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1.1 Motivation
Behavior and abilities are arguably the most fundamental concepts in life. Behavior
is observable through someone’s actions. Underlying a person’s behavior are their
beliefs and attitudes towards someone or something. Abilities are the personal qual-
ities and skills needed to do something, in as far as they are innate traits and are not
acquired through formal education.

The concepts behavior and abilities, and their causes and consequences, are stud-
ied in many disciplines, such as economics, psychology, sociology, and health sciences.
For example, Thaler (2016) discusses the field of behavioral economics where the ra-
tional agent with well-defined preferences and unbiased beliefs, also known as the
Home economicus, is replaced by the Homo sapiens or Humans; agents that some-
times show irrational and less optimal behavior.

Furthermore, behavioral and social studies have repeatedly shown that surveys
and experiments are good predictors of actual behaviors. For example, patient
individuals, generally, have higher savings and educational attainment, and social
preferences are correlated with prosocial behaviors, like donating, volunteering, and
helping others (Falk et al., 2015). Moreover, general risk tolerance, measured with
either questionnaires or experimental tasks, is a good predictor of risky behaviors
such as portfolio allocation, occupational choice, substance usage, and becoming an
entrepreneur (Beauchamp et al., 2017; Dohmen et al., 2011).

Also a person’s abilities are important to study as they partly define who we are
and what we can achieve. In particular, cognitive ability is related to educational
attainment, occupational success, health, and life expectancy (Batty et al., 2007;
Gottfredson, 1997; Junger and van Kampen, 2010). As most abilities are innate
traits, they are inheritable which underlines the importance of genetic studies. It
is, for instance, well known that heredity, substantially, accounts for differences in
cognitive abilities, like verbal and spatial reasoning (see, e.g., Plomin and DeFries,
1998). More recently, studies attempt to find which genes are responsible for the
heritability of cognitive abilities by means of genomewide association studies (GWAS,
Davies et al., 2011; Davis et al., 2010; Okbay et al., 2016; Plomin et al., 2013).

1.2 Research Topics
The research of behaviors and abilities is quickly changing. In the last decade, more
and more emphasis is put on data collection and the benefits of large data sets have
become more evident. Hence, like in many other fields, the data sets are rapidly
growing in size, both in terms of observations and variables. Moreover, longitudinal
studies gained increasing popularity. Following individuals for a longer period has
been more and more appreciated. Many studies have been launched to investigate the
development, movement, and progress of individuals on a wide range of domains. A
few examples of large (population based) data sets including behavioral and medical
data are the Adolescent Brain Cognitive Development (ABCD) Study (Garavan et
al., 2018), the UK Biobank (Sudlow et al., 2015), the Generation R Study (Kooijman
et al., 2016), the Rotterdam Study (also known as ERGO, Ikram et al., 2017), and
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the Health and Retirement Study (Sonnega et al., 2014). This thesis includes data
from both the ABCD Study and the Generation R Study.

An important example of the change in research of behaviors and abilities is the
research on the connection between genes and behavior. For example, Linnér et al.
(2019) conducts, in a sample of over one million individuals, a GWAS of general risk
tolerance and risky behaviors, such as dangerous driving, smoking, and unsafe sex.
Furthermore, the genetic association between educational attainment and general
intelligence has been widely studied (Okbay et al., 2016; Rietveld et al., 2014; Sniekers
et al., 2017).

Also the analysis of brain data, and in particular the analysis of data obtained
from Magnetic Resonance Images (MRI), has flourished. Whereas previously brain
data, typically grouped in anatomically divided regions, was analyzed through a
simple linear regression, nowadays researchers apply novel machine learning tech-
niques. Another development and benefit of the usage of machine learning techniques
is the switch from the univariate perspective, where researchers concentrate on one
region or vertex (i.e., a derivative of a voxel, a 3D pixel) in the brain at the time,
to the multivariate perspective, where the whole brain (approximately 300,000 ver-
tices) is analyzed at once. A convolutional neural network is a perfect example of a
machine learning technique that gained popularity and is particularly well suited for
analyzing images (Messina et al., 2021; Seong et al., 2018; Sturmfels et al., 2018).

The increase in number of variables (i.e., going from univariate approaches to
multivariate approaches and going from aggregated regions to many more vertices)
requires larger sample sizes for studies to retain the statistical power to be able to
accurately detect small effect sizes (Arbabshirani et al., 2017). For example, Jollans et
al. (2019) shows the performance of several machine learning techniques on simulated
neuroimaging data with various sample sizes, number of features, and effect sizes, and
advocates for a sample size larger than N = 400 observations. Moreover, Peng et al.
(2021) acknowledges the problem of small samples and shows that with N = 14503
real structural MR images the age of individuals can be accurately predicted using
a convolutional neural network.

The increase in sample sizes enables the use of advanced statistical methods. The
larger the data sets the more they allow for the estimation of flexible and complex
models. For example, the power of a small data set may not be enough to establish
an interaction effect, whereas the effect could become evident in a larger data set.
In addition, a large data set enables to include individual or group specific effects.
The present thesis employs modern statistical models in the field of behavioral and
medical sciences with the aim to generate more reliable inferences and more accurate
predictions than would have been the case with established methods.

1.3 Part I: Risk Behavior Measured With Experi-
mental Tasks

This thesis is divided in two parts. In the first part, I develop the Censored Mixture
Model (CMM) to analysis risk behavior and show two applications. In Chapter 2,
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the CMM is presented and its performance on a data set containing 3404 children
who played the Columbia Card Task (CCT) is demonstrated. Chapter 3 emphasizes
the difference between decision making under risk and uncertainty. Again using the
CCT and a modified version of the CMM, this chapter associates individual-level
aspects of entrepreneurship with both decision making under risk and uncertainty.

Questionnaires and experimental tasks are widely used to measure someone’s risk
attitude. Many experimental tasks have been developed, ranging from lottery tasks,
where participants choose to participate in different lotteries, to gambling tasks,
where participants bet on a outcome, to sequential risk tasks, where participants
repeat a certain action. Two widely used sequential risk tasks are the Balloon Ana-
logue Risk Task (BART, Lejuez et al., 2002) and Columbia Card Task (CCT, Figner
et al., 2009), where participants repeatedly inflate a balloon or turn over cards, re-
spectively. Both the payoff and the risk increases the longer a participant continues.
These tasks have shown to be able to predict real-world risk taking behavior (see
e.g., Lejuez et al., 2003; Pripfl et al., 2013). However, modeling these tasks comes
with a few challenges.

First, the analyses are often based on the assumption of a smooth (normal) distri-
bution of the residuals. However, certain outcomes are more attractive to participants
than others. For example, in some sequential risk tasks participants have to select
a number of repetitions of a certain action, this number indicates the level of risk
someone is prepared to take (e.g., the number of pumps in the BART or the number
of cards turned over in the CCT). It is well known that even numbers and multiples
of five are more often selected than odd numbers (Baird et al., 1970). This pattern
leads to inflated values in the outcome distribution.

The second challenge concerns censored observations. By definition, most se-
quential risk tasks may randomly end prematurely, such as when the balloon pops
in the BART or when a loss card is encountered in the CCT, leading to censored
observations. Typically, the researcher is interested in the level of risk a participant
is willing to take and the censoring obscures this. Treating the censored observations
as uncensored would lead to biases in the results.

Third, a priori unknown groups of participants can react differently to certain risk-
levels. Similarly, individuals may have different tendencies towards rewards and/or
losses. The model should be flexible enough to allow for these unobserved individual
behaviors.

Chapter 2 proposes the Censored Mixture Model (CMM) to solve these three
potential problems emerging with modeling risk taking. This chapter describes the
CMM and includes an application with the Columbia Card Task.

Another situation where risk taking becomes important is for entrepreneurs.
Chapter 3 contains an application of the CMM showing the relationship between
individual entrepreneurial orientation (IEO) and both decision making under risk
and uncertainty in a student sample. The importance of studying entrepreneurial
orientation on an individual level has been demonstrated repeatedly. Bolton (2012)
already show in a sample of students that IEO and its subscales positively associate
with intentions for entrepreneurship, a finding that is supported by Koe (2016) and
Sahoo and Panda (2019). Hence, IEO is considered to be a determinant of actual
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entrepreneurial involvement.
Furthermore, risk and uncertainty are considered core concepts in entrepreneur-

ship theories (Kihlstrom and Laffont, 1979; Kirzner, 1973). However, the empirical
evidence about the relationships between risk and uncertainty preferences on the one
hand and entrepreneurship on the other hand is rather mixed as a result of the use
of artificial tasks, possibly lacking external or ecological validity, such as self-reports
and lotteries (for recent reviews see Holm et al., 2013; Koudstaal et al., 2016).

To bypass these limitations, in Chapter 3, two versions of the CCT are conducted
in a student sample. The advantage of the CCT is that with a minor adjustment of
the task, decision making under risk as well as uncertainty can be elicited. Moreover,
the CCT provides immediate feedback, eliciting affective engagement.

1.4 Part II: Predicting Cognitive Ability Using
Brain Morphology

In the second part of this thesis, I compare two machine learning approaches with
various simpler commonly used baseline approaches in their performance to pre-
dict cognitive ability using brain morphology. Cognition is one of the most impor-
tant functions of the brain and many studies have associated intellectual ability to
neuroimaging features, such as brain morphology (Fields, 2008; Reiss et al., 1996).
In particular, it is repeatedly demonstrated that cortical thickness and cortical sur-
face area are predictive of cognitive ability (Colom et al., 2013; Karama et al., 2009;
Menary et al., 2013; Vuoksimaa et al., 2016).

Such associations between brain morphology and the performance on neuropsy-
chological tests are called structure-function associations. Understanding this link
between features of brain structure and neuropsychological tests at population level,
can provide insights in typical brain development. Once the baseline for typical brain
development is established, we can examine atypical brain development related to
cognitive deficit. Moreover, understanding the neurodevelopment at population level
allows for the identification of abnormal neurobiological processes in child psycho-
pathology.

Much of the existing literature has been concentrated on either parcellating the
brain into anatomically divided regions, known as regions of interest (ROIs) or ana-
lyzing the brain in a vertex-wise framework, where every vertex is analyzed individu-
ally. The first approach has been criticized for the assumption that any underlying
association with a phenotype is constrained by anatomical boundaries and for the
loss of crucial information when summarizing across large areas of neural tissue. The
shortcoming of the second approach is that effects of multiple vertices combined are
ignored and that not all detailed information is used for predicting the phenotype,
which is most likely disadvantageous to the predictive performance.

To overcome these two shortcomings, a twofold approach is proposed in Chapter
4. First, detailed information about the whole brain (i.e., almost 150000 vertices per
hemisphere) is analyzed, to release the assumption that a particular cognitive pheno-
type spatially correlates with the brain based on arbitrary anatomical parcellations.
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Second, machine learning techniques that capture all information in a multivariate
way are applied, to improve the predictions by analyzing all available information at
once.

Chapter 4 concentrates on two machine learning techniques, namely adaptive
lasso and better subset regression, with the purpose to predict non-verbal IQ. The
predictive performance of these techniques is compared with the predictive perfor-
mance of two commonly used methods that suffer from the criticism described above.
First, the aggregated regions of interest are implemented in a multivariate regression.
The downside of this approach is that detailed information is summarized based on
anatomical boundaries, potentially leading to the loss of crucial information. The
second technique is to implement many univariate regressions in which one vertex at
the time is used to predict the phenotype non-verbal IQ. Evidently, a multivariate
approach in which all vertices are included simultaneously leads to better (or at least
equally good) predictions.

1.5 Individual Contributions and Publication
Status

My PhD was funded by the Research Excellence Initiative (REI) of the Erasmus
University Rotterdam grant awarded to Professors Thurik, Groenen, Tiemeier and
Franken (project number 265.403). This section discusses my contributions to the
chapters in the present thesis. The current chapter (Chapter 1) and Chapter 5, I
wrote independently, although I received valuable feedback from my supervisors and
Dr. Muetzel.

The research idea of Chapter 2 was proposed by Professor Tiemeier and he had
a supervisory role throughout the project. The manuscript is written by myself
and I conducted the analysis. Professor Groenen advised in the technical details.
Dr. Figner helped positioning the paper within the psychological literature on risk
taking and contributed in final checks of the paper. Also, Professor Thurik provided
valuable textual feedback on the manuscript. The data acquisition was done by the
Generation R team.

The basis of Chapter 3 was the CMM and the data collected under supervision
of Kristel de Groot. Together with Dr. Rietveld, we developed the research question
and wrote the manuscript. I conducted the data analyses and was mainly responsible
for writing the methods and results section. Thereafter, we alternately revised and
improved the manuscript.

Dr. Muetzel proposed to me to apply machine learning techniques to neuroima-
ging data (Chapter 4). Together with Dr. Muetzel, I wrote the analysis plan which
was, thereafter, discussed and evolved further with Professors Groenen and Tiemeier.
I performed the statistical analyses and wrote the manuscript. Dr. Muetzel and Pro-
fessors Groenen and Tiemeier had a supervisory role and provided valuable feedback,
as did Professor Thurik.

The publication status of each chapter is shown below. Additionally, an overview
of where I have presented the projects during my PhD is printed.
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Chapter 2 A Censored Mixture Model for Modeling Risk Taking

• Presented at Data Science, Statistics, and Visualization (DSSV, 2018),
Compstat (2018), Society for Epidemiologic Research (SER, 2019), Interna-
tional Meeting of Psychometric Society (IMPS, 2019), and Tilburg University
(2019)

• Published in Psychometrika

Chapter 3 Entrepreneurial Orientation and Decision Making Under Risk and Un-
certainty: Experimental Evidence From the Columbia Card Task

• Presented at Erasmus University (2020)

• Manuscript submitted to Applied Psychology

Chapter 4 Predicting Cognition of Children Through Cortical Surface Area

• Manuscript in preparation
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Abstract
Risk behavior has substantial consequences for health, well-being, and general beha-
vior. The association between real-world risk behavior and risk behavior on experi-
mental tasks is well documented but their modeling is challenging for several reasons.
First, many experimental risk tasks may end prematurely leading to censored obser-
vations. Second, certain outcome values can be more attractive than others. Third,
a priori unknown groups of participants can react differently to certain risk-levels.
Here, we propose the Censored Mixture Model (CMM) which models risk taking
while dealing with censoring, attractiveness to certain outcomes, and unobserved
individual risk preferences, next to experimental conditions.
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2.1 Introduction
Taking a particular risk can have substantial consequences on health, well-being, and
general behavior and, hence, is examined in many scientific fields, such as psycho-
logy, criminology, and economics. Risk taking can be measured by surveys or using
experimental tasks. Although risk behavior across different experimental tasks does
not highly correlate (Pedroni et al., 2017), studies have shown a moderate, but mean-
ingful association between risk behavior measured in various experimental tasks and
real-world risk taking. For example, Lejuez et al. (2003) and Pripfl et al. (2013) show
that smokers take significantly more risk on, respectively, the Balloon Analogue Risk
Task (BART) and the Columbia Card Task (CCT) than non-smokers. Likewise, using
a survey, Collins et al. (1987) show a relationship between risk taking/rebelliousness
and smoking at an older age.

There are four types of experiments commonly used to measure risk behavior.
The first is based on lotteries, where an explicit description of the outcome and
probabilities are given. Typically, participants have to state their preference between,
for example, option A: 50% chance of winning 10 euro, and option B: 30% chance
of winning 30 euro. Typically, in these tasks it is straightforward to decompose the
underlying constructs of risk taking. However, they are often criticized for being too
artificial and lacking external validity.

An example of the second type of experiments is the Iowa Gambling Task (Bechara
et al., 1994), where participants can win or lose money by picking (many) cards from
four decks, each card having a win and loss value. The expected value and probability
distribution of the values of the cards in the four decks are unknown to participants
at the start, but can be learned during the task. This task has shown to success-
fully predict real-world risk taking behavior. However, it is virtually impossible to
decompose the underlying constructs of participants’ risk taking behavior, such as
risk preferences (Schonberg et al., 2011). Risk preferences are confounded with the
learning curve, because participants have to unravel the expected return and the
probability distribution of the decks while playing the game. In addition, it is diffi-
cult to distinguish whether the behavior is driven by risk attitude or sensitivity to
reward or punishment.

The third type of task paradigm is based on gambling and includes, among others,
the Cambridge Gambling Task (Rogers et al., 1999) and the Game of Dice Task
(Brand et al., 2005), where participants have to bet on the color of randomly drawn
cards or on the outcome of a roll of a dice, respectively. The probability of the
possible outcomes is known, so there is no learning effect present. However, these
tasks have the disadvantage that they do not allow to disentangle the effects of risk
and of attractiveness of a higher expected pay-off value.

Lastly, in sequential risk tasks participants are asked to repeat a certain action.
These tasks include, among others, the Balloon Analogue Risk Task (BART, Lejuez
et al., 2002), the Columbia Card Task (CCT, Figner et al., 2009), the Angling Risk
Task (Pleskac, 2008), and the Devil Task (Slovic, 1966), where the repeated actions
are inflating a balloon, turning over cards, catching fish, and pulling knife switches,
respectively. The risk increases the longer a participant continues. Although these
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sequential risk tasks do not suffer from the issues described under the first three types
of experiments, they have their own challenges, which makes modeling risk taking
complex. Below we discuss two of these challenges.

First, the analyses are often based on the assumption of a smooth (normal) distri-
bution of the residuals. However, certain outcomes are more attractive to participants
than others. For example, in some sequential risk tasks participants have to select
a number of repetitions of a certain action, this number indicates the level of risk
someone is prepared to take (e.g., the number of pumps in the BART, the number
of cards turned over in the CCT, or the number of fish caught in the Angling Risk
Task). It is well known that even numbers and multiples of five are more often selec-
ted than odd numbers (Baird et al., 1970). This pattern leads to inflated values in
the outcome distribution. Similarly, within surveys some outcomes tend to be more
attractive than others. Imagine a longitudinal study measuring drug usage. Asking
people how often they use drugs, typically, also leads to even numbers and multiples
of five and ten (Klesges et al., 1995).

The second challenge of sequential risk tasks concerns censored observations. In
the imaginary longitudinal drug study, participants can be easily lost, leading to
incomplete information and censored observations. Moreover, most sequential risk
tasks by definition may randomly end prematurely, such as when a loss card is en-
countered in the CCT. Typically, the researcher is interested in the level of risk a
participant is willing to take and the censoring obscures this.

To deal with censored observations, Lejuez et al. (2002) suggest to use the ad-
justed score in the BART (average inflations over the unpopped balloons). However,
Pleskac et al. (2008) have shown that this score is biased and propose the automatic
BART, where participants have to choose a number of inflations before the trial starts
and censoring is no issue. Figner et al. (2009) argue that people behave differently
in a preplanned (i.e., the automatic BART) and impulsive (i.e., the original BART)
decision making situation and developed the Columbia Card Task (CCT) to investi-
gate the difference between deliberative and affective decision making. The CCT is a
computer-based card game, and participants can win or lose money by turning over
cards. A major advantage of the CCT, over the other sequential risk tasks, is that
the CCT orthogonally varies the risk-relevant factors gain amount, loss amount, and
loss probability. Moreover, these factors are known to the participant, so the risk
taking is not confounded with the effect of learning these values.

So far, none of the existing studies have provided a statistical model that ad-
dresses all the issues introduced above, that is censored observations, attractiveness
to certain outcomes, and unobserved heterogeneity. However, there are two studies
worth mentioning. First, Wallsten et al. (2005) introduce a learning model for the
BART that accommodates censoring. This model, however, is not directly applicable
to tasks where the probability of losing is known, like the CCT and some tourna-
ments in the Angling Risk Task, because it is built on the fact that participants
have prior believes about these probabilities and update their believes throughout
the game. Second, Weller et al. (2019) implement an interesting model that addresses
the censoring in the CCT and allows individual unobserved heterogeneity through a
random effects model. A potential disadvantage of this model is the assumption on
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the distribution of the random effect. We propose a model that makes less parametric
assumptions and models the unobserved heterogeneity in a more free way. We refer
also to this paper for its excellent overview of the literature on risk decision making
processes.

In the present study, we propose a Censored Mixture Model (CMM). This model
is a specific form of survival analyses that are used often in scientific studies in medi-
cine, sociology, and econometrics to predict the duration of time until a specific event,
such as death, cancer diagnosis, divorce, graduation from school, or finding a job. A
common trait across these studies is that when the data collection ends, the event
has occurred for some individuals, but not for others. For example, some couples di-
vorce during the study, while others do not. These couples may divorce later, but, by
the time the data are analyzed, it is unknown when. These incomplete observations
are called censored observations. In our CMM, censored observations are included
in the model by using the information that the participant intended to take more
risk than the observed risk level. The attractiveness of certain patterns in outcome
values is covered by assigning additional probability mass to the inflated values in the
distribution. Furthermore, we choose to model the unobserved individual tendency
for risk taking through finite mixtures, which can approximate a variety of distri-
butions. In addition, we choose a link function such that the regression coefficients
have a linear interpretation on the interval [0, inf⟩. In short, the CMM models risk
taking while dealing with censoring, attractiveness to certain outcomes, and unob-
served individual risk preferences, next to analyzing the experimental conditions and
having a straightforward linear interpretation of the effects.

Our model can be used to analyze all sequential risk tasks. In the present study,
we analyze the hot version of the CCT, which measures affective decision making.
In addition, results of the CMM applied to a BART data set are added In Appendix
2.D. The data of the CCT were collected as part of the Generation R Study which
was designed to analyze early environmental and genetic determinants of growth,
development, and health from fetal life until young adulthood. A total of 4538 nine-
year old children participated in the CCT.

The remainder of this paper is structured as follows. It starts with a detailed
explanation of the CCT and its challenges when modeling risk taking. Next, the data
are discussed by means of the data collection process, cleaning procedure, and their
characteristics. Subsequently, the structure of the model is discussed extensively.
Last, we present the results and we will discuss the limitations.

2.2 Columbia Card Task
The Columbia Card Task is shown in Figure 2.1. There are 32 cards divided in win
cards (happy faces) and loss cards (unhappy faces). At the beginning of a game round
all cards are face down and participants are asked to turn over cards. By turning
over a win card, the participant earns points and by turning over a loss card they
lose points and the current game round ends. At every step, the participant has the
choice between turning over another card and pressing the stop button to voluntarily
stop this game round. It is also possible to stop immediately without turning over
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any card. After a game has ended, the earned points are summed and the potential
loss amount is subtracted.

Figure 2.1: A screenshot of the first game round in the Columbia Card Task with the
game settings: gain amount equal to thirty, loss amount equal to 750, and number
of loss cards equal to one. In this game round, the participant first turned over ten
win cards (happy faces). The eleventh card was a loss card (sad face), resulting in a
total score in the current game round of 10 × 30 − 750 = −450.

The gain amount (points earned by turning over a win card), loss amount (points
lost by turning over a loss card), and number of loss cards vary per round: the
gain amount is either ten or thirty, the loss amount is either 250 or 750, and there
are either 1 or 3 loss cards in the game (Figner and Weber, 2011). These three
experimental conditions are displayed at the top of the screen and are known to the
participant. Note that, in contrast to Figner et al. (2009), the loss cards are randomly
distributed over the 32 cards. These three parameters lead to eight different game
settings and within a block of eight trials the sequence of the game settings is random.
Every participant plays at least two blocks of eight trials1. In other words, every
game setting is played at least twice. Because of the different game settings, the
CCT measures next to risk taking also the complexity of information use and the
sensitivity to reward, punishment, and probability. With the three parameters (gain
amount, loss amount, and number of loss cards) is it possible to assess which of these
three parameters affects participants’ choices.

The indicator for risk taking is the number of cards a participant intends to turn
over. However, if a participant faces a loss card the game ends prematurely, the trial
is censored and it is unknown how many cards a participant intended to turn over.

1At the beginning of the data collection we decided to shorten the test. Instead of three blocks
with in total 24 trials, two blocks with in total 16 trials were played. There are 388 children, who
played 24 trials. For the analysis only the first 16 trials of these children are used.
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This should be considered in the analysis. Figner et al. (2009) manipulate the game
such that in most trials the loss card is the last possible card to turn over and only
analyze the uncensored trials. However, for this manipulation not to be discovered by
participants, Figner et al. (2009) included extra trials where the loss card appeared at
an early stage of the trial. This approach has several drawbacks. Besides the serious
problem that such a setup uses deception, letting participants play extra rounds has
the important disadvantage of being time consuming and hence more expensive. In
addition, we show that the result in the previous trial effects the behavior in the
current trial. Not correcting for the negative shock a loss card might have, could
affect the results.

Another issue that should be accounted for is the attractiveness of certain outcome
values. Figure 2.2 shows the distribution of the outcome, in this case, the number of
cards turned over. The left graph only includes the uncensored trials and shows peaks
at certain number of cards. The right panel suggests that the peaks are independent
of the probability of being censored, because the censored trials (lower bars) do
not show any irregular or unexpected values. Three categories of peaks can be
distinguished. The first category is the excess of zeros. This inflation is probably
caused by children who are very much risk averse and prefer not to play the game.
The second category includes the peaks at four, eight, ten, twelve, sixteen, twenty,
and twenty-four. Although ten is not a multiple of four, it seems to be an attractive
number similar to the multiples of four; hence, it is included in this set. Recall the
layout of the CCT from Figure 2.1, creating a geometric pattern, such as complete
rows or columns, corresponds to turning over a number of cards equal to a multiple
of four. The third category of excesses occurs with participants who are very risk
seeking: if you managed to turn over 30 cards without facing a loss card, then why
not as well try the 31st card? Note that Categories 1, 2, and 3 are also subsumed in
Category 4 and that the weight of the observation is equally split over Category 1,
2, or 3 and Category 4.
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Figure 2.2: Distribution of the number of cards turned over.

To demonstrate that these categories of inflated values are independent over the
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individuals, we compute the distribution of the outcomes per person over four cat-
egories. Figure 2.3 provides a parallel coordinates plot with these individual distri-
butions in gray and the average over all distributions in black. Strict independence
would be found if the gray lines coincide with the mean line in black. Since the
individual distributions are relatively similar, we argue that the inflated values are
independent over the individuals.
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Figure 2.3: A parallel coordinates plot on proportions of outcomes in four categories:
(1) zero cards turned over, (2) multiples of four, (3) 31 cards turned over, and (4) all
possible outcomes (i.e., {0, 32}). Note that Categories 1, 2, and 3 are also subsumed
in Category 4 and that the weight of the observation is equally split over Category
1, 2, or 3 and Category 4. The individual distributions are in gray and the average
over all distributions is in black.

