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7. Conclusions & general discussion 
 
7.1 Introduction 

The overarching aim of this thesis was to study latent decision-
making constructs in a computational modeling framework taking into 
account individual differences. The thesis is split into two parts. Part I 
focused on the development and application of a novel method to identify 
the nature of individual differences in latent constructs as being either 
quantitative or qualitative. Part II focused on the study of qualitative 
individual differences in latent decision-making constructs – that is, 
decision strategies – in a variety of contexts. 
 
7.2 Part I: Identifying the nature of individual decision-making 
differences 

Latent constructs cannot be directly observed and must therefore 
be inferred through their relationships with related observable variables 
(Bollen, 2002; Borsboom, 2008; Borsboom et al., 2003; Cavanagh et al., 
2014; Dekkers et al., 2020; Jansen et al., 2012; Lovreglio et al., 2015). 
Whether a latent variable is quantitative (i.e., continuous) or qualitative 
(i.e., categorical) in nature impacts how its relationships with observed 
variables ought to be modeled (Kline, 2015; Muthén & Muthén, 2017; 
Wilson & Collins, 2019), with incorrect modeling providing a distorted, if 
not entirely meaningless, view of the constructs of interest and the 
relationships between them.  

Chapter 2 proposed a novel SEM-based method to determine the 
nature of latent variables, which represent underlying sources of individual 
differences, in combined behavioral and fMRI datasets. It involves the 
Multiple Indicators Multiple Causes (MIMIC) model, specifically one 
wherein the latent variable predicts and is predicted by two separate sets of 
observed variables called “effect indicators” and “cause indicators”, 
respectively. The effect indicators are behavioral data (e.g., item responses, 
task sum scores), the cause indicators are the fMRI data (e.g., mean activity 
per ROI). Two MIMIC models are applied to the data, one wherein the 
latent variable is quantitative and one wherein it is qualitative. The model 
best fitting the data contains the latent variable best representing individual 
differences in the data. 
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Simulations showed this approach to have good power in detecting 
the true nature of latent individual differences. This power decreased at 
smaller samples sizes, specifically when many variables predicted the latent 
variable and few variables were predicted by it. Also, parameter estimation 
was accurate, allowing for conceptual interpretation of the latent variable 
and its relation to brain activity. Application to data from two existing 
decision making studies produced similar findings as those originally 
reported, both in the type of latent variable and its interpretation – verifying 
these findings. We conclude the MIMIC model approach an advisable 
method to empirically determine, rather than assume, the nature of 
individual differences in combined behavioral and fMRI datasets. 

Using behavioral data as effect indicators and neural data as cause 
indicators has been applied previously when studying intelligence, 
propositioning that behavioral variables measure the latent construct while 
neural variables supervene it (Kievit et al., 2011, 2012; Ritchie et al., 2015). 
This modeling structure agrees with the unique strengths of each data type, 
that is, behavioral data lending psychologically meaningful interpretation 
to the latent decision construct, while neural data relates the construct to the 
biological system wherein it exists (Turner et al., 2013). 

In Chapter 3 the aforementioned MIMIC model approach is applied 
to exclusively behavioral data. Effect indicators were item responses to a 
monetary decision making task involving gambles, cause indicators were 
age, sex, math performance, and neuroticism. Of interest was what 
construct underlay individual decision making differences in the data, that 
is, whether these were quantitative or qualitative, expecting the latent 
construct to change with age. In 9-18 year-olds, individual differences in 
decision making were best explained by the quantitative variable 
‘consideration of gains’ – both when decisions were made in a choice and 
a judgement format. Only in the judgement format was consideration of 
gains predicted by age, with older participants showing a reduced 
consideration of gains. These findings suggest that individual differences 
in monetary gambling decisions in older children and adolescents relate to 
the consideration of gains. 
 
