, the resulting stock 
market dynamics as measured by the standard deviation of returns also become 
more turbulent.  

 
Finally, in chapter 5 we have presented our newly developed artificial stock 
market SimStockExchange. This multi-agent social simulation model overcomes 
many of the limitations of the model on investor behavior that was presented in 
chapter 4 and incorporates the most important results of our empirical studies in 
its agent trading and interaction rules.  

In this chapter, we have presented the results of two simulation experiments, in 
which the agents either interacted in a regular torus network or in a Barabasi and 
Albert scale free network (Barabasi, 2002; Barabasi & Albert, 1999). 
Subsequently, we have studied the stock market price and returns dynamics as 
well as the occurrence of several stylized financial market facts for these two 
network configurations. Moreover, we have compared these results with those that 
can be found for real stock markets, like the Dutch stock market AEX. For these 
first simulation experiments, we have found a number of qualitative and 
quantitative agreements between our simulated results and the AEX, as well as a 
number of future research opportunities that might further improve this fit. We 
will report more extensively on this in section 6.2.  
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6.2. Limitations and Future Research 

The scope of this thesis has caused several limitations, which however offer 
perspectives for future research. These limitations can be related to either the 
scope of the empirical studies of which the results have been discussed in chapters 
2 and 3 or to the scope of the simulation studies of which the results have been 
discussed in chapters 4 and 5, respectively.  

In the following, these limitations will be summarized for each of these two 
categories and the opportunities for future research will be outlined accordingly. 

6.2.1 Limitations and Future Research of the Empirical Studies 

A comparison that has been made with regard to a number of descriptive 
characteristics has shown our sample not to be far out of line with the more 
general population of investors with direct investments in the Dutch stock market. 
Yet, the specific nature of our investment survey as discussed in chapter 2 and 3 
may bring along a number of possible limitations to the generalizability of its 
results. It is important to consider these limitations before generalizing our results 
beyond the specific class of investors that has participated in our investment 
survey.  

First, a potential sample bias may exist as only those investors that actually 
visited the specific four investment-related websites that were used in our studies 
could participate in our investment survey. Yet, the websites that have been used 
can be considered to be both well-known as well as to have nationwide visitors. 

Second, a potential non-response bias may exist as investors that did not 
participate in our investment survey could be different from our respondents in 
more ways than the simple fact that they refused to complete our online 
questionnaire. Socially oriented investors, for example, may be considered to be 
more inclined to answer questionnaires in general and about this topic in specific 
and may therefore be overrepresented in our sample. Yet, the call to participate in 
our research was neutrally worded on each of the four websites as “Research on 
Investor Behavior by the University of Groningen”. No reference was made to the 
specific nature of the questions that would be part of the survey, which to some 
extent may mitigate the potential for this specific bias.  

Third, the participants of our studies were interested in spending their free time 
on the computer accessing investment-related websites and seemed to be relatively 
active investors who like to transact. This could possibly affect their scoring on a 
number of questions of our investment survey. In particular, these characteristics 
could lead to higher scores for investing as a nice free time activity. 

Fourth, although the greater part of the general population of investors with 
direct investments in the Dutch stock market are older males, the participants of 
our investment survey were slightly older and even more likely to be male. 

Fifth, the respondents of our investment survey were Dutch investors. Dutch 
society - like the society of the United States, Great Britain, and Australia -  has 
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been found to have a very high level of individuality (Hofstede, 1983). Similar 
results could therefore be expected to be found in these countries, but future 
studies have to show what effects can be found in more collectivistic countries, 
like for example those in Central America, Asia, or even Scandinavia. If more 
socially oriented needs and investors’ conformity behavior can already be 
observed in a highly individualistic country as The Netherlands, even stronger 
effects may be found in more collectivistic countries. 

Sixth, the participants of our investment survey were mainly individual 
investors. Only a small percentage (approximately 5%) of the respondents 
indicated to be either a professional investor, a broker or to work at a large 
investment company. 

To demonstrate the universality of this study’s results, future studies should 
therefore have a larger and more international sample as well as a more even 
distribution of male and female investors and a larger proportion of institutional 
investors.  

