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Abstract 
Background: We often make judgments that require the consideration of 
several sources of information. For example, a teacher that grades a student´s 
exam question often integrates multiple sources of information (cues: details 
provided in the answer) into a single criterion dimension (the grade). This is an 
example of a multiple-cue judgment: a continuous estimate based on multiple 
cues. One common idea in the literature is that people often utilize different 
memory representations during this kind of judgment process. People sometimes 
rely on rules, where they weigh the impact of different cues together in an additive 
linear way. At other times, people focus on the similarity between a probe and 
their experience of previous similar cases.  It has been proposed that similarity is 
an important organizing principle by which people make judgments, and that 
similarity always influence the judgment process to some degree. Behavioral 
methods with cognitive modelling (fitting cognitive models of rule-based and 
similarity-based processes to behavioral judgment data) have been used to test 
when people engage in either process, based on the classification of the better 
model fit. The brain networks that support human multiple-cue judgment could 
provide some answers to the role of similarity-based processes, but the existing 
knowledge on this topic is limited.  Here, I combined functional magnetic 
resonance imaging (fMRI), cognitive modelling and experimental methods to 
extend previous behavioral research, and I focused on the nature of similarity in 
human multiple-cue judgment. I explored how the two types of memory 
representations are represented in the brain, if rule-based and similarity-based 
processes are exclusively engaged or operate as an interplay during the judgment 
process, and tested if similarity-based processes are the default process in rule-
based judgment.  
 
Results: Study I investigated how the relationship between rule-based and 
similarity-based processes should be understood. The results revealed that a 
similarity-based process in the precuneus is shared between the two conditions: 
a key brain region for similarity-based processes is thus critical for human 
judgment. Study II further explored the precuneus role in similarity-based 
judgment learning, and demonstrated that the precuneus contribute to a 
mnemonic process related to storing and retrieving memory representations that 
are used for similarity comparison. Study III tested the influence of similarity-
based processes in rule-based judgment when a learned rule could not be applied, 
and results suggested that similarity-based processes influenced rule-based 
behavior. 
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Conclusions: These findings converge to the idea that similarity-based 
processes are critical for human multiple-cue judgment. Specifically, a similarity-
based process in the precuneus, presumably involved in storage and retrieval of 
memory representations that are used for similarity comparison, stands out as a 
novel contribution to the neuroscience of human multiple-cue judgment. 
 
Keywords: multiple-cue judgment, similarity-based, rule-based, exemplar-based 
model, fMRI, cognitive modelling 
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Glossary of Key Concepts 
 
Exemplar-based memory The similarity between an external object and 

stored exemplars in long-term memory (i.e. 
memory representations) is considered to make a 
similarity-based judgment (c.f. Medin & Shaffer, 
1978).  

 
Cue-abstraction A linear rule, where weighted pieces of evidence 

from object features (cues) are combined in an 
additive linear way, to produce a rule-based 
judgment (e.g., Juslin et al., 2003).  

 
Episodic memory A memory of particular events and information 

(times, places, contextual) that can be consciously 
retrieved (Tulving, 1972).  

 
Working memory Maintaining information in memory for brief 

period of time while actively manipulating the 
content of this information (e.g., Baddeley, 2000). 

 
Cognitive modelling A method that approximate human behavior based 

on assumptions detailed in cognitive models. 
Model predictions are compared to human 
behavior to infer which model that best describes 
the observed data. 

    
fMRI  A method used to get an indirect measure of brain 

activity that rests on the assumption that neural 
activity and blood flow is coupled. fMRI can be used 
to detect brain regions that are more active during 
for example a cognitive task, based on changes in 
cerebral blood flow (e.g., Huettel et al., 2009). 

 
 



 

ix 
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EBM exemplar-based model 
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MTL medial temporal lobe 
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fMRI functional magnetic resonance imaging 
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BOLD blood oxygen level dependent (signal) 
 
SPM statistical parametric mapping 
 
GLM general linear model 
 
rTMS repetitive transcranial magnetic stimulation
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Introduction 
In everyday life, we repeatedly make judgments by the consideration of several 
sources of information. Some judgments are small, such as determining how 
much milk to put in your morning coffee; other judgments are life changing. 
Judgments such as weighing the pros and cons of changing career in the midst of 
life, or deciding whether or not to buy a house can affect you long after the 
judgment has been made. The accuracy of physicians’ diagnoses can determine 
whether someone lives or dies, and the grades teachers set based on a student’s 
performance might influence whether the student is able to apply to studies in 
higher education. From mundane to complex, our judgments influence our lives 
in many ways. With this in mind, understanding the underlying how’s and why’s 
of human judgment cannot be overstated. This thesis will deal with the cognitive 
underpinnings of human judgment. 

People often integrate information across several cues (i.e., unique values on 
separate dimensions) into an estimate on a single criterion dimension, otherwise 
known as multiple-cue judgments. One pervasive idea in this field is that people 
rely on different memory representations to solve the same type of judgment task. 
These can be broadly divided into two classes of strategies; First, we often engage 
in analytical processes where information is combined based on a rule of some 
sort. For example, when a teacher grades a student’s exam, this process often 
combines several aspects of an answer to estimate whether the student’s exam 
response fulfill the requirements of a specific grade; this is an example of a rule-
based process. Second, associations to previous, similar cases often seem to 
influence us. For example, the teacher’s memory of giving a certain grade to the 
same exam question might influence the teacher’s grading practices as well; this 
is an example of a similarity-based process. Similarity serves as an important 
organizing principle which people classify objects, and it has even been proposed 
that similarity-based processes also influence rule-based judgment. 

There are some controversies related to the envision of the ways in which the 
two types of memory representations could be utilized during the judgment 
process. Some researchers would argue that only one process is selected and 
engaged during the course of a judgment. Others assume that both processes can 
be combined, and it has even been proposed that similarity-based processes are 
always engaged in a rule-based judgment. Most of what is known about this topic 
has been derived from behavioral experimental methods, but information that 
can be obtained from the observation of brain function remains largely unknown. 
Previous research has focused on cognitive modelling, where detailed cognitive 
models of rule-based and similarity-based processes have been fitted to 
participants judgment data, and the better model fit has been used for the 
classification of behavior. Moreover, the brain activity related to rule-based and 
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similarity-based processes have been studied in related fields, but most 
investigations have focused on the relative difference between them, based on the 
logic of contrasting conditions. These designs provide information on how rule-
based and similarity-based processes differ in terms of their underlying 
functionality, but are at risk to fail the detection of any cognitive process that is 
shared between them. For example, if similarity-based processes are engaged also 
in rule-based judgment, brain regions related to the important cognitive 
processes could fail detection altogether. 

In this thesis, I have relied on a combination of brain imaging, behavioral 
methods, and cognitive modelling to find answers to the role of similarity-based 
processes in human multiple-cue judgment. Functional magnetic resonance 
imaging (fMRI) is used to study brain activity related to the two types of 
representations, as it provides an indirect measure of active neurons based on 
changes in blood flow, while individuals perform a judgment task. Cognitive 
modelling is used to classify human behavior and to connect fMRI data to specific 
brain regions. Study I focuses on the task-related overlap between rule-based and 
similarity-based processes, and the link between model fit and fMRI data, in 
order to confirm the relationship between the two processes. Study II assesses the 
brain regions involved in similarity-based judgment learning and places a specific 
emphasis on the cognitive component processes associated with episodic 
memory. Study III explores the extent to which similarity-based processes are 
engaged by default processes in rule-based judgment. As will be shown, the 
results provide novel evidence supporting a key role for similarity-based 
processes in human multiple-cue judgment. 
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Background 
The topic of this thesis has its origins in two research fields: one concerns the 
psychology of judgment, decision making and categorization, which is where the 
ideas pertaining to multiple representations for judgment initially originated. The 
other concerns decision neuroscience, which focuses on the link between brain 
and behavior, as based on the theories and models outlined in cognitive 
psychology. Thus, I begin with a brief overview of research on the psychology of 
judgment, decision making and categorization, where the concepts and 
frameworks that are important in the comprehension of this thesis are outlined. 
Thereafter, I move on to providing an overview of the field of decision 
neuroscience. Although a lot is known about the lower sensory levels (e.g., at the 
cellular mechanisms) of decision making, in this thesis, I focus on research 
related to complex human judgment and decision making, covering phenomena 
that can be observed with non-invasive neuroimaging techniques such as fMRI. 
Finally, I present the overreaching issues that are tested in this thesis.  

It is important to note that although we often seem to conflate the terms 
‘judgment’ and ‘decision making’ in the way we speak about them, these two 
concepts differ. While a judgment is an evaluation or estimate, a decision is the 
intention to pursue a specific course of action (Hardman, 2009). Moreover, the 
empirical research on judgment and decision making are to a great extent diverse, 
owning to differences between the tasks that have been used, and the stimuli 
material that has been applied. Common across more or less all studies is that 
they aim to highlight different subcomponents that underlie judgment and 
decision making. Both judgment and decision making involves the synthesis of 
several cognitive processes: multimodal sensory input, automatic and emotional 
influences, learning, associating, and integrating information into an action or 
estimate. We are also required to be flexible and adaptive in relation to the 
environment from which information is extracted, and to use suitable memory 
representations for a given situation. There is thus reason to expect that judgment 
and decision making could share important cognitive components. Some topics 
that are included in this thesis are not directly related to multiple-cue judgment 
per se, but I have nervtheless addressed them to outline a comprehensive 
overview of the different subcomponents that are involved in judgment and 
decision making.  

I also take the opportunity to introduce some key concepts that are 
important for the comprehension of this thesis; executive functions and working 
memory, and long-term memory. As will become clear throughout the sections of 
this thesis, rule-based processes have often been associated with executive 
functions and working memory, whereas similarity-based processes instead have 
been linked to long-term memory. 
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Executive functions and working memory 
Executive functions are not comprised of one single process; rather, they involve 
a family of top–down-regulated processes that ensure flexibility of higher-order 
cognitive functions in humans to orchestrate complex mental operations and 
actions (Miller & Cohen, 2001). These can be decomposed into three main 
components (Miyake et al., 2000; Diamond, 2013): selecting and executing an 
appropriate response and interference control, including controlled attention and 
inhibition of automatic and inappropriate responses; cognitive flexibility, such as 
shifting between an automatic response to a controlled response, or between two 
cognitive tasks; and working memory updating, such as updating a strategy in 
response to changing information from the environment. The prefrontal cortex 
(PFC), which is intrinsically connected to other distant cortical and subcortical 
regions of the brain, plays a pivotal role in executive functions (Cabeza & Nyberg, 
2000; Purves et al., 2008). 

Working memory is an important component, as it is involved in our ability 
to reason, make decisions, and perform goal-directed tasks. It is used to keep 
information in mind while actively working with it. For example, working 
memory is involved when we keep a shopping list in mind while writing it down, 
or plan a future decision. Each of these tasks requires that the information is held 
in memory for a short period of time while mentally working with it (Baddeley & 
Hitch, 1974; Baddeley, 2000; Wager & Smith, 2003; Conway, Kane & Engle, 
2003). Working memory taps into key components related to executive functions, 
and has even been proposed to be a core executive function (Diamond, 2013). 
Moreover, there is a well-established role for the PFC in working memory (e.g., 
Cabeza & Nyberg, 2000; D’Esposito & Postle, 2015; Eriksson et al., 2015; Wager 
& Smith, 2003). Recent models propose that working memory emerges from the 
interaction between perceptual information and long-term memory 
representations, and basic processes, such as attention. Loops between PFC, 
posterior cortical areas, and subcortical areas become engaged in working 
memory tasks (for an overview see e.g., Eriksson, Vogel, Lanser, Bergström & 
Nyberg., 2015). 

Long-term memory 
Long-term memory encompasses several subcomponents and involves different 
memory systems that enable learning and memory functions (Cabeza & Nyberg, 
2000; Squire, 2004). One distinction is made between short-term memory and 
long-term memory (Tulving, 1972). Long-term memory is separated into 
different processes and subcomponents. Implicit memories are not consciously 
available for retrieval, nor can they be verbalized. The basal ganglia is known to 
be a key brain region in implicit learning and memory (Squire, 2004). Declarative 
memory distinguishes between semantic and episodic memory. Semantic 
memory is for example the memory of the capital city in France. An episodic 
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memory is instead related to time, place, and contextual details, for example the 
memory of where you spent your holiday last summer.  The content of semantic 
and episodic memories is consciously available for recollection, and information 
retrieved form memory can be used for problem solving and new inferences 
(Tulving, 1972). Declarative long-term memory involves three different stages of 
processing, which consists of encoding, storage, and retrieval (see Purves et al., 
2008).  

Episodic and semantic memory engages widely distributed, interconnected 
networks of cortical and subcortical brain regions that support different aspects 
of learning and retrieval (Cabeza & Nyberg, 2000; Binder et al., 2009; Spaniol et 
al., 2009; Rugg & Vilberg, 2013). The hippocampus, located in the medial 
temporal lobes (MTL), is key for declarative learning, as well as for memory 
storage and retrieval (Tulving & Markowitsch, 1998; Eichenbaum, 2004; 
Eichenbaum, 2000). The parietal cortex and the PFC have been implicated in 
learning, as well as in the retrieval of long-term memories from the hippocampus 
(Brodt, 2016; Binder & Desai, 2011; Cabeza & Nyberg, 2000; Kaboodvand et al., 
2018; Spaniol, 2009).  

Psychology of Judgment, Decision Making and Categorization 
The scientific study of judgment and decision making emerged in the middle of 
the 20th century. One topic that attracted attention early on was the nature of 
human rationality. Economic theory focused on the idea of “the economic man”, 
where humans were expected to optimize choice by evaluating all aspects of 
information to maximize utility. The expected utility offered a framework where 
it was possible to test if the choices people made were based on rationality (von 
Neumann & Morgenstern, 1947). Humans were thought to be rational, weighing 
the pros and cons of each option in order to maximize the prospective outcomes 
of a given choice (see e.g., Becker & McClintock, 1967). 

Simultaneously, as the development of the normative stance on human 
judgment and decision making was in progress, researchers began to report on 
the limitations in people’s judgment and decision-making abilities. It was argued 
that people only exhibited bounded rationality, and that they frequently relied on 
shortcuts and simple strategies to arrive at reasonable solutions to cope with the 
demands of the external environment (Simon, 1955; see Hardman, 2009 for an 
overview). The idea of mental short-cuts (heuristics) has since then evolved into 
two research programs. One concerns the systematic errors people make, or so-
called biases, that deviate from rules and logic within the heuristics and biases 
program (Tversky & Kahneman, 1974; Tversky & Kahneman, 1983). Tversky and 
Kahneman outlined that although humans sometimes do engage in rational 
thinking, similarity between an object and previous encounters serves as an 
organizing principle by which people classify and generalize between objects. 
They detailed a number of heuristics that rests on the principles of similarity. One 



 

6 

example is the representativeness heuristic (Tversky & Kahneman, 1974). The 
representativeness heuristic operates on the notion that if an event is similar to a 
category prototype, it is representative for that category. For example, the 
probability that a person is a teacher is determined by if this person is similar to 
(i.e. representative of) a “teacher stereotype”. The representativeness heuristic is 
often applied in situations when people are required to calculate the probability 
of an event, for example in decisions made under uncertainty. Thus, people 
determine how representative an event is, instead of the more cognitively 
demanding probability computation. The availability heuristic is another 
example. Tversky and Kahneman argued that if something can be recalled, it 
must be more important than other alternatives, and people tend to act on the 
alternative that is most available in memory. The availability heuristic is often 
used to answer questions about frequencies and probabilities (Tversky & 
Kahneman, 1974). One explanation as to why people rely on similarity-based 
heuristics is that they substitute a difficult problem with an easier one, a 
phenomenon that has been referred to as attribute substitution (see Kahneman 
& Frederick, 2002).  

The other focuses on the relationship between the human mind and the 
environment, where mental shortcuts can mimic or even outperform rational 
judgments (Gigerenzer, Todd & the ABC group, 1999; Gigerenzer & Gaissmaier, 
2011). Gigerenzer and colleagues proposed several different types of heuristics 
underlying probabilistic inferences, categorization, and estimation. These 
heuristics are fast and frugal, and they allow people to make accurate judgments 
and decisions without attending to all information. Drawing on the idea proposed 
in the adaptive decision maker framework (Payne et al., 1988; 1993), it has been 
proposed that people have access to a toolbox containing a multitude of memory-
based strategies that can be chosen in situations that require people to make 
judgments. According to this perspective, humans selectively choose the strategy 
that best meets the demands of a given situation (e.g., Gigerenzer et al., 1999). 

A historical overview of multiple-cue judgment 
Around the same time that the research program outlined above was first 
introduced, another research program was proposed by Egon Brunswick, who 
stipulated that human perception can be understood as the relationship between 
the distal cues present in the environment in which an organism was embedded, 
and a perceiving, cognitive organism. Brunswick proposed that humans cannot 
directly perceive objects from the environment; rather, they rely on the properties 
of an object and its interrelated cues, which represent its qualities (Brunswik & 
Herma, 1951; Brunswik 1956). Brunswick developed a model (the lens model; see 
Figure 1) to describe how concepts were involved in what he referred to as 
probabilistic functionalism.  
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Figure 1. An example of the lens model. The left side represents the probe to be 
judged, which contains information from the world. The right side is the 
judgment that is produced by the judge. A criterion is inferred based on cues 
extracted from the environment, and the criterion is associated with the probe to 
be judged. The judge assigns different weights to the cues, and these cues are 
integrated to produce a criterion. 
 
Hammond (1955; see Cooksey, 1996) has been credited for using the ideas of the 
lens model to study complex judgments, as he adopted probabilistic 
functionalism to model everyday judgments (otherwise known as social judgment 
theory). Hammond discovered that evaluating the quality of a job candidate 
based on that individual’s credentials can be modeled with the logic of linear 
regression. Applying linear regression analysis to a series of judgments makes it 
possible to outline how different cues influence a particular judgment. Since their 
introduction, statistical linear models have been successfully used to model 
judgment behavior (e.g., Einhorn, Einhorn & Kleinmuntz, 1979; see Brehmer, 
1994; see Cooksey, 1996; Hardman, 2009 for overviews). This research program 
serves as the foundation for the scientific study of human multiple-cue judgment. 
For example, a typical multiple-cue judgment task asks people to make an 
inference (i.e. a numerical estimate) based on integration of several sources of 
information (cues), extracted from the environment. 

Cognitive processes in multiple-cue judgment and categorization 
In the beginning of the 21st century, researchers began to broaden the focus of 
the cognitive basis for multiple-cue judgment (c.f. Juslin et al., 2003; Olsson et 
al., 2006; Juslin et al., 2008; Karlsson et al., 2007; Bröder et al., 2010). Cognitive 
modelling of judgment data served as a means through which to compare 
judgment outputs in relation to assumptions that arose from models that 
captured different types of cognitive processes in multiple-cue judgment. 
Researchers discovered that people rely on different cognitive processes that 
differ in terms of their representation and computation across identical judgment 
tasks (Bröder et al., 2010; Hoffmann et al., 2013; Juslin et al., 2003; Olsson et al., 
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2006; Karlsson et al., 2008). Some situations were aligned with the idea that 
cognitive processes that support cue-abstraction (i.e., a linear model) underlie 
judgment. Conversely, other situations were found to invite the use of similarity-
based strategies based on exemplar-based memory, where an association to 
previous similar judgment cases influenced the judgment process.  