7.2.1. Implications for future studies 

These findings have several implications for future studies. First, 
researchers regularly assume to know the nature of individual differences 
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in their datasets based on existing theory and/or previous empirical 
findings, but without empirical verification (for examples, see: Betsch et 
al., 2018; Harbaugh et al., 2002; Jansen et al., 2012; Kievit 2011, 2012; 
Paulsen et al., 2011; Van Duijvenvoorde et al., 2016; Wolf et al., 2013). 
However, the latent variable of interest may be distributed differently than 
in previous studies, and thus may be best represented by a variable of a 
different nature. This may be the case because, although everyone uses the 
same decision strategy (i.e., in the absence of qualitative individual 
differences), the parameters governing this strategy are bimodal in nature. 
For example, while loss aversion is generally thought to be a quantitative 
construct (Tom, Fox, Trepel, & Poldrack, 2007; Trepel et al., 2005), a 
sample containing only individuals extremely high or extremely low on it 
may be better represented by a latent variable of a qualitative 2-category 
format than by one quantitative latent variable. Another reason to test rather 
than to assume is, simply put, that a different latent construct, of a different 
nature than expected (i.e., qualitative instead of quantitative, or vice versa) 
may underlie individual decision-making differences. For example, one 
may expect loss aversion to explain individual differences in a certain 
dataset, while these are actually best explained by differences in decision 
strategies. When the data are modelled correctly, parameters can provide 
conceptual interpretation of a latent construct. However, when the model 
structure (as directed by the nature of the latent variable) poorly reflects the 
data, parameters become difficult to interpret, and one may end up drawing 
conclusions from a misrepresentation of reality. For example, the empirical 
data discussed in Chapter 2.4, when mismodeled with a quantitative instead 
of qualitative latent variable (results not provided in manuscript), produced 
no significant relationships to either the behavioral or fMRI data – perhaps 
(mis-)leading towards the conclusion that the inaccurately modelled latent 
construct of interest does not underlie individual differences in the data. 

Second, the approach is straightforward in its logic and relatively 
easy in application, with the suggested Mplus software requiring only basic 
programming skills and familiarity with SEM. Additionally, the method is 
flexible in that both item responses and total scores on tasks or 
questionnaires, behavioral and/or fMRI data can be included as variables. 
Relatedly, we argue that cause indicators may be behavioral as well as 
neuroimaging data, provided that these data are adequately predictive of 
individual differences in the latent construct of interest.  
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Third, the power of the MIMIC model approach being dependent 
on sample size and the number of observed variables, as seen in Chapter 2, 
aligns with previous SEM research (Kline, 2015; Nylund-Gibson & Choi, 
2018; Nylund-Gibson & Masyn, 2016; Wurpts & Geiser, 2014). 
Specifically, the observation that, at small sample sizes, the power 
decreases along with the number of effect indicators (i.e., behavioral 
variables) can be explained by there being too little information to properly 
measure the latent construct of interest. However, including more indicators 
may likewise reduce model performance as this introduces more parameters 
to be estimated (Kline, 2015; Koran, 2020). A general advice, applicable 
especially with small sample sizes, is to include only relevant, high quality 
observed variables – that is, variables strongly related to, and representing 
different aspects of the latent construct (Koran, 2020; Wurpts & Geiser, 
2014). While this can be achieved through critical thought and evaluation, 
a regularization approach may also be adopted to select only relevant cause 
variables (Jacobucci et al., 2016; Jacobucci et al., 2018). 

Fourth, relevant extensions of the approach include a factor mixture 
version, that is, a model that allows for simultaneous quantitative and 
qualitative individual differences (Clark et al., 2013; Lubke & Muthén, 
2005; 2007). A more empirical expansion would be to investigate whether 
the approach is suitable for other types of neural data, such as EEG – which 
has increased temporal resolution compared to fMRI measures, and has 
shown to improve description and prediction when added to behavioral and 
fMRI datasets in computational models (Rodriguez et al., 2015). 