2.3 Data
What sets this research apart from previous studies, besides addressing all issues
involved with modeling risk taking, is the large number of participants. The large
sample size allows us to build a more flexible model that handles censoring, categorical
background variables, such as individual characteristics, experimental conditions, and
attractiveness to certain patterns and outcome values.

The current study is embedded in the Generation R Study, a large population
based multi-ethnic cohort study (Kooijman et al., 2016). The Generation R Study
was designed to analyze early environmental and genetic determinants of growth,
development, and health from fetal life until young adulthood. The data collection is
intense and includes multiple surveys with biological and observational assessments.
The CCT is one of the observational assessments that was conducted on nine-year-old
children (age 9.8 ±0.26). The cohort includes almost ten thousand children at birth,
of which 4538 children participated in the CCT. The data set is partitioned in a train-
ing set of 3404 children and an (prior to analysis) unseen test set of 1134 children.
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The Generation R study has an open policy in regard to collaboration with other re-
search groups (http://www.generationr.nl/researchers/collaboration.html).
Requests for data access and collaboration are discussed in the Generation R Study
Management Team.

The CCT was conducted as part of a series of assessments taking approximately
three hours. At the beginning of the CCT, children were told that they would be
rewarded with money based on their performance on the CCT. After all trials were
played, three trials were randomly selected and were paid out in real money. The
children had a start value of 200 cents (i.e., 2 euro) and the total points of the selected
trials were added or deducted from this start value. Children could receive money,
but did not have to pay any net losses.

The prevalence of censoring (i.e., the number of observation with incomplete data)
in this data set is 68%. Therefore, treating the censored observations as uncensored
would lead to severe biases in the results. Available background variables include
children’s age and IQ (102 ±14.7), measured with the SON-R 2.5-7 at the age of
six. Furthermore, information about the mother is available in ethnicity (Dutch =
59.8%, Dutch Antilles = 2.1%, African and Moroccan < 5%, Asian (non-Western)
and Turkish < 6%, Surinamese = 7.1%, and other Western = 10,1%) and education
(low = 6.7%, middle = 42.2%, high = 51.2%). The last background variable is
the household income per month in euros (< 2000 = 20.5%, 2000 − 4000 = 43.8%,
> 4000 = 35.7%). Missing values in the background variables are imputed with single
predictive mean matching (PMM) using age, gender, weight at birth, and IQ of the
child, and the age at delivery, ethnicity, and education of the mother, and household
income as predictors, and using the mice package in R.

The segments obtained with the CMM will be interpreted using the child behavior
checklist (CBCL). This survey assesses child emotional and behavioral problems as
perceived by the mother. The CBCL has been completed at the same time as the
CCT, at age nine. For some children, the CBCL scores at age nine were missing but
available at age six. For these children, their scores at age nine are imputed by single
PMM using the score at age six and the covariates in the model. The 223 children
that have scores neither at age six nor at age nine are excluded from this analysis.

As discussed, the CMM can also be used to analyze other risk tasks, for example
the BART. Appendix 2.D contains the results of the CMM applied to a data set from
a BART study (Dekkers et al., 2020).

2.4 Methods
The following section is concerned with the methods and techniques applied in this
study. First, the structure of the model is discussed, extensively. Although the model
is applicable to all sequential risk tasks, we construct the likelihood function through
the CCT.

http://www.generationr.nl/researchers/collaboration.html
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2.4.1 The Censored Mixture Model (CMM)
The CMM has its roots in the field of survival analysis. In the case of the CCT,
we need to take care of three challenges: the censoring of the data, the attraction of
particular outcomes, such as presented in Figure 2.2, and unobserved heterogeneity
across individuals. By constructing a likelihood function, we can explain step-by-step
how we incorporate these challenges into the CMM. Additionally, we show explicitly
that the censoring is exogenous (also known as independent or non-informative cen-
soring), which is a key assumption in survival analysis. The possible censoring is
accommodated by adding the cumulative distribution function, equivalent to the
survival function, to the likelihood function. Extra probability mass is assigned to
the inflated values in the outcome distribution. Last, the finite mixtures account for
the unobserved individual characteristics. Apart from this, we follow a generalized
linear model approach, that is, we will assume that there is a linear combination
of covariates that provides, after transformation by a link function, the mean of a
distribution for every observed number of cards. We argue that the negative bino-
mial distribution is appropriate and provide a link function that is close to linear for
ease of interpretation. Below, a step wise explanation is given how these potential
problems are solved by the CMM.

The observed variable to be modeled is the number of cards turned over yit by
individual i in trial t. Furthermore, we observe whether a trial is censored at card k,
citk = 1, or not, citk = 0. However, we are interested in the latent random variable
Zit, indicating the number of cards someone intends to turn over. This variable is
assumed to follow a known distribution (here we propose to use the negative binomial
distribution). Now, the probability of the observed number of cards turned over can
be expressed in terms of the latent random variable Zit

Pr(Yit = k ∧ Citk = citk) = Pr(Yit = k ∧ Citk = citk | Zit = ℓ) Pr(Zit = ℓ),

where Citk indicates censoring at trial t for individual i at card k and ℓ is the intended
number cards turned over.

More insight on the conditional probability Pr(Yit = k ∧ Citk = citk | Zit = ℓ)
can be obtained by considering all possible outcomes of the game, that is, for all
combinations of number of observed cards yit, being censored or not (citk = 1 or
0), and the number of cards intended to turn over zit. Table 2.1 provides these
probabilities where the notation pk = Pr(Citk = 1 | Citℓ = 0 ∀ ℓ < k) is used. Note
that these probabilities are purely based on the game settings. Due to symmetry
properties, this table can be summarized by

Pr(Yit = k ∧ Citk = citk | Zit = ℓ) =


Ωkℓ,citk

= Ωkk,citk
∀ℓ ≥ k if citk = 1,

Ωkℓ,citk
= 0 ∀ℓ < k if citk = 1,

Ωkℓ,citk
= 0 ∀ℓ ̸= k if citk = 0

where Ωkℓ,citk
corresponds to the fixed probabilities given in Table 2.1. Subsequently,
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Table 2.1: The probability for each possible combination of the observed number of
cards k, the intended number of cards ℓ, and being censored at card k (citk), that is,
Pr(Yit = k ∧ Citk = citk | Zit = ℓ) = Ωkℓ,citk

.

zit = ℓ
yit = k citk 0 1 2 . . . 31 32

0 0 1 0 0 . . . 0 0
0 1 0 0 0 . . . 0 0

1 0 0 1 − p1 0 . . . 0 0
1 1 0 p1 p1 . . . p1 p1

2 0 0 0 (1 − p1)(1 − p2) . . . 0 0
2 1 0 0 (1 − p1)p2 . . . (1 − p1)p2 (1 − p1)p2

...
...

...
...

... . . . ...
...

31 0 0 0 0 . . .
∏31

i=1(1 − pi) 0
31 1 0 0 0 . . .

∏30
i=1(1 − pi)p31

∏30
i=1(1 − pi)p31

32 0 0 0 0 . . . 0 0
32 1 0 0 0 . . . 0

∏31
i=1(1 − pi)p32

the likelihood contribution for person i at trial t can be written as

Lit =
32∑

ℓ=0
Pr(Yit = k ∧ Citk = citk | Zit = ℓ) Pr(Zit = ℓ)

=


Ωkℓ,citk

Pr(Zit = ℓ) = Ωkℓ,citk
Θℓ,citk

if citk = 0
32∑

m=k

Ωkm,citk
Pr(Zit = m) = Ωkℓ,citk

32∑
m=k

Pr(Zit = m) = Ωkℓ,citk
Θℓ,citk

if citk = 1.

Thus, for citk = 1, Θℓ,citk
equals one minus the cumulative distribution function, that

is, Θℓ,citk
= 1 −

∑k−1
ℓ=0 Pr(Zit = ℓ) and for citk = 0 we have Θℓ,citk

= Pr(Zit = ℓ).
Thus for citk = 1, Θℓ,citk

is equivalent to the survival function. Multiplying over the
trials, the likelihood contribution of person i can be written as

Li =
T∏

t=1
Ωyitzit,citzit

Θzit,cityit
.

Although the probability Pr(Zit = ℓ) seems to follow a known distribution, it does
not follow a smooth distribution, see Figure 2.2. The left panel shows the number of
cards a child intends to turn over, that is, proportionally the empirical equivalence
of Pr(Yit = k | Citk = 0) = Pr(Zit = k). It is easy to see that some outcomes
seem extra attractive. We choose to distinguish four of these cases: (a) k = 0, (b)
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k ∈ A with A = {4, 8, 10, 12, 16, 20, 24}, (c) k = 31, and (d) otherwise. To control
for these four cases, we implement a multiple inflation model, where the observations
belonging to each of these cases get extra probability mass through parameter ϕm

with m = 1, . . . , 4. The probability Pr(Zit = ℓ) is defined by

Pr(Zit = ℓ) =


ϕ4f(0) + ϕ1 if ℓ = 0,
ϕ4f(ℓ) + 1

|A| ϕ2 if ℓ ∈ A,

ϕ4f(31) + ϕ3 if ℓ = 31,
ϕ4(1 − F (32)) if ℓ = 32,
ϕ4f(ℓ) for all other values ℓ,

where f(ℓ) and F (ℓ) are the probability mass function and cumulative distribution
function, respectively, of a known distribution. Note that the weights ϕm have to be
between zero and one, 0 ≤ ϕm ≤ 1, and sum to one,

∑4
m=1 ϕm = 1.

Since the number of cards someone intends to turn over (zit) is nonnegative
and discrete, the distribution has to have these properties as well. We choose the
negative binomial distribution, because it allows the variance to differ from the mean,
in contrast to the Poisson distribution. The negative binomial distribution can be
written as a Poisson–Gamma mixture. Specify the mean of the Poisson distribution
as a combination of a deterministic function of the predictors, µit = g(ηit), and a
random component, ν ∼i.i.d. g(ν | κ). Let g(ν | κ) be the density of the Gamma
distribution, then the resulting Poisson–Gamma mixture density can be rewritten as
the negative binomial density. The probability mass function of this distribution is
specified as follows

f(zit | µit, δ) = Γ(δ + zit)
Γ(δ)zit!

(
δ

δ + µit

)δ (
µit

µit + δ

)zit

,

where δ = 1/κ.
In a generalized linear model (GLM), the mean µit of the distribution is specified

through an inverse link function

µit = h−1(ηit).

The mean µit of the negative binomial distribution must be larger than zero. There-
fore, the inverse link function h−1(ηit) should map ηit ∈ R to R+. In GLM, ηit is
chosen as a linear combination of covariates x′

it, that is,

ηit = α + x′
itβ.

For ease of interpretation of the coefficients β, we specify, the inverse link function
by

h−1(ηit) = log(exp(ηit) + 1)
so that whenever ηit > 1, the inverse link function becomes close to linear, yet
h−1(ηit) > 0 for any ηit, see Figure 2.4 (see, e.g., Ranganath et al., 2016).

The predictor variables are all gathered in the vector xit. Some predictor variables
are categorical and we choose to represent each of them by their own dummy variable.
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Figure 2.4: Both the proposed inverse link function, µit = h−1(ηit) = log(exp(ηit) +
1), and the identity link function, µit = h−1(ηit) = ηit, on the domain [-5:5].

Without loss of generality, the weights corresponding to the dummy variables for each
categorical variable must have sum zero, that is,

Cβ = 0 with C =
[

(1′1)−1/21′ 0′ 0′

0′ (1′1)−1/21′ 0′

]
,

where, for illustration, it is assumed that there are two categorical variables fol-
lowed by numerical predictors, so that C consists of one row per categorical variable
with ones at the positions of the weights and zero elsewhere. Note that the factors
(1′1)−1/2 are chosen for notational convenience. Again, without loss of generality, it
is also assumed that the numerical predictor variables are z-scores (with mean zero
and standard deviation one) so that the intercept α can be interpreted as an overall
measure of risk taking for someone who has a neutral score on all predictors.

The complete likelihood over all N individuals becomes

L(θ) =
N∏

i=1
Li =

N∏
i=1

T∏
t=1

Ωyitzit,cityit
Θzit,cityit

=
(

N∏
i=1

T∏
t=1

Ωyitzit,cityit

)(
N∏

i=1

T∏
t=1

Θzit,cityit

)

∝
N∏

i=1

T∏
t=1

Θzit,cityit
,

where θ is the vector of all unknown parameters. The factor
∏N

i=1
∏T

t=1 Ωyitzit,cityit

is irrelevant for maximizing the likelihood as it is constant, so that optimizing∏N
i=1
∏T

t=1 Θzit,cityit
over θ is sufficient. Note that this independence implies that
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in the CMM the censoring is exogenous, meaning that the distribution of censoring
does not provide information on the distribution of the number of cards turned over.
We also assume that any carry-over effects are subsumed in the linear combination
ηit, so that the conditional independence above still holds.

In a final step of the CMM, we wish to be able to model unobserved heterogeneity
across individuals by adding finite mixtures with different intercepts per segment to
the model, that is,

ηits = αs + x′
itβ,

with αs the segment specific intercept. The relative size of the segment is estimated
by πs. Then, the likelihood function becomes

L(θ) =
N∏

i=1

S∑
s=1

πs

T∏
t=1

Ωyitzit,cityit

T∏
t=1

Θzit,cityit
,s

=
(

N∏
i=1

T∏
t=1

Ωyitzit,cityit

)(
N∏

i=1

S∑
s=1

πs

T∏
t=1

Θzit,cityit
,s

)

∝
N∏

i=1

S∑
s=1

πs

T∏
t=1

Θzit,cityit
,s, (2.1)

where θ is understood to contain all unknown parameters. Note that Θzit,cityit
,s has

obtained an additional subscript s to indicate that this probability is dependent on
the parameter αs. Thus, the CMM needs to maximize L(θ) over θ′ = [α′,β′, δ,ϕ′,π′]
subject to Cβ = 0, ϕm ≥ 0, 1′ϕ = 1, πs ≥ 0, and 1′π = 1. More details about the
estimation procedure can be found in Appendix 2.A.

2.5 Results
Before the Censored Mixture Model (CMM) can be applied to the data discussed
in Section 2.3, several parameters need to be set. First, the maximization of the
log likelihood function is performed through the optimx function in optimx pack-
age in R. All default settings are used except for the relative convergence tolerance,
reltol, which is set more strictly such that the maximization has converged as soon
as log L(θ(t)) − log L(θ(t−1)) is less than 10−10(| log L(θ(t)) | +10−10) where t is the
iteration counter. After convergence, one step of the Newton-Raphson method is
performed using a numerically approximated Hessian with the aim of ensuring that
the gradient is close to zero. To speed up the convergence, the start values of α and
ϕ are based on educated guesses. For α, the start values are uniformly distributed
over the possible outcomes, {0, 32}. The initial values of ϕ are based on the observed
proportion of excesses in Figure 2.2, that is, the difference of the observed proportion
of the inflated outcome minus the interpolated value of the previous and next out-
comes without inflation. To further improve the convergence speed, we trained our
model on a small subsample, N = 100, and implemented these parameter estimates
as start values of θ in the model using the original sample.



Chapter 2 25

1 2 3 4 5 6 7

133000

134000

135000

136000

137000

Bayesian Information Criterion (BIC)

Segments

B
IC

Figure 2.5: The Bayesian information criterion (BIC) of CMMs with S = 2 to 7
segments.

2.5.1 Selection of the Number of Segments
As the number of segments is unknown a priori, the model is computed for several
numbers of segments S. We use several criteria to decide on a useful number of
segments: the Bayesian information criterium (BIC), a minimum segment size, and
the distinctiveness of the segment specific intercept. The BIC for various choices of
S is shown in Figure 2.5. Since the number of observations is so large in this study,
adding a segment hardly affects the BIC. Therefore, searching for the number of
segments that would lead to a minimum BIC would require an unrealistically high
number of segments. Therefore, we additionally check the size of the segments πs

and the segment specific intercepts αs given in Table 2.2. We opt for segments that
have πs > 5% of the observations, that is, 170 children. Furthermore, we impose the
segment specific intercepts αs to be sufficiently different to avoid segments where the
level of risk seeking as symbolized by their respective αs is hardly different. Based
on these three criteria, we choose to continue interpreting the model with S = 4
segments.

From Table 2.2, it is clear that Segment 1 is overall the smallest (π1 = 0.097) and
is characterized by children that are on average most risk averse as α1 is the smallest
of all segments. In contrast, the last segment contains children that are most risk
seeking as their intercept α4 = 37.52 is even larger than the total number of cards
that could be turned over in the game.

2.5.2 Segments Specific Results
For each individual, we can compute the a posteriori probability of belonging to a
segment. Ideally, these probabilities are close to one for one of the segments and close
to zero for the others thereby clearly assigning an individual to a segment. To see
how distinctive the segments are, we consider the highest a posteriori probability for
each individual and plot that in a histogram. Figure 2.6 shows this distribution and it
is clear that indeed most children are assigned to a segment with a large probability.
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Table 2.2: Segment probabilities πs and segment specific intercepts αs with the
standard errors between brackets for CMMs with S = 2 to 7 segments. Note that
the seven-segment solution is near the boundary and that α6 in this solution is poorly
estimated.

Segment s
S 1 2 3 4 5 6 7
2

πs 0.394 0.606
(0.010) (0.010)

αs 9.90 26.35
(0.164) (0.313)

3
πs 0.150 0.432 0.419

(0.007) (0.010) (0.011)
αs 6.77 13.93 30.93

(0.148) (0.184) (0.408)
4

πs 0.097 0.275 0.357 0.271
(0.006) (0.011) (0.012) (0.011)

αs 5.85 11.04 18.68 37.52
(0.152) (0.188) (0.295) (0.772)

5
πs 0.023 0.119 0.284 0.331 0.243

(0.003) (0.007) (0.011) (0.012) (0.012)
αs 3.11 6.89 11.74 19.44 38.40

(0.167) (0.148) (0.187) (0.322) (0.904)
6

πs 0.002 0.103 0.206 0.256 0.249 0.164
(0.003) (0.008) (0.021) (0.015) (0.017) (0.015)

αs 2.67 6.55 10.64 15.58 23.97 46.82
(0.258) (0.168) (0.315) (0.587) (0.852) (2.685)

7
πs 0.007 0.052 0.130 0.294 0.303 0.000 0.214

(0.002) (0.005) (0.009) (0.012) (0.012) (0.000) (0.013)
αs -0.66 5.03 8.36 12.99 21.07 22.70 40.83

(0.225) (0.163) (0.188) (0.225) (0.438) (148.3) (1.328)
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Figure 2.6: A histogram of the highest a posteriori segment probability of each
individual.

Therefore, virtually each child can be assigned with high probability to one of the
segments.

It is interesting to investigate how the segments differ on characteristics that have
not been part of the model. In particular, how do the segments differ with regard
to the occurrence of behavioral problems as measured by the CBCL? The resulting
z-scores (with mean zero and standard deviation one) per segment weighted by the
a posteriori probabilities per segment are presented in Table 2.3. Appendix 2.B
discusses how to test for differences of weighted means. The stars in Table 2.3
denote whether one of the segment averages is significantly different from the overall
average for this particular symptom.

The level of behavioral problems in all subscales except that of somatic complaints
differs between the groups of children as defined by our segments. The risk averse
children in Segment 1 and the risk seekers in Segment 4 on average have more beha-
vioral problems than the children in Segment 2 and 3. Table 2.3 also suggests that
children in Segment 3 who intend to turn over on average 18 cards score on average
the lowest on all CBCL subscales. Furthermore, we can see from this table that a
risk averse strategy is most profitable, as the average score is highest in Segment 1
(most risk averse segment) and lowest in Segment 4 (most risk seeking segment).

One of the contributions of the CMM model is that the intended number of cards
to be turned over is estimated by the segment specific intercept αs. Due to the
censoring, children who intend to turn over a high number of cards will often not be
able to do so. Therefore, the observed number of cards turned over under estimates
the intended number of cards to be turned over. We can easily compare them using
the forelast row in Table 2.3 with the αs from Table 2.2. For example, the average
number of observed cards turned over by children in Segment 1 is 5.0 whereas average
number of card intended is 5.9. For Segments 2, 3, and 4, these values are 7.7, 10.0,
and 11.7 observed and 11.0, 18.7, and 37.5 intended. Indeed, a large under estimation
of risk seeking is obtained when only considering the observed number of cards turned
over.
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Table 2.3: Weighted z-scores per segment of CBCL subscales scores and other CCT
characteristics. A Wald test is performed to check for a significant difference between
the segments. One star denotes 0.05 ≤ p < 0.10, two 0.01 ≤ p < 0.05, and three
p < 0.01. The 223 children without a CBCL score measured at either six or nine
years old are excluded.

Segment s
1 2 3 4 Total

πs 0.10 0.28 0.36 0.27

CBCL subscales
Internalizing * 0.06 0.00 -0.05 0.05 0.00
Externalizing ** 0.08 -0.03 -0.04 0.06 0.00

CBCL symptom subscales
Anxiety * 0.07 0.01 -0.06 0.04 0.00
Social withdrawal * 0.02 0.02 -0.06 0.05 0.00
Somatic complaints 0.03 -0.02 -0.01 0.02 0.00
Social problems *** 0.09 -0.04 -0.05 0.08 0.00
Thought problems ** 0.10 -0.02 -0.05 0.05 0.00
Attention problems *** -0.03 -0.04 -0.06 0.13 0.00
Delinquent behavior ** 0.00 -0.03 -0.03 0.08 0.00
Aggressive behavior * 0.10 -0.02 -0.04 0.04 0.00

Average score *** -87.0 -123.7 -170.7 -230.1 -165.7
# cards turned over *** 5.0 7.7 10.0 11.7 9.3
# censored trials *** 5.8 8.5 11.4 14.3 10.8

2.5.3 Regression Coefficients
The regression coefficients β are presented in Table 2.4. The two numerical variables
(age and IQ) are standardized to z-scores prior to the analysis. Whether or not a
loss card was drawn in the last two games is recorded by the following variables:
previous loss yes, previous loss no, second previous loss yes, and second previous loss
no. As our link function in Figure 2.4 is close to the identity function for values larger
than 1, the coefficients can be interpreted on the scale of the number of cards turned
over. For categorical variables, we chose mean weights of the categories belonging to
a single variable to be zero so that the intercept can be interpreted as the average
score in the segment for a neutral child. As a consequence, the difference in weights
between two categories is the corresponding effect, for example, girls on average turn
over 0.286+ | −0.286 |= 0.572 cards more than boys.

Furthermore, age and IQ have a negative association with the number of cards
turned over. Also, a higher household income is related to higher levels of risk taking.
Children with a mother with a Dutch or Asian ethnicity turn over fewer cards than
the base average.

Due to the different game settings, we are able to investigate the effect of the loss
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probability and the sensitivity to reward and punishment. According to the model,
the number of loss cards has the strongest effect on the number of cards turned
over. In a game with three loss cards on average 1.7 cards less are turned over,
than in a game with one loss card. The game setting loss amount also shows the
expected direction of effect. In a trial with a high loss amount, the expected number
of cards turned over is lower than in a trial with a low loss amount. Unexpectedly,
the predicted number of cards turned over is lower in a trial with a high gain amount
than it is in a trial with a low gain amount.

Moreover, the results in the previous round have a strong association with ob-
served behavior in the current round. If a loss card was encountered in the previous
round, on average 1.6 cards less are turned over. The experience of a loss card two
trials earlier also relates to the intention to turn over one card less in the current
trial. Note that these variables capture the immediate impact of a negative experi-
ence (e.g., turning over a loss card), not the learning effect. We argue that there is
no learning effect in the current data set, since the average number of cards turned
over per trial varies between 10.5 cards in trial 1 and 8.9 cards in trial 15.

We included interaction terms between the game settings and sex. According
to the estimates, the combination of boy and a loss amount of 250 accounts for an
additional 0.063 (= −0.286 + 0.195 + 0.154) cards to be turned over. In a trial with
loss amount 750, a boy is expected to turn over 0.635 (=| −0.286 − 0.195 − 0.154 |)
cards less than the base average (i.e., the segment specific intercepts). Hence, the
effect the loss amount has on the number of cards turned over by boys is 0.698
(= 0.063+ | −0.635 |). This effect is smaller for girls, namely 0.572 (= (0.286 +
0.195 − 0.154) + (0.286 − 0.195 + 0.154)). Therefore, boys seem to be more sensitive
to punishment in the CCT than girls are. Moreover, boys are also more influenced
by the number of loss cards (2.038 vs. 1.360), whereas girls seem to be more sensitive
to reward than boys are (0.346 vs. 1.026).
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2.5.4 Model Performance
Our model gives of each child on each trial a probability distribution for the number of
cards turned over. To obtain a sense how well the model fits the observed uncensored
number of cards turned over, we compute a point estimate as the expected value
of that distribution. Then, the model performance can be judged in terms of the
difference between observed and expected number of cards turned over. Appendix
2.C provides more details on how these expectations are computed. Predictions can
be generated with our CMM. The in-sample root mean square error (RMSE) is equal
to 8.5 and the mean absolute deviation (MAD) of the residuals is equal to 5.4. On a
scale of 0-32 cards that can be turned over, these average deviations seem reasonable.
To test the external validity of the model, the data set is randomly partitioned in
a training set (N = 3404) and a prior to analysis unseen test set (N = 1134). The
out-of-sample RMSE is equal to 8.4 and the MAD is equal to 5.3, showing little
difference between in-sample and out-of-sample accuracy.

Another way to evaluate the model performance is by comparing the distributions
of the empirical and predicted number of cards turned over for the training and the
test data, similar to Figure 2.2. We break down the comparison into a censored and
uncensored case. For a fair comparison between the observed and predicted number
of cards turned over, one has to multiply the distribution of the predicted outcome
with the probability of being (un)censored. These probabilities can be derived from
Table 2.1, where pk is equal to

pk = 1
32 − k − 1 if #loss cards = 1

pk = 3
32 − k − 1 if #loss cards = 3.

The empirical probability of the number of cards intended to turn over in the
training set is shown in the left panel of Figure 2.7. The comparison with the right
panel with the CMM predicted probabilities shows that these predictions are quite
accurate. The left panel of Figure 2.8 shows the empirical probability per card
of being censored in the training data and the right panel shows these values as
predicted. Again, the distribution of the predicted values is similar to those observed.
To guard against overfitting, we provide the same plots for the test set of 1049 children
in Figures 2.9 and 2.10. The same interpretation holds as for the training data: there
are some minor deviations from the observed distribution, but overall the test set
prediction of these distributions is quite accurate.