6.2.2 Limitations and Future Research of the Simulation Studies 

In chapter 5, we have presented the artificial stock market SimStockExchange 
(SSE), that has been developed using the results from the empirical studies as 
reported on in chapters 2 and 3. This model of investor behavior has succeeded in 
overcoming many of the limitations of the model on investor behavior that was 
presented in chapter 4. Yet, even in the most recent formalization of this model, a 
number of potential limitations may remain.  

First, notwithstanding its level of sophistication, SSE remains a model and is 
therefore a simplified reproduction of reality. As discussed more extensively in 
chapter 5, especially the question on how to formalize the news arrival process 
poses a number of difficulties which are hard to overcome. We have chosen to 
model the news arrival process in a simplified way as normally distributed noise 
around a current price, which forms a limitation of the current study but poses a 
challenge for future research.  

Second, as discussed in the previous paragraph, the participants of our 
investment survey of which the results were used to formalize the agents’ trading 
and interaction rules, were mainly individual investors. It could be argued, that 
due to the size of their portfolios, large institutional investors have a far greater 
influence on stock market dynamics and therefore the composition of our sample 
may represent a limitation. Yet, there are a number of reasons why we expect the 
implications of this possible limitation to be limited. First, individual investors 
constitute an important group in the financial marketplace and their decision-
making behavior is likely to have an impact on the stock market as a whole (De 
Bondt, 1998). The latter argument becomes even more pronounced taking into 
consideration that even a small country as The Netherlands already accommodates 
2,300,000 individual investors that invest directly and indirectly in the stock 
market (VEB, 2002). Second, it seems safe to assume, that the stock price 
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expectations of  most large institutional investors and investment banks - who are 
well-connected to the most important stock analysts - are predominantly of the 
correct magnitude. This implies that most market disturbances would be caused by 
individual investors and that the large institutional investors merely form a stable 
force in the market that has to react to or is affected by disturbances caused by 
these individual investors. This again makes it highly interesting and very relevant 
to investigate the effect of different types of individual investors on stock market 
dynamics.  

Third, the empirical benchmark used in this study was the overall Dutch stock 
market, rather than specific shares of a company that are traded on this market. 
Yet, one may expect differences between the time series behavior of specific 
companies and that of the aggregate market. It seems a realistic assumption, that 
certain shares are traded more by investors with a low confidence or who are 
highly socially oriented and other shares are traded more by high confidence, 
experienced investors who are only interested in certain fundamental 
characteristics of the company and who also make their decisions in a more 
individual way. Future research may therefore also want to compare the results of 
the SSE to the price and returns time series of several individual publicly traded 
companies. 

6.3 Final Remarks 

All in all, this thesis has empirically proved that to many investors, investing 
constitutes much more than simply weighting the risks and expected returns of the 
various investment assets at their disposal. Rather, the investors that participated 
in our investment survey indicated that for them, investing is also a nice free-time 
activity. Moreover, these investors valued the opportunities to analyze problems 
and learn, but most importantly, they valued the opportunity to satisfy their more 
socially oriented needs by investing.  

Moreover, investors that gave a greater importance to these social needs or that 
had lower levels of investment-related knowledge and experience performed more 
normative and informational conformity behavior. 

Finally, using multi-agent social simulation models, this thesis has showed that 
markets with a greater proportion of socially oriented investors display more 
volatility as measured by e.g., the standard deviations of returns and can therefore 
be assumed to be relatively fertile grounds for aberrant stock market phenomena 
such as crashes, bubbles and hypes.  
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Summary in Dutch 

Algemene Introductie 

Dit proefschrift beschrijft een interdisciplinaire studie inzake het gedrag van 
particuliere beleggers in Nederland. In het algemeen worden interdisciplinaire 
studies gebruikt om een beter inzicht te krijgen in een vraagstuk dat ofwel te 
complex ofwel te breed is om te onderzoeken met de kennis en methodiek van één 
enkele discipline. Interdisciplinair onderzoek maakt gebruik van twee of meer 
academische disciplines en integreert vervolgens de inzichten en methoden van 
deze disciplines in het bereiken van haar doelstelling(en) (Augsburg, 2005). De 
algemene doelstelling van dit proefschrift is het vergroten van zowel de 
wetenschappelijke als praktijkgerichte kennis inzake de sociale dimensies van het 
gedrag van particuliere beleggers en de eventuele gevolgen van dit gedrag voor de 
aandelenmarktdynamiek (zoals bijvoorbeeld de volatiliteit van de markt).  