Fifth and finally, it would be useful to examine the method’s power 
in scenarios wherein multiple latent variables underlie the data, and in 
relation to different kinds of latent variable distributions. That is, while the 
method was shown capable of identifying when the number of latent 
variables in a dataset exceeded one, the power to identify the nature of 
multiple latent variables and estimate their relationship to observed 
variables was not tested. This likely requires larger sample sizes than 
reported sufficient in Chapter 2, as the number of free parameters increases 
with each latent variable (Kline, 2015; Koran, 2020; but see Westland, 
2010). Factors such as the correlations between latent variables may affect 
the power (Tanaka, 1978; Westland, 2010). Also relevant to assess is how 
the power and parameter estimation of the method are affected by the 
variance of a single latent variable. For example, the power to correctly 
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identify a qualitative variable may be reduced by increased within-group 
variance (i.e., wide-spread individual differences within latent groups) or 
decreased between-group variance (i.e., small differences between latent 
groups), and latent groups containing only a few participants (Nylund et al., 
2007). Efficient could be to investigate this in combination with the earlier 
proposed factor mixture extension. The method’s performance in these 
scenario is relevant for application of the method to a wider variety of 
datasets. 

  
7.3 Part II: The study of decision-making strategies 

Decision strategies are qualitatively distinct information processing 
methods that enable decision making (Jansen et al., 2012; Payne, 1976; 
Payne et al., 1995). More complex strategies (i.e., strategies utilizing more 
pieces of information, which apply a larger number of mental operations, 
or more complicated mental operations) tend to result in more rational, and 
thus more optimal decision making (Van Duijvenvoorde et al., 2016). 
However, this rationality comes at the cost of increased cognitive effort 
and/or a lengthier decision process (Johnson & Payne, 1985). Individual 
differences in decision strategies may explain why different individuals, 
when faced with identical decision problems, exhibit different decision 
behavior (Betsch et al., 2018; Dekkers et al., 2020; Jansen, van 
Duijvenvoorde, & Huizenga, 2012; Molleman et al., 2020; Payne et al., 
1992; Van Duijvenvoorde et al., 2016). Strategy use, in turn, may depend 
on personal characteristics (Dekkers et al., 2020; Mata, Schooler, & 
Rieskamp, 2007) as well as external factors, such as the source of decision-
relevant information (Molleman et al., 2019; Molleman et al., 2020). 

Chapter 4 involved the study of individual differences and age 
effects in strategies of utilizing information acquired individually (i.e., 
internal information) and information provided by others (i.e., external 
information) in perceptual decision making. The four proposed strategies 
involved: 1) relying solely on internal information, 2) relying solely on 
external information, 3) considering internal and external information 
sequentially, and 4) integrating internal and external information. 
Individual differences in strategy use were observed, with the majority of 
people using a strategy relying either solely on internal information or 
integrating internal and external information – though some sequential 
consideration was also observed. The observed age-related change in 
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decision behavior (i.e., an increase in decision accuracy) could not be 
attributed to age-related strategy changes, but rather to age-related 
improvements in decision making based on internal information. 

Chapter 5 pertained to the study of individual differences in 
decision strategies, specifically whether Attention-Deficit/Hyperactivity 
Disorder (ADHD) symptoms predicted the use of less complex strategies 
as mediated by a reduced need for cognition (i.e., a tendency towards, and 
enjoyment of analytical thought). Individual differences in strategy use 
were observed, but strategy use was unrelated to ADHD symptoms and 
need for cognition. It may be the case, however, that in a population with a 
wider variance in need for cognition the expected relationship between 
ADHD symptoms and reduced decision strategy complexity (Dekkers et 
al., 2020) may still exist. Interestingly, we did observe that need for 
cognition was associated with more accurate as well as slower decision 
behavior, suggesting that individuals high in need for cognition adopted 
simple strategies and only used complex strategies when these were 
required to make  optimal decisions – the use of complex strategies only 
when needed potentially reducing complexity-related errors (i.e., 
miscalculations in complex mental operations) while the process of 
selecting the least complex strategy necessary lengthens decision time 
(Mata et al., 2007, 2011; Payne et al., 1988). 