Cue abstraction 
In cognitive terms, cue abstraction is the process of identifying the relationship 
between cue(s) and criterion extracted from the environment and is based on the 
concepts associated with linear models (e.g., Brehmer, 1994; Cooksey, 1996; 
Juslin et al., 2003; 2008). It has been proposed that cue-abstraction is a slow, 
computationally demanding process, and poses high demands on working 
memory (Juslin et al., 2008). The cue-abstraction model (CAM) is equivalent to 
a linear regression model. The assumptions are that people abstract the 
relationship between cue and criterion is stored as cue weights in memory which, 
at the time of judgment, are retrieved from memory and integrated in a linear, 
additive way, as captured by the following equation: 

     
C"#$% = 𝑘 +	∑ ω,∙ 	𝑐,		/

,01   (1) 
 
where the judgment C"#$% is a linear additive function of the cues 𝑐,. 𝑘 (the 
intercept), and ω, (the cue-weights) are free parameters (see Juslin et al., 2008).  
For example, Einhorn and colleagues (1979) described that a linear additive 
model is “a detailed model of a person’s cognitive rules by extracting such rules 
from verbal protocols and formalizing them in a computer algorithm” (Einhorn 
et al., 1979, p. 470).  

Although linear regression models have successfully described judgment 
output, one argument against them is that they provide limited information of the 
cognitive processes involved in how people reach a judgment. For example, do 
people really perform mental linear regression despite good fit of judgment data? 
The take-the-best-heuristic approach has, for example, been suggested to be an 
alternative process to linear rules (Gigerenzer & Goldstein, 1996; Goldstein & 
Gigerenzer, 2002). It has been demonstrated that when a person chooses 
between binary alternatives (for example, does Malmö or Uppsala have the larger 
population?), the cue with the greatest impact on the answer is often used for the 
final judgment. The model QuickEst implements the take-the-best-heuristic 
approach when examining a continuous criterion, and it has been found to 
sometimes outperform linear models (Hertwig et al., 1999). The mapping model 
is another model that aims to detail a heuristic rule-based strategy. It has been 
demonstrated that people sometimes adopt the mapping strategy in multiple-cue 
judgment, in which categories of estimated mean values are generated based on 
the number of positive cues presented on objects; these categories are then used 
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to infer a criterion for later judgment cases (von Helversen & Rieskamp, 2008; 
von Helversen & Rieskamp, 2009). 

It should be noted that research from related domains have identified that 
controlled processes that bare resemblance to cue-abstraction sometimes 
underlie the judgment process. For example, rule-based knowledge often serves 
as the basis of categorization (see section below on category learning). People 
learn how to abstract information based on one- or two-dimensional rules of 
object features that are included in a category, and this knowledge is applied 
during subsequent category judgments (for an overview see, e.g., Ashby & 
Maddox, 2005).  

Exemplar-based memory 
One of the most fundamental aspects of human cognition is the ability to identify 
relationships between objects based on their properties. Different theories have 
been proposed to explain the principles of similairty, and exemplar theory, that 
was originally proposed to explain concept learning in categorization, offers one 
perspective (see Medin & Shaffer, 1978; Nosofsky, 1984; 1986). Exemplar theory 
comes in many different varieties, but a general assumption is that when a person 
is required to make judgments based on the identification of an object’s 
properties, past similar exemplars (i.e. a cognitive representation of objects) and 
their respective criterion values will be retrieved from long-term memory. The 
estimation of the probe to be judged is based on these retrieved criterion values,  

Exemplar-based models are the mathematical formulation of exemplar 
theory, and one example is provided by the context model (c.f., Medin & Shaffer, 
1978; Nosofsky, 1984). The exemplar-based model (EBM) assumes that judgment 
is based on the similarity of an item to be judged and on any previously 
encountered, similar exemplars stored in memory. The numerical estimate C"34% 
is described by the equation 
 

�̂� = 	 ∑ 678 ∙97
∑ 678

	  (2) 
 
where N is the exemplar stored in memory, Sn is the similarity between the items 
to be judged and the exemplar n, and cn is the criterion value connected to 
exemplar n. The similarity rule from the original context model (Medin & Shaffer, 
1978) calculates the level of similarity between the probe to be judged and an 
exemplar in memory, 
      

𝑆(𝑛) = 	∏ 𝑑,/
,01   (3) 

 
where 𝑑, represents an index of 1 if cue values on cue dimension i match (i = 1, …, 
I) and the value is 𝑠, (four free parameters in the interval [0,1]), if not.  
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Figure 2. An illustrated example of a judgment process for a probe with four 
binary cues that is equivalent to the computation of an exemplar-based model. 
The probe 𝑝 is the item that is considered by the judge. Knowledge in exemplar 
memory corresponds to the exemplars available for retrieval (four in this 
example), and 𝑐 is the criterion of an exemplar 𝑥C. The Similarity 𝑠 represents the 
weighted similarity between the probe 𝑝 and an exemplar 𝑥C. The Judgment 
process is the calculation that is performed with the exemplar-based model, and 
the Judgment is the criterion of probe 𝑝 that is produced by the model. 
 

Exemplar-based models have been applied when studying many cognitive 
phenomena, including categorization (see Nosofsky & Johansen, 2000), memory 
(e.g., Hintzman, 1984), social judgments (Smith & Zárate, 1992), and decision 
making (Juslin & Persson, 2002; see also Nilsson, Olsson & Juslin, 2005). In the 
last decade, it has become clear that exemplar-based models capture similarity-
based processes in multiple-cue judgment (see, e.g., Juslin, Olsson & Olsson, 
2003; Juslin, Karlsson & Olsson, 2008; Karlsson, Juslin & Olsson, 2007; Bröder 
et al., 2010).  

It should be noted that there are other categorization models that share 
resemblance to exemplar-based models. One example is the stratified adaptive 
incremental network (SUSTAIN) model (Love, Medin & Gureckis, 2004). The 
SUSTAIN model assumes that similarity-based categorization is sub-served by 
exemplars stored as clusters in memory and that similar clusters are activated 
when making category judgments of items with similar attributes. Additionally, 
when a novel item is encountered, a new cluster is recruited, and the item is 
stored as a new node in memory that can later be engaged during a subsequent 
category judgment. 

Factors that promote strategy adherence in multiple-cue judgment 
Both rule-based and similarity-based processes are known to play viable roles in 
multiple-cue judgment. Previous behavioral studies have shown that the 
properties of a multiple-cue judgment task are determinants to how people 
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choose judgment strategies. People shift from similarity-based processes to rule-
based processes when the criterion is changed from a binary to a continuous 
variable (Juslin et al., 2003). Juslin and colleagues (2003) discussed that “with 
insufficient constraints, people have no choice but to rely on exemplar memory: 
When the feedback is informative enough, they exploit the possibility to infer 
explicit representations of cue–criterion relations” (Juslin et al., 2003, pp. 153). 
Similar effects have been observed when the task is based on a multiplicative 
function of the cues (Olsson et al., 2006; Karlsson et al., 2007), when changing 
cue representations during learning (Bröder et al., 2010; but see also Persson & 
Rieskamp, 2009), and when applying working memory load during rule-based 
learning (Hoffmann et al., 2013). The age of the judge has also been identified as 
a factor that promote strategy adherence (Mata, Karlsson & Cuepper, 2012; von 
Helversen, Mata & Olsson, 2010). For example, children have been found to rely 
more heavily on similarity-based strategies, whereas adults rather rely on rule-
based strategies, in multiple-cue judgment tasks (von Helversen et al., 2010). 
These results appear to be consistent with the body of research within the field of 
categorization, which demonstrates that rule-based and similarity-based 
processes are fostered by different cognitive processes, as people rely on different 
representations depending on the task content (Ashby et al., 1998; Logan, 1988; 
Erickson & Kruschke, 1998; Nosofsky, Palmieri & McKinley, 1994).  

The work by Juslin and colleagues led to the development of the Sigma 
model, which assumes that quantitative estimates are based on the summation of 
multiple pieces of evidence (Juslin, Karlsson & Olsson, 2008). A controlled and 
serial process of cue-integration judgments during non-linear tasks acted as a 
division of labor between different mental representations. In this way, the 
judgment process is assumed to be an iterative process, where people adjust 
previous estimates into new estimates based on novel evidence. People initially 
try to abstract rules before they even consider exemplars in a so-called rule bias. 
When it is not possible to identify representations that conform to a linear rule 
during the learning phase, people shift and engage in exemplar-based memory 
instead. According to the Sigma model, similarity-based processes thus act as a 
flexible backup process that is engaged when the rules are unfeasible, for example 
when there is a high demand on working memory (e.g., Juslin, Karlsson & Olsson, 
2008). However, the authors did not address whether the contribution of both 
rules and similarity to previous similar cases could contribute to the judgment 
process. There have recently been some attempts to model the contribution of 
both rule-based and similarity-based in a multiple-cue judgment task; there is 
some evidence that people sometimes mix the two processes to produce a 
judgment (e.g., Bröder, Gräf & Kieschlich, 2017; Bröder & Gräf, 2018; Herzog & 
von Helversen, 2018).  

There are also individual differences related to how people select a judgment 
strategy (Bröder, 2003; Hoffmann et al., 2014; Mata, von Helversen, Karlsson & 
Cupper, 2012; Rolinson et al., 2011). For example, better working memory 
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capacity is a determinant for rule-based, test-phase judgments, whereas 
similarity-based processes are predicted by episodic memory (Hoffmann et al., 
2014). The role of working memory in judgment learning has also been discussed 
in similar paradigms, where judgments containing negative and mixed cues are 
correlated with higher working memory capacity; these findings were interpreted 
as participants with higher working memory capacity had better performance in 
judgment tasks that were harder to learn (Rolinson et al., 2011). Moreover, 
adaptive strategy selection based on the properties of an environment related to 
the adaptive toolbox approach has been linked to intelligence level (Bröder, 
2003). This, in turn, might have implications for individual differences in how 
people adopt judgment strategies also in this thesis.  

At this stage, I take the opportunity to point out that categorization and 
multiple-cue judgment are similar in many ways. People identify logical rules in 
category learning (Ashby & Maddox, 2005), and exemplar-based models were 
originally developed to explain the underpinnings of concept learning (e.g., 
Medin & Shaffer, 1978; Nosofsky, 1984). In some ways, multiple-cue judgment 
learning might even be regarded as category learning that features more than two 
categories. There are, however, some important differences that likely do not 
allow for a direct parallel comparison between the two approaches. First, 
judgment and categorization differ in terms of the response that is required by 
the judge. Categorization requires binary responses, such as when assessing 
judgments like whether a person needs medication or not. Conversely, multiple-
cue judgment requires a more fine-grained response, such as estimating the exact 
dosage of the medication based on the person’s symptoms (for similar arguments, 
see von Helversen et al., 2014b). Second, categorization research has placed an 
emphasis on the number of cues needed for integration, which is a major 
determinant of strategy choice (see section below on category learning for 
example on categorization tasks); comparatively, judgment research has focused 
on the task structure (e.g., adherence to rule-based process if there is a linear 
relationship between cue and criterion, see Juslin et al., 2003; Juslin et al., 2008; 
Karlsson et al., 2007; Olsson et al., 2006) rather than on the number of cues. 
Third, the models used to classify behavior differ. For example, judgment 
research typically contrasts linear rules with exemplar-based models (e.g., Juslin 
et al., 2008), whereas the logical rules in categorization models are based on one- 
or two-dimensional properties of objects, and compared with exemplar-based or 
decision bound models (e.g., Erickson & Kruschke, 1998; Nosofsky et al., 1994). 
Nevertheless, the relationship and distinctions between rule-based and 
similarity-based processes have been highlighted in both domains, and work on 
categorization has, in many ways, inspired research on multiple-cue judgment. 
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Neuroscience of Judgment and Decision Making 
I now turn to provide an overview of the neural mechanisms involved in complex 
judgment and decision making. Based on the psychology of judgment and 
decision making, we have begun to approach a realistic comprehension of the 
cognitive processes involved in judgment and decision making. The rise of 
modern neuroimaging has provided noninvasive methods that allow us to peek 
into the human mind in a way that, up until a couple of decades ago, remained 
unavailable to us. The field of neuroscience has demonstrated how different 
regions of the brain operate as important representational structures for different 
cognitive processes. For example, the visual sensory cortex is known to be 
involved in visual information processing, the motor cortex is linked to 
locomotion and action, the hippocampus is a key node for long-term memory, 
and the prefrontal cortex (PFC) is critical for controlled processes that support 
goal-directed behavior (for an overview, see Purves et al., 2008). By combining 
experimental psychological methods, computational modelling, and 
neuroimaging, the field of decision neuroscience aims to detail the link between 
cognitive psychological theory and the brain. In the section outlined below, I 
focus on neuroimaging research on decision making, categorization, and 
judgment.  

Decision making 
Most researchers in decision neuroscience have focused on the topic of subjective 
decision making, where a person’s preferences guide the decision-making 
process. Several key brain regions have been outlined as part of this process. The 
PFC seems to be a critical component (Krawczyjk, 2002; Fellows, 2004); 
specifically, the dorsolateral PFC is engaged in tasks that require conscious 
manipulation of information, whereas the anterior cingulate cortex is important 
for conflict monitoring and resolution between different alternatives (Krawczyjk, 
2002). The vmPFC and the amygdala have instead been linked to emotional 
influence on risky decisions, where emotional responses to prior similar 
situations influence choice (Bechara et al., 1994; Bechara et al., 1997; Fellows & 
Farah, 2005). Finally, the ventromedial PFC (vmPFC) and the striatum are both 
implicated in learning the value of objects (see e.g., Delgado et al., 2007).  

Some forms of decision making engage typical brain regions linked to long-
term memory, where the MTL seems to be a critical component (Reddish & 
Mizumuri, 2015). It has been suggested that sampling from memory underlies 
some froms decision-making, where sequential memory retrieval is involved in 
decision making that requires information to be integrated across distinctive past 
events or for prospection (Shadlen & Shohamy, 2016; Shohamy & Daw, 2015). 
Moreover, the MTL has been found to engage in the prospective integration of 
information when making an immediate choice, but it is also involved when 
integrating memories across distinct past experiences before arriving at a final 
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decision (for a recent review, see Shohamy & Daw, 2015; Johnson, van den Meer 
& Redish, 2008). There are, however, various subfields that provide slightly 
different insights related to the brain networks that support the different 
subcomponents of decision making.  

Perceptual decision making 
Perceptual decision making focuses on simple tasks in order to arrive at an 
understanding of how people gather and combine sensory information to form a 
rapid simple decision based on a fixed number of known possible actions 
(Heekeren, 2008; Gold & Shadlen, 2007; Kayser, Buschbaum, Erickson & 
D’Esposito, 2010; Philiastides et al., 2011). It has been suggested that perceptual 
decision making is based on the bounded accumulation of evidence related to 
perceptual input with the statistically most optimal procedure within a given time 
period (Gold & Shadlen, 2007). One example of a perceptual decision task is the 
visual dot-motion task. Participants view coherent motions of dots on a screen 
and are asked to determine the direction of motion of randomly moving dots 
against a background. Accumulator models have been used to understand how 
gathered information is integrated and subsequently culminated towards arriving 
at a decision; this task can be used to track neurological activity during fMRI, for 
instance (Ploran et al., 2007; Gold & Shadlen, 2007; Heekeren et al., 2004; 
Heekeren, 2008). It has been demonstrated that activity in the parietal cortex and 
the middle temporal cortex are observed during this type of task (for a review, see 
Gold & Shadlen, 2007; Kayser, Buschbaum, Erickson & D’Esposito, 2010; 
Glimcher & Fehr, 2014). Specifically, perceptual signals are expected to originate 
in the extrastriate visual cortex, and are then passed through the lateral inferior 
parietal lobule, the frontal eye field, and the superior colliculus; at this point, the 
individual arrives at a decision (e.g., Gold & Shadlen, 2007).  

More complex perceptual decisions, such as inferring whether distorted 
objects belong to one category (e.g., “house”) or another (e.g., “faces”), is instead 
linked to the dorsolateral PFC. Heekeren and colleagues (2004) were able to 
demonstrate that the dorsolateral PFC showed the greatest activation when the 
weight of sensory evidence used to arrive at a decision is large, and the 
dorsolateral PFC is selectively tuned to brain regions for the different object 
categories, and covaries with signals in the middle temporal cortex related to  
face-and house selection (Heekeren et al., 2004). Thus, the dorsolateral PFC 
appears to be critical for integrating outputs from lower-level sensory regions. A 
recent meta-analysis detailed that higher activity observed in a fronto-parietal 
network (i.e., the premotor cortex, inferior frontal gyrus, insula, and inferior 
parietal cortex),  complemented by the basal ganglia in difficult perceptual 
decisions, underlies general perceptual decision making (Keuken et al., 2014). 
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Value-based decision making 
Another topic that has gained much interest concerns how the value of something 
is stored in the brain. Value-based decision making is thought to rely on two 
sequentially arranged mechanisms: a valuation mechanism that learns, stores, 
and retrieves values of options, and a choice mechanism that take the output from 
the valuation system and generates a choice (Glimcher & Fehr, 2014). Studies on 
temporal discounting (e.g., McLure et al., 2004; McLure et al., 2007), economic 
transactions (Plassman et al., 2007), emotional influences on gambling (Bechara 
et al., 1994; Bechara et al., 1997; Fellows & Farrah, 2005), and reward-guided 
learning (Rushworth et al., 2011; for a review, see O’Doherty, Hampton & Kim, 
2007) have helped to outline networks that underlie how the brain represents 
value. Something that is clear is that dopaminergic neuron activity is an 
important factor when linking value to a stimulus. The ventral striatum and the 
vmPFC seem to be key components in assigning value to objects, (for a review, 
see O’Doherty, Hampton & Kim, 2007; Glimcher & Fehr, 2014); it is also 
implicated in how much a consumer is willing to pay for objects in economic 
transactions (e.g., Plassman et al., 2007) and in social reward (Sanfey, 2007). 
Finally, reward (or expected outcomes based on feedback) seems to modulate 
behavior in general (Rangel, Camerer & Montague, 2008). 