Dit proefschrift combineert hiertoe theoretische inzichten van de behavioral 
finance, marketing en sociaalpsychologische literatuur om het relatieve belang te 
onderzoeken van de verschillende behoeftes die beleggers kunnen nastreven door 
middel van beleggen. Ook wordt het gemiddelde niveau van 
beleggingsgerelateerde kennis en ervaring van deze beleggers in kaart gebracht 
vanwege de relevantie hiervan voor het gedrag van deze beleggers. Vervolgens 
wordt het effect van de voorgenoemde factoren op het beleggingsgedrag van deze 
groep beleggers onderzocht. Zoals reeds eerder vermeld, ligt hierbij de focus op de 
sociale dimensies van dit beleggersgedrag, en meer specifiek wordt in dit 
proefschrift de neiging tot conformistisch gedrag onderzocht.  

De kern van interdisciplinair onderzoek is echter niet alleen besloten in het feit, 
dat er gebruik wordt gemaakt van verschillende theoretische perspectieven, maar 
komt ook naar voren uit het feit dat er verschillende onderzoeksmethoden worden 
gecombineerd. De methodiek zoals gebruikt voor het onderzoek waarover dit 
proefschrift rapporteert, is een combinatie van een literatuurstudie, een online 
beleggers-enquête, diverse statistische methodes alsmede diverse multi-agent 
computersimulaties.  

De interdisciplinaire aard van dit proefschrift is een belangrijke bijdrage van dit 
proefschrift aan de wetenschap. Door een brug te vormen tussen verschillende 
disciplines, draagt dit proefschrift bij aan zowel theorieontwikkeling als aan 
theorietoepassing.  
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Achtergrond en Positionering in de Literatuur 

Beleggen omvat voor veel beleggers (veel) meer dan het (simpelweg) afwegen 
van het risico en het verwachte rendement van de verschillende 
beleggingsmogelijkheden. Oftewel, in de woorden van Fisher en Statman (1997: 
48):  

 
“…sommige - wellicht de meeste - beleggers hebben preferenties die verder 

gaan dan het verwachte rendement en risico. Preferenties voor aandelen van 
bedrijven die maatschappelijk verantwoord ondernemen is hiervan een 
voorbeeld.” 

 
Bovengenoemde inzichten worden ondersteund door de (recente) behavioral 
finance literatuur, welke theorieën en concepten afkomstig van de 
marketingliteratuur en de literatuur inzake consumentengedrag gebruikt om een 
onderscheid te maken tussen zogeheten utilitaristische versus expressieve 
karakteristieken van beleggen. Een klassiek voorbeeld van een aantrekkelijke 
utilitaristische eigenschap van een investering is een laag risico in combinatie met 
een hoog verwacht rendement. Expressieve eigenschappen van investeringen 
kunnen beleggers daarentegen helpen om hun gevoelens van patriottisme of 
maatschappelijke verantwoordelijkheid te verwezenlijken, maar kunnen ook 
leiden tot een positie van hogere (sociale) status voor de belegger in kwestie 
(Statman, 1999; 2004).  