A widely used test to compare two distributions is the Chi-square goodness of fit
test, which tests whether the observed sample is drawn from the predicted distribu-
tion. The in-sample Chi-square statistic is equal to X2 = 793.8 (p < 0.001, df = 31).
Note that only the uncensored observations are used to compute this statistic. It is
well known that the Chi-square goodness of fit test is very sensitive to the number
of observations (Cochran, 1952); therefore, we also look at the correlation between
the observed and predicted probabilities. Figure 2.11 displays a strong correlation
of 0.97 between the predicted and observed probabilities. The out-of-sample correla-
tion is equal to 0.97. In addition, as a (dis)similarity measure we added the Hellinger
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Figure 2.7: Distribution of the empirical (left panel) and predicted by the CMM
(right panel) number of cards turned over for the uncensored observations in the
training data.
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Figure 2.8: Distribution of the empirical (left panel) and predicted by the CMM (right
panel) number of cards turned over corrected for the probability of being censored
per card in the training data.

distance between the predicted and observed distribution. The Hellinger distance
is related to the Euclidean distance, so the closer the value to zero the similar the
two distributions are. Both the in-sample and out-of-sample Hellinger distance is
rounded equal to 0.08.

One of the model assumptions is conditional independence implying that any
carry over effects are subsumed in the linear combination. To empirically justify this
assumption, we additionally estimated the model with dummy variables up to ten
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Figure 2.9: Distribution of the empirical (left panel) and predicted number of cards
turned over by the CMM (right panel) for the uncensored observations in the test
data.
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Figure 2.10: Distribution of the empirical (left panel) and predicted by the CMM
(right panel) number of cards turned over corrected for the probability of being
censored per card in the test data.

lags whether or not a loss card was encountered. The strongest effect occurred im-
mediately after the loss card was encountered. We found a monotonically decreasing
effect of the lag of the loss trial, which can be seen as a support for the conditional
independence assumption.
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Figure 2.11: Scatterplot of the observed and expected probabilities per outcome value
{0, 31}.

2.5.5 Segment Specific Effects for Covariates
In addition to segment specific intercepts, the CMM also allows for segment specific
effects for covariates. Here we discuss the results of a CMM with four segments and
segment specific effects for the game settings gain amount, loss amount, and number
of loss cards. The linear combination in this model becomes

ηits = αs + x̃′
itβ̃s + x∗

it
′β∗,

where x̃′
it contains the game settings gain amount, loss amount, and number of loss

cards, β̃s are the segment specific effects for these game settings, and x∗
it

′ contains
the covariates excluding the game setting variables. Note that we did not include
interaction terms between the game settings and sex in this analysis, because these
effects are captured by the segment specific effects.

The segment probabilities πs, segment specific intercepts αs, and segment spe-
cific effects β̃s are presented in Table 2.5. The segment sizes and segment specific
intercepts are comparable to the ones belonging to the CMM with four segments
and only segments specific intercepts, see Table 2.2. It is clear that children in the
fourth segment use to the information provided the most. In addition, the increase
in information use is evident for all the game settings. So, these segments do not
make a clear distinction between children who are, for example, more sensitive to
reward than to punishment. Furthermore, children in the first segment only take
into account the number of loss cards.
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Table 2.5: Results of the four segment CMM with both segment specific intercepts
αs and segment specific effects of the game setting parameters β̃s. The standard
errors are given in parentheses.

Segment s
1 2 3 4

πs 0.089 (0.027) 0.268 (0.072) 0.362 (0.068) 0.280 (0.041)
αs 5.239 (0.705) 10.409 (0.435) 17.914 (0.435) 35.127 (0.435)
Gain amount (10) -0.043 (0.060) 0.327 (0.063) 1.347 (0.119) 1.351 (0.435)
Gain amount (30) 0.043 (0.060) -0.327 (0.063) -1.347 (0.119) -1.351 (0.435)
Loss amount (250) 0.062 (0.059) 0.330 (0.063) 0.224 (0.110) 1.030 (0.435)
Loss amount (750) -0.062 (0.059) -0.330 (0.063) -0.224 (0.110) -1.030 (0.435)
Loss cards (1) 0.437 (0.062) 1.028 (0.065) 1.480 (0.117) 3.384 (0.464)
Loss cards (3) -0.437 (0.062) -1.028 (0.065) -1.480 (0.117) -3.384 (0.464)

This model can be compared to the models including only segment specific inter-
cepts by means of the BIC. The BIC for this model including segment specific effects
for the game settings in addition to segment specific intercepts is equal to 133,771.
The BICs of the other models are presented in Figure 2.5. In particular, the BIC
value of 133,909 for the four segments intercepts only model is slightly worse.

The other results from this analysis (i.e., regression coefficients, segment specific
results, and model fit) are very similar to the ones presented above and, therefore,
are included in Appendix 2.E.

The four-segment model with segment specific effects for the game settings dis-
cussed in this section is just one of many that can be considered. In practice, various
models can be compared that differ in the number of segments and the covariates
that are segment specific. These models can be compared based on, for example,
their BIC value.

2.5.6 Parameter Recovery
We did a small simulation study to investigate the parameter recovery. This recovery
is limited to the game setting parameters (i.e., the parameters belonging to the gain
amount, loss amount and number of loss cards), as other predictors can be seen
as covariates correcting the individual’s response for background variables. Data
for N = 500 children who each played T = 8 trials are generated for two sets
of game setting parameters β1, β2, and β3. The data are sampled from S = 2
mixtures with segment specific intercepts α1 and α2. The probabilities ϕ1, ϕ2, ϕ3,
and ϕ4 for the attractiveness for certain outcomes are set, such that they resemble the
attractiveness in Figure 2.2. Censoring is based on the probability of encountering a
loss card as determined by the game setting of either one or three loss cards. In the
simulation study, we use a slightly different parametrization from Appendix 2.A to
ensure uniqueness of the parameters. Particularly, we use α1 = α̃2

1 and α2 = α̃2
1 + α̃2

2
and optimize over α̃1 and α̃2. Without loss of generality, we enforce α̃1 ≥ 0 and
α̃2 ≥ 0. These settings lead to a total of ten unique parameters, that is, β1, β2, β3,
α̃1, α̃2, δ, τ1, τ2, τ3, and σ.
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The definitions of the probabilities in the maximum likelihood function in the
CMM served as the basis of the data generating process. For each of the parameter
sets 500 replication data sets were drawn. Table 2.6 presents the two sets of true
parameter values, the mean, median, and standard deviation of the estimated para-
meters, the average of the estimated standard errors (MeanSE), the RMSE, MAD,
and coverage percentage of all model parameters. The RMSE, MAD, and coverage
percentage are calculated with respect to the true parameter values and the cover-
age percentage is based on the 95% confidence intervals. For computational speed,
we used the true parameter values as start values in the optimization process. The
present recovery of the model parameters is good. Consistent with expectations when
using 95% confidence intervals, almost all parameters in both sets have a coverage
percentage around 95%. Furthermore, this parameter recovery allows us to investi-
gate the performance of the BIC statistic in detecting the true number of segments.
We compared the BIC statistic of the one segment models with the ones from the two
segment models. In all replications in both sets, the two segment model is favored
over the one segment model, thereby confirming the usefulness of the BIC statistic
in identifying the number of segments.

2.6 Discussion
The Censored Mixture Model (CMM) is developed to solve three potential problems
emerging with modeling risk taking and is applied to the Generation R data set,
an exceptionally large data set with 3404 children that each completed 16 rounds of
the Columbia Card Task (CCT). First, to accommodate the potential censoring that
often occurs in sequential risk tasks, a cumulative distribution function is added to
the likelihood function to compute the probability of turning over more cards than
observed. In the Generation R data set, the prevalence of censoring is 68%. Ignoring
the censoring would seriously underestimate the intended level of risk taking as more
than two third of the data would not be used. Second, the inflated values in the
outcome distribution are handled by assigning additional probability mass to these
outcomes in the likelihood function. Figures 2.7, 2.8, 2.9, and 2.10 clearly show peaks
at certain outcome values in both the observed and predicted graphs. Without the
additional probability mass for the inflated values, the distributions in the predicted
graphs would have been smoother and, hence, less similar to the observed graphs.
Finally, four segments with a segment specific intercept are added to the model to
account for unobserved heterogeneity across individuals. The distribution of posterior
probabilities in Figure 2.6 clearly points out that the four segments are distinctive
as large probabilities (say above 80%) are most prevalent. In case the individuals in
the sample all have the same tendency for risk taking, this graph would be centered
around 0.25, indicating that the individuals are assigned to all segments with equal
probability.

Similar challenges as with the CCT occur when analyzing risk taking through
other sequential risk tasks, like the BART and Angling Risk Task. Hence, our CMM
can also be used to analyze these risk tasks. Only minor adjustments to the model are
necessary. For example, additional probability mass is assigned to inflated outcome
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Table 2.6: Recovery results of the CMM for two sets of true parameter values with
N = 500 children each playing T = 8 trials. Reported are the true parameter value,
mean, median, and standard deviation (SD) of the estimated parameters, the average
of the estimated standard errors (MeanSE), root mean square error (RMSE), mean
absolute deviation (MAD), and coverage percentage.

Parameter True value Mean Median SD MeanSE RMSE MAD Coverage
Set 1
β1 2.00 1.98 1.96 0.34 0.35 0.34 0.27 0.95
β2 -3.00 -3.02 -3.01 0.40 0.37 0.40 0.32 0.94
β3 -6.00 -6.02 -5.98 0.44 0.42 0.44 0.35 0.95
α̃1 3.39 3.39 3.39 0.09 0.08 0.09 0.07 0.94
α̃2 2.92 2.92 2.91 0.10 0.10 0.10 0.08 0.96
δ 3.00 3.03 3.02 0.21 0.22 0.22 0.17 0.96
τ1 -3.50 -3.51 -3.50 0.14 0.14 0.14 0.11 0.94
τ2 -1.90 -1.90 -1.90 0.15 0.15 0.15 0.12 0.95
τ3 -2.10 -2.12 -2.10 0.21 0.21 0.21 0.17 0.95
σ -0.40 -0.40 -0.41 0.19 0.18 0.19 0.15 0.94

Set 2
β1 6.00 6.00 6.00 0.62 0.61 0.62 0.50 0.95
β2 -4.00 -4.00 -3.99 0.56 0.54 0.55 0.45 0.95
β3 -7.50 -7.55 -7.52 0.59 0.60 0.59 0.48 0.95
α̃1 3.87 3.87 3.88 0.12 0.12 0.12 0.09 0.94
α̃2 2.83 2.86 2.85 0.16 0.16 0.16 0.12 0.96
δ 3.00 3.03 3.02 0.23 0.22 0.23 0.18 0.96
τ1 -3.50 -3.50 -3.50 0.13 0.13 0.12 0.10 0.96
τ2 -1.90 -1.90 -1.89 0.15 0.14 0.15 0.12 0.93
τ3 -2.10 -2.14 -2.10 0.30 0.29 0.30 0.23 0.96
σ -0.40 -0.39 -0.41 0.39 0.35 0.39 0.30 0.91

values: for the CCT these values are {0, 4, 8, 10, 12, 16, 20, 24, 31}, which corresponds
to creating geometric patterns, such as complete rows or columns. However, for
other sequential risk tasks these values are likely to be different, depending upon the
shape of the distribution of the outcome values and, hence, need to be adapted in
the model.

We want to briefly discuss several elements of our CMM applied to our specific
data set. The selection of the number of segments in the CMM was based on a three-
way procedure: (a) the Bayesian information criterion (BIC) values of the different
models are compared, (b) the segment specific intercepts had to be distinctive among
the segments, and, (c) the smallest segment had to contain at least five percent of
the sample. Although we are confident that a model with four segments is optimal in
our case, a different strategy could have led to a different number of segments and,
hence, slightly different results.

The CMM with four segments showed some interesting results in terms of segment
characteristics. Both the most risk averse and risk seeking segments, respectively,
Segments 1 and 4, have the highest level of behavioral problems measured by the
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Table 2.7: Optimal number of cards to turn over when maximizing the expected
value.

1 loss card 3 loss cards
Loss amount Loss amount
250 750 250 750

Gain
amount

10 7 0 Gain
amount

10 0 0
30 23 6 30 4 0

child behavioral checklist (CBCL).
Furthermore, from Table 2.4, where the regression coefficients are shown it is clear

that the number of loss cards has the highest effect on the number of cards turned
over, compared to the gain amount and loss amount. This result is in accordance
with many other studies using the CCT (Holper and Murphy, 2014; Kluwe-Schiavon
et al., 2015; Penolazzi et al., 2012). Looking at the risk neutral strategy based on
the expected values (Table 2.7), it is clear that turning over zero cards is often most
profitable. It would be interesting to see whether different game settings lead to
the same results. Note that we used the same game settings as (Figner and Weber,
2011). Additionally, children with a high IQ turn over fewer cards than the average
and children from a family with a low household income turn over more cards than
the average. Lastly, children with a Dutch or Asian background are more risk averse,
compared to children with another ethnic background.

We found a good model fit represented by a correlation of 0.97 between the
observed and predicted probabilities of the number of cards at an aggregate level
and a root mean square error (RMSE) of 8.5 and mean absolute deviation (MAD)
of 5.5 derived from point estimates for the number of cards turned over. The out-
of-sample correlation is equal to 0.97, the RMSE is equal to 8.4 and the MAD is
equal to 5.3, showing little difference between in-sample and out-of-sample accuracy.
Note that the current predictions are for unseen individuals. However, using a part
of the trials for computing a posteriori segment probabilities would allow to make
predictions for future trials taking better stock of the unobserved heterogeneity in
the data.

Next to segment specific intercepts, the CMM also allows for segment specific
effects for the game settings. We found that individuals in the most risk seeking
segment, and thus with the highest segments specific intercept, also have the highest
effects of the segment specific game setting weights. Furthermore, in all segments,
the number of loss cards is taken into account. The difference between the segments
lies in the use of the gain amount and loss amount.

A parameter recovery study showed a good recovery of the model parameters.
Almost all parameters have a coverage percentage around 95%. Furthermore, this
simulation study shows that the BIC is a useful statistic to identify the number of
segments.

Recently, new light was shed on the debate concerning parameter reliability, that
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is, whether behavioral tasks provide reliable estimates and whether they have good
construct validity. Pedroni et al. (2017) argue that people’s risk preferences are incon-
sistent across behavioral tasks. Holzmeister and Stefan (2021), meanwhile, provide
evidence that participants are well aware of the variation in risk level associated with
their choices and question the statement of inconsistent risk preferences. Note that
the proposed CMM is not aimed at obtaining risk scores for individuals. Instead, our
model provides useful conclusions on risk taking at the level of the entire sample.

It would also be interesting for further research to collect more information on
the underlying decision process. For example, the time between actions (e.g., turning
over cards) can be used to investigate a potential fatigue effect. In addition, more
time between actions at the end of a trial could indicate that a participant doubts
between continuing and stopping. Moreover, the pattern and sequence of the cards
turned over could further justify our assumption that participants of the CCT create
geometric patterns for turning over cards. Furthermore, the segment specific effects
can be extended to other variables. For instance, the previous loss variables can be
made segment specific to allow more freedom in capturing the carry-over effects.

A limitation of the current approach is that the negative binomial distribution has
an infinite upper bound. This property implies that there is probability mass after
32, meaning that the model allows for turning over cards in a non-feasible region.
However, all the point estimates (for computations, see Appendix 2.C) are within the
range {0, 32}. Therefore we argue that this is not a major issue. As an alternative to
the negative binomial distribution, future studies can use a truncated version, that
is, consider the negative binomial distribution conditional on the number of cards
turned over being smaller or equal to 32 for the CCT. Taken together, we believe
that the Censored Mixture Model proposed in this paper is an important tool in the
analysis of risk taking.
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Appendix

2.A Maximization of the Likelihood Function
To be able to maximize the likelihood over θ, it is useful to have no constraints and
to ensure that θ is unique. To do so, several reparametrizations are needed and
we will represent that by the vector function h(). First, to ensure the restrictions
0 ≤ ϕm ≤ 1 and

∑4
m=1 ϕm = 1, we define

ϕ = hϕ(τ ) =
{

exp(τm)/(1 +
∑3

j=1 exp(τj)) for m ∈ {1, 2, 3},

1 −
∑3

m=1 exp(τm)/(1 +
∑3

j=1 exp(τj)) for m = 4.

This reparametrization allows the constrained optimization over ϕ to be replaced
by the unconstrained optimization over τ . Secondly, a similar reparametrization
is used for avoiding the sum one and nonnegativity constraints on the S segment
probabilities in π by S − 1 values through π = hπ(σ).

Thirdly, there are sum zero constraints Cjβj = 0 on the weights corresponding to
the dummy coding of the categories belonging to each categorical variable j. Instead
of using these constraints, one of the categories per categorical variable is assigned
as a reference category and consequently that particular weight in βj are set to
zero, effectively excluding these weights from the optimization. This implies that
the effect of the reference categories is included in the intercepts αu. For notational
convenience, it is useful to gather the intercepts in α and weights β into a single
vector γ, that is, γu = [α′

u,β′
u]′ where βu is the vector of weights with the values

corresponding to reference categories fixed to zero. The transformation needed from
the unique vector of parameters γu = [α′

u,β′
u]′ to the non-unique vector γ = [α′,β′]′

is illustrated by the following example with S = 3, two categorical variables, and two
numerical variables. Then,

γ =


α
β1
β2
β3
β4

 = hγ(γu) =


I K−1

1 11′ K−1
2 11′ 0 0

0 I − K−1
1 11′ 0 0 0

0 0 I − K−1
2 11′ 0 0

0 0 0 1 0
0 0 0 0 1



αu

βu1
βu2
βu3
βu4

 = Aγu,

where Kj is the number of categories for categorical variable j and the matrices I, 0,
and 11′ are understood to be adapted to the corresponding sizes depending on the
relevant lengths of the vectors αu and βuj .

Let θ′
u = [γ′

u, δ, τ ′,σ′] be the unconstrained vector of all uniquely defined para-
meters. Then, the reparametrization function h(θu) can be written as

θ = h(θu) = [h′
γ(γu), δ,h′

ϕ(τ ),h′
ϕ(σ)]′.

Thus, the constrained maximization of θ in (2.1) is equivalent to the unconstrained
maximization

L(θ) = L(h(θu) = Lu(θu).
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To maximize Lu(θu) over θu, we use the BFGS quasi-Newton algorithm as imple-
mented in the optimx package in R. After convergence, one step of the Newton-
Raphson method with a numerically approximated Hessian is performed to ensure
the gradient to be close to zero.

It is well known that for maximum likelihood estimation, at a maximum θ∗
u, the

parameters are normally distributed θu ∼ N(θ∗
u, Σu) where Σu = −(∇2Lu(θ∗

u)−1)
is the inverse of the negative Hessian of Lu() evaluated at θ∗

u. As we would like to
have the covariance matrix Σθ of θ∗ = h(θ∗

u), the Delta method is applied so that

θ∗ ∼ N(h(θu), Σθ) (2.2)

where Σθ = ∇h′(θu)Σu∇h(θu) and ∇h(θu) is the Jacobian matrix of h(), that is,

∇h(θu) =


∇hγ(γ∗

f ) 0 0 0
0 1 0 0
0 0 ∇hϕ(τ ∗

u ) 0
0 0 0 ∇hπ(σ∗

u)

 ,

where ∇hγ(γ∗
f ) = A, ∇hϕ(τ ∗

u ), and ∇hπ(σ∗
u) are the Jacobians for hγ(), hϕ(), and

hπ(), respectively. The standard errors of the model parameters in θ are the square
roots of the diagonal elements of the covariance matrix in (2.2).

2.B Significance Testing for Weighted Means
Obtaining a test for the differences between weighted means as presented in Table 2.3,
some non-standard steps are needed. Let P be the N × S matrix of the a posteriori
probabilities from the CMM. Then, regress the a posteriori probabilities in P on a
CBCL symptom subscale without intercept through OLS. The obtained regression
coefficients ψ can be transformed to the weighted averages as follows

ψ∗ = Bψ, with B = Diag(P ′1)−1P ′P ,

where the operator Diag(.) transforms a vector into a diagonal matrix. We can do a
Wald test with null hypothesis that the weighted means are the same (ψ∗ = c1). The
standard errors needed for the Wald test can be derived from the diagonal elements
of the covariance matrix Σψ∗ = B′ΣψB, where Σψ is the original covariance matrix
obtained from the linear regression.

2.C CMM Expected Values
As the CMM provides a probability distribution for each number of cards turned
over on each trial, obtaining predictions from a Censored Mixture Model (CMM) is
not straightforward. Therefore, we choose the expectation as a point estimate for
the predicted value. These expectations can be obtained from the following steps.
First, the estimated regression coefficients α̂s and β̂ are used to compute the linear
combination

µ̂its = log(exp(α̂s + x′
itβ̂) + 1).
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Second, for each individual, in each trial, and for each segment we can compute the
probabilities of all possible outcomes y ∈ {0, . . . , 32},

Pr(Zit = ℓ | µ̂its, δ̂) =



ϕ̂4f(0 | µ̂its, δ̂) + ϕ̂1 if ℓ = 0,

ϕ̂4f(ℓ | µ̂its, δ̂) + 1
|A| ϕ̂2 if ℓ ∈ A,

ϕ̂4f(31 | µ̂its, δ̂) + ϕ̂3 if ℓ = 31,

ϕ̂4f(32 | µ̂its, δ̂) if ℓ = 32,

ϕ̂4f(ℓ | µ̂its, δ̂) for all other values ℓ,

(2.3)

where f(ℓ | µ̂its, δ̂) is the probability mass function of the negative binomial distri-
bution, A = {4, 8, 10, 12, 16, 20, 24}, |A| is the cardinality of set A, and ϕ̂j is the
estimate of ϕj . The distributions in Figures 2.7, 2.8, 2.9, and 2.10 are obtained by
weighting for the segments, using the estimated prior segment probability π̂s, and
then summing over the individuals, trials, and segments

hit(y) =
N∑

i=1

T∑
t=1

S∑
s=1

π̂s Pr(Zit = ℓ | µ̂its, δ̂) ∀ ℓ ∈ {0, . . . , 32}.

Note that the right graphs of these figures are multiplied by the probability of being
(un)censored to get the same scale as the left graph.

The expected values per person and per trial can be obtained from the probabil-
ities in (2.3), that is,

ŷit =
S∑

s=1
π̂s

(
M∑

ℓ=0
ℓ Pr(Zit = ℓ | µ̂its, δ̂) + Mϕ̂1(1 − F (M + 1 | µ̂its, δ̂))

)
.

The probability mass above M , denoted by 1 − F (M + 1 | µ̂its, δ̂), is added to the
expected values as if it were the probability mass at M . Since the negative binomial
distribution has an infinite upper bound, M should be large to obtain an accurate
expected value. The probability mass above M = 100 is smaller than 0.0001 and
so will not have a meaningful effect on the expected value. Therefore, we choose
M = 100. Again, the expected values are multiplied by the probability of being
uncensored to allow for a fair comparison with the observed outcome.

2.D Censored Mixture Model Applied to the Bal-
loon Analogue Risk Task

The Censored Mixture Model (CMM) can be more generally applied than only to
the Columbia Card Task (CCT). To show this, we have also analysed the Balloon
Analogue Risk Task (BART) with the CMM. In this supplementary material we
shall apply the CMM to a small data set and report the fit measures and overall
distributions.

The data used in this supplementary study is provided by Dekkers et al. (2020).
The data contains 180 boys, aged 12-19 years old, and 81 adolescents have ADHD.
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Next, we have information about the Social Economic Status (SES), IQ, and ethnicity
(Dutch 76.7%, other western 55.6%, and non-Western 17.8%). Additionally, we use
the variables previous loss and second previous loss as predictors. These variables
indicate whether the balloon in the (second) previous trial exploded or not. This leads
to a total of 12+2S −1 (= S segment specific intercepts α + 8 regression coefficients
β + 1 scale parameter δ + 3 weight parameters τ + S − 1 segment probabilities σ)
estimators that need to be estimated in a model with S segments. Every participant
played the BART thirty times, meaning that we have 5400 (= 180 adolescents ×
30 trials) observations to estimate these parameters. More information about the
data collection can be found in Dekkers et al. (2020).

Similar as with the Columbia Card Task (CCT), the BART has certain outcomes
that are more attractive than others. We distinguish four categories: (a) k = 50,
(b) multiples of ten except for 50 (i.e., k ∈ A with A = {10, 20, 30, 40, 60, 70,
80, 90, 100}), (c) multiples of five that are not multiples of ten (i.e., k ∈ B with
B = {5, 15, 25, 35, 45, 55, 65, 75, 85, 95}), and (d) otherwise. The same computation
settings as in the Section 3.4 are used. Note that we did not split the data in a
training and test set, and therefore have no out-of-sample performance measures,
because the data set is too small.

The Bayesian information criterion (BIC) is lowest for the model with five seg-
ments, see Figure 2.12. Although the first segment in the model with five segments
is small, see Table 2.8, we believe that the difference between the segment specific
intercepts αs, in particular the difference between the first segment and the other
segments, are relevant. Therefore, we choose the model with five segments. Table
2.9 displays the game characteristics weighted by the a posteriori probabilities per
segment. The stars denote that for all characteristics at least one of the segment av-
erages is significantly different from the overall average. Furthermore, the regression
coefficients are presented in Table 2.10. Similar as in the CCT, the results from the
previous and second previous trial have a large impact on the behavior in the current
trial. Last, we found a reasonable good correlation of 0.92, Figure 2.14, with an
RMSE of 17.8 and MAD of 15.4. Figure 2.13 displays the distributions of the empir-
ical and predicted number of pumps for the uncensored observations. The Hellinger
distance between these two distributions is 0.27.
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Table 2.8: Segment probabilities πs and segment specific intercepts αs, with the
standard errors between brackets for CMMs with S = 2 to 6 segments.

Segment s
S 1 2 3 4 5 6
2

πs 0.324 0.676
(0.042) (0.042)

αs 35.696 65.563
(1.614) (2.065)

3
πs 0.112 0.323 0.565

(0.028) (0.042) (0.046)
αs 24.125 45.88 70.347

(1.394) (1.799) (1.777)
4

πs 0.062 0.301 0.456 0.181
(0.019) (0.040) (0.051) (0.044)

αs 12.445 33.921 55.52 78.583
(1.895) (1.820) (2.101) (3.772)

5
πs 0.028 0.094 0.251 0.533 0.095

(0.012) (0.024) (0.041) (0.054) (0.045)
αs 2.298 24.893 41.335 59.375 87.706

(1.862) (1.696) (1.478) (1.947) (8.790)
6

πs 0.028 0.094 0.246 0.479 0.081 0.073
(0.012) (0.024) (0.041) (0.155) (0.139) (0.047)

αs 2.147 24.801 41.213 58.36 69.333 90.971
(1.901) (1.763) (1.536) (2.304) (16.324) (8.423)



Chapter 2 45

25450

25500

25550

25600

25650

25700

25750

Bayesian Information Criterion (BIC)

segments
2 3 4 5 6

B
IC

Figure 2.12: The Bayesian information criterion (BIC) of CMMs with S = 2 to 6
segments in the BART.