Multi-attribute decision making 
Multi-attribute decision making concerns how people identify and relate several 
independent sources of variance to choose between multiple objects, as based on 
assigned attribute values and attribute weights presented on objects. Recent 
research has provided information on the brain networks in this function (e.g., 
Fellows, 2006; Hunt et al., 2014; Kahnt et al., 2011; Zysset et al., 2006). For 
example, Hunt and colleagues (2014) combined fMRI and cognitive modelling to 
test with different preference options were represented as a hierarchical 
competition process. Participants were asked to choose between options in a 
novel multiple-attribute choice paradigm. Interestingly, the researchers were 
able to demonstrate that the intraparietal sulcus signaled a type of competition 
between attributes when trying to determine which was most suitable for the 
current decision. The medial PFC instead reflected an ‘integrated’ value signal 
(Hunt et al., 2014). The results were taken to support that the participants 
weighed alternatives against one another based on a hierarchical, within-
attribute comparison process across all levels of representation, not simply at a 
final choice stage. 

To identify complex series of decision-making processes involving 
information integration and information interpretation in multi-attribute 
decision making, Zysset and colleagues (2006) asked participants to choose 
between two options based on five visual attributes. Four different topics that 
were familiar to the subjects, along with the attributes associated with these 
topics, were presented to simulate the course of a naturalistic decision-making 
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setting. The dependent variable was the similarity between two objects, as based 
on previous ratings of the importance of different attributes outside the scanner. 
Pairs of alternatives were generated, where difficulty (based on similarity score 
between attributes) were altered in four conditions. The results revealed that 
premotor areas and the superior parietal lobe contributed to the integration of 
information, whereas the medial PFC, anterior insula, and caudate were linked to 
the interpretation of information (Zysset, Wendt, Volz & Cramon, 2006).  

In sum, engagement of the parietal cortex has been reported between 
different research programs. It has even been outlined that the lateral parietal 
cortex is the “end station” of a decision process (Glimcher & Fehr, 2014) and 
could represent the decision variable in perceptual tasks and value-based tasks 
(Gold & Shadlen, 2007). However, perceptual decision making does not require 
engagement of MTL-mediated networks; rather, it engages fronto–parietal 
networks (see e.g., Gold & Shadlen, 2007; Keuken et al., 2014), possibly 
complemented by the basal ganglia in more difficult perceptual tasks (Keuken et 
al., 2014). Conversely, key components for value-based decision making include 
the vmPFC and striatum, and the MTL may be involved in the association 
between objects and their value to choose between different options (for an 
overview, see Shohamy & Daw, 2015). Research on multi-attribute decision 
making demonstrates that the consideration of several sources of information for 
integration in service of choice requires a combination of processes observed in 
perceptual decision making and value-based decision making (Hunt et al., 2014; 
Zysset et al., 2006).  

Multiple systems in judgment and decision making 
The likely, most pervasive framework of decision neuroscience today is the idea 
of dual-process models, where judgments and decisions are thought to be based 
on a competition between dual processes: one that is fast and automatic (System 
1), and another that is slow, effortful, and rational (System 2) (for overviews, see 
Evans, 2008; Evans & Stanovich, 2013; de Neys, 2019; Kahneman & Frederick, 
2002). Dual-process frameworks have been elaborated in parallel across several 
distinctive research fields in order to differentiate between various forms of 
thinking; it is difficult to incorporate all views into one coherent summary (e.g., 
James, 1891; Kahneman & Frederick, 2002; Sloman, 1996; Stanovich & West, 
2000; for an extensive overview, see Evans, 2008). However, one broad 
distinction is that the slow, analytical system 2 draws heavily on working 
memory, whereas the fast system 1 does not require working memory and is 
automatic (Evans & Stanovish, 2013).  

Lately, modern neuroimaging techniques have enabled detailed 
dissociations between dual-process frameworks at a biological level (e.g., de Neys 
et al., 2008; de Martino, Kumaran, Seymor & Dolan, 2006; Goel, 2007; Leroux, 
2009; McLure et al., 2004; McLure et al., 2007; Mega et al., 2015; Sanfey & 
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Chang, 2008; Vartanian et al., 2017). Distinctions between the processes 
associated with intuition and rational, cognitive control processes have been 
made in the fields of social cognition (Lieberman 2000; 2007), game theory 
(Sanfey & Chang, 2008), reasoning (de Neys et al., 2008; de Martino et al., 2006; 
Vartanian et al., 2018), and learning (e.g., Poldrack et al., 1999; 2001).  

Dual-process models have indeed proven successful in describing many 
psychological phenomena. Yet, this type of framework has its challenges, as the 
psychological (see, e.g., Osman, 2004, for an argumentation) and physiological 
(de Neys et al., 2008; Goel, 2007; McLure et al., 2004; McLure et al., 2007; 
Sanfey & Chang, 2008; Vartanian et al., 2017) instantiations are not consistent 
between studies. To mention a few examples, studies on temporal discounting 
focus on why the values of identical stimuli are given different weights, depending 
on whether the prospective reward is immediate or delayed. It has been 
demonstrated that impulsive choices (representing fast, intuitive processes) over-
activate the reward system, whereas delayed responses (representing slow, 
rational thinking) activate lateral fronto-parietal regions (McLure et al., 2007; for 
a review see, e.g., Carter, Meyer & Huettel, 2010). Studies on reasoning provide 
further insights (e.g., Goel, 2007; de Neys, 2008; Leroux et al., 2009; Vartanian 
et al., 2017). For example, a left-lateralized fronto-parietal system processes 
information that is familiar, whereas a bilateral parietal visual system supports 
reasoning related to information that is unfamiliar (for an overview, see Goel, 
2007). The former has been suggested to represent a biased system, where 
heuristic processes are supported by these brain regions. Conversely, the latter 
represents processing of decontextualized information that does not lead to 
biased responses. Moreover, the susceptibility to framing effects, that people base 
their economic decisions on if options are presented in a positive or negative 
context, has been argued to be consistent with intuitive processes, with 
engagement of the vmPFC and amygdala (e.g., de Martino, 2006). Deliberate 
processes, where people instead avoid framing effects, instead engaged the lateral 
PFC.  

Conversely, a recent study where participants rated happy or fearful facial 
expressions based on deliberation (analytical processes) and intuition (defined as 
quick and associative) illustrated that there were shared processes, as observed 
in bilateral activity in the fusiform gyrus, cuneus, and inferior occipital gyrus 
(Mega et al., 2015). These results were taken as an argument against dual-process 
models because intuitive and analytical processes cannot be fully separable in 
terms of the underlying brain functions. Instead, very similar cognitive processes 
may underlie both strategy modes. 

There seem to be some consistency between studies related to the brain 
networks that have been related to system 2; most studies have identified brain 
regions that are involved in working memory and executive functions. The brain 
regions linked to system 1 are less consistent between studies. One reason to these 
divergent results could be related to the large variety of experimental methods 
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and stimuli that have been used to study assumptions from dual process models. 
Thus, while a distinction can be made between dual processes, there might be 
variations related to the supporting mechanisms between domains. Moreover, 
while it is easy to argue in favor of a dual-process perspective, it is not clear to 
what degree these systems are fully separable in the brain. For example, whether 
these systems cooperate or compete during the course of a judgment/ decision 
has not yet been completely disentangled. 

The idea of the dual-process framework is, in some respects, embraced in 
the study of multiple-cue judgment. There, a similar distinction between rule-
based and similarity-based processes, which are expected to draw on analysis and 
similarity, has been discussed. Still, previous research on multiple-cue judgment 
has not focused on the ideas of dual-process models per se; rather, past research 
has focused on instances when people rely on one form of knowledge 
representation (i.e. rule-based or similarity-based), and the nature of such 
cognitive processes. Moreover, previous research on multiple-cue judgment have 
linked similarity-based processes to episodic learning and retrieval (Juslin et al., 
2008; Hoffmann et al., 2014). It is important to note that episodic memory 
retrieval requires cognitive control (e.g., Barredo, Öztekin & Badre, 2015; Nyberg 
et al., 2003; Scimenca & Badre, 2012). In this respect, similarity-based processes 
might not be identical to the overarching definition of an automatic system 1, 
although rule-based processes that are expected to draw on working memory fit 
into the definition of system 2 (see Evans & Stanovish, 2013). Nevertheless, 
insights from dual-process frameworks might prove useful in multiple-cue 
judgment as well. 

Categorization 
One of the most fundamental aspects of human cognition is the ability to 
categorize information into meaningful concepts and relationships. This ability 
enables us to make judgments and decisions as related to present, future, and 
past experiences. One line of empirical research has distinguished between 
different forms of categorization – broadly speaking, categorization based on 
similarity or rules. Similarity is the overlap between a new item and instances 
stored in memory, as defined by exemplar-based models, for instance (e.g., 
Medin & Shaffer, 1978; Ashby & Maddox, 2005). A rule can instead require 
probabilistic integration (e.g., conjunction or disjunction rules) or complex 
abstractions (for an overview, see Ashby & Ell, 2001).  

Modern neuroimaging has allowed for detailed comparisons to be made 
between the underlying mechanisms that support rule-based and similarity-
based categorization. By using the logic of directly contrasting rule-based or 
similarity-based processes against each other, differences between the two 
cognitive processes have been outlined. Rule-based processes typically engage the 
posterior parietal cortex, the dorsolateral PFC, and the anterior cingulate cortex 
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more than do similarity-based processes. Similarity-based processes engage the 
anterior PFC, the inferior parietal cortex, and/or the posterior cingulate cortex 
(e.g., Grossman et al., 2002; Patalano et al., 2001; Koenig et al., 2005). 

Koenig and colleagues (2005) examined a situation where participants were 
asked to learn to make novel sematic category judgments with a rule-based or a 
similarity-based strategy, and to perform a subsequent test while undergoing 
fMRI. During rule-based learning, participants recruited the anterior cingulate 
cortex, as well as the thalamic and parietal regions, which have been argued to be 
related to selective attention. Also involved was the left anterior PFC, which is 
related to maintaining information in working memory. Conversely, a similarity-
based process engaged the anterior PFC and posterior cingulate regions, which 
support the retrieval of exemplars that have been previously encountered, as well 
as the bilateral temporal–parietal cortex for feature integration. A subsequent 
test revealed similar engagement for both conditions. These results suggest that 
these processes require the engagement of different brain regions. 

Category learning 
One of the most important aspects of categorization is the ability to form new 
category instances (for reviews see, e.g., Seger & Miller, 2010; Nomura & Maddox, 
2008). The basal ganglia is involved in the selection of appropriate 
representations and strategies (e.g., Seger, 2008) and is active in a wide range of 
categorization tasks that require trial and error; this is similar to what is observed 
in reinforcement learning (see, e.g., Seger & Cincotta 2005; Lopez-Panigua & 
Seger, 2011; Nomura et al., 2007; Poldrack et al., 1999; 2001; for a review, see 
Seger & Miller, 2010). Conversely, the MTL – together with cortico-striatal 
systems – is key when learning new arbitrary categories (Seger & Cincotta, 2005; 
Poldrack et al., 1999; 2001), whereas the PFC is critical for rule-based processes 
(e.g., Helie et al., 2010; Patalano et al., 2001; Ashby & Maddox, 2005). There are, 
however, different types of categorization, which seem to engage distinctive 
cerebral systems. 

Perceptual categorization requires visuo-cortical learning. Prototype 
distortion tasks are often used to measure the cognitive processes involved. A 
typical prototype distortion task asks participants to categorize images of 
distorted dot patterns based on two or more original prototypes, with typical 
engagement of the extrastriate cortex (e.g., Aizenstein et al., 2000; Reber et al., 
2003). Performance in this task is preserved in patients that suffer amnesia, 
which indicates engagement of a system that is independent of the MTL (see, e.g., 
Squire & Knowlton, 1993; Smith, 2008; Seger & Miller, 2010). The effects have 
been argued to be induced by synaptic plasticity in the visual cortex, as related to 
Hebbian learning (a form of implicit memory). Consequently, the stability of 
perceptual categories does not arise simply by casual encounters of stimuli that 
belong to the same category label, but rather repeated encounters (for a review, 
see Seger & Miller, 2010).  
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Rule-based category learning requires explicit reasoning about one or more 
verbalizable rules, where participants systematically test different features of a 
stimulus to infer which rule to use (Ashby et al., 1998). This process was found to 
be supported by the PFC and the head of the caudate nucleus, as well as by the 
MTL (e.g., Helie et al., 2010; Doeller et al., 2006; for a review see Nomura & 
Reber, 2008).  

Another example is category learning mediated by the basal ganglia. For 
example, information integration tasks require integration of information from 
two or more dimensions (e.g., computing a weighted linear combination of 
dimensional values based on a two-dimensional rule) at a pre-decisional stage to 
maximize accuracy (for a review, see Ashby & Maddox, 2005). This type of rule is 
not possible to verbalize, and integration and abstraction of information is 
instead based on stimulus–response mapping supported by the basal ganglia. 
Weather prediction tasks have also been used to study implicit category learning. 
In this case, participants are required to categorize multi-dimensional stimuli 
into two categories composed of four sets of tarot cards with geometrical patterns. 
On each trial, each participant sees one of the patterns and is asked to predict 
sunny or rainy weather, which is based on probability (Knowlton et al., 1994). 
Amnesic patients have been found to demonstrate normal learning patterns 
during the initial 50 trials of learning, but they become impaired during later 
stages of learning (Knowlton et al., 1994). Patients with basal ganglia dysfunction, 
however, have impaired learning from the start, which implies that the basal 
ganglia is responsible for key processes in this type of task (Knowlton et al., 1996). 

Perhaps the most prominent neuropsychological model of category learning 
is COVIS (Competition between Verbal and Implicit Systems; Ashby et al., 1998). 
COVIS assumes that category learning is governed by verbal or implicit processes 
that pose demands on different brain regions. Rule-based processes are expected 
to operate via the PFC, whereas implicit learning is dependent on the body and 
tail of the caudate. These processes compete to control behavior in the sense that 
both are simultaneously engaged. The model also details that people have a rule 
bias, represented by the idea that the verbal system is initially engaged to identify 
the relationship between a rule and the associated criterion (Ashby et al., 1998). 
Differences between the systems that underlie category learning have also been 
tested experimentally. Nomura and colleagues (2007) tested the predications of 
COVIS, where they asked participants to learn an information integration task or 
a cue-combination rule based on the appearance of sine waves. Region of interest 
(ROI) analyses in the caudate and the MTL for correct versus incorrect trials 
revealed that learning in the information-integration condition engaged the 
caudate to a larger degree than the rule-based condition, and that the activity 
levels increased as learning progressed. On the contrary, a rule-based condition 
increasingly engaged the MTL. Another example can be found in a study that 
demonstrated how the MTL is initially activated and later deactivated, and how 
the basal ganglia is gradually activated during classification learning when 
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learning the weather prediction task (Poldrack 2001). These findings converge 
with the idea that category learning relies on an interplay between different 
(competing) memory systems.  

Similarity-based processes in categorization captured with exemplar-based 
models  
Recent research using model-based fMRI has provided information on the brain 
regions involved in similarity-based processes during categorization, where 
exemplar-based models have been used to detail the underlying process. It has 
been suggested that the brain mechanisms of recognition memory can be 
predicted by exemplar models in categorization (Nosofsky & Zaki, 1998; 
Nosofsky, Little & James, 2012). For example, parameter changes of an exemplar-
based model have revealed that the basis of exemplar-based categorization and 
recognition memory share a considerable number of mechanisms (Nosofsky, 
Little & James, 2012). Another example is that exemplar-based models 
demonstrate activity in the lateral occipital cortex and inferior parietal cortex, 
which is related to directing attention towards familiar features of visual stimuli 
(Mack et al., 2013). However, most of the previous research has focused on 
specific brain regions of interest to detail the subcomponents of similarity-based 
processes. For example, it has been demonstrated that similarity-based processes 
in the vmPFC corroborates with the level of evidence for similarity-based category 
decisions (O’Bryan, Worthy, Livesey & Davis, 2018; but see also Davis et al., 
2017).  

Other evidence is provided in relation to predictions of the SUSTAIN model. 
Combining the predictions of the SUSTAIN model with fMRI data has 
demonstrated that memory strength of a memory representation in the MTL 
seems to support both categorization and recognition memory (Davis et al., 
2014). The posterior MTL has been linked to the recognition strength of memory 
representations retrieved during category judgments (Davis et al., 2012) and has 
also been discussed in relation to updating concepts in memory during category 
learning (Davis et al., 2017). Thus, based on the SUSTAIN model, the MTL has 
been implicated as a key region in similarity-based categorization. 

It should be noted that there is an ongoing debate regarding the cognitive 
interpretation of exemplar theory, and the type of representation the model 
captures (for a discussion see, e.g., Murphy, 2016). Some suggest that exemplar 
theory should be interpreted as a typical case of stimulus–response mapping and 
that exemplar effects rest on the experience of a given situation (see e.g., Ashby 
& Rosedahl., 2017; Murphy 2016). Ashby and Rosedahl (2017) recently proposed 
a mathematical formulation where they detailed that exemplar theory should be 
included in the implicit system of the COVIS model, where the basal ganglia is 
thought to be a critical component (Ashby et al., 1998).  

Taken together, categorization research indicates that different brain 
networks are engaged in response to the content of the task (see, e.g., Nomura et 
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al., 2007; Koenig et al., 2005; for reviews see Ashby & Maddox, 2005; Seger & 
Miller, 2010) and as a form of competition between memory systems (Poldrack 
et al., 1999; 2001). Emerging evidence, however, suggests that the distinctions 
between rule-based and similarity-based processes might not be as clear as 
previously assumed. For example, participants who received explicit instructions 
in an implicit condition lacked signature activation for implicit perceptual 
learning in prototype distortion tasks (Gureckis, James & Nosofsky, 2011). 
Subjects also seem to approach the weather prediction task differently, and some 
rely on rule-based, one-cue strategies and even multi-cue strategies, despite the 
arguments stating how this should not be possible (for an overview, see Gluck, 
2002). Moreover, the early stages of prototype-distortion tasks engage the verbal 
system, rather than processes linked to perceptual categorization (Little et al., 
2006). Several studies reported that engagement of the verbal system is common 
between implicit and verbal categorization (Milton & Pothos, 2011; Carpenter et 
al., 2016) and that rule-based and similarity-based processes share considerable 
activity in certain brain regions, such as in the MTL (Milton et a., 2017). One 
reason could be that different systems that are used for categorization are not 
mutually exclusive. Finally, model-based fMRI has been successfully applied to 
study similarity-based processes in categorization.     

Judgment 
Several studies have focused on the brain networks of human judgment. The 
study of human judgment is to a great extent diverse, owning to differences 
between the tasks that have been used, and the stimuli material that has been 
applied. For example, studies have been conducted on moral judgments (e.g., 
Greene et al., 2001; Greene et al., 2004), social judgments (Bzdok et al., 2012; 
Liebermann, 2007), consumer judgments (e.g., Lehman & Reimann, 2012; 
McKey et al., 2016), evaluative judgment (e.g., “I like George Bush: Yes or No”; 
Zysset, Huber, Festl & Cramon, 2002), and intuitive coherence judgments (e.g., 
Ilg et al., 2007; Zander, Horr, Bolte & Volz, 2015). To mention a few examples, 
Greene and colleagues (2004) were able to demonstrate that the PFC is involved 
in abstract reasoning and cognitive control, whereas the medial and lateral-
parietal cortex is critical for moral judgment. Zysset and colleagues (2002) found 
evidence in support of the idea that evaluative judgments engage the anterior 
medial PFC, precuneus, and inferior parietal cortex when compared with the 
areas active during semantic judgments. The PFC was specifically linked to 
evaluation, whereas the precuneus was related to episodic retrieval processes.  