In het algemeen kan in dit verband echter worden gesteld, dat iemands 
beleggingen privé zijn en in tegenstelling tot het dragen van bijvoorbeeld een 
kostbaar horloge of het rijden in een exclusieve sportwagen, zullen 
buitenstaanders in het algemeen weinig tot geen inzicht hebben in de omvang 
en/of samenstelling van iemands beleggingsportefeuille. Gezien deze lage 
zichtbaarheid van beleggingen, valt redelijkerwijs te beargumenteren dat deze 
daarom ook een beperkte signaleringsfunctie ten opzichte van buitenstaanders 
zullen hebben. Statman (2004) draagt echter aan, dat reeds het signaleren naar 
jezelf van het feit dat je bijvoorbeeld een maatschappelijk verantwoordelijk 
belegger bent, aantrekkelijk genoeg is om de voorkeur van sommige beleggers 
voor de aandelen van bijvoorbeeld maatschappelijk verantwoord ondernemende 
bedrijven te verklaren. In dit proefschrift wordt nochtans een stap verder gegaan 
door te beargumenteren dat beleggers behalve naar zichzelf soms ook bewust naar 
buitenstaanders een signaal zouden kunnen willen afgeven. Dit zou kunnen door 
bijvoorbeeld het bespreken van beleggingsportefeuilles in beleggingsclubs of 
gedurende (zaken) diners. Dit kan dan vervolgens weer leiden tot het bereiken van 
een hogere (sociale) status voor de belegger in kwestie, maar voorgenoemd gedrag 
kan natuurlijk ook plaatsvinden om iemands meer sociaal georiënteerde behoeftes 
te bevredigen, zoals bijvoorbeeld het participeren in beleggingsgerelateerde 
discussies of het ervaren van gevoelens van saamhorigheid met andere beleggers.   

 
Voor beleggingsprofessionals, waaronder beleggingsadviseurs en private bankers, 



Summary in Dutch 

157 

is het (1) belangrijk om zich bewust te zijn van het belang van de verschillende 
behoeftes die hun klanten kunnen nastreven, (2) deze behoeftes effectief in kaart 
te brengen en (3) vervolgens hiernaar te handelen. Immers, succesvolle financiële 
producten - zoals alle succesvolle producten - zijn uiteindelijk degene die 
tegemoetkomen aan de behoeftes van de klant (Statman, 1999). Dit betekent dat 
beleggingsprofessionals zich in toenemende mate zullen moeten bezighouden met 
marketingvraagstukken. Uit recent wetenschappelijk onderzoek is echter 
gebleken, dat beleggingsprofessionals hiertoe in het algemeen weinig geneigd 
zullen zijn. Verder worden marketing en beleggen slechts zeer sporadisch met 
elkaar in verband gebracht in de bestaande wetenschappelijke publicaties 
(Statman, 2004). Als een reactie hierop roept de behavioral finance literatuur op 
tot het maken van een sterkere en meer expliciete koppeling tussen marketing en 
beleggen (Statman, 2004). 

De vele consideraties en behoeftes van beleggers naast risico en rendement in 
aanmerking nemende, roept het echter verbazing op dat de bestaande financiële 
literatuur nog steeds voornamelijk de utilitaristische voordelen van beleggen - te 
weten een hoog verwacht rendement in combinatie met een laag risico - in 
aanmerking neemt (Statman, 2004). Net zo verbazingwekkend is het feit dat er in 
de wetenschappelijke literatuur tot nu toe geen melding wordt gemaakt van 
empirische studies inzake de verschillende behoeftes van beleggers en eventuele 
verschillen in het belang van deze behoeftes voor mannelijke versus vrouwelijke 
beleggers, jonge versus oudere beleggers, of beleggers met veel 
beleggingsgerelateerde kennis en ervaring versus beleggers met weinig 
beleggingsgerelateerde kennis en ervaring.  

Naast de algemene interdisciplinaire aard van dit proefschrift is een andere en 
meer specifieke bijdrage van dit proefschrift daarom gelegen in het feit, dat er een 
nauwkeurige empirische studie wordt uitgevoerd naar de verschillende behoeftes 
van particuliere beleggers, daarbij expliciet gebruik makende van theorieën en 
methodieken afkomstig van behavioral finance, marketing en 
sociaalpsychologisch onderzoek, hiermede een sterkere en meer expliciete 
koppeling makende tussen (de literatuur inzake) marketing en beleggen. 