Table 2.9: Weighted scores per segment of game characteristics.

Segment s
1 2 3 4 5 Total

πs 0.03 0.09 0.25 0.53 0.09
Average score *** 21.3 22.0 26.8 28.3 26.7 27.0
# pumps *** 30.8 28.6 38.6 45.5 49.4 42.1
# censored trials *** 7.8 6.3 10.1 13.4 15.8 12.0

A Wald test is performed to check for a significant difference
between the segments. Three stars denotes p < 0.01.
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Table 2.10: Regression coefficients with their standard errors. Within a categorical
variable the sum of coefficients sum to zero and the continues variables IQ, Social
Economic Status, and age are standardized.

β-coefficients (st error)
IQ 0.547 (0.616)
Social Economic Status 0.743 (0.811)
Age 1.275 (0.492)
Previous loss yes -2.899 (0.420)
Previous loss no 2.899 (0.420)
Second previous loss yes -1.163 (0.444)
Second previous loss no 1.163 (0.444)
Ethnicity

Western 3.146 (2.866)
Non-Western -1.714 (1.617)
Dutch -1.432 (1.411)

ADHD group 0.046 (0.478)
Control group -0.046 (0.478)
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Figure 2.13: Distribution of the empirical (left panel) and predicted by the CMM
(right panel) number of pumps for the uncensored observations in the BART.
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Figure 2.14: Scatterplot of the observed and expected probabilities per outcome value
{0, 127}

2.E Censored Mixture Model With Segment Spe-
cific Effects for the Game Setting Variables

In addition to segment specific intercepts, the CMM also allows for segment specific
effects for covariates. Here we present results of a CMM with four segments and
segment specific effects for the game settings gain amount, loss amount, and number
of loss cards. The linear combination in this model becomes

ηits = αs + x̃′
itβ̃s + x∗

it
′β∗,

where x̃′
it contains the game settings gain amount, loss amount, and number of loss

cards, β̃s are the segment specific effects for these game settings, and x∗
it

′ contains
the covariates excluding the game setting variables. Note that we did not include
interaction terms between the game settings and sex in this analysis, because these
effects are captured by the segment specific effects.

The segment specific effects for the game settings β̃s are, next to the segment
specific intercept αs and segment probabilities πs, presented in Section 2.5.5. The
other results, presented in this supplementary material, are very similar to the results
from the analysis with only segment specific intercepts, discussed in Section 3.4.

The regression coefficients from Table 2.11 have a linear interpretation, because
our link function is close to the identity function, see Figure 2.4 in Section 2.4. Also,
the numerical variables (age and IQ) are standardized to z-scores prior to the analysis
and the categorical variables are constrained to have mean weights of the categories
belonging to a single variable equal to zero, so that the intercept can be interpreted
as the average score in the segment for a neutral child. Similar to the analysis with
only segment specific intercepts, girls take more risk than boys and IQ is negatively
associated with the number of cards turned over. Also, a household income between
2000 and 4000 euro’s per month is related to lower risk taking levels. Children with a
mother with a Dutch or Dutch Antilles ethnicity turn over fewer cards than the base
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average and children with a mother with an African, Moroccan, or Turkish ethnicity
turn over more cards than the base average. Furthermore, children with a mother
who had no or primary education take more risk than children with a mother with a
higher education. Moreover, the results from the previous round have a strong effect
on observed behavior in the current round. In case a loss card was encountered in
the previous or second previous round on average 1.6 and 1 cards less are turned
over, respectively.

Again, the risk averse children in Segment 1 and the risk seekers in Segment
4 on average have more behavioral problems than the children in Segment 2 and
3. Particularly, the risk averse children are more anxious and aggressive. The risk
seekers, on the other hand, have more attention problems and show more delinquent
behavior than the children in other segments.

Last, we found a reasonable good correlation of 0.97, see Figure 2.15, with an
RMSE of 8.5 and MAD of 5.5. Figures 2.16 and 2.17 display the distributions of
the empirical and predicted number of cards turned over for the uncensored and
censored observations, respectively. The Hellinger distance between the observed
and predicted distribution of the uncensored cases is equal to 0.08. To guard against
overfitting, we provide the same performance measures for the test set containing 1049
children. The out-of-sample RMSE is equal to 8.4, the MAD is equal to 5.4, and the
correlation is equal to 0.97. The distributions of the empirical and predicted out-of-
sample number of cards turned over for the uncensored and censored observations
are presented in Figures 2.18 and 2.19, respectively. The out-of-sample Hellinger
distance equals 0.08.



50 Chapter 2

Table 2.11: Regression coefficients with their standard errors from the model with
segment specific effects for the game setting variables. Within a categorical variable
the sum of coefficients sum to zero and the continues variables age and IQ are stan-
dardized.

β - coefficients
(st error)

Age -0.105 (0.062)
Boy -0.310 (0.072)
Girl 0.310 (0.072)
IQ -0.350 (0.089)
Ethnicity mother

Dutch -0.686 (0.142)
Asian -0.047 (0.231)
African 1.408 (0.349)
Moroccan 0.604 (0.301)
Dutch Antilles -3.263 (0.349)
Surinamese 0.429 (0.277)
Turkish 1.155 (0.303)
Other Western 0.398 (0.247)

Education mother
No or primary education 0.543 (0.193)
Secondary education -0.206 (0.124)
Higher education -0.337 (0.125)

Householdincome per month in euro’s
< 2000 0.133 (0.132)
2000 − 4000 -0.284 (0.100)
> 4000 0.151 (0.111)

Previous loss yes -0.820 (0.039)
Previous loss no 0.820 (0.039)
Second previous loss yes -0.489 (0.039)
Second previous loss no 0.489 (0.039)
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Table 2.12: Weighted z-scores per segment of CBCL subscales scores and other CCT
characteristics for the model with segment specific effects for the game settings.

Segment s
1 2 3 4 Total

πs 0.09 0.27 0.36 0.28

CBCL subscales
Internalizing * 0.08 -0.01 -0.05 0.05 0.00
Externalizing ** 0.09 -0.04 -0.04 0.06 0.00

CBCL symptom scales
Anxiety ** 0.10 0.00 -0.05 0.04 0.00
Social withdrawl ** 0.02 0.02 -0.06 0.05 0.00
Somatic complaints 0.06 -0.03 0.00 0.02 0.00
Social problems *** 0.11 -0.05 -0.06 0.09 0.00
Thought problems ** 0.11 -0.02 -0.06 0.06 0.00
Attention problems *** -0.01 -0.05 -0.06 0.13 0.00
Delinquent behavior ** 0.00 -0.04 -0.03 0.08 0.00
Aggressive behavior ** 0.12 -0.03 -0.04 0.05 0.00

Average score *** -87.6 -120.8 -170.0 -228.1 -165.7
# cards turned over *** 4.9 7.5 9.9 11.7 9.3
# censored trials *** 5.7 8.4 11.3 14.3 10.8

A Wald test is performed to check for a significant difference between
the segments. One star denotes 0.05 ≤ p < 0.10, two 0.01 ≤ p < 0.05,
and three p < 0.01. The 223 children without a CBCL score measured
at either six or nine years old were excluded.
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Figure 2.15: Scatterplot of the observed and expected probabilities per outcome value
{0, 31} for the model with segment specific effects for the game setting variables.
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Figure 2.16: Distribution of the empirical (left panel) and predicted by the CMM
with segment specific effects for the game settings (right panel) number of cards
turned over for the uncensored observations in the training data.
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Figure 2.17: Distribution of the empirical (left panel) and predicted by the CMM
with segment specific effects for the game settings (right panel) number of cards
turned over corrected for the probability of being censored per card in the training
data.



Chapter 2 53

0 4 8 13 19 25 31

Observed

pr
ob

ab
ili

tie
s

0.
00

0
0.

01
0

0.
02

0
0.

03
0

0 4 8 13 19 25 31

Predicted out−of−sample

pr
ob

ab
ili

tie
s

0.
00

0
0.

01
0

0.
02

0
0.

03
0

Number of cards turned over uncensored

Figure 2.18: Distribution of the empirical (left panel) and predicted by the CMM
with segment specific effects for the game settings (right panel) number of cards
turned over for the uncensored observations in the test data.

1 5 9 14 20 26 32

Observed

pr
ob

ab
ili

tie
s

0.
00

0.
02

0.
04

0.
06

1 5 9 14 20 26 32

Predicted out−of−sample

pr
ob

ab
ili

tie
s

0.
00

0.
02

0.
04

0.
06

Number of cards turned over censored

Figure 2.19: Distribution of the empirical (left panel) and predicted by the CMM
with segment specific effects for the game settings (right panel) number of cards
turned over corrected for the probability of being censored per card in the test data.
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Abstract
With risk and uncertainty being central concepts in entrepreneurship theories, it
is surprising that recent ‘lab-in-the-field’ studies using lottery tasks question the
uniqueness of an entrepreneur’s willingness to accept risks. Driven by concerns about
the ecological validity of lottery tasks, we conducted a lab experiment among 127
students in which we elicited decision making under risk and uncertainty using two
incentivized versions of the warm Columbia Card Task. We find robust evidence that
individual entrepreneurial orientation (IEO) is negatively related to decision making
under risk and uncertainty. While the same relationship holds for the proactiveness
and innovativeness subscales of IEO, the relationship is positive for the risk taking
subscale. Moderation analyses show that heterogeneous sensitivity towards possible
gains and losses explains the main relationship.
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3.1 Introduction
Risk and uncertainty are core concepts in entrepreneurship theories (Cantillon, 1931;
Kihlstrom and Laffont, 1979; Kirzner, 1973; Knight, 1921; Say, 1803), and a stream
of studies emphasizes that behavioral preferences make that some individuals are
more willing to accept the risks and uncertainties that come with entrepreneurship
than others (Astebro et al., 2014; Rauch and Frese, 2007). The upsurge of the
focus on behavioral preferences and the entrepreneurial personality finds amongst
others grounds in the notion that engagement in entrepreneurship is partly heritable
(Nicolaou et al., 2008; Van der Loos et al., 2013; Vladasel et al., 2021). Still, the
empirical evidence about the relationships between risk and uncertainty preferences
on the one hand and entrepreneurship on the other hand is rather mixed as a result
of the use of non-representative samples, self-reports, and diverse study-contexts (for
recent reviews, see Holm et al., 2013; Koudstaal et al., 2016).

To bypass these limitations, two recent studies conducted ‘lab-in-the-field’ exper-
iments among entrepreneurs, managers and employees to derive risk preferences from
actual choice behavior in (incentivized) lottery tasks (Holm et al., 2013; Koudstaal et
al., 2016). In these experiments, participants are asked to choose between two options
that both specify the chance of winning (or losing) a certain amount of money. In
these designs, the chance of winning (or losing), the direction of the outcome (gain or
loss), as well as the outcome magnitude is systematically varied across trials. Based
upon observed behavior in these trials, one can describe the participants’ behavior
using expected utility theory (Von Neumann and Morgenstern, 1953) or even more
comprehensively using (cumulative) prospect theory (Kahneman and Tversky, 1979;
Tversky and Kahneman, 1992; Wakker, 2010). That is, the lottery design enables the
description of individual behavior in terms of outcome sensitivity, aversion to loss,
and probability weighting.

Both Holm et al. (2013) and Koudstaal et al. (2016) find that while entrepreneurs
do differ in their self-reported preferences for taking risks and in how risk-seeking
they perceive themselves to be, they do not differ from other people when it comes
to actual choice behavior under risk and uncertainty (although the latter study finds
some differences with regards to loss aversion). With risk preferences being of fun-
damental importance in most theories about entrepreneurship (Van Praag, 1999),
a possible explanation for these surprising null-findings regarding the relationship
between risk behavior and entrepreneurship could be the low ecological validity of
the behavioral tasks used by Holm et al. (2013) and Koudstaal et al. (2016). Lot-
tery tasks have been criticized for being artificial, possibly impacting the external
or ecological validity of the experimental results (Pedroni et al., 2018; Schonberg
et al., 2011). Importantly, the absence of immediate feedback in these lottery tasks
makes that affective responses (senses of escalating tension and exhilaration) are
not elicited. Affective responses are, however, often central to real-life risk taking
(Schonberg et al., 2011). Hence, in addition to systematic trial-to-trial variation,
an experimental risk taking task should ideally employ a dynamic decision situation
that elicits affective engagement in individuals.

In the present study, we use such an experimental task, the Columbia Card Task
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(CCT Dijkstra et al., 2022; Figner et al., 2009), to reassess the relationship between
risk aversion and individual-level aspects of entrepreneurship. This reassessment
is important, because the relationship between risk taking and entrepreneurship is
a cornerstone in entrepreneurship theory, and as such the finding that risk taking
behavior in lottery tasks is not different for entrepreneurs and non-entrepreneurs
begs for an explanation (Holm et al., 2013; Koudstaal et al., 2016). In the CCT,
participants have to turn virtual cards from a desk in a series of computer-based
trials. Most of the cards are win cards. Turning these cards makes individuals earn
points. However, a small number of cards are loss cards, and turning those makes
participants lose points. In each trial, three pieces of information are supplied to
participants: (1) the number of points they will gain when turning a win card, (2)
the number of points they will lose when turning a loss card, and (3) the number of
loss cards present in the trial. These three parameters are systematically varied over
the trials and relate to the main components in cumulative prospect theory, namely
outcome sensitivity, sensitivity to losses, and probability weighting. Thus, despite
the CCT being developed in the field of developmental psychology, the task is also
well-suited for use in economic research.

Different versions of the CCT exist. In the so-called hot CCT, individuals turn
cards one by one – receiving feedback after every turn – until they voluntarily stop
and cash the points or until they turn a loss card, at which point the specified
loss amount is subtracted from the points earned and the trial forcedly stops. A
disadvantage of the hot CCT is that for trials in which a loss card is turned, there is
no information about the number of cards the participant intended to turn (given the
information available to them). This issue is called statistical censoring. Censoring
is not an issue in the cold version of the CCT, in which participants are asked to
indicate at the start of every trial how many cards in total they would like to turn,
after which an algorithm determines the trial’s outcome. However, the absence of
feedback is a marked disadvantage of the cold CCT in numerous research contexts,
as it removes the affective engagement from the task. More recently, the two original
CCT versions have been combined into a third version, the warm CCT (Huang et al.,
2013). In this version, participants select the cards they would like to turn at the
start of a trial (to avoid censoring) and then press a button that prompts the selected
cards to turn (to provide feedback and hence to elicit affective engagement). Because
of these attractive properties, we use the warm version of the CCT.

In our student sample, we relate the participants’ behavior in the experimental
task to a well-known determinant of entrepreneurship, namely the participants’ in-
dividual entrepreneurial orientation (IEO). Based on the original firm-level scale for
Entrepreneurial Orientation (EO Lumpkin et al., 2009; Lumpkin and Dess, 1996),
IEO (Bolton and Lane, 2012) measures the traits and attitudes that are inherent
in the original EO scale at the individual level. Specifically, the scale comprises
three subscales: risk taking (venturing into uncertain circumstances), innovativeness
(engaging in creativity and experimentation), and proactiveness (identifying oppor-
tunities promptly). The importance of studying entrepreneurial orientation on an
individual level has been demonstrated repeatedly. Bolton and Lane (2012) already
show in a sample of students that IEO and its subscales positively associate with
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intentions for entrepreneurship, a finding that is supported by Koe (2016) and Sahoo
and Panda (2019). Hence, IEO is considered to be a determinant of actual entre-
preneurial involvement. Furthermore, IEO has been related to competitive strategy
(Lechner and Gudmundsson, 2014) and entrepreneurial performance (Bolton, 2012).
Together, firm-level entrepreneurial orientation and individual entrepreneurial ori-
entation are considered to be cornerstones in entrepreneurship research (Covin et al.,
2020; Rauch et al., 2009). However, the two studies most directly related to the
present study employ a measure for entrepreneurship related to actual occupational
involvement in entrepreneurship (Holm et al., 2013; Koudstaal et al., 2016). We
discuss the impact of this difference in Section 3.5, but note here that the use of a
student sample comes with the advantage that in such a sample the reverse impact
of occupational experiences on traits and attitudes is likely to be small (Bernoster
et al., 2018).

We find robust evidence that students’ IEO is related to decision making under
risk in the warm CCT. Overall, IEO is negatively related to risk taking behavior in
the CCT. The IEO subscales reveal the origin of this overall negative relationship:
individuals scoring high on the risk subscale are more risk-seeking in the CCT, while
those who score high on the innovativeness or proactiveness subscale exhibit more risk
averse behavior. Moderation analyses show that heterogeneous sensitivity to possible
gains and losses in a trial rather than sensitivity to success chances in the task explains
the relationships. For a second series of experimental trials, we modified the warm
CCT in such a way that information about the number of loss cards was not provided
to the participants in order to reflect a situation of ‘true’ uncertainty (or ambiguity).
The results in the modified experiment are similar to the results in the original CCT,
but effect sizes are much smaller. Multiple robustness checks confirm the robustness
of these findings. Hence, in contrast to Holm et al. (2013) and Koudstaal et al.
(2016), who largely find that entrepreneurs do not differ from other people when it
comes to decision making in lottery tasks, our results using an ecologically more valid
behavioral task (the CCT) do provide evidence for a relationship between individual-
level aspects of entrepreneurship and decision making under risk and uncertainty.

The remainder of our study is organized as follows. Section 3.2 discusses the
experimental design of the warm CCT and our modifications of it, and Section 3.3
describes the data collection and statistical methodology employed in our study.
Section 3.4 presents the empirical results, while Section 3.5 discusses the findings
and concludes.

3.2 Experimental Design
In the warm version of the Columbia Card Task (Huang et al., 2013), participants see
a virtual array of 32 (4×8) clickable cards that are positioned face down. Participants
are informed that the majority of these cards are ‘win cards’, which make them earn
points that can be redeemed for money at the end of the experiment. However, there
are also some ‘loss cards’ for which points (and thus money) will be subtracted if
turned. An example of a trial setup participants encounter is presented in Figure 1.
While originally the win and loss cards have respectively yellow smiley faces and red
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frowny faces (Figner et al., 2009; Huang et al., 2013), the present study adopts the
design with a green plus sign and a red minus sign to reduce the possible impact of
(abstracted) facial features on individuals’ emotion and thereby decision making.

The points earned per turned win card and the points lost when turning a loss
card are presented at the top of the screen. These parameters are systematically
varied across trials. The win amount is either 10 or 30, and the loss amount is either
250 or 750. In addition, the number of loss cards in the trial is presented. This
number is either 1 or 3. The three information parameters (win points, loss points,
and number of loss cards) are orthogonally varied across trials by means of a full
factorial design. This means that every possible combination of values (e.g., plus 10
points per win cards, minus 250 points when turning a loss card, and the presence
of 3 loss cards) ensues. Running all these combinations once takes 2 × 2 × 2 = 8
trials. For the present study, all combinations were run six times (in random order),
resulting in 6 × 8 = 48 trials per participant.

In every trial, participants first select the cards they want to turn (or click ‘no
card’ if they prefer to turn no cards). Then, they press the centrally positioned ‘turn’
button, after which the cards automatically turn in the order they were selected in,
unless a loss card is encountered. When a loss card is turned, the trial forcedly
stops and the specified loss points are subtracted from the already accumulated win
points. The number of cards selected to be turned over is considered a measure for
risk taking behavior, because the likelihood of experiencing a loss increases with each
card that is turned over Figner et al., 2009. Because of the systematic variation of
experimental parameters, the impact of the three main components of cumulative
prospect theory on the decision making can be estimated: outcome sensitivity (10
vs. 30 points per win card), loss sensitivity (-250 vs. -750 points in case of a loss
card), and probability weighting (1 vs. 3 loss cards in the trial).

With precise information about the parameters in a trial, study participants can
in theory determine the number of cards they need to turn to optimize their expected
payoff. This situation resembles the classic situation of decision making under risk
(Knight, 1921). An important advantage of the CCT is its adjustability to reflect a
situation of decision making under uncertainty. By masking information about the
number of loss cards in each trial, study participants lack the necessary information
to optimize their expected payoff. However, they are still exposed to possible gains
and losses when turning cards. In the present study, we use another series of 6 × 8 =
48 trials to investigate the relationship between IEO and decision making under
uncertainty using the same experimental stimuli as in the first 48 trails (10 vs. 30
points per win card and -250 vs. -750 points in case of a loss card). If participants
asked the experimenter about the number of loss cards in these trials of the CCT
(which was stated to be ‘unknown’ but was in fact still either 1 or 3), experimenters
answered that this number was random and could be anything between 0 and 32.

3.3 Data and Methodology
The following section is concerned with the data collection process and the statistical
methodology employed in this study. First, we discuss the participant recruitment



Chapter 3 61

Figure 3.1: Experimental setup of the warm Columbia Card Task (CCT). The left
screen shows the array of cards as presented to participants at the start of each trial.
In this example, the win amount is 30 points, the loss amount 250 points, and only 1
loss card is present among all cards. At the start of the trial, the participant selects
the cards they want to turn. They then press the STOP/Turn button to initiate the
turnover of selected cards. The upper right screen shows a scenario in which they
press the button after selecting 8 cards, and when no loss card is encountered. In
this scenario, the participant earns 8×30 = 240 points. The lower right screen shows
a scenario in which the participant presses the STOP/Turn button after selecting 9
cards, and in which the 9th card is a loss card. In this scenario, the earnings are
8 × 30 − 250 = −10 points.
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and data collection procedure. Second, the variables are explained in detail. Last,
we elaborate on the model employed in this study. The current model lies between
the Censored Mixture Model (CMM) from Chapter 2 and a generalized linear model.
That is, not all features of the CMM are used in this study. For instance, in the warm
CCT censoring does not occur and we do not implement segment specific intercepts
to model unobserved heterogeneity. The last part of this section, elaborates in detail
the features of the CMM that are implemented in the current model and how the
current model deviates from the CMM developed in Chapter 2.

3.3.1 Study Participants Recruitment and Data Collection
Procedure

Participants voluntarily signed up for the experiment via one of three online parti-
cipant systems running at the Dutch university the experiment was conducted at.
One system was only accessible to psychology students; the other two were available
to students from all disciplines. Before signing up, students were informed that the
study comprised of an online questionnaire and a visit to the behavioral lab. In ad-
dition, psychology students were informed that they would receive course credit for
their participation. Other students received a standard fee of 17.5 euros. The base
fee offered was typical for the system via which participants registered themselves. In
addition to the base fee, all students were informed they could earn up to 7.5 euros
extra based on task performance.

After signing up, participants received an e-mail which confirmed their timeslot
for the lab session. In addition, they were asked to not consume any alcohol, coffee,
or energy drinks the day of their appointment in order to prevent these substances
from impacting their (risk taking) behavior. The e-mail also contained a link to
a secured online questionnaire, which participants were asked to fill out prior to
their lab session and which included informed consent forms to be (digitally) signed.
The full questionnaire (including demographic details and the surveys used in the
present study) took 10 to 15 minutes to complete. Upon arrival in the behavioral
lab, participants once more signed for informed consent, this time on paper forms.

Participants performed the experimental tasks while being seated in a comfortable
chair in a dimly lit sound-attenuated room. The order in which the two tasks were
presented was counterbalanced. Tasks were presented on a 19-inch computer monitor
with a 1024 × 768 resolution from a viewing distance of approximately 130 cm. The
tasks were programmed and presented using E-prime software (Psychology Software
Tools, 2018). Before starting the task, participants received on-screen instructions,
after which the experimenter confirmed that the participant had understood all of
these. Each set of 48 trials (the original warm CCT and the modified warm CCT)
lasted approximately 15 minutes. After finishing the lab session, participants were
debriefed about the aims of the study.
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3.3.2 Measures
The main outcome variable is the number of cards selected in a trial. Hence, for each
individual there are 48 observations per CCT. As the CCT presents participants
with 32 clickable cards, this variable ranges between 0 and 32. A secondary outcome
variable is the overall performance in terms of points earned over the 48 trials of each
of the two CCT versions.

The main explanatory variable is individual entrepreneurial orientation (IEO).
The IEO questionnaire of Bolton and Lane (2012) consists of 10 items, of which
three pertain to risk taking, four to innovativeness, and three to proactiveness. These
dimensions of entrepreneurial orientation may vary independently from each other
(Lumpkin and Dess, 1996) and are therefore relevant to examine separately, in ad-
dition to examining participants’ total IEO score. All items can be found in Table
3.5 in Appendix 3.A. Participants answered the items on a 5-point Likert-scale (1
‘strongly disagree’ to 5 ‘strongly agree’), resulting in a total score that ranges from
10 to 50, with higher scores indicating stronger entrepreneurial orientation. In our
analysis sample (N = 127), Cronbach’s alpha is 0.70 for the full IEO construct, but
only 0.64 for risk taking, 0.65 for innovativeness, and 0.42 for proactiveness. These
relatively low reliabilities are likely partially driven by the small number of items per
subscale, as Cronbach’s alpha is typically lower when computed across fewer items
(Pallant, 2007).

As control variables we include dummy variables for the experimental conditions
in a specific trial: 10 vs. 30 points per win card, -250 vs. -750 points in case of a
loss card, and 1 vs. 3 loss cards in the trial. Moreover, we include a dummy vari-
able indicating whether study participants played the original or modified CCT first
(to deal with sequence effects, we counterbalanced the order in which participants
performed the tasks). Because of the experimental design and the relatively homo-
geneous sample of students from the sample Dutch university, we limited the further
control variables to Sex (Female=1, Male=0) and Age (in years).

To facilitate easy interpretation of effect sizes in the regression models, the con-
tinues variables (i.e., IEO and its subscales and age) are standardized to have mean
zero and standard deviation one in the analysis sample.

