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I. Abstract 

 

In this study we have used a neural network model in order to investigate the impact of emotional 

processes on economic phenomena. We have built a replica of a model presented by Frank and 

Claus (2006, Anatomy of a Decision: Striato-Orbitofrontal Interactions in Reinforcement Learning, 

Decision Making, and Reversal, Psychological Review), although using other software. The model 

displays, similar to the one referred to above, the characteristics that constitute prospect theory. 

Additionally, we take a first step toward investigating what explanatory power this model might have 

in studying the influence of emotions on economic decision-making. We note that by externally 

altering the activity level in the amygdala, a brain region that has been proven essential for emotional 

reactions, the risk attitudes of the model can be manipulated. We find that a decrease in activity in 

the amygdala implies a lower degree of risk-averse, as well as a higher degree or risk-seeking, 

behavior. Finally, we conclude that response times are longer and choice uncertainty higher for tasks 

that involve only negative outcomes as compared to tasks that involve partially or exclusively positive 

outcomes, a result that can be linked to e.g. decision field theory.  
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1. Introduction 

 

There is an abundance of critique headed against the principles of neoclassical economic theory, 

both directly through critical evaluations of existing theory (e.g. Fudenberg, 2006, Levitt and List, 

2008) and indirectly through development of related sciences such as behavioral economics, 

behavioral finance, decision field theory and decision affect theory (Kahneman and Tversky, 1979, 

Shefrin 2000, Schleifer, 2000, Busemeyer and Townsend, 1993, Mellers et al., 1997). The common 

aspiration of these ideas and concepts is undoubtedly to amend the existing foundations in order to 

create models with better ability to predict and explain economic phenomena. However, it seems 

that few have succeeded in developing models that perform significantly better than do models of 

neoclassical theory and if they do, the applicability of the model is typically limited to explaining only 

some phenomena. Fudenberg (2006) makes this point very clear when he pinpoints several issues 

that the science field of behavioral economics has to overcome in order to improve its academic 

status. In his article, he emphasizes among other things the importance of assumptions being 

evaluated as a group instead of in isolation and that the choice overload now prevailing ought to be 

mitigated. Fudenberg argues: 

“There are too many behavioral theories, most of which have too few 

applications… The current state of behavioral economics offers far too many 

tools and too little guidance about when to use each one; without that guidance, a 

bigger toolkit need not help.” 

The above reasoning suggests that the primary quest for a behavioral economist should lie in 

searching for unifying theories or alternative pathways for confirming already existing behavioral 

phenomena, in order to solidify previous findings and to create models based on a primitive set of 

clear cut assumptions.  

A related area of research that, in spite of its youth, has demonstrated ability in providing such a 

unifying framework for behavioral phenomena is that of neuroeconomics (see e.g. Glimcher et al., 

2009 for a discussion this field of research). Neuroeconomics has partly been developed through the 

search of alternative data sources other than mere observations of human behavior, for analysis of 

decision-making. Behavioral economists and psychologists investigated neuroscience sand in 

particular brain-imaging techniques in order to find candidate solutions. From another standpoint 
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cognitive neuroscientists looked toward economic theory in search of algorithmic tools for analyzing 

choice. These two separate trails have merged into what today would be labeled as neuroeconomics, 

a science field that has experienced massive growth (Glimcher et al., 2009). For an introduction to 

the science field as well as a discussion regarding the role of neuroeconomics in relation to other 

economic theory, please see e.g. Camerer et al. (2004).  

Concurrent with the growth of behavioral economics, the development computational models has 

emerged as a tool for studying human cognition. Over the past couple of decades these models, 

often designed as neural networks, have been used to study numerous mental capabilities, such as 

learning, memory and perception. Typically, the information processing in a neural network is 

characterized by a number of interconnected units which display varying activity through reaction to 

some kind of exogenous stimulus. The connections between these units carry information between 

different parts of the neural network, allowing the units to update the relative strength of a particular 

connection and thus alter the activity level. Due to the nature of this modeling scheme, this type of 

computational approach to cognition is often referred to as connectionist modeling (Thomas and 

McClelland, 2008). As for its achievements, many studies typically focus on brain lesions and its 

consequential outcomes, (e.g. Frank, 2005) or on the distinctions of different brain regions and their 

respective functional importance for a particular behavior. For the latter type of study, see e.g. 

O‟Reilly et al. (2010) or Frank and Claus (2006).   

The purpose of this project is linked to the limitations of behavioral economics and to the 

apparatuses developed through neuroeconomics in search of alternative methods of modeling 

human behavior. However, what distinguishes our approach from previous studies is the use of 

connectionist modeling for the purpose of studying behavioral phenomena related primarily to 

economics. With use of data and knowledge from neuroeconomics we aim to develop a 

computational model capable of displaying human-like behavior such as it is found in economic 

settings and experiments. As to our knowledge, the use of connectionist models with the primary 

interest being the study of economics is rare, which additionally motivates our intended procedure of 

research. The overarching goal of this project is directly related to the problems Fudenberg (2006) 

identifies with behavioral economics and consequently our wish is that this project may help 

overcome some of these issues. We believe that a connectionist approach using facts from 

neuroeconomics as a base for modeling could enlarge the area of applicability of models developed 

by behavioral economists. In the extension this might also result in a reduction of the choice 
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overload and the creation of models with a common set of assumptions, replacing the prevailing ad-

hoc approach of modeling. Whether the outcome yields models that accurately can quantify 

behavioral phenomena or if economists start using connectionist models on a regular basis is yet to 

find out. Perhaps none of these scenarios are entirely convincing, at least not in the short run, but we 

still hope to inspire other researchers to investigate similar methodologies.  

As for the methodology of this project, our first objective is to create a model capable of displaying 

behavior that resembles that which characterizes prospect theory and relate these findings to 

potential economic implications.1 Secondly, we aim to investigate how emotional processes might 

skew economic decision-making. As for the technical details, the model will be created in software 

called Emergent which facilitates abstraction of different brain regions in a pedagogical manner so 

that our modeling more easily can be understood intuitively. A brain region of special interest is the 

amygdala, as it has proven to play an important role in emotional processes (Hansen, 2003). 

Evidently, our modeling will at best result in a first step toward creating a better understanding of the 

behavioral phenomena identified in economic settings. First of all, the scope of this project stretches 

among several academic disciplines, with crucial weight put on advanced computational modeling 

and as such, time becomes a limiting factor. Furthermore, the integration of several sciences 

considerably increases the complexity of modeling as well as outcome analysis. Consequently, much 

time must be devoted to understanding the basic principles of these disciplines in order to be able to 

associate phenomena observed in one discipline to the characteristics of another.  