Others have focused on the cognitive processes involved in inferences, but 
where information is integrated to arrive at an estimate judgment based on 
heuristics (e.g., Fechner et al., 2016; Kahder et al., 2011; Volz et al., 2006; Volz et 
al., 2010). For example, in a recent study, the framework known as adaptive 
control of thought – rational (ACT-R) was used to test how people integrate real-
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world memories (and underlying cognitive processes) to make inference 
judgments (Fechner et al., 2016). In the city-size task (which asks participants to 
determine which city is larger of two alternatives), people are expected to adopt 
the recognition heuristic. As mentioned in the section detailing the psychology of 
judgment and decision making, heuristics are thought to be fast and frugal in the 
sense that people do not consider all available information when making 
judgments (see Gigerenzer et al., 1999). Specifically, the recognition heuristic 
assumes that people rely on information that they recognize which, in the city-
size paradigm, means that the city they have the most knowledge about will serve 
as the basis for their answer. The results revealed that activity in the PFC and 
parietal cortex was consistent with a model that only searched for additional 
knowledge when the available information was deemed unreliable. The authors 
discussed how an interplay between recognition and additional knowledge in 
memory underlie participants’ judgments (Fechner et al., 2016). The same task 
revealed that the precuneus and the anterior frontomedial cortex were engaged 
when people followed the recognition heuristic, as compared to when they did not 
(Volz et al., 2006). The authors concluded that the frontomedial cortex became 
engaged to evaluate whether the recognition heuristic was applicable or not.  

Kahder and colleagues (2011) used fMRI to test if the effectiveness of 
memory-based heuristics were associated with limited memory search. They let 
participants make inference judgments with the take the best-heuristic, where 
they asked the participants to decide which one of two companies that would be 
more successful in the future. The companies were characterized by four visual 
attributes that were necessary for a decision, and these attributes were expected 
to correspond to brain activation in different parts of the posterior cortex. The 
information search was expected to be stopped as soon as one attribute could 
discriminate between the companies. In support of their hypothesis, the results 
revealed that a parametric modulation of brain activity in the dorsolateral PFC 
was consistent with the information search, and this region selectively controlled 
the different posterior regions, by the relative importance of the different 
attributes for the decision.  

The brain activity of rule-based and similarity-based strategies in multiple-
cue judgment has only been reported in one study (von Helversen et al., 2014b). 
Participants were asked to estimate the dosage of a medicine based on a patient’s 
symptoms (cues: e.g., location of headache: front or back). In another type of task, 
participants rated the quality of a job candidate based on that individual’s 
credentials, for example language skills (cues: French or Turkish). In a third type 
of task, participants were asked to judge the toxicity of a bug’s saliva based on its 
bodily features, such as the color of its head (cues: red or brown). Participants 
learned to make rule-based judgments in one of the tasks and similarity-based 
judgments in another, with outcome feedback. Then, participants made test-
phase judgments while undergoing fMRI, and a rule-based heuristic (the 
mapping model) and an exemplar-based model were fitted to judgment test-
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phase data. Contrasting fMRI data from the two conditions against each other 
after a learning phase demonstrated that a similarity-based condition activated 
the anterior PFC and the inferior parietal more than the rule-based condition. 
The patterns observed in the study’s results were taken as an argument in support 
of the engagement of processes related to memory retrieval and selective 
attention. Conversely, a rule-based condition engaged the posterior parietal 
cortex, the dorsolateral PFC, and the anterior cingulate cortex more than a 
similarity-based condition, presumably linked to cognitive control and 
information integration (von Helversen et al., 2014b).  

Briefly summarizing these results of this chapter into a coherent view on 
judgment, decision making and categorization leaves us with the following: 
Judgment, decision making and categorization all require multiple systems that 
support different aspects of the underlying processes. Different processes are 
engaged to integrate information based on the type of input. Assigning value to 
objects, retrieving past similar situations, determining the course of an action 
based on perceptual input, or engaging in the process of estimation are not 
dependent on identical brain networks. For example, the basal ganglia, the MTL, 
and the vmPFC seem to be critical components for learning and retrieving 
associations between objects in judgment, categorization and decision-making 
tasks. Simple perceptual decisions require fronto–parietal networks and the 
visuostriatal cortex, but are independent of the MTL. The parietal cortex has been 
argued to be an end station for decision making, which merges the processes 
involved in choice and valuation of objects. The parietal cortex is also a common 
region identified between judgment and decision making. Moreover, combining 
the predictions of similarity-based models, as exemplar-based models, with fMRI 
has helped to outline key components for similarity-based categorization. Finally, 
the key components for multiple-cue judgment remains largely unknown.  
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The Relationship Between Rule-based and Similarity-based 
Processes 
One possible limitation with most previous neuroimaging research on rule-based 
and similarity-based strategies is that most researchers addressed how the 
cognitive processes involved in such strategies differ, or focused on brain activity 
that could be associated with specific subcomponents of the judgment process. 
Conversely, some behavioral research represents a line of studies that aims to 
distinguish between different perspectives for the relationship between rule-
based and similarity-based processes. Psychological experiments and cognitive 
modelling have been used to discern how different processes and representations 
contribute to judgment, and categorization. A summary of this research is 
outlined in the section below. 

The either/or view 
Rule-based and similarity-based processes have been proposed to be two 
mutually exclusive ways to address a judgment task, where only one process is 
selected and engaged. In line with this view is research that demonstrates how 
people engage in controlled strategy shifts during a learning phase, depending on 
the content of the task (Heider et al., 2005; Rehder & Hoffman, 2005, Meeter et 
al., 2006; Karlsson et al., 2008). That is, people abandon one strategy in favor of 
another that better fits the task in question. One example is provided in a study 
by Haider and colleagues (2005), where participants were asked to judge whether 
a string of letters was alphabetically correct or not (for example GHIJK[2]N, 
where the digit represents the number of letters between K and N – i.e., the rule). 
The rule was not told to the participants. Participants did initially consider all 
letters, but eventually shifted to a strategy that only considered the letters 
surrounding the digit (K[2]N). Participants seemingly became aware of the fact 
that using the latter strategy facilitated rapid judgments, and they consequently 
engaged in a strategy shift. The authors argued that participants abandoned the 
initial strategy to engage in the one that was more effective to solve the task.  

One assumption inherent in many studies on multiple-cue judgment is that 
strategy selection is based on the property of the task, although seldom explicitly 
pronounced in the literature (e.g., Juslin et al., 2003; Olsson et al., 2006; 
Hoffmann et al., 2013; but see Karlsson et al., 2008). What this essentially mean 
is that the specific form of representation (i.e., rule or similarity) that is stored in 
memory while learning equals the representation people have access to during a 
subsequent test. One implication of this assumption, and related to the idea of a 
rule bias (Juslin et al., 2008), is the notion that people are expected to 
singlehandedly focus on rule-based learning when a linear rule can be abstracted; 
in this way, they will shift to exemplar-based memory only when the structure of 
the task does not favor the easy extraction of a linear rule.  
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The interplay view 
Others have emphasized that rule-based and similarity-based processes operate 
as an interplay, competing to control behavior in categorization (Nosofsky & 
Palmieri, 1997; Ashby et al., 1998; Erickson & Kruschke, 1998; Logan, 1988). One 
example is proposed in the ATRIUM model (Kruschke & Erickson, 1998), where 
exemplar representations are used for both rule-based and similarity-processing. 
This, of course, implies that people have access to both rule-based and similarity-
based representations during the judgment process. Another example is based on 
Logan’s (1988) theory of automatization, where learning is expected to lead to an 
unavoidable consequence of storing instances (i.e. exemplars) in long-term 
memory if the attention is directed towards a target. Based on a series of 
experiments where participants either made lexical decisions, or performed 
alphabetc arithmetic, Logan describes that the retrieval of stored memory 
representations will always be performed in parallel with hypothesis testing (rule-
based processing). Every encounter with a stimulus is encoded as an individual 
memory trace. Consequently, experience creates more and more memory traces 
that can be recalled and processed for comparison. With practice, a shift from 
algorithm-based learning to memory-based learning is expected (Logan, 1988). 
It is important to note that Logan assumes that the process of retrieval might not 
always be successful but, nonetheless, it always occurs.  

Recent behavioral research on multiple-cue judgment highlights that rule-
based and similarity-based processes both influence the judgment process 
(Bröder, Gräf & Kieschlich, 2017; Bröder & Gräf, 2018; Herzog & von Helversen, 
2018). Bröder and colleagues (2017) presented their RULEX-J model, where 
rule-based and similarity-based processes are expected to be mixed within the 
course of a single judgment. As in the Sigma model, similarity-based processes 
influence judgment primarily when rule-based processes are unsuitable (Bröder 
et al., 2017; see also Bröder & Gräf, 2018).  

Interestingly, some empirical observations also provide evidence that 
similarity-based processes might always influence rule-based inferences to some 
degree. It has been demonstrated that similarity influences both accuracy and 
response time during inference tasks, even when people relied on a rule-based 
strategy (Hahn et al., 2010; Brooks & Hanna, 2006; Hanna & Brooks, 2009; von 
Helversen et al., 2014a). Hahn and colleagues (2010) were able to show that the 
response times for rule-based category judgments were faster if similar items had 
been observed during a preceding learning phase, even when a perfectly 
predictable rule was applied. The researchers argued that the retrieval of 
exemplars is a routine occurrence, but is non-strategic in the sense that people 
cannot ignore similarity (Hahn et al., 2010). Further, von Helversen and 
colleagues (2014a) were also able to identify that people pay attention to 
unnecessary facial features that had been presented during a preceding learning 
phase (i.e. similar to past previous encounters), in a traditional rule-based, 
multiple-cue judgment task. This line of research could instead imply that the 
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consideration of similarity between objects is a general process in human 
multiple-cue judgment. 

Unresolved Issues 
Research from decision neuroscience covers many aspects of the decision-making 
process. There are, however, different theoretical perspectives and insights 
related to the underlying brain networks that become engaged during the 
judgment process. Moreover, the brain networks that support human multiple-
cue judgment have not been thoroughly covered in the existing literature, and 
studies focusing on the physiological mechanisms involved in human inferences 
are still rather few.  

Based on prior studies, rule-based and similarity-based processes could be 
understood either by that the two processes are exclusively engaged (Heider et 
al., 2005; Karlsson et al., 2008; Meeter et al., 2006; Rehder & Hoffman, 2005) 
or as an interplay between the two (Erickson & Kruschke, 1998; Hahn et al., 2010; 
Logan, 1988; von Helversen et al., 2014a). In terms of brain activity, and related 
to previous studies that tested the distinctions between the two types of strategies 
(see e.g., Koenig et al., 2005; Grossman et al., 2002; Patalano et al., 2001; von 
Helversen et al., 2014b), rule-based and similarity-based processes may recruit 
separable brain networks. However, if rule-based and similarity-based processes 
instead operate as an interplay between the two, they could likely share important 
components. There is a risk that activation that is shared between rule-based and 
similarity-based processes is cancelled out when using the logic of contrasting 
strategies when analyzing fMRI data. This approach is likely problematic, related 
to the role of similarity-based processes in human multiple-cue judgment. For 
example, similarity-based processes could always influence rule-based inferences 
to some degree (Hahn et al., 2010; Brumby & Hahn, 2017; von Helversen et al., 
2014b), which implies that brain regions that support similarity-based processes 
could fail detection altogether if using only the contrast logic.  

The role of similarity-based processes in human multiple-cue judgment has 
indeed sparked the interest in behavioral research as of late. Relatedly, the brain 
networks that enables similarity-based processes in multiple-cue judgment 
remains largely unexplored (see von Helversen et al., 2014b). Moreover, the 
cognitive mechanisms supporting similarity-based processes (captured by 
exemplar-based models) are expected to reflect a controlled process, related to 
episodic learning and retrieval (see Juslin et al., 2008; Hoffmann et al., 2014). 
This assumption can be tested empirically by investigating the brain regions that 
become engaged during the judgment process, with storing and retrieval of 
memory representations that are used for similarity comparison.  To date, none 
of the imaging studies that focused on memory-based inferences, as presented 
above, have combined predictions from exemplar-based models with 
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neuroimaging data to study the underpinnings of similarity-based judgment. 
These themes will be addressed in the remaining part of this thesis. 

Aims 
The overarching research objectives for this thesis are to present the first steps at 
understanding the brain networks underlying human multiple-cue judgment, 
and to relate neuroimaging data to cognitive models of rule-based and similarity-
based processes. The general aim is to detail the role of similarity-based processes 
when engaging in this task. More specifically, the aims of the individual papers 
are to investigate the following: 
 
Study I 
To examine how rule-based and similarity-based processes in human multiple-
cue judgment are coordinated. Specifically, I investigated whether there was 
shared brain activity between the two processes, as identified with fMRI, and 
whether the activation within those brain regions was related to model fit (i.e., 
the cognitive processes captured by rule-based and similarity-based cognitive 
models). Of additional interest, the goal was to investigate differences in the 
brain regions recruited during rule-based and similarity-based processes. 
 
Study II 
To identify the brain regions that were associated with similarity-based 
judgment learning, in order to further understand the key cognitive processes 
involved in human multiple-cue judgment. Specifically, to examine whether a 
similarity-based process, captured with an exemplar-based model for human 
multiple-cue judgment, is based on episodic memory.  

 
Study III 
To examine if similarity-based processes act as default in human multiple-cue 
judgment. Specifically, I investigated whether similarity-based processes are 
applied if an established rule-based process is temporarily made unfeasible with 
the help of time pressure. 
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Methods 

Participants 
All participants included in the thesis (N=253) were recruited through public 
advertisements and social media. These individuals were screened across several 
inclusion criteria, including age, dyslexia, dyscalculia or other diagnosed learning 
disabilities, and neuropsychiatric disorders. For the fMRI component, 
participants were also screened on the absence of metallic implants, pregnancy, 
left handedness, and hearing loss. Individuals who did not fulfill these criteria 
were excluded from participation. No participant was included in more than one 
experiment. 

Ethical considerations 
All methods and protocols in studies I–III were approved by the Regional Ethics 
Committee in Umeå. Participants provided their oral and written informed 
consent prior to participation, and they were informed that they had the right to 
end their participation at any time. In studies I and II, anatomical images 
obtained from each participant during the fMRI session was screened by a 
neuroradiologist for anomalies, and care for patients with detected anomalies 
were handled by the regional health care system.  

General logic of a task: How to capture different cognitive 
processes in multiple-cue judgment 
Variations of the same multiple-cue judgment task was used in studies I–III. The 
cover story employed in this thesis asked participants to judge the toxicity of a 
tropical death bug based on a pseudo-continuous scale – a task used in numerous 
previous studies on multiple-cue judgment (e.g., Juslin et al., 2003; 2008; Olsson 
et al., 2006; Karlsson et al., 2007). In study I, the bug’s toxicity (the criterion) 
was based on five binary cues that affected its toxicity (i.e., the head, legs, body, 
mandibles, eyes), while four binary cues were used in studies II and III (head, 
legs, eyes, body).  

In the past decade, research on multiple-cue judgment has used a special 
type of experimental design to discern between the different cognitive processes 
involved (c.f. Juslin et al., 2003). A typical multiple-cue judgment task is based 
on a task environment where the combination of several binary cues constitutes 
the relationship between the cue and its associated criterion. The death bug’s 
toxicity is determined by a combination of its features. This combination of 
features is used to infer a quantitative estimate of a single criterion dimension. 
Participants go through an extensive learning phase and receive outcome 
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feedback on a selected subset of the stimuli from a task set (old items), which 
serve as the foundation for judgment learning. 

The beauty of this task is that if some items are omitted from the learning 
phase and are subsequently introduced during a test phase without outcome 
feedback (new items), it is possible to discern the cognitive process underlying 
judgment. The reason for this is that the rule-based model assumes no difference 
in performance between old and new items during the test phase. A learned linear 
rule should also be applicable for items that have never been seen before and are 
not expected to yield differences in judgments across old and new exemplars 
(DeLosh et al., 1997; Juslin et al., 2003; 2008). By contrast, the exemplar-based 
model assumes that a similarity comparison made with previously encountered 
(similar) exemplars stored in memory (i.e., the old learning items) underlie 
judgment (e.g., Medin & Shaffer, 1978; Nosofsky, 1984; Juslin et al., 2003). This 
means that judgments of old exemplars benefit from the overall similarity shared 
with exemplars stored in one’s memory, with an exact match available for 
similarity comparisons. Judgments of new exemplars are instead bound to the 
similarity of previously seen exemplars that have been stored to memory. A 
systematic difference in performance between old and new exemplars is thus 
expected, given that since old exemplars benefit from an exact match in memory, 
new exemplars cannot.  

Items with criterion values that go beyond the learning criterion range (e.g, 
items with cue-values [-1, -1, -1, -1, -1] and [1, 1, 1, 1, 1] in conditions with five cues) 
are the most diagnostic items to test this expected difference. Exemplar models 
only derive judgments based on exemplars that have been encoded to memory, 
and this process cannot extrapolate beyond the acquired learning range (see, e.g., 
Juslin, Olsson & Olsson, 2003; DeLosh et al., 1997). If participants instead rely 
on cue abstraction to arrive at a judgment, they should be able to assign the cue 
values and weigh cues together to the most extreme exemplars. The two models 
qualitatively predict different behavioral outcomes associated with the 
presentation of old and new items, and comparing detailed cognitive model 
predictions against each other serves as a tool to evaluate which type of mental 
representation people rely on for judgment. This logic was used in this thesis to 
predict which model would best fit judgment test-phase data.  

If the relationship between the cue and criterion is linear, people are prone 
to engage in a rule-based process during a subsequent test (e.g., Juslin et al., 
2003; Juslin et al., 2008; Karlsson et al., 2007). To induce the use of rule-based 
strategies in studies I and III, a linear function of the cues was applied. This form 
of task manipulation has been successfully used for this purpose in past related 
studies (see, e.g., Juslin et al., 2008; Karlsson et al., 2007). Each cue Ci could take 
a cue value of 1 and -1 (see Figure 3 for an illustration of the stimuli). For example, 
in Table 1, the criterion is based on the linear function where the toxicity, 𝑐, is: 

 
𝑐 = 15 + 5 × 𝐶1 + 4 × 𝐶I + 3 × 𝐶K + 2 × 𝐶M + 1 × 𝐶N 
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If a criterion is based on a multiplicative relationship between the cue and 
criterion during learning, people often engage in a similarity-based process 
instead (Juslin et al., 2008; Olsson et al., 2006). To induce spontaneous 
adherence to similarity-based strategies in studies I and II, multiplicative 
functions of the cues were used instead (please see the respective studies Methods 
sections in the individual papers for additional details). 
 