The above describes a situation wherein decision strategies perform 
a complementary function, that is, individual differences in strategy use aim 
to explain individual differences in decision behavior. An alternative is that 
strategies compete to explain individual differences in decision behavior. 
That is, each strategy describes a distinct mechanism through which 
available information is utilized to reach decisions, with variability in 
parameters of each strategy – which denote subjective weights assigned to 
the information used – explaining individual differences in decision making 
(Cassotti et al., 2012; Kühberger, 1998; Powell et al., 2019; Reyna & Ellis, 
1994; Tversky & Kahneman, 1981). 

Chapter 6 pertained to the study of individual differences in the 
framing effect (i.e., a tendency to choose more sure and risky when choices 
are framed focusing on gains and losses, respectively). We tested whether 
these individual differences could be best described by one, or a 
combination of four theories. We considered Cumulative Prospect Theory 
(CPT), Lexicographic Theory (LT), Fuzzy Trace Theory (FTT), and Dual 
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Processing Theory (DPT). The aim was to replicate findings by Huizenga 
et al. (under revision) that a combination of CPT- and LT-based strategies 
explained individual differences in choice behavior best. Using a Bayesian 
hierarchical mixture analysis in two studies, one large scale behavioral 
study and one fMRI study, a combination of CPT- and LT-based strategies 
were found to best explain the majority of individuals’ decision behavior, 
thus replicating earlier findings. In the fMRI study we also investigated 
whether individual differences in framing effects were associated with 
activity in the amygdala, anterior cingulate cortex, and orbitofrontal cortex, 
which proved not to be not the case. 
 
7.3.1 Implications for future studies 

Despite concerning different cognitive mechanisms from distinct fields 
of decision making, individual differences in the decision strategy use were 
observed in all three studies. This indicates that assigning a single strategy 
to entire subgroups of people, based on either demographics or behavior, 
would have provided an unrealistically uniform account of strategy use, 
underlining the importance of computational models that take these into 
account. A critical question pertains to the interpretation thereof in Chapter 
6, as – contrary to Chapters 4 and 5 – the different strategies in Chapter 6 
are based on theories generally considered in competition to explain 
decision behavior (Chang et al., 2002; Yao et al., 2018), rather performing 
a complementary function (Mata, von Helversen, & Rieskamp, 2010; Mata 
et al., 2011; Molleman et al., 2020). One interpretation is that both CPT- 
and LT-based mechanisms underlie decision behavior in some but not all 
individuals. Another interpretation is that the computational models related 
to CPT and LT are so complex, especially compared to models of other 
theories considered (i.e., FTT and DPT), that their heightened flexibility in 
approximating a wide variety of behavioral patterns hinders their 
distinction based on behavioral data alone. 

In this vein, a useful expansion to the Bayesian hierarchical mixture 
analyses, as used throughout part II of this thesis, is to allow strategy 
assignment not only to predict, but also be predicted by data. In a similar 
manner to predictors of the MIMIC model, either behavioral or 
neuroimaging predictors may improve the assignment of individuals to 
strategies, especially when multiple strategies make similar behavioral 
predictions (Forstmann et al., 2011; Turner et al., 2013). Additionally, by 
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estimating the relationship between predictors and strategies 
simultaneously with the relationship between strategies and decision task 
responses, the former will likely improve as well (Forstmann et al., 2011; 
Turner et al., 2016; Turner, Wang, & Merkle, 2017).  