3.3.3 Statistical Methodology
To explain the number of cards selected in a trial in the CCT, we employ a model
derived from the Censored Mixture Model (CMM), which was specifically designed for
the CCT by Dijkstra et al. (2022). The CMM constitutes a generalized linear model
with some additional features. Although the CMM is able to model unobserved
heterogeneity through mixtures, we do not use that possibility here, because the
number of participants N is relatively small. In addition, we do not use the ability
of the CMM to accommodate censoring, because we exploit the warm CCT where
censoring does not occur. Because of the nonnegative (0-32) and discrete (0,1,2,
...) nature of the dependent variable, the CMM assumes the dependent variable to
result from a negative binomial distribution. The negative binomial distribution is
preferred over the Poisson distribution, because it allows the mean and variance of
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the distribution of the dependent variable to be different. In the negative binomial
distribution, the mean is specified through an inverse link function. To be able to
interpret the regression coefficients in a linear fashion, we specify the inverse link
function as follows:

h−1(ηit) = log(exp(ηit) + 1),

with ηit being the linear combination of the explanatory variables for individual i at
trial t included in the 1 × p vector x′

it, where p is the number of variables. That is,

ηit = α + x′
itβ,

with α being the intercept and β the regression coefficients.
Importantly, the CMM offers flexibility regarding the probability assigned to cer-

tain outcomes. Because of the setup of the CCT, an array of 4 × 8 clickable cards,
participants often choose multiples of four cards (e.g., one complete column or row,
see Figure 3.2 for the distribution of the dependent variable in our samples). Within
the CMM, these excesses are categorized and extra probability mass is assigned to
these categories. The first category consists of the outcome zero and the second
category contains the outcomes four, eight, ten, twelve, sixteen, and twenty.

Our main analyses constitute three different models which are similar in terms of
the dependent variable (the number of selected cards) and control variables (Sex and
Age). In the first model, the main explanatory variable is IEO. In the second model,
the main explanatory variables are the subscales of IEO: Risk taking, Innovativeness,
and Proactiveness. This model allows us to analyze which subcomponents of IEO
are driving the results in the first model. In the third model, we extend the first
model with interaction terms between IEO and the experimental parameters related
to reward sensitivity (10 vs. 30 points per win card), loss sensitivity (-250 vs. -750
points in case of a loss card), and probability weighting (1 vs. 3 loss cards in the
trial). Hence, the third model allows us to analyze whether heterogeneous sensitivity
to possible gains, losses, or success chances explains the relationship between IEO
and decision making under risk and uncertainty in the first model. We estimate
these three models using data collected with the original CCT as well as using data
collected with the modified CCT. Hence, in total we estimate six different models.

3.4 Results
This section provides the findings of this research. First, the data characteristics are
presented. In the second part, we present the results obtained with the regressions
on the number of cards selected, as discussed in subsection 3.3.3. The findings of
the Risk sample and Uncertainty sample for all three models are compared. In addi-
tion, we perform a robustness check where participants who showed unconventional
experimental behavior are excluded. The next analysis investigates the performance
on the CCT. A linear regression is implemented and the average points earned is
regressed on the control variables and IEO (Model 1) and its subscales (Model 2).
Last, we explore the optimal strategy by maximizing the expected value and compare
this to the behavior of the participants.
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3.4.1 Descriptive Statistics
In total, 130 students participated in the study. Three of these participants did fill
out the questionnaire (including the questions about IEO), but did not participate
in the experiment (one for medical reasons and two did not show up for unknown
reasons). These participants were excluded from all analyses. Because of incorrect
software settings, three other participants were only able to complete 12 (out of 48)
trials of the modified CCT. These participants were excluded from analyses on the
modified CCT data. For the remainder of this article, the short-hand ‘Risk sample’
is used to refer to the data collected using the original warm CCT (N = 127) and
‘Uncertainty sample’ when referring to the data collected using the modified warm
CCT (N = 124).

Table 3.1 contains the descriptive statistics of the two samples. Presumably
because of the higher degree of uncertainty, the average number of selected cards is
lower in the Uncertainty sample than in the Risk sample. Figure 3.2 provides a more
detailed view on the distribution of the number of cards selected in the 2 × 48 trials.
It is clear that in many trials not a single card is selected. Next to selecting zero
cards, several other outcomes also seem particularly attractive: the outcomes four,
eight, ten, twelve, sixteen, and twenty show clear peaks in both graphs. As explained
before, these excesses can be explained by the 4 × 8 layout of the CCT. Creating
a geometric pattern, such as complete rows or columns, corresponds to selecting a
number of cards equal to a multiple of four.

The mean (unstandardized) values for IEO and its subscales are approximately
in the middle of the respective scales. The slight differences between the descrip-
tive statistics of the Risk sample and the Uncertainty sample are explained by the
difference in sample size. The average age in both samples is 20.4 years, which cor-
responds approximately to third year bachelor students at the university where the
experiments were conducted. A little more than half of the study participants is
female.

Table 3.1: Descriptive statistics of the two analysis samples. Reported are the mean,
standard deviation (SD), minimum value (Min), and maximum value (Max) for the
Risk sample and Uncertainty sample. Note that IEO stands for individual entrepre-
neurial orientation.

Risk sample (N = 127) Uncertainty sample (N = 124)
Mean SD Min Max Mean SD Min Max

Average #cards selected 7.79 6.69 0 32 6.69 6.06 0 32
IEO 35.94 4.92 22 48 35.98 4.91 22 48

IEO Risk taking 10.47 2.17 5 15 10.47 2.15 5 15
IEO Innovativeness 14.32 2.57 9 20 14.35 2.57 9 20
IEO Proactiveness 11.15 1.99 6 15 11.15 1.97 6 15

Age (in years) 20.41 2.19 17 29 20.40 2.20 17 29
Sex (female) 0.55 0.50 0 1 0.55 0.50 0 1

The pairwise correlations between the main variables in the analysis samples are
shown in Table 3.2. The upper triangle reflects the correlations in the Risk sample,
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Figure 3.2: The number of cards selected per trial in the Risk sample (left panel)
and Uncertainty sample (right panel).

Table 3.2: Correlation table of the analysis samples. The Risk sample is presented
in the upper triangle and the Uncertainty sample in the lower triangle. Note that,
individual entrepreneurial orientation is abbreviated to IEO and the stars denote the
significance of the correlation coefficients, that is, one star denotes 0.05 ≤ p < 0.10,
two 0.01 ≤ p < 0.05, and three p < 0.01.

Risk sample
Uncertainty sample (1) (2) (3) (4) (5) (6) (7)
(1) Average #cards selected - −0.27*** −0.11 −0.22** −0.27*** −0.02 0.03
(2) IEO −0.02 - 0.75*** 0.82*** 0.59*** 0.12 −0.18**
(3) IEO Risk taking 0.06 0.76*** - 0.47*** 0.17* 0.10 −0.30***
(4) IEO Innovativeness −0.03 0.82*** 0.46*** - 0.22** 0.13 −0.11
(5) IEO Proactiveness −0.08 0.60*** 0.18** 0.23** - 0.01 0.02
(6) Age −0.05 0.13 0.09 0.13 0.04 - 0.08
(7) Sex (female) 0.13 −0.20** −0.31*** −0.11 −0.00 0.10 -

and the lower triangle those in the Uncertainty sample. We find a significantly
negative correlation between the average number of cards selected and IEO in the
Risk sample. However, this correlation is insignificant in the Uncertainty sample.
The table shows positive correlations across the subscales of the IEO in both samples,
which is in line with the results of Bolton and Lane (2012).

3.4.2 Regression Results
Table 3.3 and 3.4 display the results of the regressions explaining the number of cards
selected in a trial in the Risk sample and Uncertainty sample, respectively. Model 1 in
both tables clearly shows that students with a high entrepreneurial orientation exhibit
more risk averse behavior. That is, they select fewer cards when the probabilities of
a loss card are known (Table 3.3) as well as in the situation where these probabilities
are unknown (Table 3.4). Nevertheless, the effect of IEO is considerably smaller in
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Table 3.4 than in Table 3.3.
Consistent with the results for the total IEO score, the effects of the IEO subscales

(Model 2 in Table 3.3 and 3.4) are larger in magnitude in the Risk sample than
in the Uncertainty sample. Reassuringly, students who indicate to be risk-seeking
select more cards in the CCT than students who indicate to be less risk-seeking. The
results also show that more innovative and/or proactive students take less risk than
those who self-report to be less innovative and/or proactive. However, the result for
innovativeness is not statistically significant in the Uncertainty sample.

In Model 3, we analyze whether heterogeneous sensitivity to possible gains, losses,
or success chances explains the relationship between IEO and decision making under
risk and uncertainty in Model 1. The moderation results show that the interaction
effects of IEO with the gain amount and loss amount are statistically significant in
both samples, but that the interaction with the number of loss cards is insignificant.
Hence, in both experimental settings, entrepreneurially oriented students are more
sensitive to the gain and loss amount than students who are less entrepreneurially
oriented.

The effects of the control variables are quite consistent across the different ex-
perimental setups and models. The effect of the game variables (gain amount, loss
amount, and number of loss cards) are all in the expected direction. More specifically,
participants are most sensitive to the risk probability (in case it is known), followed
by the loss amount and gain amount. Besides, the effects of the loss amount and
gain amount are stronger in the Uncertainty game compared to the Risk game. This
could be explained by the fact that in the Uncertainty condition participants have
less information and will value the information that is available more. Furthermore,
females take more risk than males and older students are more risk averse compared
to younger students.

When we compare the regression results in the Risk sample and Uncertainty
sample, we see that there is a clear distinction with respect to the effect of the
number of loss cards in a trial. When the success chance is known (Risk sample),
this factor has a significant effect on the number of cards selected (Table 3.3). With
more loss cards in the game, participants select fewer cards. When the loss probability
is unknown (Uncertainty sample), we do not find a significant effect of the number
of loss cards in a trial (Table 3.4). This result follows naturally from the modified
experimental design, because the number of loss cards cannot play a role in decision
making when this information is not available to the decision maker.

A second clear difference pertains to the effect of task order. Regardless of which
task version is played first, participants take less risk (i.e., they select fewer cards)
in their second task. The absolute effect of task order is somewhat stronger in
the Uncertainty sample (~2 cards, Table 3.4) than in the Risk sample (~1 card,
Table 3.3). Playing more and more trials in the CCT increases affective engagement,
making participants increasingly aware of the difficulty of decision making under risk
and uncertainty. As a result, on average, they tend to reduce the number of cards
selected throughout the trials. This reduction seems to carry over to the second task
the participants engage in. The results show that those participants for whom the
Uncertainty game is their second task (due to counterbalancing) select ~2 cards fewer
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than participants for whom their first task is the Uncertainty game.

Table 3.3: Results of the regressions explaining the number of cards selected in a trial
(Risk sample). Presented are the regression coefficients βj with standard errors in
parentheses. The reference categories are 10 for Gain amount, 250 for Loss amount,
and 1 for #Loss cards. The continuous variables, IEO (individual entrepreneurial
orientation), its subscales, and age are standardized to z-scores. The stars denote
the significance of the coefficients, that is, one star denotes 0.05 ≤ p < 0.10, two
0.01 ≤ p < 0.05, and three p < 0.01.

Model 1 Model 2 Model 3
IEO −0.838*** (0.062) −0.914*** (0.168)
IEO Risk taking 0.336*** (0.086)
IEO Innovativeness −0.588*** (0.074)
IEO Proactiveness −0.746*** (0.076)
IEO × Gain amount (30) 0.615*** (0.136)
IEO × Loss amount (750) −0.329** (0.146)
IEO × #Loss cards (3) 0.194 (0.154)
Gain amount (30) 2.559*** (0.137) 2.311*** (0.138) 2.193*** (0.141)
Loss amount (750) −3.230*** (0.146) −3.113*** (0.143) −3.049*** (0.146)
#Loss cards (3) −4.447*** (0.159) −4.700*** (0.156) −4.821*** (0.159)
Task order (uncertainty first) −1.143*** (0.131) −1.336*** (0.141) −1.201*** (0.140)
Sex (female) 1.157*** (0.127) 0.956*** (0.146) 0.632*** (0.142)
Age −0.145** (0.064) −0.270*** (0.065) −0.232*** (0.064)
Intercept 9.888*** (0.190) 10.887*** (0.193) 11.050*** (0.196)
Likelihood value 17819.34 17642.25 17668.15
N 127 127 127
N × T 6096 6096 6096
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Table 3.4: Results of the regressions explaining the number of cards selected in a trial
(Uncertainty sample). Presented are the regression coefficients βj with standard
errors in parentheses. The reference categories are 10 for Gain amount, 250 for
Loss amount, and 1 for #Loss cards. The continuous variables, IEO (individual
entrepreneurial orientation), its subscales, and age are standardized to z-scores. The
stars denote the significance of the coefficients, that is, one star denotes 0.05 ≤ p <
0.10, two 0.01 ≤ p < 0.05, and three p < 0.01.

Model 1 Model 2 Model 3
IEO −0.124** (0.061) −0.030 (0.139)
IEO Risk taking 0.196** (0.078)
IEO Innovativeness −0.087 (0.061)
IEO Proactiveness −0.208*** (0.063)
IEO × Gain amount (30) 0.543*** (0.128)
IEO × Loss amount (750) −0.411*** (0.134)
IEO × #Loss cards (3) 0.126 (0.113)
Gain amount (30) 3.303*** (0.132) 3.160*** (0.129) 3.278*** (0.131)
Loss amount (750) −4.177*** (0.137) −3.958*** (0.134) −4.153*** (0.137)
#Loss cards (3) −0.094 (0.115) −0.024 (0.114) −0.087 (0.115)
Task order (uncertainty first) 1.992*** (0.125) 1.953*** (0.126) 1.976*** (0.124)
Sex (female) 1.168*** (0.122) 1.178*** (0.127) 1.192*** (0.122)
Age −0.258*** (0.063) −0.270*** (0.063) −0.243*** (0.063)
Intercept 5.537*** (0.162) 5.709*** (0.161) 5.520*** (0.162)
Likelihood value 16625.83 16686.88 16608.48
N 124 124 124
N × T 5952 5952 5952

Some participants showed unconventional behavior during the task. First, a few
participants repeatedly selected 32 cards, a response that will by definition lead to
encountering a loss card. Although participants may select 32 cards once or twice to
explore the structure of the CCT, after two times they should realize that there are
indeed loss cards present in the trials and that they are not being deceived. Second,
some participants showed signs of fatigue towards the end of the task, indicated by
them repeatedly selecting the ‘no card’ option (thus selecting 0 cards). Therefore,
we performed a robustness check in which we excluded participants who selected 32
cards more than twice across the full 48 trials and/or who selected 0 cards five times
or more in the last nine trials. The results of the regressions with these participants
excluded are presented in Appendix 3.B as Table 3.6 (Risk sample, N = 88) and 3.7
(Uncertainty sample, N = 96). The main results are similar to the ones presented in
Table 3.3 and 3.4. The only differences pertain to the control variables. In the Risk
sample, males now seem to take more risk than females, and the coefficient for age
is not significant anymore. This seems to be the result of dropping relatively many
males choosing frequently the ‘no card’ option in the last few trials, and the smaller
analysis sample. In the Uncertainty sample, the coefficient for age has also become
insignificant. In addition, the interaction terms between IEO and the game settings in
Model 3 have become insignificant and in Model 2 the subscale innovativeness is now
significant at the one percent significance level. Overall, it seems that unconventional



70 Chapter 3

behavior of participants in the CCT is not driving our main results.
While the number of cards selected is the main outcome in the CCT, it is also

important to analyze the performance on the CCT in terms of the total points earned,
because the number of cards selected is the way through which participants try to
maximize their compensation for taking part in the experiment. Table 3.8 (Risk
sample) and 3.9 (Uncertainty sample) in Appendix 3.C present the results of linear
regressions explaining the average number of points earned in a trial. In the Risk
sample, only sex has a significant coefficient: the average points earned are somewhat
higher for males than for females. In the Uncertainty sample, next to sex, also the
task order and age have a significant effect on the performance in the CCT. In case
the participant first played the Risk version, they perform better in the Uncertainty
version. Furthermore, older participants perform better on the CCT. Interestingly,
neither IEO (Model 1) nor its subscales (Model 2) significantly affect the performance
in either of the two versions of the CCT. The absence of a relationship between IEO
and the points earned in the CCT backs the customary interpretation of the number
of cards selected (and not the points earned) as a proper proxy for risk preferences.
After all, the number of cards a participant selects is a direct proxy of their risk
preferences, whereas the eventual payoff is more distal and subject to other factors
such as chance.

Furthermore, the optimal and risk neutral strategy can be computed by max-
imizing the expected value. Figure 3.3 in Appendix 3.D displays the curves of the
expected values. The maximum expected values are presented in top left corners of
the graphs and the corresponding optimal number of cards to select are displayed
perpendicular to the maximum expected value at the line y = 0. In half of the cases,
selecting zero cards is the optimal strategy, that is, the expected value is negative
for every number of cards selected. Table 3.10 in Appendix 3.D presents the average
points earned per game setting in the Risk sample, which is interesting to compare to
the maximum expected values from Figure 3.3. In the cases where it is best to select
zero cards, the average points earned are negative. In the other cases, the empirical
average points earned are comparable to the maximum expected values, except for
the most profitable game setting (gain amount 30, loss amount 250, and number of
loss cards 1), where the average number of points earned (185.2) is almost half of the
maximum expected value that could have been achieved (245.7).

3.5 Discussion and Conclusion
The results of our experiments show that the individual entrepreneurial orientation
of the students in our sample is related to decision making under risk in the warm
CCT. Overall, and somewhat surprisingly in light of the literature, IEO is negatively
related to risk taking behavior in the CCT. The results for subscales of IEO are less
surprising, namely that individuals who indicate to be more risk-seeking indeed take
more risk and those who indicate to be innovative or proactive exhibit more risk
averse behavior. The moderation analyses indicate that heterogeneous sensitivity
to possible gains and losses rather than sensitivity to success chances explains the
relationship between IEO and decision making under risk and uncertainty. We also
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modified the warm CCT in such a way that the number of loss cards is unknown to
the participants. This experimental setup reflects a situation of larger uncertainty
than the conventional setup of the warm CCT. Overall, the results are similar in the
modified CCT. The larger uncertainty however translates into smaller effect sizes of
IEO and its subscales on decision making.

With risk aversion at the core of many theories about entrepreneurship (Van
Praag, 1999), our main result regarding the negative relationship between IEO and
decision making under risk and uncertainty is in need of an explanation. This ex-
planation may lie in the multidimensionality of the IEO construct, because we do
find that individuals self-reporting to be risk taking indeed take more risks in the
CCT (both versions). Thus, not surprisingly, individuals reporting a high propensity
for taking (entrepreneurial) risks actually do take more financial risks in a laboratory
experiment than those who report to be less risk-seeking. Our results however sug-
gest that the joint effect of proactiveness and innovativeness (which are negatively
related to risk taking behavior in the CCT) are larger than the effect of the risk
taking dimension of IEO. Being highly proactive may mean trying to reduce future
uncertainties, resulting in a negative relationship between proactiveness and actual
risky behavior. Similarly, more innovative people may also prefer to mitigate or ac-
tively manage risks, in order to have better chances of bringing their new products
on the market. As such, in line with other studies (e.g., Craig et al., 2014; Dai et
al., 2014; Kreiser and Davis, 2010), our results underscore the importance for future
studies to appreciate heterogeneity in the entrepreneurship construct as the subscales
of IEO relate differently to decision making under risk and uncertainty. The IEO
subscales and other traits that have been shown to be relevant to entrepreneurship
(such as autonomy and competitive aggressiveness Lumpkin and Dess, 1996) together
are what separates those who are entrepreneurially oriented and may become entre-
preneurs from those who are not entrepreneurially oriented and will gravitate more
towards other types of employment.

Because of their experimental setup and identification strategy, it is most relevant
to compare our findings to the results of the studies by Holm et al. (2013) and
Koudstaal et al. (2016). These ‘lab-in-the-field’ studies, on the whole, find that
individuals indicating to be risk averse do not exhibit particular risk averse behavior
in lottery tasks. The explanation behind this somewhat surprising finding may lie
in the ecological validity of lottery tasks, as discussed in the introduction. With the
CCT, an experimental task known for its ecological validity, we do find a positive
relationship between the self-reported risk taking dimension of IEO and the number
of selected cards in the CCT. Our results therefore suggest that there might be more
value in self-reports about risk preferences than concluded by Holm et al. (2013) and
Koudstaal et al. (2016) based on their lottery experiments.

Nevertheless, the difference between our results and the results of Holm et al.
(2013) and Koudstaal et al. (2016) may not only be explained by the different exper-
imental paradigm used but also by the different entrepreneurship measures employed.
The use of a student sample comes with the advantage that in it the reverse impact of
occupational experiences on behavioral preferences is likely to be small (Bernoster et
al., 2018), however it clearly comes with the disadvantage that IEO is not the same as
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actual entrepreneurial behavior. When we on the one hand appreciate that students
with high IEO exhibit intentions for entrepreneurship (e.g., Bolton and Lane, 2012),
but that not all of them eventually become an entrepreneur, and on the other hand
take into account that some individuals without particular strong entrepreneurial in-
tentions during their academic studies may still engage in entrepreneurship later, it
may be expected that the effect of IEO on decision making under risk and uncertainty
amongst students is larger than the relationship between actual entrepreneurial in-
volvement and risk taking behavior. Thus, the sample composition could possibly
explain why our statistical evidence is relatively strong. Obviously, this conjecture
could be tested in future studies by replicating the present study design with actual
entrepreneurs and preferably several control groups, such as managers, employees,
and also students.

Overall, our study provides clear evidence that entrepreneurial orientation is re-
lated to decision making under risk in the warm CCT, and that heterogeneous sens-
itivity to possible gains and losses rather than sensitivity to success chances explains
this relationship. While risk aversion is central in many theories about entrepre-
neurship (e.g., Kihlstrom and Laffont, 1979), our findings specifically fit Kirzner’s
classic notion of the ’hunch’ entrepreneurs have in situations of risk and uncertainty
(Kirzner, 1973). That is, (prospective) entrepreneurs are sensitive to profitable op-
portunities by having a way of processing clues in the environment when taking cal-
culated risks. When reducing the number of clues (as we do in the modified CCT),
their behavior is much less different from others. As such, we show that the impact
of behavioral preferences like risk and ambiguity aversion on actual behavior may de-
pend on the information individuals can extract from their environment. Moreover,
we conclude that the CCT provides a useful experimental setup to study the re-
lationship between decision making under risk and uncertainty and entrepreneurial
orientation – and, by extension, other aspects of entrepreneurship.
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Appendix

3.A Individual Entrepreneurial Orientation Scale
Items

Table 3.5: The 10 individual entrepreneurial orientation (IEO) scale items (Bolton
and Lane, 2012). All items are answered on a 5-point Likert-scale (1 ‘strongly dis-
agree’ to 5 ‘strongly agree’).

Subscale Items
Risk Taking I like to take bold action by venturing into the unknown

I am willing to invest a lot of time and/or money on something that
might yield a high return

I tend to act ‘boldly’ in situations where risk is involved
Innovativeness I often like to try new and unusual activities that are not typical but not

necessarily risky
In general, I prefer a strong emphasis in projects on unique, one-of-a-kind

approaches rather than revisiting tried and true approaches used before
I prefer to try my own unique way when learning new things rather than

doing it like everyone else does
I favor experimentation and original approaches to problem solving rather

than using methods others generally use for solving their problems
Proactiveness I usually act in anticipation of future problems, needs or changes

I tend to plan ahead on projects
I prefer to ‘step-up’ and get things going on projects rather than sit and

wait for someone else to do it
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3.B Robustness Check Unconventional Behavior

Table 3.6: Results of the regressions explaining the number of cards selected in a
trial in the Risk sample (excluding individuals with unconventional experimental
behavior). Presented are the regression coefficients βj with standard errors in paren-
theses. The reference categories are 10 for Gain amount, 250 for Loss amount, and
1 for #Loss cards. The continuous variables, IEO (individual entrepreneurial ori-
entation), its subscales, and age are standardized to z-scores. The stars denote
the significance of the coefficients, that is, one star denotes 0.05 ≤ p < 0.10, two
0.01 ≤ p < 0.05, and three p < 0.01.

Model 1 Model 2 Model 3
IEO −0.731*** (0.070) −0.853*** (0.161)
IEO Risk taking 0.386*** (0.083)
IEO Innovativeness −0.629*** (0.068)
IEO Proactiveness −0.570*** (0.067)
IEO × Gain amount (30) 0.583*** (0.134)
IEO × Loss amount (750) −0.529*** (0.136)
IEO × #Loss cards (3) 0.279* (0.149)
Gain amount (30) 1.829*** (0.141) 2.040*** (0.131) 1.748*** (0.141)
Loss amount (750) −2.476*** (0.143) −2.614*** (0.134) −2.409*** (0.143)
#Loss cards (3) −4.543*** (0.155) −4.178*** (0.148) −4.590*** (0.155)
Task order (uncertainty first) −1.210*** (0.142) −1.287*** (0.134) −1.233*** (0.141)
Sex (female) −0.516*** (0.155) −0.088 (0.145) −0.473*** (0.152)
Age 0.029 (0.069) 0.052 (0.068) 0.034 (0.069)
Intercept 11.258*** (0.202) 10.746*** (0.190) 11.274*** (0.202)
Likelihood value 11953.02 12037.86 11935.84
N 88 88 88
N × T 4224 4224 4224
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Table 3.7: Results of the regressions explaining the number of cards selected in a
trial in the Uncertainty sample (excluding individuals with unconventional experi-
mental behavior). Presented are the regression coefficients βj with standard errors in
parentheses. The reference categories are 10 for Gain amount, 250 for Loss amount,
and 1 for #Loss cards. The continuous variables, IEO (individual entrepreneurial
orientation), its subscales, and age are standardized to z-scores. The stars denote
the significance of the coefficients, that is, one star denotes 0.05 ≤ p < 0.10, two
0.01 ≤ p < 0.05, and three p < 0.01.