Consequently, we have consciously limited the time devoted to modeling as well as investigation of 

behavioral phenomena. A satisfactory result would be creation of a model that is able to reproduce 

the results of prospect theory as well as function as a tool for further analysis of emotional processes 

in economic decision-making. Additionally, conducting the first tests on how the amygdala could 

influence creation of preferences as well as decision-making would be ideal.  

This thesis continues with a discussion of the three academic disciplines on which this study is built. 

We begin, as in this introduction, with a discussion of behavioral economics and its bordering areas 

of research, before continuing with a brief high-level outline of the human brain. Next we focus on 

neural network models and in particular the creation of our own model. In this section we also 

                                                 
1 Prospect theory was developed by Daniel Kahneman and Amos Tversky (1979) in order to better be able to explain 
observations of human behavior that contradict the assumption of economic rationality, especially in relation to 
uncertainty. A more detailed explanation of these concepts is given in the sections below.  
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explicitly discuss the major modeling problems we have encountered in order to guide future 

scholars. Finally, we synthesize our findings, discuss these in relation to the literature and indicate 

what implications our study might have for further research.  
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2. Behavioral Economics and Related Areas of Research 

 

2.1 Utility Theory 

 

The utility is a measure of the total welfare any human being receives, physically and psychologically, 

when performing a certain action. By introducing this measure it is possible to compare actions and 

order preferences into hierarchies such that mathematical analysis can be used as a tool for predicting 

human behavior. In relation to the utility measure one commonly also defines a utility function 

which relates actions to preferences. The term rationality is to tied utility theory such that what one 

might call rational behavior, is the course of actions an individual decides upon in order to act 

according to the predefined preferences which constitute the utility function (Osborne and 

Rubinstein, 1994).  

von Neumann and Morgenstern (1944) presented a framework for utility theory which has been 

applied extensively throughout several branches of economics. This framework relies on four basic 

axioms on which the mathematical framework is built. The axioms are presented and discussed in 

minor detail below.  

(1) Completeness: All lotteries are evaluated and included in a preference order. If say,    and 

   are our two chance lotteries, then either 

      

 or 

      

 or both. 

(2) Transitivity: Lotteries are ranked consistently in relation to each other. With the addition of 

third lottery   , then if 

      

and  
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then consequently 

      

(3) Continuity: For any three defined lotteries, the preferences are such that the utility obtained 

from a linear combination of worst and best lotteries can yield the utility of the intermediate 

lottery. That is, given the three lotteries and their predefined preference order below: 

          

then there exist 

     [   ] 

such that 

    (   )      

and 

       (   )   

 

(4) Independence: If an individual with a defined preference order value one lottery over 

another, then this preference should not affected be a mixture of both lotteries, by a 

common third lottery. Formally, this translates as  

      

 if and only if 

    (   )       (   )   

It should be noted that the authors did not explicitly state the independence axiom in their book. 

Instead it was presented as part of the underlying assumptions that rendered the analysis possible. 

This has been commented by other researchers, see e.g. Malinvaud (1952) for additional clarification 

on this matter.   
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It should be noted that even though utility theory based on these axioms constitutes a well-

recognized foundation for analysis, the occurrence of violations of especially the independence and 

transitivity axioms yield no controversial insights. As such, alternatives to utility theory have been put 

forth by numerous researchers in order to create a theory that even better complies with real-world 

settings. One of these examples is prospect theory, which is discussed in further detail below 

(Starmer, 2000).  

A notion that evolves as a result of the mathematical framework developed above is the marginal 

utility, which is defined as the utility increase which occurs when a unit of a particular good is 

consumed or added to some individual‟s possession. For a rational individual the marginal utility 

corresponds to the maximum effort that could be exerted in order to receive the good. The good is 

rather often replaced by money which facilitates comparisons between different individuals, since the 

value of most goods can be expressed in monetary terms. In terms of money it is sometimes 

reasonable to assume that the marginal utility for money is decreasing with increasing wealth. The 

rationale for this is that the number of items that can be purchased for money decreases with 

increased wealth at the same time as the increased utility for additional consumption or possession of 

the same good is limited at some level. Indeed it is nice to have one or perhaps two apartments but 

most people would perhaps agree that owning, not considering monetary aspects, ten or perhaps 

hundreds of apartments in the same city does not necessarily make you ten or one hundred times 

happier. With decreased marginal utility for money the utility function is concave and the second 

derivative negative. These specifics, in turn, have other implications. One effect is that an individual, 

whose utility function is concave, is risk-averse. A risk-averse individual will not accept what you 

might speak of as a fair lottery, i.e. a lottery with a net expected value of zero. Playing such a game 

for a long period of time will yield neither gains nor losses and as such, there exist no monetary 

consequences. Even so, a risk-averse individual will refrain from entering such game. On the 

contrary, a risk-seeking individual would be happy to enter such a lottery and for some set of 

preferences even enter games that has a negative net present given that the lottery offers some 

positive probability of increased wealth. Such an individual would instead have a convex utility 

function. A rigorous commentary of these concepts is given in e.g. Pratt (1964).  
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2.2 Behavioral Economics, Biases and Irrationality 

 

Behavioral economics and behavioral finance are fields of economic theory that have sprung from 

critique against the, it is argued, too simplistic modeling conventions used in neoclassical economic 

theory. In particular, the concept of the Homo economicus (economic man), the idea of human behavior 

being completely economically rational, is being criticized (see e.g. Levitt and List, 2008 for a modern 

review on the subject). Efforts have been made to adjust neoclassical models to incorporate features 

that proponents of behavioral economics mean can help predict human economic behavior. For 

example, it has been noted that in some cases people systematically deviate from the rational 

behavior of the perpetually optimizing economic man in ways such that their behavior can be 

partially predicted (Tversky and Kahneman, 1974).  

In 1974, Tversky and Kahneman presented a study on biases that people display in situations of 

uncertainty that later became a classical article in this particular science field. They noted that these 

biases originate from tendencies of using certain heuristics, or rules of thumb, as a framework for 

judging probabilistic events. Three heuristics, the representativeness, availability and anchoring 

heuristics are presented as the major sources of cognitive biases in relation to probabilistic settings. 