 

Exemplar #
Criteria

C1 C2 C3 C4 C5
1 -1 -1 -1 -1 -1 0
2 -1 -1 -1 -1 1 2
3 -1 -1 -1 1 -1 4
4 -1 -1 -1 1 1 6
5 -1 -1 1 -1 -1 6
6 -1 -1 1 -1 1 8
7 -1 -1 1 1 -1 10
8 -1 -1 1 1 1 12
9 -1 1 -1 -1 -1 8

10 -1 1 -1 -1 1 10
11 -1 1 -1 1 -1 12
12 -1 1 -1 1 1 14
13 -1 1 1 -1 -1 14
14 -1 1 1 -1 1 16
15 -1 1 1 1 -1 18
16 -1 1 1 1 1 20
17 1 -1 -1 -1 -1 10
18 1 -1 -1 -1 1 12
19 1 -1 -1 1 -1 14
20 1 -1 -1 1 1 16
21 1 -1 1 -1 -1 16
22 1 -1 1 -1 1 18
23 1 -1 1 1 -1 20
24 1 -1 1 1 1 22
25 1 1 -1 -1 -1 18
26 1 1 -1 -1 1 20
27 1 1 -1 1 -1 22
28 1 1 -1 1 1 24
29 1 1 1 -1 -1 24
30 1 1 1 -1 1 26
31 1 1 1 1 -1 28
32 1 1 1 1 1 30

Cues

Table 1. Items in the spontaneous rule-based strategy condition study I
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Figure 3. Four examples of cue combinations (from the left: items 5, 12, 20, and 
30 in Table 1). The cues, either 1 or -1, correspond to the features of the death 
bugs – that is, eyes, head, back, legs (and mandibles in studies I). In the example 
detailed in Table 1, the criterion is based on a linear function of five binary cues, 
where the legs constitute the cue with the highest impact on the criterion value 
(short legs = high toxicity; long legs = low toxicity), the eyes the second most 
(small eyes = high toxicity; large eyes = low toxicity), the back the third most 
(purple back = high toxicity; blue back= low toxicity), the head the fourth most 
(striped head = high toxicity; dotted head = low toxicity), and the mandibles the 
fifth most (green = high toxicity; brown = low toxicity).  

Simulation procedure for item selection 
A simulation procedure was used to select old and new items for all experiments 
in this thesis. The purpose was to choose the learning- and test set with the largest 
difference between the models’ predictions.  

In study 1, instructed conditions, the simulation procedure was used to 
identify the six memorization items that would yield the largest prediction 
difference between CAM and EBM. In study I, the spontaneous conditions, the 
simulation procedure was used where the anticipated difference in model fit (i.e. 
better model fit of the EBM in the multiplicative environment, and better fit of 
the CAM in the linear environment) was essential for the screening test, as well 
as the fMRI test. Additionally, the mapping model was considered in order to 
make sure that the selected items were not well predicted by the mapping model 
(see supplementary information paper III, for details on the mapping model). In 
study II, where a better model fit of the EBM was anticipated than for the CAM, 
the simulation procedure was performed to select the learning items 
and intermediatetest items with the largest difference between the models’ 
predictions (the entire item set was used as the final test-set). In study III, the 
purpose of the item selection was to choose the learning- and test set with the 
largest difference between the predictions of CAM and EBM at final test. 
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The simulation procedure was similar in all studies. First, learning- and test 
sets were randomly drawn 3000 times. Second, the learning- and test set 
resulting in the largest difference between the model’s predictions were chosen. 
 
Based on the judgment task described above, it is possible for qualitatively 
different models to enable predictions on the same judgment test-phase data.  
The cognitive models were fitted to participants’ test-phase data using two 
different procedures: leave-one-out cross-validation was used in studies I–III, 
and projective fit was additionally used in study I. Note that the models operate 
on the same scale as participants’ judgments, which makes the model estimates 
and participants’ judgments comparable.  

Leave-one-out cross-validation 
The models were fitted to each participant’s test-phase data in all studies with a 
leave-one-out cross-validation procedure (Stone, 1974). The free parameters of 
the models were fitted to all but one of the test items, and the prediction for the 
remaining test item was rendered based on these parameters. A simplex 
algorithm was implemented in MATLAB, which was used to estimate the 
parameters using unconstrained nonlinear optimization. 

Projective fit 
In study I, the CAM and EBM were fitted to participants test-phase data using 
projective fit (Juslin, Olsson & Olsson, 2003), and used for participant selection 
to the later fMRI session in the spontaneous conditions. The three final learning 
blocks were used to estimate the free parameters of the models, and the best-
fitting parameters were used to render predictions of the test items. The 
parameter values for EBM were estimated with a nonlinear, least-squares fit, as 
implemented in MATLAB. The parameter values for CAM were models with 
multiple linear regression (as implemented in MATLAB). 

Performance 
Performance, measured as the root mean square error (RMSE) between 
participant judgments and criteria, was calculated for old and new items, 
separately, to evaluate model predictions. In studies II and III, extrapolation 
ability (i.e., quantitative estimates outside the acquired learning range) was 
measured by considering the deviation from the expected linear extrapolation on 
the test items with criterion values that fell outside the learning range (e.g., 
exemplars with cue-combinations [-1, -1, -1, -1, -1] and [1, 1, 1, 1, 1]) for the two 
models. Four deviations per participant were considered (two repetitions of each 
of the two extreme test items during the final test); averaged, they constituted the 
extrapolation index (see the paper´s respective Methods sections for details). An 
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extrapolation index indicated perfect linear extrapolation, and was predicted by 
an optimal cue-abstraction model. In contrast, a negative extrapolation index 
indicated an inability to extrapolate outside the acquired learning range and was 
predicted by an exemplar model (DeLosh et al., 1997; Juslin et al., 2008; Bröder 
& Gräf, 2018). 

Brain Imaging 
fMRI builds on the MRI technique, which is used to create images of biological 
tissue. In brief, the basic principle behind MRI is that the constant motion of 
atomic nuclei inside biological tissue (mainly, protons of hydrogen in water 
molecules) generates a small magnetic field. A static magnetic field that is 
produced by a strong magnet (usually 1.5–3 Tesla) placed inside an MRI scanner 
orients atomic nuclei so they are parallel to this magnetic field. Thereafter, a 
radiofrequency (RF) pulse is sent through the body. The RF pulse excites the 
nuclear spin energy transaction and the direction of motion in the nuclei in a 
predictable manner. The energy in hydrogen atoms is released when the RF pulse 
is turned off, and the nuclei are then redirected to again align in parallel to the 
static magnetic field. The location of this process in space is encoded by receiving 
coils and is used to create images of static structural views of biological tissue. 
The contrast that appear on an image (e.g., white matter and grey matter in the 
brain) is determined by proton density within the tissue.  

fMRI can discriminate between signals arising from hundreds of thousands 
of voxels, which are small, volumetric cubes (e.g., 2 × 2 × 2 mm) that contain 
neurons. fMRI (and MRI) involve the construction of three-dimensional images 
from two-dimensional slices of data. Data acquisition is restricted to one two-
dimensional slice at the time that is obtained in a sequential manner. The signal 
that is picked up acts as a proxy of neural activity within the voxels during a given 
time. fMRI works by detecting changes in blood oxygenation levels when the 
neural tissue becomes active – for example, when people perform a cognitive task 
(for an overview, see Huettel, Song & McCarthy, 2009). In brief, the metabolic 
demands of neurons increase when they become active. Bringing glucose to active 
brain regions increases the blood flow and brings in oxygenated blood. Oxygen is 
carried by hemoglobin molecules in red blood cells. Higher metabolic demands 
thus change the balance between oxygenated hemoglobin and deoxygenated 
hemoglobin in active neurons. Hemoglobin has different magnetic properties 
depending on if an oxygen atom is bound to it (oxygenated hemoglobin) or not 
(deoxygenated hemoglobin). Oxygenated hemoglobin is diamagnetic, whereas 
deoxygenated hemoglobin is paramagnetic. fMRI picks up the ratio between 
oxygenated and deoxygenated blood, where oxygenated blood gives a stronger 
signal and de-oxygenated blood a weaker signal. This is referred to as the BOLD 
signal (Ogawa et al., 1990).  
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The relationship between neural activity and changes in blood flow is called 
the hemodynamic response function (HDR). The change in HDR lags neural 
activity by 1–2 seconds. The HDR peaks after 4–6 seconds, at which point it falls 
below its initial baseline level when the neural activity stops; this is referred to as 
“the undershoot” and the HDR recovers to its baseline level after about 15–20 
seconds. The fMRI technique is non-invasive and has become popular in the 
study of in vivo brain function over the past decades (for a review, see Huettel et 
al, 2009). It is, however, important to note that fMRI only provides an indirect 
measure of neural activity (Huettel et al., 2009; Logothetis et al., 2001). 

Despite the advantages of fMRI in classifying functional processes in the 
human brain, the raw data need to be transformed with numerous preprocessing 
steps to hopefully reduce noise before these data are statistically analyzed (see 
Huettel, Song & McCarthy, 2009). A visual inspection of raw images is performed 
to detect deviations in the data. Slice-timing correction is performed to account 
for differences in time when slices of the brain are obtained. The data are then 
corrected for motion (via realignment and unwarp), because even small 
movements can compromise data quality. The data are then spatially normalized 
to a mean template to correct for variability in the neuro-anatomy of different 
individuals. The normalization step can either be done using an already existing 
mean template, or by producing a more precise, group-specific mean template 
using the Diffeomorphic Anatomic Registration through Exponentiated Lie 
Algebra (DARTEL) algorithm (Ashburner, 2007). Normalization with DARTEL 
was used in study II. In brief, grey and white matter likelihood maps in the 
DARTEL-imported space are extracted from structural T1 images for each 
participant. These segmentations are then imported into a group-specific 
template and flow-field files with voxel-wise deformations from the native space 
to the DARTEL-template space. Normalization of each individual’s T1-weighted 
image and fMRI images is performed using individual-specific flow fields, 
followed by an affine registration from the DARTEL space to MNI space. Finally, 
the normalized data are spatially smoothed to increase the sensitivity of the 
signal, and statistical analyses are calculated on smoothed data with a high-pass 
temporal filter (a 128 s cut-out period) to remove low-frequency noise. 

Image acquisition 
All image acquisitions were performed at the Umeå Center for Functional Brain 
Imaging (UFBI) using the research scanner located at Norrland’s University 
Hospital in Umeå, Sweden. A 3T General Electric (GE) MR750 scanner was used 
(studies I and II). Both functional and structural data were obtained during the 
same session. Functional data were obtained with a standard pulse sequence, and 
structural data with a T1-weighted sequence. Parameter specification was found 
in the methods section in studies I and II, respectively. 
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Analysis of fMRI data 
The most common analysis method used for fMRI data is to treat the BOLD signal 
from each voxel in the brain as a separate dependent variable. The BOLD signal 
(the extracted times series for each voxel) is modeled with a general linear model 
(GLM). A set of regressors (predictors) is defined to model the intensity changes 
of the BOLD signal over the course of an fMRI session. This procedure is applied 
to the different experimental conditions (for example, task, baseline, rest, etc.), 
and all regressors are convolved with a hemodynamic response function based on 
the relationship between neural activity and changes in blood flow, as described 
earlier. Studies I and II applied an event-related design, where the length of an 
event may differ from trial to trial and presentations of different experimental 
conditions are randomized (Friston et al., 1998). The purpose of event-related 
designs is to maximize the likeliness to capture “real effects” that can be 
associated with an experimental manipulation, based on the sluggish nature of 
the BOLD signal. Each trial from the experimental manipulation is treated as a 
separate regressor in the GLM. After the parameters of the regressors in the 
model have been estimated, it is possible to statistically test specific hypotheses. 
For example, a t-contrast at the individual level can be defined to test for 
differences in activity patterns for each voxel between experimental conditions 
(e.g., task versus baseline). Individual t-contrasts defined at the first level are 
included in second-level random-effects analyses to evaluate group-level effects, 
where individual t-contrasts are combined (see the Methods sections for the 
individual papers for details). All fMRI analyses reported in this thesis were 
performed with statistical parametric mapping (SPM), which was managed 
within an in-house program (DataZ). 

t-contrasts defined from death-bug events versus perceptual baseline events 
(e.g., the location of dots on a bug) were used as the foundation for conjunction 
analyses (see Figure 4). The t-contrasts were entered into three types of 
conjunction analyses: one based on all conditions; one based on similarity-
conditions; and one based on rule-based conditions. For each conjunction 
analysis, an uncorrected p-value was calculated for each voxel. A conjunction was 
made by taking the maximum of these p-values for each voxel, and the standard 
procedure implemented in SPM was used to calculate false discovery rate (FDR)-
corrected p-values at the voxel level. The purpose was to evaluate the overlapping 
BOLD activity between different experimental conditions. 

Covariate of interest analyses were performed to evaluate whole-brain 
correlations between cognitive model fit and BOLD signal within the voxels 
identified in a group-level t-test (studies I–II). A covariate (i.e., model fit) was 
entered in the second-level t-test to test for correlations at the group level (see 
each paper, respectively, for details). 

In study II, parametric analysis was used to model the BOLD signal with one 
additional regressor in the GLM. The additional regressor modeled the time 
series of each event with a linear or an exponential function. The purpose was to 
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identify BOLD-signal changes –increases and decreases – over time. Individual 
t-contrasts were defined at the first level and were evaluated at the second level 
with a group-level t-test (see the Methods section in paper II for details). 
 

 
Figure 4. Model of the conjunction analysis 𝐴	(𝐼𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑	𝐶𝐴𝑀)∩
𝐵	(𝐼𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑	𝐸𝐵𝑀)∩ 𝐶(𝑆𝑝𝑜𝑛𝑡𝑎𝑛𝑒𝑜𝑢𝑠	𝐶𝐴𝑀)∩ 𝐶(𝑆𝑝𝑜𝑛𝑡𝑎𝑛𝑒𝑜𝑢𝑠	𝐸𝐵𝑀) = 𝐸, 
where E represents the overlap between the t-contrasts that were entered into 
the conjunction analysis. 
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Results 

Study I 
The aim of Study I was to test how the relationship between rule-based and 
similarity-based processes in multiple-cue judgment should be conceived. 
Previous empirical work has focused on these two processes as two exclusive 
approaches to address a judgment task; these processes were thought to be 
activated in an either/or fashion, where only one process was selected and 
engaged (see, e.g., Haider et al., 2005; Rehder & Hoffman, 2005, Meeter et al., 
2006; Karlsson et al., 2008). Others propose that both processes are 
simultaneously engaged, competing to control behavior (Nosofsky & Palmieri, 
1997; Ashby et al., 1998; Erickson & Kruschke, 1998; Logan, 1988). As described 
in previous sections of this thesis, imaging research has mostly focused on the 
logic of contrasting rule-based and similarity-based conditions against each other 
to detail differences between the two (e.g., Koenig et al., 2005; Grossman et al., 
2002; Patalano et al., 2001; von Helversen et al., 2014b). This approach might 
cancel out activation that could be related to both processes, and common brain 
regions are likely critical to if rule-based and similarity-based processes engage 
as an interplay during the judgment process. In this study, we used cognitive 
modelling and fMRI together to evaluate whether shared processes could be 
identified (i.e., by examining brain activity common between conditions), and the 
relationship between the overlapping activation observed during rule-based and 
similarity-based processes and model fit. If the engagement of common brain 
regions could not be observed, or if activity in these overlapping brain regions 
were not related to model fit, this would support the either/or view. In contrast, 
if shared BOLD activity could be identified, and a correlation between BOLD 
activity and model fit was observed, this would support the interplay view. 

Methods 
In two experimental settings, participants learned to judge the toxicity of death 
bugs based on five binary cues, either with instructions on how to solve the 
judgment task or with spontaneous strategy adherence. In the instructed 
conditions, participants were divided into a rule-based condition (N=20) where 
they learned a verbal-cue combination rule, or a similarity-based condition 
(N=20) where they memorized exemplars. In the spontaneous conditions, 
participants (N=137) spontaneously adhered to a rule-based or similarity-based 
strategy based on the structure of the task environment. Half of participants 
learned to make judgments in an additive linear task environment. The other half 
learned to make judgments in a multiplicative task environment. Participants 
underwent a test phase immediately after learning. Based on the model fit of the 
judgment data (rendered with projective fit), the participants whose data 
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exhibited the best model fit for a cue-abstraction model or an exemplar-based 
model were sent to an fMRI session performed that same day (see Figure 5). 

After the learning phase, a subset of participants in the four conditions made 
test-phase judgments based on a selected subsample of old and new items 
without outcome feedback for three blocks while undergoing fMRI (N=74). The 
death-bug task was intermixed with a perceptual baseline that asked participants 
to identify where on a bug the dots were located (see Figure 6). Behavioral 
judgment test-phase data on the death-bug task were used to model participants’ 
responses to infer strategy adherence (see paper I for details). 

Behavioral results 
 

 
Figure 5. The model fit of the exemplar-based model and cue-abstraction model 
at the screening test phase for the spontaneous conditions is displayed on the x-
axis (N=137). The colored bars represent the model fit for the rule-based 
condition (blue) and the similarity-based condition (orange). The white bars 
represent participants who were not selected to participate in the fMRI judgment 
session. 
  



 

40 

 
Figure 6. Trial design of the death-bug task (panel A) and the perceptual 
baseline task (panel B) on the fMRI judgment test phase. ISI = interstimulus 
interval; ITI = intertrial interval; the scale could take a number between 0 and 
30.  
 
The cognitive modelling verified that task manipulation was successful (see 
Figure 7 for the pre-scan judgment test-phase data for participants in the 
spontaneous conditions, and Figure 6 for fMRI judgment test phase data for 
participants across all conditions).  
 

 
Figure 7. Model fit in RMSD (a lower value indicates a better model fit) on 
judgment test-phase data during fMRI (N=74). The x-axis represents the model 
fit for the cue-abstraction model (blue) and the exemplar-based model (orange). 
The y-axis represents the model fit in RMSD between participants’ judgment and 
the presented criteria. Left panel: Instructed conditions (N=38). Middle panel 
and right panel: Spontaneous conditions (N=36). Add = rule-based condition; 
Mult = similarity-based condition.  
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Imaging results 
As one prior study on multiple-cue judgment focused on the separability between 
rule-based and similarity-based strategies, judgment events related to rule-based 
and similarity-based conditions were contrasted against each other; this verified 
that our results were comparable to the findings of previous research (see Figure 
8; von Helversen et al., 2014). For example, the instructed rule-based condition 
engaged the the supramarginal gyrus, and the precentral cortex, which are related 
to directed attention and rule use (although only under a less conservative 
threshold, see paper I for details). Conversely, the similarity-based condition 
engaged the left anterior PFC, the precuneus, and the angular gyrus more than 
the rule-based condition. The results were largely in line with previous 
observations. 
 

 
Figure 8. Rule-based processes contrasted against similarity-based processes. 
Panel a: Instructed CAM > Instructed EBM (threshold p < .001, uncorrected); 
Panel b: Instructed EBM > Instructed CAM (threshold p < .05 FDR). 
 