Model 1 Model 2 Model 3
IEO −0.124** (0.060) −0.202 0.131
IEO Risk taking 0.184** (0.074)
IEO Innovativeness −0.185*** (0.060)
IEO Proactiveness −0.113* (0.061)
IEO × Gain amount (30) 0.166 0.121
IEO × Loss amount (750) −0.097 0.127
IEO × #Loss cards (3) 0.199* 0.112
Gain amount (30) 2.702*** (0.126) 2.702*** (0.126) 2.701*** 0.126
Loss amount (750) −3.614*** (0.131) −3.591*** (0.131) −3.608*** 0.131
#Loss cards (3) −0.111 (0.116) −0.106 (0.116) −0.115 0.116
Task order (uncertainty first) 1.842*** (0.121) 1.749*** (0.124) 1.842*** 0.121
Sex (female) 0.732*** (0.124) 0.879*** (0.131) 0.733*** 0.124
Age −0.108 (0.066) −0.128* (0.067) −0.106 0.066
Intercept 5.469*** (0.162) 5.414*** (0.163) 5.464*** 0.162
Likelihood value 12547.41 12541.42 12544.39
N 96 96 96
N × T 4,608 4,608 4,608
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3.C Results Average Number of Points Earned

Table 3.8: Results of the linear regressions explaining the average number of points
earned in the 48 trials (Risk sample). Presented are the regression coefficients with
standard errors in parentheses. Note that, the outcome variable, average number of
points earned, and the continuous explanatory variables, IEO (individual entrepre-
neurial orientation), its subscales, and age are standardized to z-scores. The stars
denote the significance of the coefficients, that is, one star denotes 0.05 ≤ p < 0.10,
two 0.01 ≤ p < 0.05, and three p < 0.01.

Model 1 Model 2
IEO 0.038 (0.089)
IEO Risk taking −0.035 (0.104)
IEO Innovativeness 0.023 (0.100)
IEO Proactiveness 0.069 (0.090)
Task order (uncertainty first) 0.241 (0.174) 0.246 (0.176)
Sex (female) −0.529*** (0.178) −0.563*** (0.186)
Age 0.121 (0.087) 0.126 (0.088)
Intercept 0.174 (0.149) 0.19 (0.152)
R2 0.09 0.10
N 127 127

Table 3.9: Results of the linear regressions explaining the average number of points
earned in the 48 trials (Uncertainty sample). Presented are the regression coefficients
with standard errors in parentheses. Note that, the outcome variable, average number
of points earned, and the continuous explanatory variables, IEO (individual entre-
preneurial orientation), its subscales, and age are standardized to z-scores. The stars
denote the significance of the coefficients, that is, one star denotes 0.05 ≤ p < 0.10,
two 0.01 ≤ p < 0.05, and three p < 0.01.

Model 1 Model 2
IEO 0.132 (0.087)
IEO Risk taking −0.008 (0.101)
IEO Innovativeness 0.124 (0.096)
IEO Proactiveness 0.054 (0.087)
Task order (uncertainty first) −0.479*** (0.168) −0.463*** (0.171)
Sex (female) −0.484*** (0.173) −0.514*** (0.180)
Age 0.158* (0.085) 0.158* (0.086)
Intercept 0.501*** (0.145) 0.510*** (0.147)
R2 0.17 0.18
N 124 124
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3.D Optimal Strategy

Table 3.10: Average points earned per game setting in the Risk sample and the
maximum expected value when following the optimal strategy.

1 loss card 3 loss cards
Loss amount Loss amount

Gain amount 250 750 Gain amount 250 750
Observed Observed
10 -5.1 -97.7 10 -65.8 -150.2
30 185.2 10.0 30 11.9 -158.6

Optimal Optimal
10 6.9 0 10 0 0
30 345.7 20.8 30 9.7 0
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Figure 3.3: Curves of the expected values for all eight game settings. The maximum
expected value is displayed in the top left corner of each graph (max EV) and the
corresponding optimal number of cards is displayed perpendicular to the maximum
expected value at the line y = 0.
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Abstract
Cognition is one of the most important functions of the brain. Many studies have
shown that neuroimaging features, such as brain morphology, are predictive of cog-
nitive ability. However, much of the previous work has focused on either parcellating
the brain into anatomically divided regions, known as regions of interest (ROIs) or
analyzing the brain in a vertex/voxel-wise framework, where every vertex is analyzed
individually. The first approach has been criticized for the assumption that any un-
derlying association with a phenotype is constrained by anatomical boundaries and
for the loss of crucial information when summarizing across large areas of neural
tissue. The shortcoming of the second approach is that effects of multiple vertices
combined are ignored and that not all detailed information is used for predicting the
phenotype. To overcome this criticism, we propose a twofold approach. First, we pro-
pose to use the whole brain, (i.e. almost 150,000 vertices per hemisphere), to release
the assumption that a particular cognitive phenotype spatially correlates to the brain
based on arbitrary anatomical parcellations. Second, we apply two machine learning
techniques that capture all information in a multivariate way, using all 300,000 ver-
tices at once. Better subset regression and adaptive lasso regression are compared to
the frequently used vertex-wise approach. We use the exceptionally large data set of
the ABCD Study, including N > 10,000 MRI scans, in particular the cortical surface
area data. Data from the Generation R Study (N > 3,000 scans) is included to test
the external validity. The cognitive task utilized is the Matrix Reasoning sub-test of
the Wechsler Intelligence Test for Children-V (WISC-V), which serves as a proxy for
nonverbal (performance) IQ.
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4.1 Introduction
The rapid development of Magnetic Resonance Imaging (MRI) techniques has led
to an explosive growth of cognitive neuroscience studies in the last twenty years.
Many studies have shown the relation between neuroimaging features, such as brain
morphology, and intellectual ability. For example, Fields (2008) investigates the
relation between white matter volume in the brain and cognitive function, learning,
and psychological disorders. Furthermore, features such as brain volume, cortical
thickness, and gyrification have all been shown to be related to general intellectual
ability (Reiss et al., 1996). Such associations between brain morphology and the
performance on neuropsychological tests are called structure-function associations.
Understanding this link between features of brain structure and neuropsychological
tests at population level, is crucial for observing abnormal neurobiological processes
in child psychopathology.

Multiple studies have shown the association between cortical thickness and cog-
nitive ability. For instance, Karama et al. (2009) reports a positive association in
healthy children (6-18 years) between cortical thickness and a general intelligence
score based on the four subdomains Vocabulary, Similarities, Block Design, and Ma-
trix Reasoning of the WASI (Wechsler Abbreviated Scale of Intelligence, (Wechsler,
1999)) in several regions of the brain. Also, Narr et al. (2007) finds clusters of positive
associations between the Full Scale IQ and cortical thickness in the prefrontal and
temporal lobe in both hemispheres. Similar associations are discovered by Menary
et al. (2013). In addition, the authors examine the subtests of the WASI. They find
a positive correlation between Performance IQ (subtests Block Design and Matrix
Reasoning) and cortical thickness in the mid-superior temporal region in the right
hemisphere. Negative correlations are revealed between the Vocabulary subtest and
cortical thickness in the parahippocampal area and near the temporal-parietal junc-
tion in the left hemisphere and cortical thickness in the middle of the temporal lobe,
inferior pariental lobe, superior occipital lobe and precuneus in the right hemisphere.
Menary et al. (2013) divides the sample in a younger (9.0 to 16.45 years) and older
(16.46 to 24.0 years) subsample to investigate the developmental patterns in these
structure-function associations. The results obtained with the younger subsample
are similar to the once obtained with the full sample. In the older subsample, only
positive associations are found between a higher Performance IQ and greater cortical
thickness.

Next to cortical thickness, cortical surface area is, although less frequently, asso-
ciated with neuropsychological tests. For example, Vuoksimaa et al. (2016) demon-
strates a positive relation between general cognitive ability and cortical surface area
as well as cortical thickness. In addition, the authors find that the correlation between
general cognitive ability and cortical surface area is stronger than the correlation with
cortical thickness. Schnack et al. (2015) examines the development of cortical sur-
face area in relation to IQ. Their sample contains over a thousand healthy individuals
(9-60 years). They find that higher IQ is related to larger cortical surface area. In
particular, this effect is strongest for children and decreases over their age. At the
age of 60 this effect has vanished in the right hemisphere. Cognitive ability can be



86 Chapter 4

distinguished in different subdomains. Colom et al. (2013) analyzes seven different
intelligence factors and cognitive functions measured each by three different tests or
tasks. They find that in the right hemisphere clusters of cortical surface area in the
middle frontal gyrus correlate with fluid intelligence and working memory capacity.
Furthermore, crystallized intelligence is associated with clusters of cortical surface
area in the inferior frontal gyrus, again in the right hemisphere.

In our study, we focus on cortical surface area, because it is more stable over
childhood than cortical thickness (Amlien et al., 2016; Duerden et al., 2020; Storsve
et al., 2014). Much of the expansion of the cortex takes place during the prenatal
period (Rakic, 1988). Therefore, even at an older age, cortical surface area serves as
an attribute by which fetal environment and growth can be characterized.

Studying these structure-function associations, where brain morphology predicts
cognitive performance, can provide insights in typical brain development. Once the
baseline for typical brain development is established, we can examine atypical brain
development related to cognitive deficit. Moreover, understanding the neurodevel-
opment at population level allows for the identification of abnormal neurobiological
processes in child psychopathology.

Much of this previous work uses a parcellation of the brain into anatomically
divided regions, known as regions of interest (ROIs), which are then analyzed in
relation to a phenotype or exposure of interest. This approach certainly has several
strengths, such as ‘native space’ and subject-specific accuracy, the use of ROIs has
been criticized for the assumption that any underlying association with a phenotype is
constrained by anatomical boundaries and for the potential loss of crucial information
when aggregating across large areas of neural tissue. In addition, ROIs are often
univariately correlated with the phenotype, which is most likely disadvantageous to
their predictive power.

Another way to analyze MRI scans in relation to a phenotype is to univariately
correlate vertices to the phenotype. It is needless to say that the predictive accur-
acy of a univariate approach is lower than the predictive accuracy in a multivariate
approach. Analyzing vertices in a multivariate way (without prior vertex selection)
is not possible with the simple regression techniques commonly used.

To overcome this criticism, we propose a twofold approach. First, we propose to
use whole brain data to release the assumption that a particular cognitive phenotype
must spatially correlate to the brain based on arbitrary anatomical parcellations.
Second, we apply two machine learning techniques that elegantly capture all infor-
mation in a multivariate way. In this way, we take into account all vertices at once.

Machine learning techniques have been widely applied, for instance, in the brain
ageing literature: these techniques are applied to predict age using various brain
metrics (Bellantuono et al., 2021; Peng et al., 2021). It is shown that the prediction
error, that is, chronological age minus predicted age (called BrainAge), can serve as
an indicator for brain diseases and risk of mortality. For example, Nenadić et al.
(2017) shows that schizophrenia patients have a higher deviance in the BrainAge
than healthy controls. Cole and Franke (2017) summarizes how BrainAge relates to
several brain diseases, cognitive performance, and other age-associated health issues.

As BrainAge has shown promise as a useful neurobiological marker, we hypo-
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thesize that cognitive ability within a similar construct may also be a fruitful target
as a neurobiological marker. In the present study, we apply two machine learning
techniques to predict nonverbal IQ, namely adaptive lasso regression (Zou, 2006) and
better subset regression (Xiong, 2014), and we compare their predictive performance
with that of the commonly used vertex-wise approach. Both machine learning tech-
niques perform variable selection which allows, next to predicting IQ, to interpret
the relevant brain regions, something most other machine learning techniques lack.

For this study, we use the exceptionally large data set of the Adolescent Brain
Cognitive Development (ABCD) Study, including N > 10,000 MRI scans, in partic-
ular the cortical surface area data. Data from the Generation R Study (N > 3,000
scans) is included to test the external validity. The cognitive phenotype for both
sets is nonverbal IQ measured with the Matrix Reasoning subtest of the Wechsler
Intelligence Test for Children-V (WISC-V Wechsler, 2014).

Taken together, our contribution is that we apply machine learning techniques
to an exceptionally large pre-adolescent data set in the area of cognitive ability.
Importantly, Smith and Nichols (2018) already emphasized the need of large data sets
in MRI studies. A large data set may identify subtle effects that are not significantly
detectable in smaller samples. Several studies have looked at applying multivariate
techniques to cognition. However, this literature suffers from three major flaws. First,
it is uncommon to find papers analyzing a data set with N > 250 subjects. The use
of such small data sets makes it difficult to significantly identify small effects for lack
of power. Second, many studies are conducted within small clinical samples, which
results in a lack of generalizability. Third, often a proper validation of the method
is missing. Due to the small sample sizes, researchers are not able to set aside a test
set to independently validate the method or even perform a proper cross validation.
Combining the data from both the ABCD Study and Generation R Study solves
these issues.

The remainder of this article is structured as follows. It starts with a discussion
of the ABCD and Generation R data sets. In addition, the preprocessing of the
images and the data imputation are explained. Next, the prediction methods vertex-
wise linear regression, adaptive lasso regression, and better subset regression are
elaborated. Subsequently, the results are presented and discussed. Last, we will give
some guidance for future research.

4.2 Data
This study includes two cohort studies: the Adolescent Brain Cognitive Development
(ABCD) Study (Garavan et al., 2018) and the Generation R Study (Kooijman et al.,
2016). Data from the ABCD Study is collected at 21 research sites across the United
States and almost 12,000 children of 9-10 years old participated the study. This study
was designed to analyze the children’s biological and behavioral development through
adolescence into young adulthood. The Generation R Study is a large birth cohort
study in Rotterdam, the Netherlands. The goal of this study is to investigate early
environmental and genetic factors that influence children’s growth, development, and
health from birth onward. The Generation R Cohort includes almost 10,000 children
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at birth of which almost 4,000 children are scanned using MRI at the age of nine.
The brain images acquired for this study are high-resolution, T1-weighted struc-

tural MRI scans. The images are processed according to the standard reconstruction
using the FreeSurfer version 6.0 analysis suite (Fischl, 2012). Non-brain tissue is
removed; voxel intensities are corrected for B1 field inhomogeneities; voxels are seg-
mented into white matter, gray matter, and cerebal spinal fluid; and surface-based
models of white matter and gray matter are generated. Cortical surface area is
estimated at each point (vertex) along the cortical ribbon. Per hemisphere there
are 163,842 vertices. After excluding vertices where cortical surface area cannot be
measured (e.g., corpus callosum and lateral ventricles), 149,955 vertices in the left
hemisphere and 149,926 vertices in the right hemisphere remain, that is, a total of p
= 299,881 vertices. Our analyses are based on cortical surface area.

Cognition is collected at the same time as the MRI scan took place and is mea-
sured with the Matrix Reasoning subtest from the Wechsler Intelligence Test for
Children-V (WISC-V Wechsler, 2014). The raw score is scaled to the normative
standard score with mean ten and standard deviation three (Luciana et al., 2018).

In the ABCD Study there are 10,342 children that have a qualitatively sufficient
MRI scan and completed the IQ test. The MRI scans are taken on different sites and
different scanners are used. One site in New York (siteID = 22) was closed shortly
after it opened. The 38 children scanned at this site were excluded from the analysis.
Another eighteen children were excluded, because they have a missing value for the
covariates sex (4 children) and/or ethnicity (16 children). Next to sex (58% females)
and ethnicity (White = 53%, Black = 14%, Hispanic = 21%, Asian = 2%, and Other
= 10%), age (9.9 years ± 0.6) is included as covariate and because of the use of
different scanners we have to include a dummy variable for siteID. In addition, for
every twin one and for every triplet two children are randomly excluded, that is,
1,034 children in total are excluded. The dataset of the ABCD Study is split in a
training set (70%, N = 6,476) and a prior to analysis unseen test set (30%, N =
2,776).

The data from the Generation R Study is solely used to test the generalizability of
the model. From the 3,892 children who completed the T1-weighted MRI scan, 693
children were excluded due to poor or insufficient data quality, incidental findings,
or a different T1 acquisition. Another 570 children are excluded, because they have
a missing value at IQ or ethnicity. In addition, 31 children are excluded, because
for every twin we randomly exclude one child. That is, our Generation R sample
consists of N = 2,598 children. Contrary to the ABCD Study, all MRI images from
the Generation R Study are collected on the same scanner. Cognition of the children
is measured at age thirteen with the WISC-V IQ test. For consistency, we use only
the Matrix Reasoning subtest. Furthermore, we correct for the following confounding
factors: age, sex, and ethnicity.

4.2.1 Data Imputation
Some subjects have missing values at vertices (i.e., 0.03% of the vertices have a
missing value for at least one subject), due to problematic reconstruction of the
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surface mesh caused by, for example, movement during the scan. Most vertices
with missing values lie close to the corpus callosum (see Figure 4.4 in Appendix
4.A), a region known to be highly correlated with cognition (Danielsen et al., 2020).
Therefore, simply excluding the vertices with missing values leads to lower prediction
accuracy. Another well known method to deal with missing values is predictive mean
matching (Landerman et al., 1997). This method searches for similar individuals and
fills the missing value with the average of these similar individuals. Within MRI data,
and other imaging data, neighboring vertices are highly correlated (generally above
0.95). Given this fact, we propose to interpolate missing values using k nearest
neighbors. The nearest neighbors are found by computing the Euclidean distance
from each vertex to all other vertices the. Subsequently, the missing value is replaced
by the average of the k nearest vertices that have a value. More information about
the imputation can be found in Appendix 4.A.

4.3 Methods
Before applying the prediction models, we first need to deal with the covariates. To
control for the covariates, we residualize the variable of interest, IQ, by regressing
out the effect of the covariates. That is, we continue with the residuals from the
following regression:

w = Zϕ+ ϵ,

where w is the vector with standardized IQ scores (with mean zero and standard
deviation one), Z is a matrix containing the covariates age, sex, ethnicity, and siteID,
ϕ is a vector with regression coefficients, and ϵ is the disturbance factor. Note that,
the continuous covariate age is standardized to z-scores (with mean zero and standard
deviation one) and that the categorical covariates, sex, ethnicity, and siteID, are
dummy coded. In addition, Z contains a vector of ones to capture the intercept and
reference groups of the categorical variables.

The residuals from this regression can be written as e = Mw, where M =
I − Z(Z ′Z)−1Z ′. The residuals are the part of IQ that is uncorrelated with the
covariates, that is, Mw is w after the effects of the covariates have been partialled
out. For the remainder of the paper, we define the N×1 vector y asMw standardized
to z-scores (with mean zero and standard deviation one) and the N × p matrix X as
the vertices standardized to z-scores (with mean zero and standard deviation one).
The out-of-sample equivalent of y denoted by ỹ is created using the parameters
obtained with the training set. For more details see Appendix 4.B.

The following subsections elaborate the three prediction methods vertex-wise lin-
ear regressions, adaptive lasso regression, and better subset regression.

4.3.1 Vertex-wise Linear Regressions
The common vertex-wise approach performs a linear regression per vertex, that is,
almost 150,000 regressions per hemisphere. A widely used software package for this
analysis is QDECR in R (Lamballais and Muetzel, 2021), which runs the regressions with
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the vertices as dependent variable. The reason we follow this procedure is because
we use the multiple testing correction that is native to the FreeSurfer library, which
presumes the vertices to be the dependent variables. Note that this is contrary to
the multivariate analyzes where we include all vertices simultaneously as predictor
variables. However, also note that, in this special case the weights from the regression
xj on y are the same as the weights from the regression y on xj , where xj is the
jth column of matrix X, indicating the jth vertex. This claim is legitimate, because
in our case both xj and y are vectors standardized to z-scores (with mean zero
and standard deviation one). Thus, β̂OLS,j = (x′

jxj)−1x′
jy = (y′y)−1y′xj , because

x′
jxj = y′y = n − 1 and x′

jy = y′xj . Hence, the predictions from this analysis can
be computed as follows:

ŷOLS,j = xj β̂OLS,j ∀j = 1, ..., p,

where ŷOLS,j indicates the vector with predictions from the analysis of the jth vertex
on y.

4.3.1.1 Multiple Testing Correction

Since we perform around 150,000 regressions per hemisphere, a correction for multiple
testing is needed. We adjust the p-values using the standard procedure in FreeSurfer
(Greve and Fischl, 2018) that uses smoothed Gaussian Monte Carlo simulations.
Tables with p-values are created for several critical values (often referred to as α) and
smoothness levels. The smoothness level, indicated by global FWHM (fill-width/half-
max), of an analysis is based on the correlation coefficient between the residuals from
the regressions of the nearest neighbors. With the pair of the selected critical value
and the obtained smoothness level the corrected p-values can be found. Next to
this correction, we apply a Bonferroni correction to adjust for the fact that both
hemispheres are analyzed. That is, the p-values are multiplied by two.

4.3.1.2 Weighted Sum Score

The vertex-wise linear regression is a univariate approach. Only one vertex at the
time is considered. It is not valid to directly compare a univariate approach with the
multivariate machine learning approaches, as the latter will always outperform the
first. Therefore, we create a variable that comprises all (significant) vertices. Like in
a polygenic risk score analysis (Choi et al., 2020), we create a weighted prediction
over all univariate regressions, that is,

vWSS = Xβ̂∗
OLS,

where β̂∗
OLS has element β̂OLS,j if this weight is significant in the vertex-wise approach

and zero otherwise. Then, this new variable vWSS is regressed on y and predictions
of y are obtained.

The out-of-sample predictions are based on the imaging data from the test set,
denoted by X̃. Note that, X̃ is standardized using the mean and standard deviation
obtained from the training set. The created variable, ṽWSS = X̃β̂∗

OLS, is multiplied
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by the weight from the in-sample regression of vWSS on y. The resulting out-of-
sample predictions are compared to the outcome variable in the test set, ỹ.

4.3.1.3 Average Brain Metric Score

Next to the weighted sum score, for similar reasons, we compute the average per indi-
vidual over all variables with a significant weight in the vertex-wise linear regression,
that is,

vABM = 1/p∗Xι∗

where p∗ is the number of significant weights in the vertex-wise linear regression and
ι∗ is a p × 1 vector containing a one if the corresponding weight is significant in the
vertex-wise linear regression and zero otherwise. Then, this new variable vABM is
regressed on y and the estimated β̂ABM-coefficient from this regression is used to
make the in-sample and out-of-sample predictions.

4.3.2 Adaptive Lasso Regression
Adaptive lasso regression (Zou, 2006) is a variable selection and estimation technique,
comparable to original lasso regression. The advantage of adaptive lasso regression
over the original one is that it has oracle properties, meaning that the estimator
is consistent in both variable selection and parameter estimation as N increases
and thus for sufficiently large N will find the true nonzero weights. The difference
between the original lasso regression and adaptive lasso regression is that for the
latter the penalty term is weighted by a weight vector h. To satisfy the necessary
conditions for adaptive lasso to be an oracle procedure, this weight vector should
be a function of a

√
N -consistent estimator of β. An example of a

√
N -consistent

estimator, is the ordinary least-squares (OLS) estimator obtained with the vertex-
wise linear regressions (Section 4.3.1). The adaptive lasso estimates β̂lasso can be
found by minimizing the function

L(βlasso) =

∥∥∥∥∥∥y −
p∑

j=1
xjβlasso,j

∥∥∥∥∥∥
2

+ λ

p∑
j=1

ĥj |βlasso,j |, (4.1)

where ĥj = 1
|β̂∗

j
| with β̂∗

j = β̂OLS,j the OLS estimator from the univariate regression
of xj on y and λ a tuning parameter that indicates the magnitude of the penalty.
The optimal tuning parameter can be found by minimizing the prediction error in
a k-fold cross validation procedure. Since the function (4.1) is convex the global
minimum can be efficiently found and the issue of multiple local minima is absent.

4.3.2.1 Adaptive Lasso as Variable Selection Technique

Since adaptive lasso can also be used as a variable selection technique, one could
perform a multivariate regression with the selected variables. We expect the in-
sample explained variance of this multivariate regression to be slightly higher than
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the in-sample explained variance of the adaptive lasso, because the weights from
the multivariate regression are unbiased, unlike the ones from the adaptive lasso
regression.

4.3.3 Better Subset Regression
In the setting with more variables than observations (N < p), variable selection can
be a useful tool to analyze the data. Correctly identifying the subset of important
variables can increase the prediction accuracy. Under the sparsity assumption, that
is, only a small number of variables contribute to the outcome variable, a subset of
variables that includes the true subset yields a smaller residual sum of squares than
any subset of the same size that does not include the true subset.

Minimizing the residual sum of squares and identifying the best subset of m
nonzero weights in β can be written as minimizing

f(β) = ||y −Xβ||2 subject to ||β||0 ≤ m, (4.2)

where || · ||0 indicates the ℓ0 norm, that is, the number of nonzero elements in the
vector. For small p, this optimization problem can be solved by an exhaustive search
over all possible subsets. For larger p this is a NP-hard combinatorial optimization
problem and is infeasible to solve. Xiong (2014) proposes to search for a better subset
instead of the best subset.

The iterative algorithm that finds the better subset, called orthogonalizing subset
screening by Xiong, is based on majorization. The objective function f(β) in (4.2)
can be approximated by a simpler majorization function g(β,β0), which is always
larger or equal to the objective function, f(β) ≤ g(β,β0), where β0 is a known
vector of weights, for example, the estimates obtained from a previous iteration.
When rewritting f(β), we see that the difficult part of minimizing the objective
function lies in β′X ′Xβ, that is,

f(β) = ||y −Xβ||2 = y′y + β′X ′Xβ − 2β′X ′y.

We search for a majorizing function that is quadratic in β, but has the identity matrix
I as its metric instead of X ′X, that is, it should be of the form λβ′β − 2β′u+ c.

To find u, let λ be such that X ′X − λI is a negative semidefinite matrix. This
can be satisfied by setting λ greater or equal to the largest eigenvalue of X ′X, that
is λ ≥ λmax. Then (β−β0)′(X ′X−λI)(β−β0) ≤ 0. From this inequality it follows
that

β′X ′Xβ ≤ λβ′β − 2λβ′(β0 − λ−1X ′Xβ0) + λβ′
0(λI −X ′X)β0.

Next, instead of minimizing f(β) = ||y − Xβ||2 we can minimize the simpler
majorization function,

f(β) = ||y −Xβ||2 ≤ λ||β − u||2 + c2 = g(β,β0),

where u = β0 − λ−1X ′Xβ0 + λ−1X ′y and c2 = λβ′
0(λI −X ′X)β0 +y′y. The only

active part that can be minimized is ||β−u||2 =
∑

j(βj − uj)2 where we are allowed
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to choose only m of the βj different from zero. Without any constraint, we would
choose all βj = uj so that ||β−u||2 = 0. To minimize under the constraint that only
m of the βj can be nonzero, it is optimal to choose those m weights, βj to be nonzero
for which |uj | is the largest. As a consequence, for these βj we choose the update
βk+1

j = uj making their contribution (β∗
j − uj)2 = 0 and choose the remaining p − m

weights, βk+1
j = 0 so that their contribution is (β∗

j − uj)2 = (0 − uj)2 = u2
j . These

settings ensure g(βk+1,βk) to be minimal. Continue to update β until the decrease
of f(βk+1) is smaller than a small value ϵ. Due to the monotonicity property the
objective function does not increase after each iteration.