The representativeness heuristic is derived from the observation that people judge probabilistic 

events by the degree to which an outcome is representative of a certain category. Typical situations 

could be e.g. judging whether a specific person with a set of personal characteristics holds a certain 

profession or is of a certain nationality. As a consequence of applying this heuristic, people neglect 

effects due to sample size and base-rate frequency of the outcomes, which skews the assessed 

probability. The two other heuristics presented relate to the idea that assessing probabilities is 

dependent on the cognitive availability of how easy something is recalled and to the idea that people 

get anchored to numbers which in turn affect their judgments. Note that anchoring effects are 

present even though the number to which something is anchored may not even be relevant for the 

task in question. Moreover, the authors note that these kinds of mistakes are not unique only to 

laymen; also people that act in probabilistic surroundings on a professional basis are susceptible to 

these biases when thinking intuitively.  

That people do not always act rational in whatever scenery is presented, due to biases and other 

circumstances, is not a novel observation. Simon (1955) presented one early contribution to this area 

of research as he laid out the foundations of a theory that later partially developed into the concept 
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of bounded rationality. Noting that the concept of the economic man could rather be a normative 

theory than a reflection of reality, Simon suggested a revision of the neoclassical economic 

assumptions due to the fact that humans are not capable of being completely rational as a cause of 

cognitive limitations. Aided by ideas from psychology, Simon presented the idea of bounded 

rationality which allowed for incorporation of such limitations in mathematical modeling (Simon, 

1992). Obviously there are yet other limitations than just cognitive which impede optimal decisions 

from being made, such as time restrictions or lack of enough, correct or trustworthy information.  

Following the same line of ideas, other researches have similarly identified the discrepancy between 

the real world and the assumptions underlying neoclassical economic theory. Studies on e.g. social 

preferences, cooperation or altruism have been able to prove that humans most often do not pursue 

only maximization of their own personal wealth (see e.g. Fehr and Gächter, 2000). Commonly aided 

by game theoretic models in which subjects play versions of the dictator or ultimatum games, 

researchers recurrently find that the behavior of the subjects is inconsistent with complete economic 

rationality. As candidate explanations for these findings, preferences for fairness and behavioral 

reciprocity are put forth as possible factors that could trigger such behavior (Henrich et al., 2004).  

Evidently, one has to distinguish between different areas of applicability of models and theories to be 

able to judge whether they can be of satisfactory use. Indeed, there have been studies that confirm 

that the conceptual behavior of the economic man as realistic in cases such as auctions and other 

competitive market situations (Kagel and Roth, 1997). Moreover, neoclassical modeling may also 

have e.g. tractability advantages compared to models developed through behavioral economics. 

Consequently, there exist situations in which modeling based on behavioral theories is not the best 

choice even though it appears to portray the most realistic real-world simplification.  

Furthermore, the applicability of models developed through behavioral theories is frequently 

questioned due to the fact that the extent to which behavioral ideas are integrated into ordinary 

economic theory is limited. As for now, behavioral sciences applied in economic settings are 

restricted to a number of thought-provoking insights rather than well-functioning models that are 

used professionally. The applicability would increase if the focal point of the research would shift to 

creating more models that can be used in practical situations as well as manifesting empirical results 

in rather than identifying additional behavioral phenomena (Levitt and List, 2008).  
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Fudenberg (2006) identifies several areas of improvement the science of behavioral economics 

should address in order to achieve comparable academic status as that of neoclassical economics. He 

points out that the typical approach of model creation has been through changing one assumption in 

traditional models to better be able to account for behavioral phenomena. This approach however, 

leaves the domain of application imprecise and unclear since assumptions and model adjustments are 

handled in isolation. This has led to the creation of too many, perhaps logically consistent, but 

nonetheless impractical models that are not used to any broader extent. Finally, some parts of the 

research on behavioral economics and related science fields are hard to integrate in modeling (e.g. 

framing effects) while as other parts have been left non-integrated, as with the concept of bounded 

rationality. Fudenberg insists that focus should be on unifying these pieces into a well-functioning 

framework based on a simple set of clear cut assumptions that are logically consistent and which 

permit derivation of behavioral phenomena.  

 

2.3 Prospect Theory 

 

Prospect theory was originally presented as an alternative to ordinary utility theory since the latter 

was considered too simplistic for real-world analysis. Kahneman and Tversky (1979) criticized earlier 

models as they noted that people typically cannot assess probabilities in an objective manner but 

rather they tend to make systematic mistakes when determining the significance of a probabilistic 

event. Furthermore, people seem to develop preferences which are frame dependent in the sense 

that actions might differ for someone who faces identical options merely presented in different 

manners. For a detailed account of prospect theory the reader is referred to the paper mentioned 

above, selected critical results of prospect theory are however, summarized here. First and foremost, 

people have a tendency to underweight probabilistic outcomes in relation to outcomes that are 

certain which contributes to risk aversion in such real-world scenarios.  Moreover, attributes that are 

commonly shared over several options and outcomes are typically neglected in a manner such that 

framing effects become apparent. Accordingly, a value function, similar to the utility function with 

the difference being that values are not assigned to final assets but rather to gains and losses, is 

developed. The value function shares the common feature of concavity with many utility functions, 

but only for the gain-side of the function. The loss-side is instead convex, implying a risk-seeking 

behavior for individuals who act under the impression that they are positioned below their reference 
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level in a particular scenario. In effect, the rational choice behavior presented by the expected utility 

theory is noticeably violated. Daniel Kahneman received the Sveriges Riksbank Prize in Economic 

Sciences in Memory of Alfred Nobel in 2002, partly for his development of prospect theory 

(Nobelprize, 2002).  

The idea that people act as if their preferences are frame dependent and also do not consider their 

total wealth as the dependent variable when evaluating consequences of the different actions, is 

closely linked to the notion of mental accounting (Thaler, 1999). Basically, the idea of mental 

accounting is rooted in the observation that people handle money differently depending on the 

economic setting from which the money are obtained as well in what setting it is going to be spent. 

Obviously this is yet another theory that contradicts the model of rational behavior.  

 

2.4 Neuroeconomics 

 

Neuroeconomics is a branch of economics recently developed from psychology, behavioral 

economics and neuroscience. The basic idea is to correlate a certain human behavior with activity in 

a particular brain region in order to establish what neurological functions trigger a certain behavioral 

pattern. By studying neurological functions researchers hope to clarify some of the ambiguities 

regarding e.g. the development of preferences and decision making under uncertainty, currently 

clouding behavioral economics (Camerer et al., 2004). Some important findings will be discussed in 

the subsequent sections after having presented a brief summary over the central brain functions that 

are essential for neuroeconomic analysis.  