 
Het bestaan van meer sociaal georiënteerde behoeftes aan de zijde van beleggers 
heeft een aantal belangrijke implicaties voor het handels- en interactiegedrag van 
deze beleggers. Het bestaan van deze behoeftes impliceert namelijk ten eerste dat 
beleggers niet in sociale isolatie tot hun beslissingen zullen komen, maar 
beïnvloed (kunnen) worden door andere beleggers en zelf ook (sociale) invloed 
(kunnen) uitoefenen op anderen. In het kader van marketingonderzoek in het 
bijzonder en onderzoek naar consumentengedrag in het algemeen is er zowel door 
sociaalpsychologen als sociologen zeer veel aandacht besteed aan de mogelijke 
effecten van sociale invloed. Recente studies op dit gebied hebben onder andere 
aangetoond dat niet alleen de echte, maar ook de ingebeelde of veronderstelde 
aanwezigheid van anderen een significante invloed heeft op het gedrag van een 
persoon (Abrams, 1994; Bearden et al., 1989; Kropp et al., 1999b; Lascu et al., 
1995; Terry & Hogg, 1996). Mede is er gevonden dat sociale invloed een 
buitengewoon belangrijke rol in iemands beslissingsgedrag speelt indien de 
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resultaten van deze beslissingen zowel iemands zelfbeeld als iemands publieke 
beeld kunnen beïnvloeden (Kropp, 1999a). Een belangrijke rol in de literatuur 
inzake sociale invloed wordt dan ook gespeeld door processen van conformiteit 
(het aanpassen van gedrag of gedachtes met als doel die te laten passen bij die van 
specifieke anderen of een meer algemene groepsstandaard) en er is veel literatuur 
op dit gebied verschenen (o.a. samengevat door Cialdini en Goldstein in 2004). 
Tot nu toe is deze literatuur echter in slechts zeer geringe mate toegepast op het 
gedrag van (particuliere) beleggers. De Bondt (1998: 835) heeft echter al gewezen 
op de relevantie van voorgenoemd gedrag voor de beslissingen van beleggers en 
de mogelijke effecten van dit gedrag op aandelenprijzen.  

De effecten van conformiteitsgedrag op aandelenprijzen is mogelijk zeer 
aanzienlijk indien dit type gedrag tot het zogenaamde herding gedrag zou leiden. 
In het kort komt herding erop neer, dat beleggers in toenemende mate hetzelfde 
gedrag gaan vertonen, hetzij door het simpelweg volgen van elkaar als schapen in 
een kudde (vandaar het gebruik van het Engelse woord herd, dat kudde betekent), 
hetzij door het tot zich nemen van dezelfde informatie. Het aanzienlijke belang 
van herding wordt onderstreept door het feit dat dit soort processen wordt gezien 
als één van de drijvende krachten achter excessievelijke prijsontwikkelingen op 
aandelenmarkten zoals bijvoorbeeld hypes, crashes en zeepbellen (de Internethype 
van eind jaren negentig van de vorige eeuw is hiervan een kenmerkend 
voorbeeld). Ook zijn beleidsmakers zoals het Internationaal Monetair Fonds 
bezorgd dat herding door spelers op de financiële markten tot een verhoging van 
de volatiliteit, instabiele markten en een fragieler financieel systeem kan leiden.  

Dit proefschrift draagt bij aan de bestaande wetenschappelijke kennis over 
beleggersgedrag door onderzoek te verrichten naar de effecten van meer sociaal 
georiënteerde behoeftes van beleggers, alsmede hun niveau van 
beleggingsgerelateerde kennis en ervaring op de geneigdheid van deze beleggers 
tot het vertonen van conformistisch gedrag. Dit proefschrift gebruikt vervolgens 
een multi-agent computersimulatie om de interacties tussen dit gedrag op 
microniveau en de dynamiek van de aandelenmarkt op macroniveau te 
onderzoeken. 

Belangrijkste Onderzoeksresultaten 

De belangrijkste resultaten van het onderzoek waarover dit proefschrift rapporteert 
zijn als volgt samen te vatten.  