A conjunction analysis based on judgment events for all four conditions was 
performed to test how the relationship between the two processes should be 
conceived. The results revealed that rule-based and similarity-based processes 
indeed shared extensive brain activity in the precuneus, bilateral angular gyrus, 
and cerebellum. Two additional conjunction analyses were performed. A 
conjunction analysis on rule-based conditions separately revealed an almost 
identical outcome, but rule-based conditions commonly engaged the dorsolateral 
PFC, inferior occipital gyrus, middle frontal gyrus, and the superior frontal gyrus. 
A conjunction analysis on similarity-based conditions separately revealed an 
identical pattern to that observed in the overall conjunction, and additionally 
found engagement of the anterior PFC (see Figure 9).  
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Next, we tested if activity in any of the brain regions that were commonly 
engaged between conditions correlated with either of the two models. Higher 
BOLD activity in the precuneus was associated with better exemplar model fit 
across participants in all groups. The correlation between model fit of the cue-
abstraction model and precuneus activity was low and nonsignificant. No 
correlation was observed in any of the other three regions. For the rule-based 
conjunction, activity in the superior frontal gyrus and the precentral sulcus were 
associated with model fit of the cue-abstraction model, but correlations with the 
exemplar-based model was low and nonsignificant. No other region was 
functionally related to model fit (see Figure 9).  

The specificity of a similarity-based process in the precuneus and rule-based 
process in the superior frontal gyrus was followed up with whole-brain 
correlational analyses, which also revealed links between exemplar-based model 
fit, the precuneus, the MTL, and the vmPFC for similarity-based processes, as 
well as the superior frontal gyrus for rule-based processes. 
 
 

 
 
Figure 9. Panel A displays the conjunction analysis based on BOLD activation 
between the four conditions (death bug versus dot bug), MNI coordinate y = - 60. 
The right panel displays the correlational analysis between BOLD activity in the 
precuneus and model fit of an exemplar-based model (N=74). Panel B displays 
the conjunction between the instructed and spontaneous rule-based conditions, 
MNI coordinate x = -2. The right panel displays a functional relationship between 
model fit of the cue-abstraction model and BOLD activity in the superior frontal 
gyrus.  
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Brief discussion and conclusion 
The interpretation of the imaging results obtained from the overall conjunction 
analysis and the correlational analysis enforces the importance of similarity-
based processes in human judgment. We found initial support for the notion that 
the precuneus was commonly engaged between rule-based and similarity-based 
conditions, but functionally related to exemplar-based model fit. Rule-based 
processes additionally require processes related to spatial working memory, 
which is linked to the superior frontal gyrus in particular. The results are 
interpreted in line with the interplay view, where rule-based and similarity-based 
processes are engaged in an interplay during rule-based judgment. One tentative 
interpretation regarding the role of the precuneus in human multiple-cue 
judgment is that it could support an episodic memory processes, by aiding and 
inspecting stored exemplars from the MTL together with the vmPFC in service of 
similarity comparison (e.g., Kaboodvand et al., 2018; Vincent et al., 2006; 
Wagner et al., 2005). The tenets of dual-process theories on how different 
representations underlie cognition might be in line with this finding: similarity-
based processes might cue default responses that may, or may not, be intervened 
by rule-based processes (e.g., Kahneman & Frederick, 2002). 

Study II 
In study II, the role of the precuneus in the cognitive processes associated with 
similarity-based judgment was further evaluated. In this study, the following 
question was asked: To what extent does the precuneus contribute to episodic 
memory processes, or other cognitive processes that could equally be captured by 
an exemplar-based model? Study II focused on activity changes between early 
and late similarity-based judgment learning to evaluate whether the ventral 
precuneus contributes to an episodic memory process. Increased engagement of 
this region, together with the vmPFC and the MTL during learning, have been 
linked to episodic memory retrieval of stored memory representations (e.g., 
Daselaar et al., 2009; Gilmore et al., 2015; Hayama, Vilberg & Rugg, 2012; 
Huijbers, et al., 2013;). On the other hand, reduced brain activity in the ventral 
precuneus during a learning task could, for example, reflect reduced needs for 
visuo-spatial attention as a function of learning to master the task at hand (e.g., 
Gusnard & Raichle, 2001; McKiernan, Kaufman, Kucera-Thompson & Binder, 
2003). Thus, activity changes while learning were expected to be diagnostic when 
testing this question. 

 
Figure 10. A display of the experimental design of study II. 
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Methods 
Participants (N=34) spontaneously learned to master the death-bug task (based 
on four binary cues and a multiplicative environment) while receiving outcome 
feedback related to a set of old learning items. The four initial learning blocks 
were scanned, and intermediate tests based on a subset of old and new items were 
administered in between each learning block to evaluate strategy adherence with 
a cognitive modelling procedure. The judgment-learning phase continued 
immediately after fMRI scanning in front of a computer until a criterion level (1.5 
RMSE) had been reached. Immediately afterwards, a final test phase followed 
where old and new exemplars were judged (see Figures 10, 11 and paper II for 
details). 
 

 
Figure 11. The trial procedure for the fMRI judgment session. The task event 
was the effect of interest that was used to evaluate learning-related changes in 
BOLD activity. ITI = intertrial interval; ISI = interstimulus interval. The scale 
could take a number between 0 and 30. 

Behavioral results 
Model fit of the intermediate test-phase data (N=27) confirmed that participants 
learned to master the task with a similarity-based strategy rather than with a rule-
based strategy (see Figure 12). Final test-phase judgments were in line with the 
predictions of an exemplar-based model, with better judgment performance 
(RMSE) observed for old, rather than for new, items; further, an inability to 
extrapolate outside the acquired learning range was also noted. 
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Figure 12. The left panel displays the model fit (RMSD) of the cue-abstraction 
model (blue) and the exemplar-based model (red) on the intermediate tests (T1–
T4) and the final test phase (FT). Error bars denote 95% confidence intervals 
(CIs) around the mean. Right panel: Performance in RMSE on all learning blocks, 
where the purple bars denote blocks performed during fMRI; the white bars 
represent blocks performed in front of a computer. 

Imaging results 
Contrasting the last and first learning blocks that were scanned (block 4 > 1) 
demonstrated increased engagement of the ventral precuneus, the vmPFC, and 
the bilateral MTL, as well as several other regions that are typically related to 
episodic memory processes (see Figure 13, panels a and b). Paired-samples t-tests 
confirmed that there was a significant reduction in BOLD activity between the 
first and second learning blocks in the vmPFC and left MTL (all ps < .05). 
Significant increases in the ventral precuneus, vmPFC, and bilateral MTL were 
observed between the second and the third blocks and the first and fourth blocks 
(all ps < .05; see Figure 13, panel b). Conversely, the reversed contrast displayed 
reduced activity in a fronto-parietal network and the bilateral striatum, but not 
in the ventral precuneus.  

Post-hoc analyses further revealed that higher BOLD activity in the ventral 
precuneus during the last scanned learning block (i.e., the last measurement of 
BOLD activity) was related to the performance of exemplars that had been 
learned at the final test (see Figure 13, panel c). Moreover, activity-levels in the 
ventral precuneus and the vmPFC parametrically increased between each trial. 
Further, activity levels in the bilateral caudate/putamen were reduced between 
each trial. 

Finally, BOLD activity in the ventral precuneus across all learning blocks (all 
blocks – all dot bugs) was found to be functionally related to model fit for the 
similarity-based model at the final test. A similar effect was observed in the 
vmPFC, but not in the MTL. These latter results confirm that the regions involved 
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during judgment learning predicts the model fit of a similarity-based model after 
learning. 

Brief discussion and conclusions 
Support for the idea that BOLD activity levels in the ventral precuneus increases 
between early and late learning was identified. The results, including increased 
engagement of the vmPFC and the MTL, the parametric increase, and the link 
between BOLD activity in the precuneus and subsequent memory, led to the 
interpretation that the ventral precuneus may be a key node in similarity-based 
judgment. Specifically, the ventral precuneus may support the gradual 
accumulation of exemplars in memory retrieved for similarity comparisons (see 
Brodt et al., 2016; Gilmore et al., 2015; Hebscher et al., 2019). These results are 
also in line with the recent research findings on categorization, which highlight 
the importance of the vmPFC and MTL in similarity-based processes captured by 
exemplar-based models (Davis & Poldrack, 2014; Davis et al., 2012; Davis et al., 
2017; O’Bryan et al., 2018).  

The present findings are, however, not in line with the recent proposal that 
exemplar-based models capture an implicit memory process, acting on the basal 
ganglia (Ashby & Rosedahl, 2017). For example, that the caudate activity reduced 
between each trial contradicts the recent proposal that exemplar-based models 
reflect an implicit memory process (Ashby & Rosedahl, 2017); this is related to 
research that identified an increased engagement in this region over category 
learning (e.g., Nomura et al., 2007; Poldrack et al., 2001). Rather, the present 
results provide evidence in favor of the cognitive processes reflected by exemplar-
based models, also suggesting that this model may be related to episodic memory. 
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Figure 13. Panel (a) displays the activation map from the regions that 
demonstrated increased activation between learning blocks (death bug versus 
baseline; Block 4 > Block 1), including the ventral precuneus (vP), vmPFC, and 
the bilateral MTL. Panel (b) displays the percent BOLD-signal change (y-axis) in 
the ventral precuneus, the vmPFC, and the bilateral MTL for each learning block 
(B1–B4). Panel (c) displays a correlation between activity drawn from block four 
in the ventral precuneus and the performance of old learning items at the final 
test.  

Study III 
In study III, a task specifically designed to test the presence of a default similarity-
based processes in rule-based judgment was constructed. The primary aim of this 
study was to expand upon the findings from study I and test the implications of 
how a key similarity-based process influences rule-based judgment. The primary 
question was as follows: Is a similarity-based process the default process, insofar 
as people can rely on similarity-based processes when rule-based judgment fails? 
By constructing a task situation where people – who have access to a functional 
abstract rule – find themselves in a judgment situation where this rule is hard to 
use (by introducing time pressure on the judgment test-phase), we tested if and 
to what degree a similarity-based default process influence rule-based judgment.  

We hypothesized that if similarity-based processes are the default processes 
in human judgment, then time pressure will push people to shift from using 
computationally demanding rule-based processing to more efficient similarity-
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based processing. For example, recent empirical data suggest that similarity-
based processes always influence rule-based judgment to some degree (Hahn et 
al., 2010; von Helversen et al., 2014a). If similarity-based processes are not 
engaged by default, people might instead shift to a simplified version of the rule 
in the form of a heuristic (e.g., Gigerenzer, Todd & the ABC group, 1999), or they 
might even regress to random guessing. Five cognitive models were implemented 
and fitted to judgment test-phase data to evaluate this question: the CAM, the 
EBM, QuickEst, the mapping model, and a baseline model that took participants’ 
average response from the learning phase as an estimate and compared them to 
participants’ judgment test-phase data (see Methods section in paper III for 
further details). 

Methods 
Participants (N=42) learned to make rule-based judgments in a linear task 
environment based on four binary cues. Explicit instruction of the relationship 
between cue and criterion was given to each participant before the start of the 
learning task (i.e., the rule). Participants began judgment learning and received 
outcome feedback to a learning criterion (1 RMSE) or until 40 learning blocks 
had been performed (400 trials).  

Immediately afterwards, participants performed two tests based on the 
identical item sets featuring old and new items. One test without time pressure 
was performed to test if people had learned to use the rule. One test with time 
pressure, that was selected to ensure that the computationally demanding and 
slow process of cue abstraction were unfeasible, was also performed (see Figure 
14 and paper III for details on the experimental design). The test order was 
counterbalanced between participants.  
 

 
Figure 14. A schematic overview of the experimental design of study III. 
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Results 
As expected, the CAM fitted test-phase data best on the test without time pressure 
compared to the other models (see Figure 15) and the performance was in line 
with predictions of the CAM (N=37). These results confirmed that the 
participants had learnt to make judgments based on the linear rule. Notably, the 
two heuristic models and the baseline model demonstrated a worse model fit than 
the CAM and the EBM on both tests, which suggests that people did not use any 
of the heuristics tested in this study.  

The cognitive modelling of judgment test-phase data from the test featuring 
time pressure confirmed that the rule-based model did not provide a good fit. 
Under time pressure, the model fit of the rule-based and similarity-based models 
was identical (see Figure 15). However, the fit of the EBM might have been less 
sensitive to time pressure than the fit of the CAM, as based on the fact that greater 
deterioration was observed between the two tests for the CAM compared to the 
EBM.  Still, a subsample of participants demonstrated the anticipated shift from 
the CAM to the EBM under time pressure, which suggests that there might have 
been individual differences related to whether people may have engaged in a 
similarity-based default process instead.  

With regard to the diagnostic measure of extrapolation, a negative 
extrapolation index was identified in the condition with time pressure; further, 
there was a significant difference between the extrapolation index obtained for 
the test without time pressure when compared to that from the test with time 
pressure. This result is in line with the predictions of the EBM, but could also be 
caused by a regression to the mean effect generated from time pressure.  

Also noteworthy is the fact that response times (measured in milliseconds, 
ms) were faster for old items than for new items on the test without time pressure. 
There was, however, no significant difference in response times between old and 
new items on the test with time pressure, but this effect should be expected given 
the instruction to respond as fast as possible.  
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Figure 15. The columns represent model fits for the cue-abstraction model 
(blue), the exemplar-based model (orange), the mapping model (red), QuickEst 
(green), and the baseline model (grey) at the two tests. The y-axis represents the 
RMSD between judgment and model prediction. The stars denote p < .001. Note 
that a lower value equals a better model fit. 

Brief discussion and conclusions 
The results are ambiguous, and do not provide clear evidence in favor of a shift 
from a rule-based to a similarity-based strategy under time pressure. One 
alternative explanation for this may be related to the known level of individual 
differences in judgment; adaptive strategy selection is related to intelligence, 
working memory capacity, and age differences (Bröder, 2003; Rolinson et al., 
2011; Mata et al., 2012; Hoffmann et al., 2014). Specifically, participants might 
not have been equally sensitive to the level of time pressure used to inhibit the 
use of a rule-based strategy. One possibility is that this manipulation could not 
reduce rule-based processing altogether, and that some participants still used the 
rule to some extent, even under time pressure. It has recently been proposed that 
people can engage in a “drop the worst” heuristic, where the least important cue 
is dropped to speed up the cue integration process in rule-based decisions (Oh et 
al., 2016). Still, some results suggest that similarity-based processes were 
engaged during rule-based judgment. For example, that faster judgments are 
made for old items has been previously taken as an argument in support of the 
presence of similarity-based processes in rule-based judgment (Hahn et al., 2010; 
von Helversen et al., 2014a). Poor extrapolation ability was also observed under 
time pressure, and extrapolation ability is a diagnostic measure of rule-based 
processes, whereas poor extrapolation is usually observed when people apply 
similarity-based processes (DeLosh et al., 1997; Juslin et al., 2008). Taken 
together, a subsample of the participants might have continued to apply the rule 
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under time pressure, although with less accurate outcome. Conversely, some 
participants could actually have engaged in a default, similarity-based process 
instead. 

It should be noted that there are a number of models that capture similarity-
based processes that operate using episodic memory. It may be the case that 
neither of the models that were fitted to the judgment test-phase data in this study 
accounted for participants’ behavior under time pressure. Nevertheless, the 
present results were interpreted to suggest that similarity-based processes likely 
could have been engaged by default in rule-based judgment, both in the 
conditions with and without time pressure. However, more research is needed to 
determine the exact nature of this effect.  
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Discussion 
The main objectives for this thesis were to investigate the brain networks 
associated with multiple-cue judgment, and to explore the role of similarity-based 
processes in particular. To probe this question, fMRI, cognitive modeling, and 
experimental methods for behavioral testing were combined to provide novel 
insights into the processes that support human multiple-cue judgment. The 
results offer novel evidence for the brain processes involved in judgment learning 
(study II) and test-phase judgments (study I). Together, the results from the three 
studies corroborate previous findings, while also providing novel evidence in 
support of a neuroscience of multiple-cue judgment. Specificlly, the present 
results revealed that: i) The relationship between rule-based and similarity-based 
processes are based on an interplay between certain factors. A key similarity-
based process in the precuneus is commonly engaged for both rule-based and 
similarity-based processes, but rule-based processes also require engagement of 
the superior frontal gyrus and the precentral sulcus. ii) The precuneus is linked 
to the process of building and retrieving memory representations used for 
similarity comparisons. iii) A link between similarity-based processes, captured 
by exemplar-based models, and the neural mechanisms related to episodic 
memory. iv) Similarity-based processes could be a default process in rule-based 
judgment.  

The results from the three studies will now be discussed in relation to 
previous research. I begin with a discussion on the brain imaging and behavioral 
evidence in support of the overreaching issues tested in this thesis, separately. 
Then, I continue to discuss the implications for a default similarity-based process 
in multiple-cue judgment. Thereafter, I propose a framework related to brain 
regions involved in representations used for multiple-cue judgment, and the 
implications for related theory. 

Neuroimaging Evidence for the Relationship Between Rule-
based and Similarity-based Processes 
Similarity-based and rule-based memory representations are thought to 
operationalize on different cognitive processes. Most previous research has 
focused on process separation to detail the neural underpinnings of rule-based 
and similarity-based processes. In line with previously conducted research, the 
results from study I demonstrated distinctions between rule-based and 
similarity-based processes at a neural level (e.g., Grossman et al., 2002; Koenig 
et al., 2005; Patalano et al., 2001; von Helversen et al., 2014b; Milton et al., 2017). 
For example, the lateral PFC and the posterior parietal cortex was engaged. 
Previous research has linked these regions to content stored in memory and the 
active component of working memory (for overviews see, e.g., Eriksson et al., 
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2015; Cabeza & Nyberg., 2000). In contrast, similarity-based processes posed 
higher demands on regions in the inferior parietal cortex and the anterior PFC 
when compared with rule-based processes. These regions are well-known 
contributors to networks that enable retrieval and association to previously 
stored memory representations (e.g., Barredo, Öztekin & Badre, 2015; Binder et 
al., 2011; Cabeza & Nyberg., 2000; Spaniol et al, 2009). This finding further 
confirmed that rule-based and similarity-based processes rely on different 
cognitive processes.  

The results from study I revealed that rule-based and similarity-based 
processes share important neural components as well; the bilateral angular 
gyrus, precuneus, and right cerebellum were commonly engaged between 
conditions. The lateral parietal cortex has been linked to information integration 
in decision making (for overviews, see Gold & Shadlen, 2007; Glimcher & Fehr, 
2014) and is known to be linked to memory retrieval of previously stored 
representations (Cabeza & Nyberg, 2000; Wagner et al., 2005). The right 
cerebellum has instead been linked to cognitive control and working memory (for 
a recent overview, see Schmaahmann, 2019). Moreover, the lateral parietal cortex 
and the precuneus are known to be part of a parietal memory network involved 
in successful episodic retrieval (e.g., Daselaar et al., 2009; Gilmore et al., 2015). 
That a correlation between precuneus activity and model fit of an exemplar-based 
model could be detected in all conditions emphasizes the importance of a 
similarity-based process in multiple-cue judgment. The similarity-based 
conditions rendered an almost identical pattern of results as the overall 
conjunction, but additionally engaged the left anterior PFC, and further 
emphasized the importance of memory retrieval in similarity-based processes 
(e.g., Cabeza & Nyberg, 2000; Spaniol et al., 2009; Binder, 2009). 