Practically, there are numerous methods that are used to study brain activation, the newest and 

perhaps most well-known being functional magnetic resonance imaging (fMRI) which measures 

brain activity through observing changes in blood oxygenation. As the brain provides excess 

oxygenated blood to active parts of the brain and since the oxygenated blood carries distinct 

magnetic properties, the brain activity can be recorded. There are however other methods as well, 

such as electro-encephalogram (EEG) or positron emission topography (PET). Moreover, not all 

studies are carried out on humans. Since the human brain shares several functions with the brains of 

other mammals, much can be learned from studying these as well.  
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Camerer et al. (2004) emphasizes that the study of the human brain in behavior and decision making 

will facilitate integration of psychological aspects into economic theory. This would in turn permit 

quantitative analysis in ways that has not yet been possible as additional parameters reflecting e.g. 

emotional excitement could be estimated. The authors note:  

“Neuroscience makes this measurement possible for the first time. It gives a new way to open the 

„black box‟ which is the building block of economic systems – the human mind.”  

There are however, limitations and critique against the role of neuroeconomics as provider of 

neuroscientific data and explanatory power to behavioral economics. Gul and Pesendorfer (2008) 

even go so far as stating that neuroscientific theories should basically be unwelcome in economics. 

Others argue that the main applicability is for neuroeconomics to provide structure for other 

neurosciences (Glimcher et al., 2009). Moreover, even with the rapid technical development 

experienced in recent decades there still persist some complications with analyzing neuroimaging 

data. One problem that calls for attention when using neuroimaging techniques is the difficulties that 

arise in carving out causal relationships from those that are only correlational. This problem is 

identified by Harrison (2008) who also emphasizes that neuroeconomics lack analytical power on an 

aggregative level as too much attention is placed on individual dissimilarities.  

 

2.5 Decision Field Theory 

 

Decision field theory has like many of its sister sciences sprung from psychological principles of 

decision-making. It studies preferential choice through a cognitive-dynamical approach to decision-

making, initially suggested as a model for investigating conflict behavior. Subsequently, it has 

developed to include a variety of models used in both deterministic and stochastic settings and 

extended to be able to conduct analysis on multiple choice options. As such, the theory has been able 

to account for violations of the rational self in terms of stochastic transitivity, independence of 

irrelevant alternatives and regularity. Additionally, the theory suggests and explains some of the 

ambiguous effects that time might have on preferences e.g. the relationship between choice 

uncertainty and response time and preference reversals as a consequence of time pressure. As for its 

applications is has been used in e.g. price analysis and certainty equivalent calculations (Busemeyer 

and Diederich, 2002). 
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2.6 Decision Affect Theory 

 

Yet another research area that rejects the idea of the economic man but that is placed on the 

periphery of behavioral economics is decision affect theory. This theory investigates how emotions 

and emotional reactions toward e.g. probabilistic outcomes affect decision making. Proponents of 

decision affect theory argue that emotional responses are not simple linear functions of the utility of 

the outcome. Rather, emotional responses are highly non-linear, leading our cognition to skew the 

perception of e.g. the value of a good such that decisions are affected. For instance, they note that 

unexpected outcomes seem to have a stronger emotional impact than have expected outcomes, 

which in turn could affect future subjective valuations and consequently also future decision making. 

Additionally, an outcome of a choice or a lottery is typically perceived much less valuable than its 

standalone value if any of the alternatives that are not obtained linger as more desirable. A 

consequence of these emotional responses, it is argued, is that people maximize expected emotional 

experiences and thus choose whatever option that on average stirs the most pleasant sentimental 

state (Mellers et al., 1997).  

Mellers et al. (1997) summarize the central principles of decision affect theory as a set of ideas that: 

“…incorporates utilities, expectations and counterfactual comparisons into hedonic responses.”  

Even though this particular theory has no stringent ties to economics it still identifies some obvious 

challenges decision-making analysis and thus also behavioral economics ought to address in order to 

strengthen its analytical authority.   
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3. The Human Brain 

 

Traditionally, the customary idea of how the human brain structure and cause cognition is through a 

computational approach. The analogy of the human brain as a computer has dominated not only 

cognitive sciences but also philosophy and social sciences such as economics. The overarching 

assumption of economic and utility-wise rationality could probably be seen as an implication of these 

ideas. In recent decades however, the computational analogy has been increasingly questioned by the 

emergence of alternatives to the traditional methodology, such as behavioral sciences and 

neurocomputational approaches (van Gelder, 1995).  

Even though the computational approach has served well in numerous applications it fails to take 

one specific feature of the human brain into account. The human brain is not only coldly crunching 

numbers as any other computer, but a computer designed to first and foremost keep its host alive 

and healthy enough for proliferation (Glimcher et al., 2009). In addition to the evolutionist argument 

made above it has been scientifically accepted that humans also seek general well-being which 

constitutes an additional layer of complexity of analysis of human behavior and cognition (Levine, 

2007). Recognizing these insights might facilitate a broader understanding in how the structure and 

interconnectivity of the human brain implicates a certain behavior. Below we present a selection of 

brain regions that recurrently have been identified as important in neuroeconomic analysis. The 

presentation will primarily be on a behavioral level so much detail will be left out if not essential for 

the purpose of this thesis.  

Before plunging into too much detail however, a brief and informal high-level overview of the main 

structures of the human brain is presented. One of the oldest parts of the brain and consequently 

also located in the center bottom region as an extension of the vertebral column, is the brain stem. It 

regulates many of the bodily functions we consider automatic, such as cardiac and respiratory 

functions as well as numerous vital motor functions. Above the brain stem we find the limbic 

system, often labeled as the center for emotion. The word limbic is derived from the Latin word 

limbus which translates as edge or border which reflects the idea that the limbic system composes 

the border between the less developed parts of the brain and the more sophisticated mammal parts. 

The limbic system, together with the basal ganglia and the cerebral cortex constitute the cerebrum. 

The cerebrum is probably what layperson would imagine if asked to think about a human brain. As 

commonly known it is divided into two hemispheres and, perhaps not as well-known, wrapped in a 
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millimeter thick layer called the cerebral cortex. The cerebral cortex is the most modern part of the 

brain and is crucial in permitting the complex cognition only humans can achieve. Other mammals 

have cortical regions as well although they are significantly less developed. Another vital part of the 

cerebrum which we will have reason to investigate further is, as noted above, the basal ganglia. It 

holds numerous properties, both motoric and supportive functions for complex cognition. 

Evidently, there is an abundance of literature discussing the evolution of the brain and its functions, 

but for an easily accessible piece of popular science, see for example Ladberg (2006).  

 

3.1 The Basal Ganglia 

 

One part of the brain that continuously reappears as important in both correlational fMRI studies of 

certain behavior and neurocomputational modeling is the basal ganglia system. Basal gangla is Latin 

for lower swelling and is a brain region, not unique for humans, which includes the areas of the 

striatum, the globus pallidus, the subthalamic nucleus and the substantia nigra all which can be 

divided into several heterogeneous subparts (Glimcher et al., 2009).   