Note that the Bayesian hierarchical mixture analysis described in 
Chapter 5 deviates from the methods described in Chapters 4 and 6. All 
three assign per individual whichever strategy most likely underlay their 
behavioral response pattern. However, in Chapter 5 each strategy is defined 
by one prespecified response pattern (Steingroever et al., 2019), whereas 
the strategies in Chapters 4 and 6 are defined by to-be estimated parameters, 
thus allowing for (slight) variability between individuals utilizing the same 
strategy (Lee & Wagenmakers, 2013). In other words, the latter allows to 
test for differences in strategy use (i.e., qualitative individual differences) 
as well as differences in strategy-related parameters (i.e., quantitative 
individual differences). This proved particularly useful in Chapter 4, 
wherein qualitative strategy differences underlay individual differences in 
strategy use, whereas quantitative within-strategy parameter differences 
could explain age-related changes in decision behavior. This approach may 
thus be compared to the proposed factor mixture version of the MIMIC 
model – a notable difference being that in Bayesian hierarchical mixture 
analyses the mechanisms underlying behavior are explicitly specified, 
which is not the case in the MIMIC model approach. 

A challenge to the mixture analysis of Chapter 4, specifically, stems 
from several of the strategy models being nested in one another (i.e., as 
certain parameters describing within-strategy individual differences 
approach zero, one model is reduced to another). To prevent this, the range 
of such parameters can be constrained, but such a range can be difficult to 
determine without theory or prior research for reference (Vanpaemel & Lee, 
2012). Too loose constraints may result in poor distinction between 
strategies, while too strict constraints may impose unrealistically 
pronounced effects. Future research may invest testing different constraints 
in a simulation study, using previous research in the field for reference of 
data characteristics, to fine-tune the current approach. 

While the direct aim of only Chapter 6, all studies in this thesis 
underline the usefulness of replication. Chapters 2 and 6 replicated findings 
of earlier research using either a new method or sample, strengthening 
confidence in future studies of the observed cognitive and/or neural 
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mechanisms. Chapters 4 and 5 did not replicate findings from either earlier 
research or its own initial sample, thus lending nuance to previously 
observed relationships or revealing different relationships than expected 
altogether. The latter attest to replication not necessarily rendering 
unreplicated findings irrelevant or uninformative, but rather providing a 
more in-depth understanding of the constructs and relationships of interest 
(Earp & Trafimow, 2015).  

A limitation of all studies in this thesis is that these only focused on 
between-individual, and not within-individual differences in decision 
strategy use. The relevance of this becomes apparent from the findings of 
Chapter 5. Here, strategy switching within individuals was offered as an 
explanation for more accurate and slower decision making in individuals 
higher in need for cognition, which could not be explained by use of more 
complex strategies. This was entirely speculative, however, as the method 
used was not adept to identifying such within-individual differences – the 
possible presence of which could only be deduced from response accuracy 
and time. This also brings into focus the value of checking if strategies 
relate to response times and accuracy in the way one would expect. 

Given the repeated observation of individual differences in strategy 
use, a logical next step would be to investigate what underlies these 
differences. Here both between- and within-individual factors may apply. 
For example, in relation to the strategies examined in Chapter 4, the use of 
strategies that incorporate external information may relate to between-
individual differences in affinity with the type of decision making (i.e., on 
an auditory decision task, individuals with a musical background may use 
a different strategy than individuals who do not) or to within-individual 
differences such as mindset (i.e., an individual may use a different strategy 
before and after they have been alerted to the advantages of seeking aid in 
tough situations). Related to the latter, it may be valuable to investigate if 
certain interventions can induce more optimal strategy use. For example, 
ADHD has previously been associated with the use of suboptimal (i.e., 
more simplistic) strategy use (Dekkers et al., 2020), which was then linked 
to increased risk taking. Interventions may thus focus on the encouragement 
of using more complex decision making strategies in real life. Whether it is 
the aim to investigate individual differences, however, the current thesis 
underlines the importance of checking for individual differences in latent 
decision-making constructs, rather than assuming that these are not there.