 
In hoofdstuk 2 en 3 van dit proefschrift wordt verslag gedaan van de resultaten 
van de online beleggers-enquête. Uit de antwoorden van de respondenten van deze 
enquête bleek dat voor deze beleggers beleggen inderdaad veel meer is dan het 
(simpelweg) afwegen van het risico van mogelijke investeringen tegen het 
verwachte rendement van deze investeringen. Niettegenstaande de belangrijke rol 
van de meer financieel georiënteerde behoeftes, gaven de respondenten ook 
duidelijk aan dat ze beleggen als een aangename besteding van hun vrije tijd 
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zagen en dat ze sterk hechtten aan de meer sociale kant van beleggen. Het belang 
van deze sociale dimensie van beleggen bleek onder andere uit het gewicht dat de 
respondenten toekenden aan meer sociaal georiënteerde behoeftes - zoals het 
participeren in beleggingsgerelateerde gesprekken - alsmede het belang van het 
affiliëren en identificeren met andere beleggers. Tevens is gebleken, dat indien het 
belang dat beleggers toekennen aan deze meer sociaal georiënteerde behoeftes 
toeneemt en/of hun beleggingsgerelateerde kennis en ervaring afneemt, deze 
beleggers in toenemende mate geneigd zijn om zowel informationeel als normatief  
georiënteerd conformiteitsgedrag te vertonen. Informationeel georiënteerd 
conformiteitsgedrag komt er in het kort op neer, dat beleggers informatie van 
anderen in hun sociale netwerk vragen en deze informatie gebruiken om tot een 
beter inzicht te komen van de werkelijkheid om zich heen. Oftewel, deze 
beleggers vroegen andere beleggers om beleggingsgerelateerde informatie en 
baseerden hun beslissingen vervolgens op een mix van zowel persoonlijke 
informatie alsmede informatie verkregen uit hun sociale netwerk. Normatief 
georiënteerd conformiteitsgedrag komt er in het kort op neer, dat beleggers om 
hun meer sociaal georiënteerde behoeftes te bevredigen in toenemende mate 
dezelfde beslissingen nemen als andere beleggers om hen heen in hun sociale 
netwerk ook nemen. Voor deze beleggers is het dan ook belangrijk dat andere 
beleggers in hun sociale netwerk hun beleggingsbeslissingen goedkeuren.  

   
In hoofdstuk 4 en 5 van dit proefschrift is vervolgens onderzocht, welke effecten 
veranderingen in het gedrag van beleggers op microniveau (kunnen) hebben op de 
dynamiek van de aandelenmarkt op macroniveau. Ook is onderzocht welk 
terugkoppelingseffect de dynamiek op macroniveau kan hebben op de 
beleggingsbeslissingen op microniveau. Hiertoe zijn twee multi-agent 
computersimulatiemodellen ontwikkeld.  

De belangrijkste uitkomsten van het eerste computersimulatiemodel en de 
simulatie-experimenten zoals uitgevoerd met dit model zijn dat indien de proportie 
van sociaal georiënteerde beleggers toeneemt, de volatiliteit van de aandelenmarkt 
ook toeneemt. Ook is gevonden dat aandelenmarkten waarin de beleggers een 
relatief homogene groep vormen in termen van de beleggingsstrategieën die ze 
gebruiken, sneller een hoger niveau van volatiliteit vertonen dan aandelenmarkten 
waarin de beleggers een relatief heterogene groep vormen. Dit laatste resultaat kan 
verklaard worden vanuit het feit, dat in heterogene markten er vaker sprake zal 
zijn van beleggingsbeslissingen die elkaar compenseren (oftewel in tegengestelde 
richting werken), terwijl in homogene markten de beleggingsbeslissingen in grote 
mate in dezelfde richting werken en daardoor eerder een prijsopdrijvende werking 
zullen (kunnen) hebben.  