The striatum is located at the center of the brain, well under the cortex and therefore falls under the 

category of subcortical structures, as do the rest of the basal ganglia system. The striatum is divided 

into three substructures: the caudate, the putamen and the nucleus accumbens (NAcc) even if some 

of these parts has ambiguously defined boundaries. For example, the NAcc is sometimes referred to 

as the head of the caudate. Furthermore, it should be noted that for a specific brain region e.g. the 

striatum it is common to refer to subareas of it by using Latin prefixes. Lower sections of the 

striatum would then be referred to as the ventral striatum while as higher sections of it would be 

referred to as the dorsal striatum. The reader is encouraged to review other locational and directional 

terms we may use below, as a full account of the anatomic nomenclature will not be included in this 

thesis. As for functional purposes the striatum has proven important to motoric skills through e.g. 

lesion studies (Glimcher et al., 2009).  

The globus pallidus, sometimes divided into globus pallidus externa (GPe) and globus pallidus 

interna (GPi) is, similar to the striatum, important for management of motoric output signals. The 

substantia nigra can be divided into substantia nigra pars compacta (SNc) and substantia nigra pars 

reticulata (SNr) and is identified as an important region in controlling the level of dopamine (DA), a 
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neurotransmitter, in the brain. As a neurotransmitter, DA is vital for numerous brain systems to 

function properly. Reward systems, motivation, attention and learning can be put forth as some 

examples to mention only a few. Lesions in this region have been identified for people that have 

developed Parkinson‟s disease (Glimcher et al., 2009).    

 

3.2 The Cortical Structures 

 

The prefrontal cortex (PFC) is frequently portrayed as the area from which higher level cognition 

such as planning and organizational skills originate. The PFC is logically divided into the 

orbitofrontal cortex (OFC), the dorsolateral prefrontal cortex (DLPFC) and the anterior cingulate 

cortex (ACC), each of them associated with distinct patterns of behavior (Levine, 2007).  

The OFC has been found displaying an important interplay together with parts of the limbic system 

through which it is able to represent different stimuli with positive or negative associations, even 

over longer periods of time (Levine, 2007). In line with this, Padoa-Schioppa and Assad (2006) found 

that the OFC is essential in development of individual preferences. That preferences differ is evident, 

but less obvious is what mental processes permit these differences to emerge. The authors studied 

choices of monkeys and concluded that, in contrast to other brain areas, the OFC is able to encode 

perceived value of an offered good independent of other surrounding stimuli. As such the OFC is 

most likely a cornerstone in assigning goods a perceived value and thus also fundamental for 

neuroeconomic analysis of economic choice.  

The DLPFC is important for working memory and for evaluation of what possible actions are at 

hand in a given scenario. This longer term cognition contrasts the DLPFC with activity associated 

with the OFC which is rather immediate and emotional (Levine, 2007). A study presented by Tanaka 

et al. (2004), confirms this distinction through fMRI experiments as actions associated with 

immediate rewards triggered activation of the OFC and the striatum. Conversely, when subjects 

learned to act long-term by taking small losses in order to receive potential large gains, increased 

activity was observed in the DLPFC, among other areas. The functional distinctions of the third 

region, the ACC, are not as well established as for its two counterparts. Some prevailing theories 

however, suggest that the ACC occupies an executive function in the sense that it is activated when 

different stimuli and options has to be evaluated end weighed against each other (Levine, 2007). This 
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idea is supported by the hypotheses and findings of Botvinick el al. (2001) that designate the ACC as 

crucial for cognitive control mechanisms. They mean that the demand for cognitive control, i.e. one 

system overruling another for the purpose of greater wellbeing, is determined by the level of 

cognitive conflict for which the ACC is suggested to be an important mediator.  Additionally, 

Yamasaki et al. (2002) find that the ACC was unique in the sense that it was the only brain region 

that displayed increased activity levels for both relevant and distracting stimuli, a result that further 

substantiates the above ideas.  

 

3.3 The Amygdala and the Limbic System 

 

The amygdala is a part of the limbic system which, as noted above, is considered to function as the 

brain‟s emotional hub.2 It plays a role in all emotional activations, be it purely reflexive or utterly 

consciously driven. As emotions are triggered in most of the daily tasks we face, they surely also have 

a profound impact on the decisions we take as human beings. An illustrative case of the importance 

of well-functioning emotional activations is made by the Klüver-Bucy syndrome. It was discovered 

studying monkeys with lesions to the amygdala and the temporal lobe (part of the cerebral cortex). 

The monkeys started to show inability to question e.g. what is edible not, as well as displaying an 

unnatural behavior toward humans in being all too tame and friendly, both behaviors a token of lack 

of cautiousness which otherwise serves as a prime attribute for most wild animals (Hansen, 2003).  

One model of the interplay between the amygdala and the cortical structures is defined by two 

different decisional pathways. The subcortical pathway involves interplay between the amygdala and 

the thalamus, a brain structure functioning as a relay, and has been noted to be the primary pathway 

for stimuli that is perceived dangerous. As such the subcortical pathway also feeds signals quicker 

than its counterpart, the cortical pathway, which on the other hand has the capacity of reaching 

higher decisional granularity. Through these connections, stimuli that elicit emotions are given more 

attention than stimuli that do not (Levine, 2007).  

 

                                                 
2 There is actually reason to speak of the amygdala in plural, as the amygdalae, since it has two symmetrically located 
nuclei in each of the two hemispheres. Throughout this thesis however, we refer to these brain regions, simply as the 
amygdala without any restrictions in analytical vigor.   
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3.4 The Neuron 

  

Thus far, we have only discussed the human brain on an aggregate level of different regions and 

what functions they support. On a more detailed level though, the brain is built up by neurons, or 

nerve cells. As other cells, the neurons have a nucleus and a cell body and additionally also 

something called axons and dendrites. The axon is fiber-like wire that extends from the cell body out 

to the end of the axon. Its purpose is to transmit electrical impulses sent from the area around the 

cell body out to other surrounding cells, sometimes over rather large distances. The part of a cell that 

receives a signal from another cell‟s axon is called a dendrite. The dendrites are thin branches that 

extend from the cell body in multiple directions to be able to listen to signals from other neurons. 