Rule-based conditions, separately, were instead found to engage the 
superior frontal gyrus and the precentral sulcus, and activity in these regions 
correlated with model fit of the rule-based model. Previous research has linked 
the superior frontal gyrus to spatial working memory (Tanaka et a., 2005), mental 
arithmetic (Zamarian et al., 2009), and rule use (e.g., Patalano et al., 2001; Wallis 
& Miller, 2003; Koenig et al., 2005; Helie et al., 2010; Klaes et al., 2011). This 
effect was not evident in the similarity-based conditions, nor correlated with 
exemplar-based model fit. The cognitive processes supported by the superior 
frontal gyrus are thus likely specifically linked to rule use.  

Taken together, rule-based and similarity-based processes operationalize on 
different cognitive processes related to working memory and episodic memory, 
respectively. This thesis presents novel neural evidence for the notion that the 
relationship between rule-based and similarity-based processes are 
interconnected. Specifically, a similarity-based process in the precuneus was 
identified in rule-based judgment as well, suggesting that a key mechanism is 
supported by this region for multiple-cue judgment in general.  
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Neuroimaging Evidence for Similarity-based Processes 
Captured with Exemplar-based Models 
Exemplar-based models assume that judgment is based on the retrieval of past 
similar memory representations used for similarity comparisons (Medin & 
Shaffer, 1978; Nosofsky, 1984; Juslin et al., 2003; 2008). In study I, profiles of 
activity in the precuneus, the anterior PFC, vmPFC, and the MTL were tracked by 
exemplar-based model fit across all conditions. The neural substrates involved in 
spontaneous multiple-cue judgment learning has to my knowledge not been 
reported until now (study II). A large-scale brain network became more engaged 
during similarity-based judgment learning, overlapping with previous findings 
related to episodic memory (e.g., Cabeza & Nyberg, 2000). Specifically, the 
results from study II suggest that spontaneous judgment learning engages the 
precuneus, which begins immediately during learning. While model fit 
demonstrated that participants spontaneously adhered to a similarity-based 
strategy rather than a rule-based strategy, a key mechanism (activated in the 
precuneus) for judgment on test-phase data opened up the idea that a similar 
process likely occurs in rule-based judgment learning.  

The importance of the vmPFC has, in related research on decision making, 
been highlighted in the selection of memory representations used for decision 
making (Euston et al., 2012), and the MTL has been implicated in prospective 
integration when people choose between alternatives, and memory integration of 
far and remote memories (for a recent review, see Nathaniel & Daw, 2015; 
Johnson, Meer & Redish, 2008). The anterior PFC is furthermore linked to 
memory retrieval (for overviews, see Cabeza & Nyberg, 2000; Spaniol, 2009; 
Binder, 2009; Barredo et al., 2015). Moreover, the precuneus has been identified 
in episodic memory (Cavanna & Trimble, 2006) and recognition memory (Reber, 
2002; Dörfel et al., 2009). In addition, the precuneus has been identified when 
people use the recognition heuristic (Volz et al., 2006) and in the generalization 
of stimuli based on their appearance (Milton et al., 2009). The role of the 
precuneus in similarity-based processes, as captured by exemplar-based models 
are, however, not well documented. 

Conversely, the links between the precuneus and episodic memory processes 
have been well documented (Vincent et al., 2006; Wagner, 2005; Kaboovand et 
al., 2018; Gilmore et al., 2015; for an overview, see Cavanna & Trimble, 2006). 
Specifically, it has been argued that the medial parietal cortex is involved in aiding 
and selecting memory representations used for decision making (Wagner et al., 
2005); it also acts as a gateway to memory representations stored in the MTL 
together with other cortical regions (Kaboovand et al., 2018). It was recently 
outlined that an important role of the precuneus is the coordination of cross-
regional interactions between complex episodic information from the MTL 
(Hebscher, Meltzer & Gilboa, 2019). Moreover, a gradual accumulation of BOLD 
activity in the ventral precuneus has been linked to the process of building 
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memory representations and is related to subsequent memory performance 
(Brodt et al., 2016). It has even been demonstrated that the precuneus is part of 
a parietal memory network that supports episodic learning and retrieval (e.g., 
Daselaar et al., 2009; Gilmore et al., 2015). It is thus reasonable to assume that 
the contribution of the precuneus in similarity-based processes relates to the 
mnemonic representational aspect of exemplar-based models. I take findings 
from studies I and II to support the role of the precuneus in human multiple-cue 
judgment, and in its linkage to the mnemonic representational aspect when 
retrieving stored exemplars for similarity comparisons. 

The MTL has been a target region for concept learning (Davis et al., 2012; 
2014) and the vmPFC has been linked to the level of evidence available for 
similarity comparisons (O’Bryan et al., 2018; Davis et al., 2017). While the 
precuneus has not yet been highlighted as a key node for similarity-based 
processes, as captured by exemplar-based models, the conclusions drawn from 
the present results are likely echoed in related studies on categorization. For 
example, the precuneus has been reported in activation tables in studies focusing 
on similarity-based processes captured by exemplar-based models in 
categorization (Bowman & Zeithamova, 2018; Davis et al., 2017).  

Behavioral Evidence for the Relationship Between Rule-based 
and Similarity-based Processes 
The results from the three studies demonstrated that the behavior observed in 
the similarity-based conditions were in line with predictions from the exemplar-
based model and were best described by the same (study I and study II). 
Conversely, the rule-based conditions were associated with behavior that is 
typical for cue abstraction (study I and study III), and spontaneous learning in a 
linear task environment appeared to lead to the adherence to a rule-based process 
(study I). Although not explicitly discussed, similar results have been reported in 
the past and have favored the either/or view, where only one strategy is selected 
and engaged (e.g., Juslin et al., 2003; Olsson et al., 2006; von Helversen et al., 
2013). It has even been argued that strategy selection is based on controlled 
strategy shifts during judgment learning (Karlsson et al., 2008). That is, people 
switch between strategies depending on the properties of the task, and for any 
object, people either engage in a rule-based or a similarity-based process, but not 
both.  

I had reason to expect that similarity-based processes influence rule-based 
behavior. Study III was specifically designed to explore whether similarity-based 
processes are engaged by default in rule-based judgment. First, the results 
confirmed that rule-based processes, which are computationally demanding and 
requires the engagement of working memory (Juslin et al., 2008; Hoffmann et 
al., 2014), cannot be applied under time pressure. This finding is in line with the 
findings of previous related research on rule-based decision making (Payne et al., 
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1988; 1993), categorization (e.g., Lamberts, 1995), and inference judgments 
(Rieskamp & Hoffrage, 2008). It has typically been demonstrated that people 
shift to heuristics to cope with the demands of the environment, but the results 
presented in study III did not provide evidence favor of this view. Rather, the two 
heuristic models demonstrated a worse fit than both the rule-based and 
similarity-based models. Still, the identical model fit of the rule-based model and 
the similarity-based model do not provide clear-cut evidence to support that 
similarity-based processes captured with an exemplar-based model could be 
observed in rule-based judgment.  

There are at least three reasons why the group-level results did not reveal 
the expected strategy shift to a similarity-based process under time pressure in 
study III. First, the results could, strictly speaking, be interpreted to be in line 
with the either/or view, where participants would have focused singlehandedly 
on abstracting the link between cue and criterion during the learning task to 
produce a linear weighted rule (Juslin et al., 2003; Hoffmann et al., 2013). Thus, 
one reason why people did not shift to a similarity-based process under time 
pressure could be that participants did not have access to any exemplar 
representations, because they did not engage in exemplar storage as they learned. 
Rather, they focused singlehandedly on abstracting the linear relationship 
between the cue and the criterion. Recent research suggests that people rely on a 
heuristic called “drop the worst” when making rule-based decisions under time 
pressure (Oh et al., 2016). Under this view, people still used the learned rule 
under time pressure, but they might not have integrated the least important cue.  

Second, a subsample of participants did shift to an exemplar-based strategy 
under time pressure. This result could imply that there might have been 
differences in how a similarity-based process, as captured by an exemplar-based 
model, was engaged by default in judgment under time pressure. Some 
participants might have had access to exemplar representations that could be 
used for similarity comparisons when a linear rule could not be used, whereas 
others were not as affected by time pressure. This view fit well with previous 
research on individual differences in adaptivity in judgment (e.g., Bröder, 2003; 
Rolinson, 2011; Mata et al., 2012). However, as participants’ judgments under 
time pressure demonstrated an inability to extrapolate (DeLosh et al., 1997; 
Juslin et al., 2008), all participants could, to some degree, have been influenced 
by a default similarity-based process. As Logan (1988) points out, rule-based and 
similarity-based processes could always be engaged in parallel, but similarity-
based processes might not always be successful.  

Response times were faster for old than for new test items on the test without 
time pressure. To test whether this is a general effect in rule-based multiple-cue 
judgment, response times for old and new items were compared based on data 
from the spontaneous rule-based condition of the pre-scanning phase from study 
I. Indeed, the same effect was observed in that dataset. One interpretation of 
these results is that participants stored exemplar representations during rule-
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based learning, which were then retrieved for later judgments, in line with the 
concept of a similarity-based process. Previous studies have taken similar results 
to highlight the influence of similarity-based processes in rule-based inferences 
(see, e.g., Hahn et al., 2010; von Helversen et al., 2014a), where similarity 
comparisons were argued to represent an unavoidable consequence of attending 
to a target (Brumby & Hahn, 2017; Hahn et al., 2010; Logan, 1988). Another 
alternative is that faster response times for old compared to new items might not 
be related to a default similarity-based response, as predicted by an exemplar-
based model per se. Rather, participants could simply have recognized previously 
seen exemplars, which could imply that this process is non-strategic (Hahn et al., 
2010). 

Third, if cognitive processes related to episodic memory are operationalized 
during a multiple-cue judgment task, these processes could be accounted for by 
other models as well. Exemplar-based models assume that stored exemplars in 
long-term memory are retrieved for similarity comparisons. It is assumed that 
similarity-based processes are less computationally demanding compared to 
rule-based processes (see Juslin et al., 2008, for a more detailed discussion). 
However, it is possible that the retrieval of several exemplars used for similarity 
comparisons could have been too time consuming under time pressure. For 
example, applying a working memory load on test-phase judgment when a 
similarity-based strategy is executed inhibits the use of a similarity-based and 
rule-based processes (Juslin et al., 2008). There are, however, other similarity-
based models that pose demands on episodic memory, that could generate the 
effects detailed above; these might not be as cognitive demanding. For example, 
the prototype model is an alternative to exemplar theory that does not require the 
storage of all exemplars, but only a few prototypes that are retrieved for similarity 
comparisons (Rosch & Mervis, 1975). It has recently been demonstrated that 
prototype models account for multiple-cue judgment. It has been argued that 
people process whole exemplar representations based on a few prototypes stored 
in long-term memory as valid reference points for future judgments (Henriksson, 
2019). Moreover, prototype models have been found to outperform exemplar-
based models in categorization (Minda & Smith, 2002). One alternative reason 
why we did not observe a strategy shift between a rule-based model and an 
exemplar-based model in study III could be that people did not engage in 
processes captured by an exemplar-based model per se; rather, they may have 
engaged in a similarity-based strategy that was not modeled. In terms of the 
neural mechanisms linked to similarity-based processes, there is even evidence 
that prototype models better track activity in, for example, the MTL and the 
vmPFC (Bowman & Zeithamova, 2018). 
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Implications for a Default Similarity-based Process in 
Multiple-cue Judgment 
The ability to abstract statistical information from the environment, such as the 
relationship between features of an object (the cues) and the environment 
(criterion), is critical for human judgment (Cooksey, 1996; Brehmer, 1994; 
DeLosh et al., 1997). How humans abstract information from the environment 
has long been studied in the neo-Brunswickian framework based on linear 
regression models (Cooksey, 1996). In the past decades it has, however, been 
demonstrated that people rely on different abstraction processes to make 
judgments, such as in particular task environments (Bröder et al., 2010; 
Henriksson, 2019; Juslin et al., 2003; Juslin et al., 2008; Olsson et al., 2006; 
Karlsson et al., 2007; Hoffmann et al., 2013; 2014; von Helversen & Rieskamp, 
2009). One question that has been highlighted in the behavioral literature is how 
rule-based and similarity-based processes should be corroborated. Comparing 
detailed cognitive model predictions against each other has served as a means 
through which to disentangle how people rely on one representation or the other.  

Some researchers have argued that when people engage in strategy selection, 
they choose one strategy that meets the demands of a given task environment to 
produce a judgment, but never both (e.g., Karlsson et al., 2008). It has been 
argued that similarity-based processes should be engaged as a backup when rule-
based processes fail during judgment learning. Such strategy shifts could occur 
between trials (Juslin et al., 2008) or within the judgment process (Bröder et al., 
2017; Bröder & Gräf, 2018). It has even been outlined that people have a rule bias, 
and initially consider a rule-based approach while learning (Juslin et al., 2008). 

One implication of the present results is that similarity-based processes 
might not serve as a backup that is initiated only when rule-based judgment fails; 
rather, they are engaged by default in human multiple-cue judgment (study I). 
Moreover, the results from study II demonstrated that model fit of the exemplar-
based model was consistently better during all perform tests while judgment 
learning. As BOLD activity in the ventral precuneus might be interpreted as being 
in line with the memory storage and retrieval of exemplars, and that both are 
increased between early and later learning and between trials, this result suggests 
that a similarity-based process was initiated immediately. This finding questions 
the idea of a rule bias, where people would have initially engaged in rule-based 
learning and engaged in similarity-based learning only when this approach was 
deemed unfeasible (Ashby et al., 1998; Juslin et al., 2008). Rather, similarity-
based processes were engaged immediately during judgment learning.  

The present findings could be in line with work on function learning, where 
exemplar storage has been argued to occur simultaneously as rule-based learning 
and is a consequence of attending to a target (Logan, 1988). Moreover, some 
behavioral evidence has been presented for the blending of rule-based and 
similarity-based inferences (Bröder et al., 2017; Bröder & Gräf, 2018; Herzog & 
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von Helversen, 2018; von Helversen et al., 2014a). The current results could also 
be interpreted in line with this line of research, where people blend similarity-
based and rule-based processes to produce an estimate in rule-based judgment.  

Outline of a Brain Network for Multiple-cue Judgment 
The idea that similarity-based processes are important for multiple-cue judgment 
is not new. The Sigma model assumes that people try to abstract the relationship 
between cue and criterion, and that exemplar-based processes take over when 
rule-based processes are unfeasible (Juslin, Karlsson & Olsson, 2008). Rulex-J is 
based on a similar assumption, but it details how the rules and exemplars are 
often mixed within the course of a single judgment (Bröder, Gräf & Kiechlich, 
2017; Bröder & Gräf, 2018). Likewise, the categorization literature proposes 
several different perspectives on the potential interplay between rule-based and 
similarity-based processes at a behavioral level (Logan, 1988; Erickson & 
Kruschke, 1998; Palmieri, 1997). Neural models for the relationship between 
rule-based and intuitive processes exist in the categorization literature, where 
COVIS has likely been most influential (Ashby et al., 1998; read the section on 
categorization, above, for a description of COVIS). A brain network of multiple-
cue judgment has not been proposed thus far. 

A framework that details the neural mechanisms related to how rule-based 
and similarity-based processes are corroborated in multiple-cue judgment, as 
well as the key mechanisms underlying similarity-based processes, can be 
informed by the results presented in this thesis. The critical aspects outlined in 
this framework are that i) commonalities between similarity-based and rule-
based processes converge to the cognitive mechanisms linked to similarity-based 
processes; and ii) similarity-based processes cue default judgments that may, or 
may not, be affected by a slower rule-based process (see Figure 16).  

First, the storage and retrieval of exemplars occur simultaneously as rule-
based processes (Hahn et al., 2010; von Helversen et al., 2014a). When a probe is 
presented, people attend the features of the probe, which can reactivate past 
similar exemplars from memory used for similarity comparisons. The precuneus 
enables the retrieval of information from the MTL, and the vmPFC is involved in 
the selection of exemplars to produce a new inference. An exemplar-based model 
produces an estimate based on the level of similarity between the probe and the 
retrieved exemplars from long-term memory. If a rule has been acquired during 
judgment learning, the information (i.e., cues) are subsequently compared based 
on similarity; this process is combined with a linear weighted rule to produce an 
estimate, which additionally engages brain networks that support working 
memory. The present results suggest that the superior frontal gyrus is one region 
that is critical for this process. The weight given to similarity- and rule-based 
representations, where one dominates the other, reflects the final estimation. 
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One critical aspect with this hypothetical framework is that if outcome 
feedback is provided, novel exemplar representations are stored in long-term 
memory. These representations can be retrieved for subsequent judgment, which 
enables judgment learning (study II). If the task environment is beneficial for 
similarity-based storage and retrieval, people supposedly start to rely on this 
process immediately. However, the specific neural mechanisms involved in rule-
based judgment learning still remain unclear, as the present thesis did not 
address this question. Nevertheless, if the task environment is beneficial for cue 
abstraction, information about the rule should also be stored to long-term 
memory (see, e.g., Logan, 1988).  

Further, the brain is highly interconnected (for a review, see Friston, 2011). 
While it is reasonable to assume that the precuneus, MTL, and vmPFC cooperate 
during similarity-based judgment, I did not analyze neural data in either study I 
or study II using a network approach. Correlational analyses, however, provide 
initial support for the idea that the precuneus, MTL, and vmPFC are coactivated 
during later stages of judgment learning (based on beta-values extracted from 
study II on learning block 4 – rest, 10 mm sphere around the peak voxel). While 
this approach cannot detail the causal link between these brain regions, these 
results open up for the interpretation that these nodes are likely part of a network 
that cooperates to support episodic memory retrieval in similarity-based 
judgment. 

It is important to keep in mind that this model details the relationship 
between rule-based and similarity-based processes for multiple-cue judgment. 
Processes that support attention, working memory, and information integration 
are also required. For example, the bilateral angular gyrus and the cerebellum 
were in study I involved in both rule-based and similarity-based judgment. 
Moreover, activity identified based on the contrast logic in study I provide 
evidence for that the the anterior PFC, known to involved in episodic memory 
retrieval, is engaged in similarity-based judgment. Rule-based judgment instead 
requires the lateral parietal cortex, possibly to be able to integrate cues with the 
representation of the rule stored in long-term memory (Erickson et al., 2015). 
Taken together, this hypothetical framework should be considered a first step to 
the outline of a neuroscience for multiple-cue judgment. 
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Figure 16. The left panel provides a simplified illustration of a hypothetical 
model for how rule-based and similarity-based memory representations are 
corroborated within the judgment process. When a probe is presented, people 
attend to the information and retrieve similar exemplars stored in memory to 
produce an estimate based on similarity-based processes. Based on the specific 
properties of the task environment that enables judgment learning, and the 
demands of the task situation, people will then engage in either a rule-based 
process, or they will use the similarity-based process as an estimate. When 
feedback is provided, people update existing representations or store novel 
information in long-term memory. The right panel illustrates a simplified version 
of the cerebral instantiation of this model. 