Het tweede computersimulatiemodel bezit een hogere mate van complexiteit en 
de belangrijkste gedrags- en interactieregels van dit model zijn gebaseerd op de 
resultaten van de beleggers-enquête zoals deze reeds eerder zijn samengevat. De 
simulatie-experimenten zoals uitgevoerd met dit model dienden vooral het doel 
om een vergelijking te kunnen maken tussen de kenmerken van de resultaten zoals 
verkregen met dit model en de kenmerken van echte aandelenmarkten zoals 
bijvoorbeeld de AEX. Deze vergelijking is uitgevoerd door te bepalen óf en in 
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welke mate bepaalde stylized facts (zoals bijvoorbeeld geclusterde volatiliteit) 
zowel voorkwamen in de resultaten van de computersimulatie en in de resultaten 
van de AEX. Eerste vergelijkingen hieromtrent hebben een aantal belangrijke 
overeenkomsten gevonden tussen de resultaten van de computersimulaties en die 
van de AEX.  

Mogelijkheden voor Toekomstig Onderzoek 

De aard van het onderzoek waarover dit proefschrift rapporteert leidt tot een aantal 
beperkingen (o.a. met betrekking tot de generaliseerbaarheid van de resultaten), 
wat echter perspectief voor toekomstig onderzoek biedt. Deze beperkingen - en 
mogelijkheden voor toekomstig onderzoek - kunnen worden onderverdeeld in 
twee categorieën.  

 
De eerste set beperkingen heeft te maken met de resultaten van de empirische 
studies waarover dit proefschrift in hoofdstuk 2 en 3 rapporteert. Er is in deze 
hoofdstukken een vergelijking gemaakt met betrekking tot een aantal descriptieve 
karakteristieken tussen de steekproef en de meer algemene populatie van 
particuliere beleggers in Nederland. Uit deze vergelijking is gebleken, dat onze 
steekproef niet veel afwijkt van deze meer algemene populatie. Desalniettemin is 
er een aantal mogelijke beperkingen gevonden waaraan aandacht moet worden 
besteed alvorens voorgenoemde resultaten te generaliseren naar de meer algemene 
populatie van beleggers.  

Ten eerste bestaat de mogelijkheid dat de steekproef een vertekend beeld geeft 
doordat slechts die beleggers in deze studie konden participeren die ook 
daadwerkelijk de vier door dit onderzoek gebruikte websites hebben bezocht. De 
gebruikte websites hebben echter een hoge naamsbekendheid en trekken 
bezoekers vanuit geheel Nederland. 

Ten tweede bestaat er de kans op een zogeheten non-response bias, waardoor 
de steekproef een vertekend beeld zou kunnen geven. Deze vertekening zou eruit 
kunnen bestaan dat de beleggers die niet participeerden in het onderzoek op meer 
punten zouden kunnen afwijken van diegenen die wel participeerden dan het 
simpele feit dat ze verzuimd hebben de online beleggers-enquête in te vullen. 
Sociaal georiënteerde beleggers zouden bijvoorbeeld meer geneigd kunnen zijn 
om enquêtes in het algemeen - en over dit onderwerp in het bijzonder - in te vullen 
en als zodanig oververtegenwoordigd zijn in de steekproef. De oproep om de 
beleggers-enquête in te vullen was echter neutraal geformuleerd en het specifieke 
onderwerp van de enquête werd in de oproep niet vermeld.  

Ten derde waren de respondenten van deze studie klaarblijkelijk erin 
geïnteresseerd om hun vrije tijd achter de computer door te brengen en bleken 
daarbij beleggingsgerelateerde websites te bezoeken. Ook lijken onze 
respondenten relatief actieve beleggers te zijn die transacties niet schuwen. Deze 
karakteristieken zouden een mogelijke effect kunnen hebben op de scores van 
deze respondenten voor sommige vragen van de beleggers-enquête. Meer 



Summary in Dutch 

161 

specifiek zou het kunnen leiden tot hogere scores voor beleggen als een 
aangename besteding van de vrije tijd.  

Ten vierde bevat onze steekproef in vergelijking met de meer algemene 
populatie een groter aandeel mannen en ook is de gemiddelde leeftijd van de 
respondenten hoger dan die van de meer algemene populatie. 