When a connection is made the two neurons create a synapse. These synapses can be both of 

inhibitory and excitatory nature. The inhibitory synapses inhibit the connected cell to fire electrical 

impulses to other cells throughout its axon while as the excitatory work the other way around, 

facilitating axon potentials to be released toward other neurons. Together, these synapses, dendrites 

and axons which constitute the communicative part of a neuron enable information to spread 

throughout the brain and thus cognition is generated (Hansen, 2003).  
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4. Computational modeling of Neural Networks 

 

As studies of cognition in humans using fMRI and other brain imaging techniques surely will help to 

broaden the knowledge of what triggers a certain behavior, such studies can be complemented by 

computational modeling of cognition. As a decisive goal of the research within neuroscience is 

evidently to understand how neural processes give rise to cognition which includes understanding 

our senses, reflection, learning, planning and reasoning to name some examples. It is of course a 

daunting task to elucidate these phenomena and the scientific community would benefit from 

investigating different perspectives. One such perspective is offered by neural network modeling 

which permits deeper understanding through experimental modeling on a level of higher granularity 

than what is possible in other research. Individual areas and even individual cells in a brain can be 

surveyed, modified and damaged to be able to study consequences of different deficits. 

Computational models can therefore give detailed explanations as well as verifications of observed 

patters of brain activations and behavior. Moreover, other than data fitting tools used for 

confirmation of already manifested ideas, these models can in certain cases be used for predictive 

purposes and as such computational modeling of cognition through neural networks can become a 

rather powerful tool also for other sciences (O‟Reilly and Munakata, 2000).    

As to our present knowledge, this kind of modeling has so far had its applications in biological 

settings, studying diseases and brain deficits. Fewer models have been developed to study healthy 

individuals in search of explanations of psychological phenomena, which has been mostly a bi-

product of other studies. One study that has indeed identified and at least partially explained certain 

psychological aspects of human behavior was presented by Frank and Claus (2006). The authors 

find, among other things, behavior that is coherent with prospect theory. We will have reasons to 

return to the model presented by Frank and Claus at a later stage in this thesis.   

As for the means of computational modeling, several different software products have been used 

successfully. Frank and Claus mentioned above, used software called PDP++ (Frank, 2011a), an 

extension of PDP initially developed by McClelland and Rumelhart (1988). Since the development of 

PDP, it has been amended to become PDP++ in 1999 and subsequently also replaced by Emergent 

in August 2007, developed at Carniegie Mellon University and at the University of Colorado Boulder 

(Aisa et al., 2008). Emergent is a GUI-based language written in C++ with several integrated neural 

network modeling possibilities, one of which is the LEABRA algorithm developed by O‟Reilly 
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(1996) and presented in his doctoral thesis.3 Several sections will be devoted to discussing these 

technicalities below. Note also that Emergent is the software we have used for the modeling in this 

project.  

 

4.1 Modeling in Emergent 

 

As noted above Emergent is a GUI-based language developed for modeling of cognitive processes 

through neural networks. Other applications may be feasible as well, e.g. stock market analysis, even 

though the dominant practice lies in modeling of the human brain and associated phenomena 

(O‟Reilly, 2011a).  

Emergent is essentially divided into a three-faceted system, with a tree structure to the left containing 

an overview of programs, data and everything that characterizes the network itself, menus and 

controls in the middle panel and lastly graphics (3D) over the network and collected data to the right. 

The programming and altering of different parts of the network is intended to be pedagogical with 

tutorials and documentation available at hand, as well as features such as drag-and-drop of e.g. code 

for altering and writing all essential programs. As for the network itself it is divided into several levels 

of abstraction. Starting with the innermost level, we find individual the units, which essentially 

represent small populations of similarly behaving neurons. The units themselves can display both 

excitatory and inhibitory dynamics while also having the feature of leak currents which permits 

neurological effects close to those of real neurons.  The attributes of the units are controlled on a 

layer basis, a two-dimensional area of units, usually representing a part of the brain crucial for the 

particular model in question. Practically, alterations are made through both a unit specification and a 

layer specification, each with different parameters that can be adjusted to obtain the sought-after 

behavior. As for connections between units, and thus layers, Emergent has both projections and 

connections. Projections represent what kind of connection that are supposed to be modeled, e.g. if 

the units are to be connected on a one-to-one basis or in some other way, while as the connection 

represents the actual physical connection. To be able to distinguish patterns of activity within and 

between layers, each unit has weights which determine the tendency for it to activate itself when 

receiving a signal from another unit. For the sake of altering the attributes that are shared by all 

                                                 
3 GUI is an abbreviation for Graphical User Interface.  
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connections and projections, there are particular specifications that regulate this as well, as with the 

units and layers. An example of what is adjusted on this level is the degree of which the specific 

connection uses different learning procedures (e.g. Hebbian and error-driven learning, see the 

LEABRA section below for more details on this subject), or how strong the initial weights should be 

between the different connected layers in question. The set of layers that builds a model is what 

constitutes a network (Aisa et al., 2008).  

As for data processing, Emergent often uses objects of data tables for inputs as well as outputs. The 

data tables are generic and well adjusted for importing and exporting data from other software, e.g. 

Excel, which facilitates analysis. There are also possibilities to use preconfigured data analysis tools 

that are integrated in Emergent in advance. Finally it could be worth mentioning that, even if it is out 

of the scope of this project, Emergent is also capable of handling features such as visualizations and 

virtual environments that enable interaction with a simulated environment which could include other 

parties simulated by virtual robots or comparable paraphernalia (Aisa et al., 2008).  

Emergent is not the only software for modeling neural networks however, even though its 

predecessor PDP was the first (Aisa et al., 2008). Other alternatives that could be interesting, 

depending, of course, on the purpose of the modeling, are GENESIS and NEURON which both 

are practical for modeling individual neuron behavior. The Neural Network Toolbox of MATLAB 

could also be of interest if the user already is acquainted with the modeling interface and syntax of 

MATLAB. For more information regarding differences between different software, there are 

comparisons made at the Emergent wiki website (O‟Reilly, 2011b).  

 

4.1.1 LEABRA 

 

LEABRA is an acronym for local error-driven and associative, biologically realistic algorithm and is a 

model developed by O‟Reilly (1996) under his doctoral studies at Carnegie Mellon University and 

later implemented in Emergent. The model combines several processing systems that have been used 

for modeling and analysis of the neocortex, an area in the brain that has been found vital for 

differentiating human cognition.4 O‟Reilly argues that so called error-driven learning is feasible both 

                                                 
4 As for the scope of this study, an elaboration of what distinguishes the notion of neocortex as compared to other 
cortical definitions can be left out without loss of generality.  
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computationally and psychologically but does not reflect a learning algorithm that is biologically 

realistic.  This is adjusted by letting the network in which this algorithm is applied respond 

interactively using bi-directional connections, which has been proved existent in the neocortical part 

of the brain. This adjustment however, renders the model insufficiently capable of responding 

realistically when presented to novel stimuli. The model is however, capable of responding 

reasonable to novel stimuli when including the possibility of associative, or Hebbian, learning. The 

combination and balance of these two learning algorithms is a central idea behind the complete 

LEABRA framework.  