A disadvantage of the above procedure is its slow convergence. To speed up the
algorithm we replace the update βk+1 = u by the least-squares estimator to avoid
redundant iterations in achieving the least-squares estimator. That is,

βk+1
M = (X ′

MXM )+X ′
My

where A+ denotes the Moore-Penrose inverse of A, βk+1
M contains the m elements of

βk+1 corresponding to the m largest absolute values of u, and XM contains the m
variables corresponding to the m largest absolute values of u. Note that, X ′

MXM

is not necessarily of full rank, especially when columns in X are highly correlated,
therefore, the Moore-Penrose inverse is used instead of the normal inverse. It is
known that the least-squares estimator yields the least sum of squares. This implies
that the method still retains the monotonicity property, so an update with the least-
squares estimator results in at least an equal and possibly larger decrease in residual
sum of squares after each iteration.

Another increase in convergence speed can be obtained by standardizing X. This
transformation ensures the largest eigenvalue does not get too large, with a slow
algorithm as a consequence.

For every value of m a best subset exists. To identify the best number of variables
selected m, k-fold cross validation is used.

4.4 Results
This section provides specific details, such as the computational settings and method
specific results, on the different methods used, including the vertex-wise linear re-
gressions, the adaptive lasso regression, and the better subset regression. The fifth
subsection is devoted to the comparison of the performance of these models and the
last subsection examines the external validity of the models in the Generation R
Study. Next to the commonly used vertex-wise analysis, a multivariate regression
model with the ROIs as predictors is used as benchmark. Since the data set is, prior
to analysis, split into a training set and test set, we provide a measure of the model
performance for both sets. This measure, the explained variance (R2 = cor2(y, ŷ),
where ŷ is the vector with predicted outcomes) is computed in-sample using the pre-
dicted outcome obtained with the MRI data on which the models are trained. Sub-
sequently, the models are validated in the prior to analysis unseen test set, resulting
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in the out-of-sample explained variances. Note that, the test set is standardized using
the means and standard deviations obtained from the training set.

4.4.1 Results Vertex-wise Linear Regression
The vertex-wise linear regression analysis is performed with the QDECR package in R
(Lamballais and Muetzel, 2021). In the left hemisphere 145,586 regressions (out of
149,955, which is > 97%) have a significant β-coefficient after correcting for multiple
testing (i.e., corrected p-value < 0.05) and in the right hemisphere there are 142,463
regressions (out of 149,926, which is > 95%) that have a significant β-coefficient
after correcting for multiple testing (i.e., corrected p-value < 0.05). The explained
variance, expressed in terms of the squared correlation between the outcome and
predicted outcome (i.e., R2 = cor2(y, ŷ)), of each regression with a significant β-
coefficient are presented in the left panel of Figure 4.3 as a histogram. The out-of-
sample R2 are given in the middle panel of Figure 4.3.

Furthermore, the R2 of the weighted sum score (WSS) and the average brain
metric score (ABM) are presented as a dashed line in the left and middle panel of
Figure 4.3 in-sample and out-of-sample, respectively.

4.4.2 Results Region of Interest Analysis
A common approach to analyze the relation between brain morphology and a pheno-
type is to partition the brain into anatomically divided regions (ROIs) and correlate
each region to the phenotype. Since we are interested in predicting the phenotype
rather than describing the associations with specific regions, we perform a multivari-
ate linear regression with all 68 ROIs as predictors in one model and the residualized
IQ variable as outcome variable. The R2 obtained with this model is presented as
a dashed line in the left panel (in-sample) and middleeee panel (out-of-sample) of
Figure 4.3. Note that, for one subject there is no ROI data available, therefore we
excluded this participant from this analysis.

In addition, we evaluated the correlation between residualized IQ and each region
separately. After a Bonferroni correction for multiple testing (i.e., p < 0.05/68), we
find that all regions in the left hemisphere are significant and all regions except for
the paracentral and temporalpole region in the right hemisphere are significant.

4.4.3 Results Adaptive Lasso Regression
The adaptive lasso regression is performed with the glmnet package in R (Friedman
et al., 2021). With k = 5-fold cross validation, the best value for the penalty term
λ is identified. The function in glmnet computes its own λ sequence based on the
specified length of the sequence and the ratio between the minimum value of λ (i.e.,
λmin = 0.01 by default, because the number of observations is smaller than the
number of variables) and the maximum value of λ (i.e., the smallest value of λ for
which all coefficients are equal to zero). The sequence of λ is computed for the full
model as well as for the five folds separately. Adapting λ for each fold leads to better
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convergence. The default length of the sequence λ is 100. The mean squared error
is used to identify the best value for λ.

The adaptive lasso regression selects 81 vertices covering the whole brain (i.e., 47
vertices in the left hemisphere and 34 vertices in the right hemisphere). These 81
vertices are also used in a multivariate regression. The left panel (in-sample) and
middle panel (out-of-sample) of Figure 4.3 display the explained variances of both
models as dashed lines. As expected, the in-sample explained variance is higher for
the multivariate regression analysis. However, these results most likely suffer from
overfitting, because out-of-sample the Adaptive Lasso regression performs better.

4.4.4 Results Better Subset Regression
The better subset regression requires start values for β as input. Appendix 4.C
contains a simulation study to compare different start values. The possibilities in-
vestigated are random start values drawn from a uniform distribution, a vector with
zeros, and a vector with the weights from the univariate regressions. In a data
set with low or medium signal to noise ratio, the better subset regression performs
slightly better when the start values for β are set to zero or come from the univariate
regressions. Therefore, for our analysis we set the start values for β equal to zero.

The best number of variables selected, m, is identified by minimizing the residual
sum of squares in a 5-fold cross validation. The grid of m contains fourteen values,
m ∈ {20, 40, 60, 80, 100, 200, 300, 400, 500, 600, 700, 800, 900, 1000}. Figure
4.1 presents the residual sum of squares per number of variables selected m for the
five folds separately (dotted lines) and for the average over the five folds (solid line).
In addition, Figure 4.2 zooms in on the average residual sum of squares over the five
folds. The lowest residual sum of squares is found at m = 80, which is similar to the
81 selected variables in the adaptive lasso regression. So, the better subset regression
is again performed on the full training set with m = 80. Subsequently, the estimated
model parameters from this model are used to validate the model in the test set. The
results are presented in the left panel (in-sample) and middle panel (out-of-sample)
of Figure 4.3 as dashed lines.

4.4.5 Comparison
The main results of this study are captured in Figure 4.3 which gives the results of
our seven methods (vertex-wise linear regression (histogram), weighted sum score,
average brain metric score, multivariate regression with ROIs, adaptive lasso regres-
sion, multivariate regression with selected variables from the adaptive lasso analysis,
and better subset regression). The left panel of the figure presents the in-sample
explained variance (R2). The multivariate analysis with the selected variables by
the adaptive lasso regressions has the highest explained variance. Furthermore, all
multivariate analysis perform better than the single vertex-wise linear regressions.

The middle panel of Figure 4.3 displays the out-of-sample R2. From this figure, it
is clear that the adaptive lasso regression performs best, indicating that adaptive lasso
suffers less from overfitting compared to the multivariate regression with selected
variables from the adaptive lasso regression. Except the better subset regression, all
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Figure 4.1: The residual sum of squares per number of variables selected m for all
five folds (dotted lines) and averaged over the five folds (solid line).
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Figure 4.2: The averaged residual sum of squares per number of selected variables
m. Note that, this graph zooms in on the solid line in Figure 4.1.

multivariate approaches perform better out-of-sample than the univariate vertex-wise
linear regressions. Note that, the variable of interest, IQ, is residualized using the
coefficients from the training set. Furthermore, the imaging data are standardized
using the means and standard deviations from the training set.
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Figure 4.3: The explained variances (R2) of the vertex-wise linear regression analysis
(histogram), weighted sum score analysis (WSS), average brain metric score (ABM),
multivariate regression with ROIs, adaptive lasso regression, multivariate regression
with selected variables from adaptive lasso regression (multivariate regression), and
better subset regression. Only the results from the significant vertex-wise linear
regressions are presented in the histogram. The left panel shows the in-sample results,
the middle panel the out-of-sample results, and the right panel the results obtained
with the Generation R cohort. Note that the scale on the vertical axis of the right
graph differs from the scale on the vertical axis of the other two graphs.
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4.4.6 External Validity in Generation R Study
Next to the out-of-sample results discussed in the previous section, we also have
an ‘out-of-cohort’ sample in which we can test the generalizability of the models.
The model parameters obtained in the training set of the ABCD sample are used to
compute the explained variance in the Generation R sample. Note that, the control
variables, sex, age at MRI scan, age at IQ test, and ethnicity from the Generation
R data set are used to residualize the variable of interest, IQ. Moreover, the stan-
dardization to z-scores of the continuous control variables (age at MRI scan and age
at IQ test), the variable of interest, IQ, and the imaging data is done within the
Generation R sample. The right panel of Figure 4.3 displays the explained variance
of the seven models in the ‘out-of-cohort’ sample. The performance of the models in
the current sample is rather poor and worse than the performances in the test set of
the ABCD sample.

4.5 Discussion
This study compares two machine learning techniques, namely adaptive lasso regres-
sion and better subset regression, with the frequently used vertex-wise approach and
a multivariate regression on ROIs in their performance to predict cognition of chil-
dren through brain morphology. Brain images taken with MRI scanners in the ABCD
Study are used to predict nonverbal IQ. The available N = 9,252 images are taken
at 21 different sites across the United States, where different scanners are used. The
siteID, age, sex, and ethnicity are used as covariates. The predictive performance of
the models is expressed in the explained variance, computed as the squared correla-
tion between the outcome vector and predicted outcome vector. For all techniques,
the parameters are learned using a training set containing N = 6,476 individuals,
after which they are validated in a prior to analysis unseen test set containing N =
2,776 individuals.

Figure 4.3 presents the results of our seven methods (vertex-wise linear regression
(histogram), weighted sum score, average brain metric score, multivariate regression
with ROIs, adaptive lasso regression, multivariate regression with selected variables
from the adaptive lasso analysis, and better subset regression). The predictive perfor-
mance is modest with the highest R2 in-sample of 0.042 for the multivariate regression
with selected variables from the adaptive lasso regression. Considering both the in-
sample and out-of-sample performance, the adaptive lasso regression performs best.
Moreover, most multivariate approaches outperform the univariate vertex-wise linear
regressions, indicating that a whole brain approach is better than a vertex-wise ana-
lysis. In addition, we tested the models in a different cohort to examine the external
validity. The ‘out-of-cohort’ results are rather poor, indicating that the results are
not generalizable to different cohorts.

The modest explained variances both in-sample as well as out-of-sample could be
explained by the fact that we focus on a subscale of IQ instead of Full Scale IQ. A
single subtest contains more noise and is less accurate than a Full Scale IQ score.
The accuracy of the predictions can likely be improved by examining the Full Scale
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IQ.
Next to the subscale of IQ, the difficulty of combining two cohorts could, in par-

ticular, explain the poor performance in the Generation R cohort. In general, cohorts
are inconsistent in scanner type, data quality, phenotypical measure, acquisition pro-
tocol et cetera (Bashyam et al., 2020). In addition, the underlying populations of the
two cohorts might be different. For example, the ABCD data set (used to train the
models) is collected in the United States and should be representative of the United
States population. The Generation R data set (used to test the generalizability)
is collected in Rotterdam, a city in the Netherlands and, therefore, represents the
multi-ethnic population of Rotterdam. The populations in the United States and
Rotterdam seem similar, at first glance. However, if we zoom in on, for example, the
ethnicities, we see that Hispanics contribute for 21% and Afro-Americans for 14% to
the ABCD data set. In the Generation R Study, the most common foreign ethnicities
are Surinamese (7.1%), Turkish (5.9%), and Moroccan (4.3%).

Some subjects have missing values at vertices, due to problematic reconstruction
of the surface mesh. We imputed these missing values by interpolation based on
the values of the neighbors. The five nearest non-missing neighboring vertices are
established and the average value of these vertices are used to impute the missing
value. Most vertices with missing values lie close to the corpus callosum and, hence,
close together, see 4.4 in Appendix 4.A. This could imply that the current vertex
with missing value is surrounded by vertices with missing values and that the fifth
nearest non-missing vertex lies far away. This could impact the accuracy of the
imputed value, as the correlation between the vertices relates to the proximity of
the five non-missing neighboring vertices. Figure 4.5 in Appendix 4.A displays a
histogram with the number of vertices with missing value up to the 5th non-missing
nearest neighbor on a logarithmic scale. This graph shows that 59% of the vertices
with missing values have their fifth non-missing neighbors within their 20 nearest
neighbors and 95% missing values have their fifth non-missing neighbors within their
50 nearest neighbors. Although most non-missing neighboring vertices seem close
enough, it could be worthwhile to do a sensitivity analysis without these missing
vertices and compare the predictive performance of the models. Furthermore, a
simulation study can investigate the imputation performance with different numbers
of nearest neighbors. We believe that the imputation of (brain) imaging data is an
important research field, but is out of the scope of this study.

Finally, the selected morphological brain metric in this study is cortical surface
area. It is well known that other brain morphology metrics, like cortical thickness,
also correlate with cognition (Narr et al., 2007). A combination of two or more met-
rics potentially increases the predictive performance. However, combining multiple
morphological brain metrics on vertex level largely increases the number of variables,
which probably leads to memory issues. Future work is required to develop methods
and increase the efficiency of existing methods, that allow for analyzing high dimen-
sional data within feasible computation time and taking into account the potential
memory constraints.

Taken together, machine learning techniques are widely used in fields with an
abundance of data and scarcity of theoretical starting points, like the field of neuroima-
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ging. Using two machine learning techniques, namely adaptive lasso regression and
better subset regression, we show that a multivariate whole brain approach performs
better in predicting cognitive ability with brain morphology than the frequently used
vertex-wise linear regression. Our study shows the promise of machine learning tech-
niques as prediction methods for predicting phenotypes, like cognitive ability, with
brain morphology.
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Appendix

4.A Imputation Missing Values
Due to problematic reconstruction of the surface mesh caused by, for example, move-
ment during the scan, some vertices have missing values. A total of 3,458,866 values
are missing divided over 9,497 vertices. There are 39 vertices that have more than
8,500 missing values, with the largest number of missing values per vertex being
9,117. Most vertices with missing values lie close to the corpus callosum, see Figure
4.4.

Figure 4.4: Medial view of the left hemisphere (left) and right hemisphere (right)
with the vertices with at least one missing value marked yellow.

We impute a missing value by taking the average over the k = 5 nearest neighbors
that are not missing for that individual. Figure 4.5 presents the number of vertices
with a missing value up to the fifth non-missing nearest neighbor on a logarithmic
scale. 59% of the vertices with missing values have their fifth non-missing neighbor
within their 20 nearest neighbors and 95% of the vertices with missing values have
their fifth non-missing neighbors within their 50 nearest neighbors. The largest num-
ber of vertices with missing values up to the fifth non-missing nearest neighbor is
458.

Number of Missing Values up to the 5th non−missing Nearest Neighbor
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Figure 4.5: A histogram with the number of vertices with a missing value up to the
5th non-missing nearest neighbor on a logarithmic scale.
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4.B Out-of-Sample Testing
Similar as in the training set, we regress the effect of the covariates out of IQ and
continue with the residuals. The residuals are computed as follows

ẽ = w̃ − Z̃ϕ̂,

where w̃ is the vector containing IQ scores from the test set standardized with the
mean and standard deviation obtained from the training set, Z̃ is a matrix with the
covariates age, sex, and siteID from the test set, and ϕ̂ is the weight obtained from the
same regression in the training set. Thereafter, the residuals ẽ are standardized with
the mean and standard deviation from the residuals in the training set and denoted
as ỹ. Also the imaging data in the test set is standardized with the corresponding
means and standard deviations from the training set.

4.C Start Values Better Subset Regression - A Sim-
ulation Study

To evaluate how well the the better subset regression reconstructs the true non-zero
weights under various conditions, we perform a simulation study. In particular, we
focus on the start values for β and we vary the signal to noise ratio in the data set.
Three different settings for the start values are analyzed, (i) all start values for β
equal to zero, (ii) m start values for β equal to the coefficients of the m univariate
regressions of xj on y with the lowest sum of squared residuals (SSR) and the other
start values for β equal to zero, and (iii) m start values for β drawn randomly from
a uniform distribution. In addition, we apply better subset regression with these
settings to different types of data sets varying the signal to noise ratio. In every
iteration a data set with a high (s = 5), medium (s = 1), and low (s = 0.1) signal to
noise ratio is generated. Furthermore, the data sets contain N = 500 observations
and p = 3000 variables of which m = 25 variables are selected to compute the
true ytrue. The elements of the predictor matrix X are standard normal distributed
(X ∼ N(0, I)) and thereafter standardized to z-scores and divided by p0.5 to ensure
the eigenvalues are not affected by the number of variables p. The true vector β
contains m = 25 values drawn from the uniform distribution (β1:m ∼ Unif(−5, 5))
and the remaining values are equal to zero. Finally, y is generated following the
normal distribution with mean µ = Xβ and standard deviation σ = (var(Xβ)/s)0.5,
with s the signal to noise ratio. The nine different settings (i.e., three different start
settings times three signal to noise ratios) are evaluated based on the true variance
recovered (cor2(ytrue, ŷ)) and the proportion of correct non-zero weights.

Table 4.1 presents the results of the simulation study. For each setting 200 data
sets are generated and the table displays the average statistics over the 200 repeti-
tions. As excepted, the residual sum of squares (RSS), proportion of true variance
recovered, and the proportion of correct non-zero weights recovered are highest for
the cases with strong signal in the data (s = 5). Furthermore, for the data sets
with a medium (s = 1) or low (s = 0.1) signal to noise ratio, we see that the better
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subset regression performs slightly better when the start values for β are set to zero
or come from the univariate regressions compared to start values randomly drawn
from a uniform distribution. Therefore, for the analysis we set the start values for β
equal to zero.

Table 4.1: The residual sum of squares (RSS), proportion of true variance recovered,
and the proportion of non-zero weights recovered for all simulation settings. The
standard errors are given in parentheses.

Start type s RSS Proportion
true variance

Proportion
non-zero weights

Zeros 0.1 259.69 (53.09) 0.09 (0.05) 0.11 (0.05)
Univariate regression 0.1 255.38 (49.64) 0.09 (0.05) 0.11 (0.05)
Random start values 0.1 299.45 (61.07) 0.06 (0.05) 0.06 (0.05)
Zeros 1 32.18 (6.30) 0.72 (0.06) 0.49 (0.07)
Univariate regression 1 33.13 (6.84) 0.71 (0.06) 0.48 (0.06)
Random start values 1 36.52 (9.05) 0.73 (0.09) 0.45 (0.08)
Zeros 5 7.83 (1.79) 0.93 (0.04) 0.64 (0.08)
Univariate regression 5 7.74 (1.69) 0.93 (0.03) 0.64 (0.08)
Random start values 5 7.68 (2.14) 0.94 (0.04) 0.68 (0.08)
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This thesis is about behavior and abilities and their investigation in a changing field.
Data sets are rapidly growing in size, which enables the use of modern, more complex
and flexible, statistical models, which most likely generates more reliable inferences
and more accurate predictions. Larger samples may identify subtle effects that are
not significantly detectable in smaller samples. Moreover, large sample sizes allow
for a proper validation of the model by setting aside a large enough test set to
independently validate the method.

The present thesis explores two examples of modern statistical methods employed
in the field of behavioral and medical sciences. The thesis is split into two parts.
In the first part, I develop the Censored Mixture Model (CMM) to analyze risk
behavior and show two applications with the CMM. In the second part of this thesis,
two machine learning approaches are compared with various simpler commonly used
baseline approaches in their performance to predict cognitive ability using brain
morphology.

Next, I will highlight a few considerations of the presented studies. First, I will
elaborate on the considerations for the Columbia Card Task (CCT). Second, I will
review the results of the neuroimaging study in Part II and give future directions.
Last, I will discuss how the results of the present studies, and epidemiological studies
in general, should be interpreted.

5.1 Part I: Considerations for the Columbia Card
Task

In Chapter 2, we measure risk taking behavior of nine-year-old children. Risk taking
behavior in children can be an early marker for risky behavior in later life, such as
substance abuse. Further, as risky behavior in experimental tasks is a proxy for
risk behavior in real-life (Lejuez et al., 2003; Pripfl et al., 2013), experimental tasks
conducted at a young age can be used as a screening tool. A prevention scheme can
be developed for children showing risky behavior in experimental tasks.

Risk taking behavior is often measured with a sequential risk task, in which
participants are asked to repeat a certain action. To analyze these sequential risk
tasks, the Censored Mixture Model (CMM) is developed in Chapter 2. In the present
thesis, the experimental task used is the Columbia Card Task (CCT). To demonstrate
that the CMM can analyze all sequential risk tasks, an application with the BART
is included in Appendix 2.D of Chapter 2. The CCT is a computer-based card game
where money can be won or lost by turning over cards. In the CCT, the gain amount
(points earned by turning over a ‘win’ card), loss amount (points lost by turning
over a ‘loss’ card), and number of loss cards are systematically varied per round.
In this way the CCT allows to disentangle the effects of loss probability and both
sensitivity to reward and punishment. Furthermore, a potential learning effect is
minimal, because all parameters (i.e., gain amount, loss amount, and number of loss
cards) are known.

Next to these strengths, the CCT also has some weaknesses. First, the CCT
may be considered as an advanced risk task, since participants have to consider three
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different game settings (i.e., gain amount, loss amount, and number of loss cards)
during the decision-making process. The information provided may be distracting or
confusing for the participants. Especially participants with lower cognitive abilities,
including children who have not yet fully developed their cognitive capacity, may
have a hard time understanding, processing, and applying this information. The
training data used in Chapter 2 includes 69 children who turned over the 32nd card
(or 30th in case of three loss cards), which is by definition a loss card (one child did
this twice). In addition, 249 children encountered a loss card in every trial. Despite
these ‘questionable statistics’, the CCT seems to be an adequate task to examine
risk behavior of pre-adolescent children. The effects of the game parameters found
in Chapter 2 are all in the expected direction, implying that, in general, the children
understood the task. For the same reason, Van Duijvenvoorde et al. (2015) argues
that children in the age category 8-11 years understand the CCT.

Second, there are no clear guidelines about how many trials a participant should
receive. With the current settings (i.e., three game settings with each two values),
the number of trials should be a multiple of eight to ensure that all combinations of
game settings occur equally often. However, the question remains how many blocks
of eight trials? One needs enough trials to accurately estimate the effect of the game
settings, especially when one wants to include individual specific effects for the game
setting parameters. However, too many trials and a fatigue effect may occur. In
addition, conducting additional trials takes more time and, hence, comes with extra
costs. In Chapter 3, we conduct 48 trials per version of the game (i.e., 48 trials
of the Risk version and 48 trials of the Uncertainty version resulting in 96 trials
in total). We perform a robustness check where we exclude participants which we
believe to show signs of fatigue, because they repeatedly select the ‘no card’ option
(thus selecting zero cards). The results in this robustness check are similar to the
results obtained in the main analysis, implying that the potential fatigue effect does
not drive the main results. Although fatigue may not occur in the student sample
used in Chapter 3, I would argue that 48 trials for young children are too many, as
they have a shorter attention span than students.

Third, three different versions of the CCT exist. The hot CCT, conducted in
Chapter 2, measures affective decision making. In this version, individuals turn over
cards one by one – receiving feedback after every turn – until they voluntarily stop
(and convert their points into monetary reward) or until they turn over a loss card,
at which point the specified loss amount is subtracted from the points earned and the
trial inevitably stops. If a participant faces a loss card the game ends prematurely,
the trial is censored and it is unknown how many cards a participant intended to turn
over. The prevalence of censoring in the data set in Chapter 2 is 68%. Treating the
censored observations as uncensored would lead to severe biases in the results. Hence,
it is important to accommodate the censoring in the analysis. In the second version
of the CCT, the so-called cold CCT, censoring is not an issue. Participants are asked
to indicate at the start of every trial how many cards they would like to turn over.
At the end of the game it is revealed whether a loss card was encountered or not.
The feedback in the cold CCT comes after all trials have been played, that is, after
all decisions have been made. The absence of feedback during the decision-making
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process is a marked disadvantage of the cold CCT in numerous research contexts,
as it removes impulsive behavior and affective engagement from the task. More
recently, the two original CCT versions have been combined into a third version, the
warm CCT (Huang et al., 2013), which is conducted in Chapter 3. In this version,
participants select the cards they would like to turn at the start of a trial (to avoid
censoring) and then press a button that prompts the selected cards to turn (to provide
feedback and hence to elicit affective engagement). Feedback is provided at the end
of each trial and potentially effects the behavior in the next trial. However, the
excitement from turning over a win card, may lead to impulsively turning over yet
another card in that trial, which would not have been selected without this feedback.
This impulsive behavior within a trail is lost in the warm CCT compared to the
hot CCT. Further investigation into the affective engagement elicited with the warm
CCT is necessary to evaluate the warm CCT compared to the hot CCT.

Taken together, the Columbia Card Task is a valuable experimental task to mea-
sure risk taking behavior. However, one should take into account the complexity
of the CCT when conducting the experiment. Moreover, one should consider the
number of trials a participant receives to avoid a potential fatigue effect. Finally,
multiple version of the CCT are available, which each elicits affective engagement at
a different level. One should make a well-motivated decision about the conducted
version.

5.2 Part II: Discussion on Neuroimaging Studies
Chapter 4 deals with predicting non-verbal IQ using brain morphology. Much work
has been done in this field. However, most of this work is focused on a univari-
ate analysis. We hypothesized that the predictive performance can be improved by
using modern multivariate techniques, in particular machine learning techniques. In
Chapter 4, two machine learning techniques, namely adaptive lasso and better subset
regression, are compared to the univariate vertex-wise approach and a multivariate
regression on aggregated regions of interest (ROIs). As expected, the multivari-
ate approaches explain more variance in the outcome variable, non-verbal IQ, than
the univariate approach. Moreover, adaptive lasso regression outperforms the mul-
tivariate regression on ROIs, indicating the promise of multivariate machine learning
techniques.

Despite these interesting findings and the promise of machine learning techniques,
some questions remain. To start with, it is unclear why the better subset regression
does not outperform the univariate analyses and the multivariate regression on ROIs.
Moreover, better subset regression seems to be sensitive to different subsamples.
That is, the residual sum of squares obtained in the five folds in the cross-validation
procedure vary substantially (see Figure 4.1 in Chapter 4). In addition, different
variables are selected in these five folds (results not shown). The difference in selected
variables is not surprising, as the variables are highly correlated. The correlated
nature of the vertices may be an explanation for the low predictive accuracy of
the better subset regression. better subset regression is mainly a variable selection
technique and is focused on finding the important variables. In a setting where
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variables are highly correlated (within brain imaging typically ρ > 0.95) the inverse
of the sample covariance matrix (i.e., (X ′X)−1) is not stable or does not exist. This
may complicate the selection of the correct vertices (Hilafu and Yin, 2017; Zhu et al.,
2021).