Ten vijfde was de overgrote meerderheid van de respondenten Nederlander. 
Onderzoek heeft echter aangetoond dat de Nederlandse cultuur (net als die van 
bijvoorbeeld de Verenigde Staten en Groot-Brittannië) gekenmerkt wordt door een 
zeer hoog niveau van individualisme (Hofstede, 1983). Vergelijkbare resultaten 
zullen daarom kunnen worden verwacht in voorgenoemde landen, maar 
toekomstige studies zullen moeten aantonen welke resultaten kunnen worden 
gevonden in landen met een meer collectivistische cultuur, zoals bijvoorbeeld 
landen in Centraal Amerika, Azië, of Scandinavië. Indien sociaal georiënteerde 
behoeftes en conformiteitsgedrag reeds een rol spelen in een individualistisch land 
als Nederland, bestaat er een reële kans dat deze effecten in meer collectivistische 
landen nog sterker tevoorschijn treden.  

Ten zesde was de overgrote meerderheid van de respondenten particuliere 
beleggers, hoewel een kleine minderheid (circa 5%) aangaf uit hoofde van zijn 
functie te beleggen. 

Om de algemene geldigheid van de resultaten van deze studie aan te tonen, 
zullen toekomstige studies daarom gebruik moeten maken van grotere en meer 
internationaal georiënteerde steekproeven met een meer evenwichtige verdeling 
tussen mannelijke en vrouwelijke beleggers alsmede wellicht een grotere proportie 
institutionele beleggers.  

 
De tweede set beperkingen heeft te maken met de resultaten van de multi-agent 
computersimulaties waarover dit proefschrift in hoofdstuk 4 en 5 rapporteert. Het 
tweede model komt tegemoet aan veel van de beperkingen van het eerste model en 
andere reeds bestaande modellen. Er blijven echter een aantal mogelijke 
beperkingen bestaan. 

Ten eerste, niettegenstaande de geavanceerdheid van het model dat wordt 
gepresenteerd in dit proefschrift, blijft het een model en daarmee een 
vereenvoudigde weergave van de werkelijkheid. Vooral het formaliseren van het 
nieuwsproces waarmee beleggers nieuwe informatie over de onderliggende 
waarde van de verhandelde aandelen krijgen is in het algemeen een erg moeilijke 
opgave. Ook in dit onderzoek is dit gebleken en dit heeft om een aantal 
vereenvoudigingen gevraagd. In dit proefschrift is er voor gekozen om het 
nieuwsproces te modelleren als normaal verdeelde ruis rond de actuele marktprijs, 
wat echter de mogelijkheid van meer geavanceerde nieuwsprocessen in 
toekomstig onderzoek open laat. 

Ten tweede, zoals reeds eerder vermeld, was de overgrote meerderheid van de 
respondenten van onze beleggers-enquête particuliere beleggers. Het huidige 
model vertegenwoordigt dan ook een markt bevolkt door particuliere beleggers. In 
hoofdstuk 5 van het proefschrift wordt een aantal overtuigende redenen genoemd 
waarom de implicaties van deze beperking in dit geval slechts zeer gering 
behoeven te zijn. Voor toekomstig onderzoek zou het desalniettemin interessant 



Essays on The Social Dimensions of Investor Behavior 
 

162 

zijn om ook computersimulaties uit te voeren voor markten met grotere proporties 
institutionele beleggers. 

Ten derde zijn de karakteristieken van de resultaten van de computersimulaties 
slechts vergeleken met de karakteristieken van de AEX als geheel en niet met die 
van de individuele aandelen die op deze markt worden verhandeld. Het lijkt echter 
een reële veronderstelling dat er verschillen in dynamiek zullen bestaan tussen de 
gehele Nederlandse aandelenmarkt en de individuele aandelen die op deze markt 
verhandeld worden. Toekomstig onderzoek zou er daarom goed aan doen om ook 
de overeenkomsten tussen de resultaten van de computersimulaties en individuele 
(groepjes van) aandelen te onderzoeken. Wellicht wordt de dynamiek van 
bepaalde aandelen beter gerepresenteerd door de specifieke populatie van 
beleggers in de computersimulatie dan die van andere aandelen en/of spelen 
sociale behoeftes en overwegingen een sterkere rol bij bepaalde aandelen.  

  