Briefly outlined, Hebbian learning which has its origins in a theory developed by Donald Hebb 

(1949) is based on the idea that synaptic activity and strength is amplified when neurons are active, or 

fire, together. Increased and repeated activation for a number of neural areas will thus create an 

augmented connection between these areas, or cells, which lets the brain learn to associate different 

inputs with different reactions. The Hebbain type of learning is classified under the notion of self-

organizing algorithms which is defined through the application of learning through a general 

organizing principle to an input signal, thus lacking any form of recurrent connection that could 

provide feedback to the specific reaction. Error-driven algorithms are contrasted in comparison to 

self-organizing algorithms by entailing such feedback mechanisms. Learning through these 

algorithms is made possible by comparing the differences in produced output activity and target 

output activity. The feedback is thus minimizing the perceived error over each iteration which 

consequently makes the network to learn propagate toward the targeted activity, i.e. it learns 

something.  

 

4.1.2 Emergent Runtime Procedure 

 

Practically, a division between input, hidden and output layers is often made when discussing neural 

network modeling. The input layer is where novel stimuli is presented, the output layer where the 

composed action of the network is presented and finally the hidden layers are everything in between 

that makes the that particular action reality. For obvious reasons the hidden layers are not as the 

name suggests, hidden, but rather they are visible and possible to alter and adjust in all manners 
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thinkable. Labeling of the different layers in a network is also possible, which facilitates 

understanding when a model is shared among other users (O‟Reilly, 2011c).  

Important for data analysis as well for a basic understanding of the software is how the notion of 

time is handled in Emergent. There are four basic levels of time, starting with the innermost and 

heading toward the outer ones we have: Cycle, Settle, Trial and Epoch. These are all different 

programs integrated in Emergent, called by each other when switching the on button. The Cycle 

program performs a single updating of unit cell activations through information projected to it from 

all cells to which it is connected. The Settle program is what calls Cycle program and does so until 

the network has reached a predefined equilibrium state and no further updates of the unit activation 

levels are made. The settlement process is similar to any maximization process in other algorithms as 

it is considered to have reached equilibrium if it is under a certain threshold level before having 

reached the maximum number of allowed iterations. All parameters that regulate the settle process 

are made available for adjustment for the Emergent user (O‟Reilly, 2011c).  

The Settle program, in turn, is called by the Trial program which settles the network two times, in 

two different phases, the minus phase and the plus phase. In the minus phase the network is 

presented the input stimulus and is allowed to react freely and thus chooses an output as a 

consequence of prior weights and some integrated randomness. In the plus phase, the network sees 

the input stimulus again, but rather than to act freely the choice is clamped and the network receives 

externally regulated reward information. Practically, these rewards, or punishments, are presented to 

the network through some other layer which could function as e.g. a regulator of the modeled 

dopamine levels in the brain. In such a case a reward would be modeled as a dopamine burst and a 

punishment would be modeled as a dopamine dip, where burst and dips typically are modeled with 

increasing and decreasing activity, respectively. The layer is subsequently connected to other layers 

and therefore excites or inhibits activity in these, depending on how the particular model functions. 

With the above reasoning, the minus phase can be referred to as the choice phase whereas the plus 

phase can be referred to as the reward phase (O‟Reilly, 2011c).  

Above the Trial lies Epoch which lets the network settle once for each of the, by the user predefined, 

input stimuli. For the network to learn however, it must get a chance to react to each of the inputs 

more than just once, which is permitted through a training program which iterates over the Epoch 

program. There is also a possibility for the user to run the same training and tests on the same model 



24 
 

repeatedly by using the Batch program which each time trains and tests the network as predefined by 

the user and subsequently also reset the network to its initial state and restarts the whole process 

again. The Batch program is thus important for collecting larger chunks of data. All programs are 

typically labeled with a Leabra prefix e.g. LeabraBatch , LeabraTrain etc. to emphasize what 

algorithm is used in a particular model (O‟Reilly, 2011c).  

An important feature of the Emergent neural network software is what is called the k-winners-take-

all (kWTA) functions. These are used for achieving activations that are both computationally feasible 

biologically realistic, in all different layers in the network. Perhaps the most intuitive idea of how 

different neurons act together is that if one cell fires which in turn is connected to another cell, that 

second cell fires as well. This type of connection is what constitutes an excitatory connection. As 

discussed earlier, there are also connections that function such that when one cell fires it inhibits 

activity in another cell, thus suppressing overall activity in that specific network region. As for the 

kWTA functions, they are inhibitory functions that regulate the activations automatically so that only 

a number of cells, k, in a specific layer are allowed to be activated, thus creating a sensible overall 

activation. There are however, different versions of kWTA functions which allow e.g. on average k 

units to be active or a percentage, k, units to be  active in a specific layer, allowing increased 

flexibility for different modeling purposes (O‟Reilly and Munakata, 2000). 
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5. Related Modeling Approaches and Other Research 

 

In this section some previous research that relate to the objectives in this study, will be discussed 

briefly. No comprehensive representation over the entire science field is given, nor is that the 

intention of this section. Rather, some results that we have found important in relation to the scope 

of our modeling are presented and analyzed.  

As noted, Emergent is not the only modeling software available for performing neurocomputational 

studies. Litt et al. (2008) has developed a model they call ANDREA (Affective Neuroscience of 

Decision through Reward-based Evaluation of Alternatives) using MATLAB as the primary tool for 

development. In their study they model the reward systems as two-folded with a dopamine system 

for positive events and a serotonin system for negative events. Just as Frank and Claus (2006) they 

are able to find e.g. loss aversion and subsequently also extend these findings to include prospect 

theory. The authors also find suggest neurological systems that could be fundamental in explaining 

framing effects. Finally, they link their analysis to decision affect theory and discuss possible neural 

mechanisms that could be essential in determining how emotions affect human decision-making.     

The matching law as formulated by Herrnstein, i.e. that the choices among options that are presented 

in a sequence, are proportional to the perceived total reward associated with every option, has also 

been investigated in relation to neurocomputational ideas. Loewenstein and Seung (2006) argue that 

a form of synaptic plasticity, typically present in neural network models, constitute a framework for 

behaving according to the matching law. As humans seem to conform to the matching law relatively 

well, it could work as e.g. a functionality test for neurocomputational models.  