Implications for Related Theories 

Implications for judgment and decision making 
Decision neuroscience is an abundant field that has focused on different subsets 
of processes involved in judgment and decision making. In addition to the fact 
that converging evidence from studies I and II showed that the precuneus is 
critical for integration based on similarity, study I identified that the bilateral 
angular gyrus was engaged during judgment in general. This finding could 
converge to a general mechanism for judgment and decision making in the lateral 
parietal cortex, which has been repeatedly identified in research on complex 
decision making (Basten et al., 2010; Shadlen & Gold, 2007; Heekeren et al., 
2004; 2008). It has even been outlined that the lateral parietal cortex is the “end 
station” of a decision process, common between choice mechanisms and 
valuation (for an extensive overview see Glimcher & Fehr, 2014). The 
intraparietal sulcus, in close proximity to the findings from study I, has been 
linked to a competition between attributes when trying to determine which was 
most suitable for the current decision (Hunt et al., 2014) and information 
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integration in multi-attribubte decision making (Zysset, Wendt, Volz & Cramon, 
2006). The present results thus add to the grooving body of research that 
demonstrate the lateral parietal cortex in a is a key component judgment and 
decision making. 

The findings from the overall conjunction between rule-based and 
similarity-based processes in study I are, however, especially compelling, as it is 
possible that similarity-based processes (supported by the precuneus) contribute 
to a general process underlying judgment and decision making. One thing that is 
important to keep in mind is that judgments are estimations or evaluations, 
whereas decisions are the intention to pursue a specific course of action. It is 
possible that a similarity-based process in the precuneus is specifically linked to 
the evaluative aspect of judgment. Previous research has reported medial parietal 
activity when people rely on the recognition heuristic while making real-world 
judgments (Volz et al., 2006), social judgments based on intuition (Liebermann, 
2007), evaluative judgments (Zysset et al., 2002) and hard preference judgments 
that could be associated with previous remembered choices (Voigt, Murawski, 
Speer & Bode, 2019). Thus, the evaluation of similar exemplars stored in memory 
could be a key component that is specifically linked to human judgment. 
However, the precuneus has on occation been highlighted in some studies on 
decision making as well, which could imply a similar role for this brain region in 
some aspects of decision making. For example, the precuneus become engaged 
when participants are required to predict the occurance of a stimulus in decision 
making under uncertainty (Paulus et al., 2001), during preference decisions 
(Voight, Murawski, Speer & Bode, 2019), and in disadvantageous risk-taking 
selections in gambling tasks (Dong et al., 2015).  

The results from studies I and II also provide intriguing evidence that 
continues to frame the overlap between episodic memory processes and decision 
making based on the processes supported by the vmPFC and MTL (for a recent 
discussion, see Reddish & Mizumuri, 2015). For example, these brain regions 
have previously been found to support value-based decision making, where the 
vmPFC is known to be involved in the selection between alternatives (Euston et 
al., 2012) as well as linked to the expected reward (for a review, see O’Doherty, 
Hampton & Kim, 2007). The MTL has instead be related the integration of 
memories across distinct past experiences before arriving at a final decision (for 
a recent review, see Shohamy & Daw, 2015; Johnson, van den Meer & Redish, 
2008). The results from previous research in decision making fit well with that 
the vmPFC and MTL are important structures also for similarity-based judgment. 

Implications for dual-process models 
The present results concur with the idea that the similarity to previous similar 
cases is often considered in human judgment and decision making (e.g., Tversky 
& Kahneman, 1974), and provides further evidence for the brain regions that are 
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involved in such processes. In terms of the assumption of the relationship 
between systems 1 and 2 in dual process models (see e.g., Evans, 2008; 
Kahneman & Frederick, 2002), the results from study I demonstrated that a key 
similarity-based process in the precuneus was engaged during judgment. 
Moreover, rule-based processes required processes related to working memory 
and rule use. Additionally, rule-based and similarity-based processes engaged 
distinctive brain regions when using the contrast logic. Study III suggests that a 
default similarity-based process could have been engaged in rule-based judgment 
under time pressure, although it should be stressed that this might not have been 
the case for all participants. It is tempting to interpret the present results as 
favoring default interventionism theories, where the fast system 1 cue default 
responses may, or may not, be intervened on by the slower system 2 (Kahneman 
& Frederick, 2002; Stanovich & West, 2000; Evans & Stanovish, 2013; for 
overviews, see Evans, 2008, de Neys, 2018).  

Directly linking the present findings to dual-process models should, 
however, be done with caution, given that system 1 processing is typically referred 
to as automatic and independent of working memory (Evans & Stanovish, 2013). 
The present results clearly favor the notion that similarity-based processes are 
based on episodic memory, with neural correlates related to the cognitive control 
of episodic memory retrieval (Barredo, Öztekin & Badre, 2015; Binder et al., 2011; 
Cabeza & Nyberg., 2000; Spaniol et al, 2009). Moreover, with respect to the brain 
regions that could be specifically linked to similarity-based processes in study I 
and II, it is only the vmPFC that has been linked to system 1 in previous imaging 
studies (e.g., de Martino et al., 2006; Liebermann, 2007). However, the present 
results could imply that the relationship between similarity-based and rule-based 
processes could be similar to traditional dual process models, although, the 
“system 1” could require controlled processes in multiple-cue judgment.  

One argument against dual-process models is the inconsistency between 
studies and domains (Osman, 2004). Moreover, one previous study has taken 
overlapping activation in brain regions to contradict the assumptions of dual-
process models (Mega et al., 2015). However, the results from study I 
demonstrate that combining fMRI based on conjunction analyses with cognitive 
modeling can be used to study the relationships between different systems. Thus, 
task-related overlap between might not always be an argument against dual 
process models. Further, this finding might prove useful for testing the 
implications for dual-process models in the future. 

Implications for categorization 
Categorization and multiple-cue judgment are in many ways similar. While much 
is known about the neural mechanisms that support categorization, not much has 
been known about the neural mechanisms that support multiple-cue judgment, 
until now. Previous research has highlighted the distinctions between different 
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cognitive systems related to rule-based and similarity-based strategies in 
categorization (Grossman et al., 2002; Koenig et al., 2005; Patalano et al., 2001). 
Some recent research suggests that a distinction between the two might not be as 
clear, based on overlapping processes in the MTL (e.g., Carpenter et al., 2016; 
Milton et al., 2017). That the results from study I were able to demonstate that 
the two types of strategies share considerable processes in the precuneus, angular 
gyrus, and cerebellum, concur with this line of research. The most notable finding 
in this thesis is the role of precuneus in multiple-cue judgment, but has not, to 
my knowledge, been highlighted as a key brain region for similarity-based 
categorization (study I). One reason could be that judgment and categorization 
require partly different processes, and key regions in judgment might not directly 
translate to categorization. However, the precuneus has been reported during 
category learning in general (Koenig et al., 2005) and is listed in activation tables 
in similarity-based processes captured by exemplar-based models (Bowman & 
Zeithamova, 2018; Davis et al., 2017). This could imply that the precuneus has 
simply been cancelled out when contrasting strategies against each other. For 
example, the results presented in von Helversen et al. (2014b) on rule-based and 
similarity-based processes in multiple-cue judgment do not identify the 
precuneus either. Moreover, the results from study I suggest that directly 
contrasting strategies against each other yielded results that were similar to those 
of past studies on categorization (Grossman et al., 2002; Koenig et al., 2005; 
Patalano et al., 2001). Thus, the precuneus could be a key brain region for 
similarity-based strategies in both categorization and multiple-cue judgment. 

The most influential neural model of category learning is probably COVIS 
(Ashby et al., 1998). COVIS details that the caudate is key for implicit category 
learning, and exemplar-based models were recently proposed to be included in 
the implicit system of COVIS (Ashby & Rosedahl, 2017). The results presented in 
this thesis provide little evidence for this assumption. The results from study II 
revealed decreased BOLD activity in the bilateral caudate/putamen over learning, 
both between early and late learning blocks, and between trials. Instead, 
increased activity in the vmPFC, precuneus, and MTL, as well as in several other 
regions extensively linked to episodic memory processes, were identified (for 
reviews, see Cabeza & Nyberg, 2000). The link between the model fit of an 
exemplar-based model and BOLD activity in the precuneus, the vmPFC (studies 
I and II), and the MTL (study I) is difficult for the implicit system of COVIS to 
address, given that these regions involve episodic memory processes and not 
implicit memory. Thus, the predictions of COVIS might not be completely 
representative for multiple-cue judgment. 

One reason why we did not identify results that were in line with COVIS 
could relate to the ecological validity of the tasks used to study implicit 
categorization. It is not easy to see a direct connection between information-
integration tasks or prototype-distortion tasks to real-world judgments. In 
contrast, the judgment task used in this thesis rests on a design that aims to 
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capture real-world-like situations. There are, for example, many biological 
scenarios where humans are required to estimate the toxicity of animals, plants, 
food etc. Still, it is important to keep in mind that the present results do not 
exclude the idea that exemplar-based models sometimes capture procedural 
processes in line with COVIS predictions, and that episodic memory processes 
are sometimes in line with the present findings and with the findings of past 
research on categorization (Davis & Poldrack, 2014; Davis et al., 2017; Mack et 
al., 2013; Nosofsky et al., 2012). As such, the specific demands of the task in 
question likely contribute to the memory system that is engaged for judgments 
that are in line with the predictions of exemplar-based models. 

Limitations and Future Directions 
Like most research, the present thesis raises some questions and has some 
limitations. Below, I raise the most pressing concerns. They will be presented one 
by one, and I end with a discussion on future directions related to each topic. 

It is important to keep in mind that the neuroimaging findings from studies 
I and II are based on the fMRI technique used which, in itself, suffers from some 
limitations. Specifically, the present results cannot detail the neural activity 
involved in multiple-cue judgment per se, as the BOLD signal is an indirect 
measure of neural activity (Logothetis et al., 2001). Future research could test the 
implications from this thesis by focusing on, for example, patients with brain 
lesions to the precuneus to further evaluate the implications of this region in 
similarity-based processes in human multiple-cue judgment. Nevertheless, this 
thesis provides novel insights to how the brain becomes engaged during human 
multiple-cue judgment. 

The coarseness of model fits used to measure judgment behavior represents 
another limitation. Comparing the model fit of two models and determining the 
better model fit based on the lesser deviation would be reasonable if the data were 
free of noise. The data from real participants are never noise free. Based on the 
well-known flexibility of the exemplar-based model to capture human behavior 
(Olsson, Wennerholm & Lyxzén, 2004), the exemplar-based model may have 
better accounted for noisy data when compared with the flexibility of the cue-
abstraction model. Moreover, there is always a risk that other models could have 
fitted participants test-phase data better than the models that were used in this 
thesis. Given the well-established method to infer strategy selection with 
cognitive modelleling in previous behavioral research (e.g., Juslin et al., 2003; 
Juslin et al., 2008; Karlsson et al., 2007; Olsson et al., 2006), I believe that the 
present thesis gives a strong case for the role of similarity-based processes in 
human multiple-cue judgment. Further, cognitive modelling in combination with 
neurimaging data add a new level of information related to differences and 
similarities between representations used for information integration in 
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multiple-cue judgment. Thus, the conclusions that can be drawn from the present 
results (study I and study II) extends those based on cognitive modelling alone.   

It has been argued that a key component for episodic memory retrieval – 
recognition memory – is equivalent to the processes captured by exemplar-based 
models (Nosofsky & Zaki, 1998; Nosofsky, Little & James, 2012). Something that 
still remains unclear is how recollection and familiarity – the two key components 
of recognition memory – contribute to the cognitive processes supported by the 
precuneus in similarity-based judgment. Previous research suggests that the 
precuneus contributes to both processes (e.g., Yonelinas, 2005). There is also 
evidence that the precuneus is linked to the sense of oldness of stimuli during 
sunsequent episodic retrieval (Gilmore et al., 2015; McDermott et al., 2017). 
However, the present studies were not designed to target this question 
specifically, but rather to investigate the cognitive processes that support 
multiple-cue judgment based on predictions from different cognitive models. 
While it is likely that similarity-based processes require a bit of both, and that the 
precuneus is a key component for the mnemonic aspect of similarity-based 
judgment, more research is needed to target this question specifically.  

It is unclear if the precuneus is engaged in a similar manner during rule-
based learning as during similarity-based learning. Increased engagement of the 
precuneus, MTL, and vmPFC should be evident in rule-based judgment learning 
as well, particularly if the precuneus is key for human multiple-cue judgment. 
Still, it is unclear whether storage of exemplars occurs at the same time as rule-
based judgment learning is performed. To specifically test the influence of 
similarity-based processes during rule-based judgment learning, a behavioral 
pilot study (N=13) was conducted. The same protocol was applied as in study II, 
but with the with the linear task environment used in study III. Cognitive 
modeling on the final test-phase data demonstrated that, on average, 
participants’ behavior was best described by the cue-abstraction model. However, 
the intermediate test-phase data were inconclusive (see Figure 17). During the 
judgment-learning phase, the exemplar-based model and the cue-abstraction 
model fit participants’ judgments equally well. It is thus not possible to tell 
whether learning was based on similarity, rules, or both. One implication, 
however, is that the influence of similarity (i.e., the storage of exemplars) began 
immediately, and this process was given equal weight when identifying the 
relationship between cue and criterion during the initial stages of learning. 
Another alternative is that the cognitive demands during judgment learning 
might have been too high given the design of the learning phase (i.e. long intervals 
between each stimulus presentations), which made abstraction between cue and 
criterion difficult, hence the poor model fit. Given the findings from study I and 
III, a similarity-based process could be expected to occur simultaneously as rule-
based learning, at least in some participants. As for now, this assumption cannot 
be verified, and I leave it to future studies to further test this assumption. 
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Figure 17. A pilot study of rule-based judgment learning with the same protocol 
as in study II. T1–T4 denotes intermediate test phases. FT denotes the final test. 
Model fit (measured as the deviation between model predictions and participants’ 
judgments) of the CAM is displayed in blue, model fit of the EBM in orange. Error 
bars denote the 95% CI around the mean. 

 
It is not possible to explicitly tell whether a similarity-based process in the 
precuneus is activated by default, and whether a rule-based process later 
intervenes to control judgment outcome, as based on the results from study I. 
Moreover, behavioral data from study III suggest that at least some participants’ 
judgments could be based on this type of relationship, where participants shifted 
to a similarity-based process under time pressure. While time pressure was found 
to disturb the use of a learned rule, time pressure might affect this process 
differently for different people. Relatedly, individual differences in working 
memory capacity should be expected (e.g., Conway et al., 2003), and working 
memory has been directly related to rule-based processes (Hoffmann et al., 
2014). Thus, for some participants, time pressure might not remove attempts to 
apply the rule at all. One alternative method to study the relationship between 
rule-based and similarity-based processes is to use repetitive transcranial 
magnetic stimulation (rTMS) to target key regions for rule-based processing after 
judgment learning to inhibit the use of cue integration more definitely. Based on 
the results from study I, the superior frontal gyrus is a good target candidate. If 
the superior frontal gyrus is key in rule-based processes, and if a similarity-based 
processes in the precuneus is engaged by default, this approach may draw a more 
definitive conclusion on the default neurological underpinnings associated with 
similarity-based process. While rule-based judgment is likely to be inhibited, the 
similarity-based process should still be managed. Thus, although the present 
results cannot completely answer this question, they provide important 
information for the continued exploration of this question. 
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One question that cannot be answered solely based on the results presented 
in this thesis is whether the influence of similarity-based processes is specific to 
the visual system, or if it represents a general mechanism for judgment. In a real-
world setting, judgments are often based on information extracted from different 
modalities. All experiments in the present thesis were performed based on visual 
information. To determine the nature of similarity-based processes in human 
multiple-cue judgment, future research should aim to test the implications 
presented in this thesis based on other modalities, such as auditory or tactile 
judgments. This question deserves further investigation to fully comprehend the 
nature of similarity-based processes in judgment. One straightforward way to test 
this is to apply the same methods used in this thesis, while using tactile or 
auditory cues instead of visual cues, during fMRI.  

Practical Implications 
People often ask me how judgments of death bugs can be translated into a real-
world scenario, and they seldom see the direct implication of this laboratory task 
and their own judgments. It is important to keep in mind that research on 
multiple-cue judgment aims to capture two different cognitive processes, related 
to rule-based and similarity-based strategies, anchored in the assumption that 
such processes are generalizable to many real world judgments. The kind of 
laboratory task used in this thesis is thus quite unique when compared to the 
tasks used in other domains, as this approach aims to create a naturalistic 
learning situation.  

One direct implication of the findings presented in this thesis is that human 
multiple-cue judgment might be guided by similarity in many real-world 
situations as well. Think of a scenario related to a teacher who is grading an exam 
question. Even though the teacher has access to guidelines that would inform 
whether a response is given a specific grade, each response’s similarity to previous 
essay responses and the associated grades given to them likely influences the 
teacher’s grading procedure. One downside, however, is that similarity-based 
processes, as captured with exemplar-based models, exhibit limited accuracy, 
and unfamiliar situations might result in poor judgments (Juslin et al., 2003; 
Juslin et al., 2008). As with the example of the teacher, poor judgments may lead 
the teacher to give the wrong grade to a student, and that student may fail a course 
because of it. It is thus important to consider how and to what extent a default 
similarity-based process influences judgment in real-life scenarios, and not only 
in laboratory tasks.  

Conclusions 
This thesis investigated the role of similarity-based processes in human multiple-
cue judgment and used fMRI, cognitive modeling, and behavioral methods to 
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advance our understanding of the nature of human judgment. Overall, the 
findings presented in this thesis support the idea that similarity-based processes 
are key in human multiple-cue judgment. In conclusion, the main findings are 
summarized as follows: i) Combining cognitive modeling and fMRI studies 
creates a strong case to better characterize the nature and relationship between 
different knowledge representations, as this enables us to better understand the 
cognitive processes involved in judgment. ii) A similarity-based process in the 
precuneus is commonly engaged in both rule-based and similarity-based 
processes, but they are only related to exemplar-based model fit. Rule-based 
judgment additionally requires activation in the superior frontal gyrus, related to 
higher demads on working memory, which is not observed for similarity-based 
conditions. iii) Similarity-based processes might be a default processes involved 
in human multiple-cue judgment. iv) The precuneus is involved in the retrieval of 
mnemonic representational information from memory, and stands out as a novel 
contribution to the neuroscience of human multiple-cue judgment. 
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