Furthermore, the out of sample performance in a different cohort is poor, implying
that the results are not generalizable. In general, it is difficult to combine two cohorts,
because they are inconsistent in scanner type, data quality, phenotypical measure,
acquisition protocol et cetera (Bashyam et al., 2020). This makes it difficult to
combine two cohorts in a training set or to use one of the cohorts to test the external
validity. Next to these data collection inconsistencies, the underlying populations of
the two cohorts might be different. For example, the ABCD data set (used to train the
models) is collected in the United States and should be representative of the United
States population. The Generation R data set (used to test the generalizability)
is collected in Rotterdam, a city in the Netherlands and, therefore, represents the
multi-ethnic population in Rotterdam. The populations in the United States and
Rotterdam seem similar, at first glance. However, if we zoom in on, for example, the
ethnicities, we see that Hispanics contribute for 21% and Afro-Americans for 14% to
the ABCD data set. In the Generation R Study, the most common foreign ethnicities
are Surinamese (7.1%), Turkish (5.9%), and Moroccan (4.3%).

In summary, multivariate techniques show great promise in neuroimaging data,
particularly in high dimensional data sets. Including all information simultaneously
in the model leads to better (or at least equally good) predictions. Furthermore,
the predictive accuracy depends on the data availability from a large and diverse
population. By combining multiple (clinical) neuroimaging cohorts, such large and
diverse data sets can be achieved. However, it is clear that site, scanner, or study
related differences impact the data substantially and novel ways for addressing these
issues must be considered. I anticipate future work will aim at minimizing the im-
pact of image acquisition variability, resulting in improved out of sample predictive
performance and generalizability of neuroimaging studies.

5.2.1 Future Directions in Neuroimaging
Over the past decade, the use of machine learning techniques to predict phenotypes
using neuroimaging data has gained popularity. Although Chapter 4 contributes to
improving the explained variance, it remains rather small. Because of the novelty of
this research field, many potential directions could be deployed. Here, I will discuss
a few that potentially contribute to improving the predictive performance. First
and foremost, we should invest in increasing sample sizes. There are still articles
published with sample sizes below N < 250. The external validity of such studies
is low and the results, typically, do not reproduce (Marek et al., 2020). One way to
increase study samples is by combining multiple neuroimaging data sets. However,
novel statistical methods are needed to overcome the issues induced by variations in
the data acquisition process. For example, recent work by Kia et al. (2021) presents
the results of combining sixteen neuroimaging data sets and applying Hierarchical
Bayesian Regression.
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Second, in Chapter 4, we used only cortical surface area to predict cognitive
ability. Next to the association with cortical surface area, also the associations
between cortical thickness and cognitive ability (Ehrlich et al., 2012; Narr et al.,
2007), gyrification and cognitive ability (Gregory et al., 2016; Li et al., 2021), and
subcortical volumes and cognitive ability (Cox et al., 2019) are all well established.
Combining these morphological brain characteristics could increase the predictive
performance. However, combining multiple morphological brain metrics on vertex
level largely increases the number of variables. Currently, we are already operating
at the boundaries of what is feasible with our computing facilities (i.e., Snellius su-
percomputer operated by Surfsara, www.surfsara.nl). Including cortical thickness
at vertex level would simply double the number of variables. Future work is required
to develop methods and increase the efficiency of existing methods that allow for
analyzing high dimensional data within feasible computation time and taking into
account the potential memory constraints.

Next to the integration of multiple morphological brain metrics, another future
direction could involve including multiple MRI modalities. Next to cortical and
subcortical structures, we could also include features of the white matter fiber tracts,
collected by diffusion tensor imaging (DTI) or data about brain activation collected
by (resting state) functional MRI (fMRI). Both white matter microstructures (Ritchie
et al., 2015) and resting state fMRI (Saxe et al., 2018) have proven to be related to
cognitive ability. Furthermore, the review by Franke and Gaser (2019) illustrates the
added value of combining multiple modalities in the model in the BrainAGE context.
In particular, Brown et al. (2012) demonstrates the increased predictive accuracy of
age in a multisite and multimodal framework applying a regularized multivariate
non-linear regression.

In Chapter 4, we apply adaptive lasso regression and better subset regression.
Several other machine learning techniques have been explored, but the predictive per-
formance remains rather small (Jollans et al., 2019; Saha et al., 2021). As discussed
above, in neuroimaging the variables are typically highly correlated. Potentially, dif-
ferent machine learning techniques are better in incorporating the correlated nature
of the data. Many more machine learning and deep learning techniques exist and
could be explored in further research.

5.3 Interpretation of Presented Results
The data used in Chapters 2 and 4 are embedded in extensive studies investigating
public health and biological and behavioral development over a lifespan. The aim
of these chapters is to model risk behavior and cognitive ability, respectively, on an
aggregated level. I want to stress that the results from these chapters are not intended
to make individualized predictions or inferences about individual level behavior or
abilities, as these predictions and inferences may be unreliable as discussed below.

Epidemiologists aim to identify determinants (such as risk factors and causes) of
health-related states and events on a population level, for the implementation of pub-
lic health programs and health service planning. When interpreting epidemiological
findings it is crucial to consider that epidemiological research concentrates on pub-
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lic health at group level rather than at individual level. In general, epidemiological
methods perform poorly in predicting individual-level risks (Smith, 2011).

A frequently used example is the one of an old person who reaches the age of 100
even though smoking daily and drinking alcohol regularly for almost their entire life1.
Such chance events, getting old without any serious health issues although having had
an unhealthy lifestyle, are very difficult to predict and are averaged out at population
level (Smith, 2011). It has been suggested that epigenetics (i.e., the analysis of
genes at population level) could be a solution to obtain more accurate individualized
prediction. However, family studies show that not all differences between siblings
can be accounted for by genes and shared environmental factors (Lichtenstein et al.,
2000). Hence, there must be other factors that could explain why some people do
and others do not develop a disease.

Non-shared environmental factors, like birth order, differential parental treat-
ment, and peer groups, have been suggested as the missing link. However, stud-
ies have shown that also these measurable non-shared environmental factors do not
fully account for the unexplained variance by genes and shared environmental factors
(Plomin, 2011; Plomin and Daniels, 1987; Turkheimer and Waldron, 2000).

Smith (2011) argues that the remaining factors are not ‘epidemiologically tract-
able’. Examples of such factors are stochastic events at cellular level and modifications
of genes due to environmental interactions. I would like to endorse this statement by
Smith and expand it to other fields. It is an illusion to be able to collect all relevant
factors and come even close to an explained variance of 100% or a prediction error
of zero, which is necessary for accurate individualized predictions.

First of all, it will be extremely expensive to search for all relevant factors. Data
collection in itself is already quite expensive. Every additional variable that needs
to be measured comes with extra costs. Hence, additional measurements have to be
selected carefully. In addition, effect sizes in epidemiology are typically rather small
compared to, for instance, economics and physics. That is, risk factors contribute
only little to the probability of developing a disease, indicating that many factors
have a small effect. Hence, it is questionable whether it is worth the investment,
both in money and time, to search for all risk factors. Moreover, if it is unknown
what the relevant factors are, it is unlikely that they are all included in the data
collection.

Even if we are able to measure all relevant factors, due to the statistical concept
of irreducible error, some randomness and inaccuracy in the predictions remain. This
concept is equivalent to the epidemiologically intractable factors discussed by Smith
(2011). The irreducible error is part of the prediction error that cannot be avoided,
unless the variance of the error term is equal to zero (i.e., σϵ = 0). However, this is
generally an invalid assumption.

Next to the irreducible error, the prediction error consists of the squared bias
and variance of the predictions. Typically, the more complex a model is, the lower
the squared bias, but the higher the variance and the larger the potential overfit-
ting problem. This bias-variance trade off can be optimized using cross validation

1As an example Richard Overton died at the age of 112 even though he often smoked the cigar
and drank whiskey, https://www.nytimes.com/2018/12/28/obituaries/richard-overton-dead.html.
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in machine learning techniques. For example, shrinkage methods, such as the adap-
tive lasso in Chapter 4, typically have a smaller variance than the linear regression
model, however this comes with the cost of some bias, as the parameter estimates are
penalized. If the decrease of variance exceeds the increase of bias, it is worthwhile
(see Chapter 7 of Hastie et al., 2009, for a discussion on the bias-variance trade off).
Also, the variance can be further reduced by increasing the sample size. More data
increases the data to noise ratio which reduces the variance of the model and re-
sults in more accurate out of sample predictions. Taken together, this advocates for
increasing the sample sizes and turning more often to machine learning approaches
which can easily include all available information in one model without the problem
of overfitting.
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Summary

Behavior and abilities are arguably the most fundamental concepts in life. Hence,
these concepts and their causes and consequences, are studied in many disciplines,
such as economics, psychology, sociology, and health sciences. Behavior is observable
through someone’s actions. Underlying a person’s behavior are their beliefs and
attitudes towards someone or something. Abilities are the personal qualities and
skills needed to do something, in as far as they are innate traits and are not acquired
through formal education.

The research of behaviors and abilities is quickly changing. In the last decade,
more and more emphasis is put on data collection and the benefits of large data sets
have become more evident. Hence, like in many other fields, the data sets are rapidly
growing in size, both in terms of observations and variables. The increase in the
sample size of studies enables the use of modern – often more complex and flexible –
statistical methods. Furthermore, larger samples make it possible to identify subtle
effects that are not detectable in smaller samples. In addition, large sample sizes
allow for a proper validation of the model by setting aside a large enough test set to
independently validate the method. This thesis employs modern statistical models
in the field of fundamental economic behavior and medical sciences with the aim
to generate more reliable inferences and more accurate predictions than would have
been the case with established methods.

The dissertation is split into two parts. In Part I of this thesis, I develop the
Censored Mixture Model (CMM) to analyze risk behavior and show two applica-
tions. The CMM is particularly developed to model risk behavior measured with a
sequential risk task in which participants are asked to repeat a certain action, like
inflating a balloon in the Balloon Analogue Risk Task (BART) or turning over cards
in the Columbia Card Task (CCT). Although the CMM is applicable to all sequential
risk tasks, in this dissertation the CCT is used to measure risk taking. The CCT is
a computer-based card game in which participants are asked to turn over cards that
are positioned face down. There are 32 cards divided in win cards and loss cards. By
turning over a win card the participant earns points and by turning over a loss card
they lose points and the current game round ends. At every step the participant has
the choice between turning over another card and pressing the stop button to volun-
tarily stop this game round. The points earned by turning over a win card, the points
lost by turning over a loss card, and the number of loss cards vary per round and are
known to the participant. The number of cards turned over is considered a measure

131



132

for risk taking behavior. After playing all rounds, the participant is rewarded based
on the overall performance on the CCT.

Modeling sequential risk tasks, such as the CCT, comes with a few challenges.
The CMM is developed to solve three of these potential problems. First, by definition,
most sequential risk tasks may randomly end prematurely, such as when the balloon
pops in the BART or when a loss card is encountered in the CCT, leading to censored
observations. Typically, the researcher is interested in the level of risk a participant
is willing to take and the censoring obscures this. Treating the censored observations
as uncensored would lead to biases in the results. The CMM accommodates for these
censored observations by using the information that the participant intended to take
more risk than the observed risk level. Second, the analyses are often based on the
assumption of a smooth (normal) distribution of the residuals. However, certain
outcomes are more attractive to participants than others. For example, participants
tend to create geometric patterns when turning over cards in the CCT (for example,
a complete row or column). These patterns lead to inflated values in the outcome
distribution. By assigning additional probability mass to these outcomes in the like-
lihood function the CMM corrects for this behavior. Third, a priori unknown groups
of participants can react differently to certain risk-levels. Similarly, individuals may
have different tendencies towards rewards and/or losses. The CMM can model these
unobserved individual tendencies by including segment specific intercepts and seg-
ment specific effects for covariates. Finally, for ease of interpretation, a link function
is chosen such that the regression coefficients have a linear interpretation on the
interval zero to infinity.

Chapter 2 describes the construction of the CMM and discusses all features of
the model. In addition, the chapter includes an application with the CCT. The
data in this chapter were collected as part of the Generation R Study. The CCT is
one of the observational assessments that was conducted on nine-year-old children.
A total of 3404 children participated and they played each sixteen rounds. Some
interesting findings are that girls took more risk than boys and that children were
mostly influenced by the loss probability (indicated by the number of loss cards)
compared to the possible gains and losses when turning over cards. In addition, we
found that children with risk averse or risk seeking behavior have higher levels of
behavioral problems than children with intermediate risk behavior.

Chapter 3 contains an application of the CMM showing the relationship between
individual entrepreneurial orientation (IEO) and both decision making under risk
and uncertainty in a student sample. With a minor adjustment of the CCT, that is,
the number of loss cards in a trial is unknown to the participant, decision making
under risk as well as uncertainty can be elicited. We find robust evidence that IEO
is negatively related to decision making under risk and uncertainty. In addition, we
show that distinguishing the subscales of IEO is key to understanding this relation-
ship. Individuals who indicate to be more risk-seeking indeed take more risk in the
behavioral task, whereas those who indicate to be innovative or proactive exhibit
more risk averse behavior. The results for the risk and uncertainty version are sim-
ilar, however, we find smaller effect sizes of IEO and its subscales in the uncertainty
version.
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In Part II of this dissertation, I aim at predicting cognitive ability using certain
structures in the brain. Cognition is one of the most important functions of the
brain and many studies have associated intellectual ability to neuroimaging features,
such as brain structures. Understanding the link between features of brain structure
and neuropsychological tests at population level can provide insights in typical brain
development. Once the baseline for typical brain development is established, we can
examine atypical brain development related to cognitive deficit.

For Chapter 4, I had access to an exceptionally large pre-adolescent data set.
The brain structures of more than 9000 nine-year-old children were acquired through
magnetic resonance imaging (MRI) scans. In addition, a non-verbal IQ test was
conducted on these children. I hypothesized that the predictive performance can be
improved by using modern multivariate techniques, in particular machine learning
techniques. In this chapter, two machine learning techniques, namely adaptive lasso
and better subset regression, are compared to the univariate vertex-wise approach
and a multivariate regression on aggregated regions of interest (ROIs). As expec-
ted, we find that the multivariate approaches explain more variance in the outcome
variable, non-verbal IQ, than the univariate approach. Moreover, adaptive lasso re-
gression outperforms the multivariate regression on ROIs, indicating the promise of
multivariate machine learning techniques.

In summary, this dissertation is about behavior and abilities and their investiga-
tion in a changing field. Data sets are rapidly growing in size, which enables the use
of modern, more complex and flexible, statistical models. I explore two examples
of modern statistical methods employed in the field of behavioral and medical sci-
ences. In the first part, I develop the Censored Mixture Model (CMM) to analyze
risk behavior and show two applications with the CMM. In the second part, I show
the promise of multivariate machine learning techniques as prediction methods for
predicting cognitive ability using brain structures. Because of the increased sample
sizes and the use of advanced statistical methods more reliable inferences and more
accurate predictions can be generated.





Samenvatting

Gedrag en capaciteiten zijn misschien wel de meest bepalende kenmerken van een
persoon. Daarom worden deze concepten en hun oorzaken en gevolgen bestudeerd in
vele vakgebieden, zoals economie, psychologie, sociologie en gezondheidswetenschap-
pen. Gedrag is waarneembaar door iemands acties. Aan het gedrag van een persoon
ligt zijn/haar overtuiging en houding ten opzichte van iets of iemand ten grondslag.
Capaciteiten zijn iemands persoonlijke kwaliteiten en vaardigheden die nodig zijn
om iets te bereiken. Capaciteiten zijn aangeboren eigenschappen en worden niet
verworven door middel van training.

Het onderzoek naar gedrag en capaciteiten verandert snel. In de laatste tien jaar is
steeds meer nadruk gelegd op dataverzameling en zijn de voordelen van grote datasets
duidelijker geworden. Als gevolg hiervan groeien de datasets, net als in veel andere
onderzoeksvelden, snel in omvang, zowel wat betreft het aantal observaties als het
aantal variabelen. De toename van de steekproefgrootte in studies maakt het gebruik
van moderne – vaak complexere en flexibelere – statistische methoden mogelijk.
Bovendien maken grotere steekproeven het mogelijk om subtiele effecten te iden-
tificeren die niet detecteerbaar zijn in kleinere steekproeven. Daarnaast maken grote
steekproeven het mogelijk een voldoende grote testset opzij te zetten om daarmee
het model onafhankelijk te valideren. Dit proefschrift maakt gebruik van moderne
statistische modellen op het gebied van fundamenteel economisch gedrag en gezond-
heidswetenschappen om zo betrouwbaardere conclusies te trekken en nauwkeurigere
voorspellingen te maken dan het geval zou zijn met gevestigde methoden.

Het proefschrift is opgesplitst in twee delen. In deel I van dit proefschrift ontwikkel
ik het Censored Mixture Model (CMM) om risicogedrag te analyseren en laat ik twee
toepassingen zien. Het CMM is in het bijzonder ontwikkeld voor het modelleren
van sequentiële risicotaken waarbij deelnemers wordt gevraagd een bepaalde actie
te herhalen, zoals het opblazen van een ballon in de Balloon Analogue Risk Task
(BART) of het omdraaien van kaarten in de Columbia Card Task (CCT). Hoewel
het CMM toepasbaar is op alle sequentiële risicotaken wordt in dit proefschrift de
CCT gebruikt om risicogedrag te meten. De CCT is een digitaal kaartspel waarbij
deelnemers wordt gevraagd kaarten om te draaien die met de afbeelding naar beneden
liggen. Er zijn 32 kaarten, verdeeld in winkaarten en verlieskaarten. Door een
winkaart om te draaien verdient de deelnemer punten en door een verlieskaart om te
draaien verliest hij/zij punten en eindigt de ronde. Op ieder moment gedurende het
spel heeft de deelnemer de keuze tussen het omdraaien van een volgende kaart, met de

135



136

kans dat dit een verlieskaart is, en het vrijwillig stoppen van de huidige speelronde
door op de stopknop te klikken. De punten die verdiend kunnen worden met het
omdraaien van een winkaart, de punten die verloren gaan door het omdraaien van
een verlieskaart en het aantal verlieskaarten variëren per ronde en zijn bekend bij de
deelnemer. Het aantal omgedraaide kaarten wordt beschouwd als een maatstaf voor
risicogedrag. Na het spelen van alle rondes wordt de deelnemer beloond op basis van
de algehele prestatie op de CCT.

Het modelleren van sequentiële risicotaken zoals de CCT brengt enkele uitda-
gingen met zich mee. Het CMM is ontwikkeld om drie van deze uitdagingen het
hoofd te bieden. Een eerste probleem dat zich mogelijk voordoet in sequentiële ri-
sicotaken is dat wanneer een ronde voortijdig eindigt de observatie voor die ronde
gecensureerd is. Dit gebeurt bijvoorbeeld wanneer de ballon in de BART knapt of
wanneer een verlieskaart wordt omgedraaid in de CCT. Doorgaans is de onderzoeker
geïnteresseerd in het risico dat een deelnemer bereid is te nemen. De gecensureerde
observaties verhinderen dit. Het analyseren van de gecensureerde observaties alsof ze
ongecensureerd zijn, kan leiden tot vertekende resultaten. Het CMM corrigeert deze
gecensureerde waarnemingen door gebruik te maken van het feit dat de deelnemer
van plan was meer risico te nemen dan het waargenomen risiconiveau. Een tweede
probleem is dat bestaande analyses vaak aannemen dat de residuen van de scores
een effen (normale) verdeling hebben. Echter, in de praktijk zijn bepaalde uitkom-
sten aantrekkelijker voor deelnemers dan andere. Deelnemers hebben bijvoorbeeld
de neiging om geometrische patronen te creëren bij het omdraaien van kaarten in de
CCT (bijvoorbeeld een volledige rij of kolom). Deze patronen leiden tot pieken in de
uitkomstverdeling. Door extra kansmassa toe te kennen aan deze uitkomsten in de
likelihoodfunctie corrigeert het CMM voor dit gedrag. Ten derde, a priori onbekende
groepen deelnemers kunnen verschillend reageren op bepaalde risiconiveaus. Evenzo
kunnen personen verschillend reageren op eventuele beloningen en/of verliezen. Het
CMM kan deze niet-waargenomen individuele voorkeuren modelleren door middel
van segment specifieke intercepten en segment specifieke effecten voor covariaten. Tot
slot, ter vereenvoudiging van de interpretatie, is een linkfunctie gekozen zodat de re-
gressiecoëfficiënten een lineaire interpretatie hebben op het interval nul tot oneindig.

In hoofdstuk 2 wordt de constructie van het CMM beschreven en worden de ken-
merken van het model toegelicht. Daarnaast bevat het hoofdstuk een toepassing met
de CCT. De data in dit hoofdstuk zijn verzameld als onderdeel van de Generation
R Studie. De CCT is een van de onderzoeken die is uitgevoerd bij negenjarige
kinderen. In totaal deden 3404 kinderen mee en speelden ze ieder zestien rondes.
Enkele interessante bevindingen zijn dat meisjes meer risico namen dan jongens en
dat kinderen meer werden beïnvloed door de kans op verlies (aangeduid met het
aantal verlieskaarten) dan door de mogelijke winsten en verliezen bij het omdraaien
van kaarten. Daarnaast vonden we dat kinderen met risicomijdend of risicozoekend
gedrag meer gedragsproblemen hebben dan kinderen die gemiddeld risicogedrag ver-
tonen.

Hoofdstuk 3 bevat een toepassing van de CMM die de relatie laat zien tussen
individuele ondernemersoriëntatie (IEO) en zowel besluitvorming in een risicovolle
situatie als in een onzekere situatie in een steekproef onder studenten. Met een
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kleine aanpassing van de CCT, namelijk het verhullen van het aantal verlieskaarten
in een ronde, kan zowel besluitvorming in een risicovolle situatie als in een onzekere
situatie worden gemeten. We vinden robuust bewijs dat IEO negatief gecorreleerd is
met besluitvorming in een risicovolle en in een onzekere situatie. Bovendien laat het
onderzoek zien dat het essentieel is om onderscheid te maken in de subschalen van IEO
om zo deze relatie beter te begrijpen. Individuen die aangeven meer risicozoekend te
zijn nemen inderdaad meer risico in de CCT, terwijl degenen die aangeven innovatief
of proactief te zijn juist meer risicomijdend gedrag vertonen. De resultaten voor beide
varianten van de CCT (dat is de variant waarbij het risico bekend is en de variant
waarbij het risico onzeker is) zijn vergelijkbaar, maar we vinden kleinere effecten van
IEO en de subschalen in de variant waarbij het risico onzeker is.

In deel II van dit proefschrift richt ik mij op het voorspellen van cognitie met
behulp van bepaalde hersenstructuren. Cognitie is een van de belangrijkste functies
van de hersenen en veel studies hebben relaties aangetoond tussen intellect en neu-
rologische kenmerken, zoals hersenstructuren. De relatie tussen hersenstructuren en
neuropsychologische testen, zoals een IQ test, op populatieniveau kan inzicht ver-
schaffen in de standaard hersenontwikkeling. Wanneer die standaard is vastgesteld,
kunnen we atypische hersenontwikkeling die verband houdt met een verminderd cog-
nitief vermogen onderzoeken.

Voor Hoofdstuk 4 had ik de beschikking over een uitzonderlijk grote dataset.
De hersenstructuren van meer dan 9000 negenjarige kinderen zijn vastgelegd mid-
dels MRI (magnetic resonance imaging) scans. Daarnaast is bij deze kinderen een
non-verbale IQ-test afgenomen. Mijn hypothese was dat de voorspellingen verbe-
terd konden worden door het gebruik van moderne multivariate technieken, in het
bijzonder machine learning technieken. In dit hoofdstuk worden twee machine learn-
ing technieken, namelijk adaptive lasso en better subset regression, vergeleken met
de univariate vertex-wise methode en een multivariate regressie op geaggregeerde
regions of interest (ROIs). Zoals verwacht vinden we dat de multivariate methoden
meer variantie verklaren in de uitkomstvariabele, non-verbaal IQ, dan de univari-
ate methode. Bovendien presteert adaptive lasso beter dan de multivariate regressie
op ROIs, wat de toegevoegde waarde van multivariate machine learning technieken
benadrukt.

In het kort gaat dit proefschrift over gedrag en capaciteiten en de onderzoeken
hiernaar in dit snel veranderende veld. Datasets groeien snel in omvang, wat het
gebruik van moderne, complexere en flexibelere statistische modellen mogelijk maakt.
Ik bekijk twee voorbeelden van moderne statistische methoden die worden gebruikt op
het gebied van gedrags- en gezondheidswetenschappen. In het eerste deel ontwikkel
ik het Censored Mixture Model (CMM) om risicogedrag te analyseren en toon ik twee
toepassingen met het CMM. In het tweede deel laat ik de toegevoegde waarde zien van
multivariate machine learning technieken als voorspellingsmethoden voor het voor-
spellen van cognitieve vaardigheden op basis van hersenstructuren. Door de grotere
steekproeven en het gebruik van geavanceerde statistische methoden kunnen be-
trouwbaardere conclusies worden getrokken en nauwkeurigere voorspellingen worden
gedaan.
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Statistical Modeling Approaches for 
Behavioral and Medical Sciences

NIENKE DIJKSTRA
Behavior and abilities are arguably the most fundamental concepts in life. Hence, these concepts and their 
causes and consequences, are studied in many disciplines, such as economics, psychology, sociology, 
and health sciences. The research of behaviors and abilities is quickly changing: data sets are rapidly 
growing in size, both in terms of observations and variables. The increase in the sample size of studies, 
repeated measurements and complex multi-level designs necessitates the use of modern – often more 
complex and fl exible – statistical methods. This thesis employs modern statistical models in the fi eld of 
fundamental economic behavior and medical sciences with the aim to generate more reliable inferences 
and more accurate predictions than would have been the case with established methods. In the present 
thesis I will give two examples. In the fi rst part of the thesis, I develop the Censored Mixture Model (CMM) 
to analyze risk behavior and show two applications. In the second part, I compare two machine learning 
approaches with various simpler commonly used baseline approaches in their performance to predict 
cognitive ability using brain morphology.
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