As for linking activity in a specific spatial region of the brain to a certain economic behavior, as often 

done in fMRI studies, numerous studies are at hand for anyone interested. As we in this thesis focus 

on establishing a relationship between the computational approach to neuroscience and economic 

decision-making and behavior, less focus is placed on clear cut neuroimaging studies. However, to 

illustrate the applicability of the research area some examples could be worthwhile mentioning, 

especially as these studies constitute a framework for computational modeling. Knutson et al. (2007) 

study possible neural predictors of purchases and pinpoint increased activity in the NAcc and some 

parts of the PFC. The authors go as far as suggesting that their findings of distinct brain regions 

being responsible for anticipation of gain and loss could be used in predicting purchasing decisions. 
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As another example, Yamasaki et al. (2002) use fMRI technology to investigate the executive 

function that has been attributed the PFC. They focus predominantly on the possibility to designate 

attentional and emotional functions to separate brain regions. The results turn out to support such a 

theory as dorsal and ventral network streams of the PFC seem to distinguish the two investigated 

functional properties. Even though this study does not focus explicitly on economic applications, it 

renders such analysis possible through future fMRI studies or through computational approaches in 

the economic domain.  
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6. Our Model 

 

Before plunging into details concerning our model and how it was built, some relevant background 

information together with a discussion of our modeling intentions will be presented. As a first 

modeling objective, we intended to recreate a model presented by Frank and Claus (2006). This 

model uses the interactions between the OFC, the basal ganglia (BG) system, as well as the 

basolateral nucleus of the amygdala (ABL) and succeeds, among other things, to reproduce some 

economically and psychologically important results that can be derived from prospect theory.  

In the model, the OFC successfully exerts an executive controlling function on the BG by encoding 

magnitudes of reward stimuli through a working memory function. As it appears, the interplay 

between the OFC and ABL is essential in permitting behavior that complies with prospect theory. 

Such interplay is confirmed important by e.g. Tom et al. (2007). However, as for what specific brain 

regions are responsible for generating certain behavior the research does not always converge. It 

turns out that the ABL layer plays a significant role in permitting the model by Frank and Claus to 

display loss aversion, whereas e.g. Tom et al. do not find the amygdala as central in provoking loss 

aversion even though it may be important for some decisions under risk.  

The model presented by Frank and Claus (2006) is however built in PDP++, the predecessor of 

Emergent, and currently there is no available version of the model that is compatible with Emergent 

(Frank, 2011a). As noted, their model includes a representation of the BG system that has been 

augmented with interactions to and within the OFC and the ABL systems. While no complete model 

exists in Emergent, an earlier model by Frank (2005) which models the BG system is available online 

(Frank, 2011b). It the model by Frank we have used as a baseline and subsequently improved to be 

able to replicate some of the results that the augmented model is capable of generating.  

Thus, at first we aim at recreating the results from prospect theory, i.e. we wish that our neural 

network behaves such that shows a risk-averse behavior for potential gains and losses if the network 

is perceived the stand above and around a predefined reference level and a risk-seeking behavior for 

potential gains and losses if perceived to stand below the reference level (Kahneman and Tversky, 

1979). Below, we will start by presenting a relatively detailed exposition of the BG system, followed 

by implementation details of how we proceeded to expand the model with the auxiliary but necessary 

OFC and ABL systems. Lastly, a discussion regarding task design is presented.  
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6.1 The BG Model 

 

The neural network is in this model composed of the brain regions of the striatum, the substantia 

nigra pars compacta (SNc), the globus pallidus externa (GPe), the globus pallidus interna (GPi), the 

thalamus, as well as the motor cortex. These areas, with the exception of the motor cortex, are all 

discussed under previous sections. The motor cortex is part of the cerebral cortex but has its main 

purpose in being a transitory pivot from the BG system to the output signal it produces. For the sake 

of external communication with the emergent user, the model is designed with a 25 cell input and a 

two cell output layer. The two cells in the output layer correspond to the two different options 

between which the network can choose. Due to the design of the network, we refer to these options 

as the left and right option respectively. Depending on the choice in the minus phase and on what 

specific input is presented, the network receives rewards according to a predefined reward system in 

the subsequent plus phase. The activations in the 25 cell input layer are completely controlled 

externally by the user.  

Starting with the input layer and moving ahead we find that the input layer projects onto the striatum 

and the motor cortex. Both connections are excitatory and projects fully with non-zero 

randomization for the initial weights so that different input stimuli can be represented uniquely. Both 

projections are specified with a positive learning rate which lets the layers associate activations with 

rewards and thus alter subsequent activations as a consequence of the received rewards. The 

connection between input and motor cortex, which is a two cell transitory layer that feeds forward 

the actions of the thalamus to the output, also permits habitual behavior of the network.  

The striatum itself is an essential reflecting part of the BG system, as it synthesizes inputs 

representations and reward information from the SNc and projects this information onto a gating 

system that is composed of the GPe and GPi components. As for the technical details, the striatum 

is a 36 unit layer with four nine-unit stripes of cells. These four stripes represent Go and NoGo 

representations respectively, with the two left corresponding to the Go signals whereas the two right 

correspond to the NoGo signals. The striatum can thus encode the input and send forth Go and 

NoGo signals for both of the left and right options to the gating system.  To be precise, the NoGo 

units project inhibitory onto the GPe (the indirect pathway) while as the Go units project inhibitory 

onto the GPi layer (the direct pathway). 
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The layers that constitute the globus pallidus, the GPi and GPe have two and four individual units 

respectively which represent the left and right option associated with a certain input. In case of the 

GPe receiving NoGo signals from the striatum, say, for the right option, the corresponding option 

will be suppressed from the base activation level (which is full activation). This activation is 

subsequently redirected to the GPi and there inhibits the corresponding activation which now is the 

left option since the right option was suppressed in the GPe. Finally, GPi redirects its activations to 

the thalamus, but again inhibitory so that now when the activations corresponding to the right 

option of the GPe are active, those activations are suppressed in the thalamus, leading the thalamus 

to activate its left option rather than its right option. In summary, the NoGo signals for the right 

option led to facilitation of an activation for the left option in the thalamus. The principle is the same 

when the striatum sends Go signals directly to the GPe and since these signals circumvent the GPi it 

is referred to as the direct pathway as opposed to the indirect pathway through the GPi.  

By letting the default activation of the GPi-GPe system be full activation, these layers act as a gating 

system that must be suppressed in order to take the desired action. As outline above, the gate is 

lowered by inhibitory striatal signals which logically lower the gate for the preferred option. The 

encoding of striatal activity is performed by a user defined program that calculates the net activity of 

the striatal Go and NoGo signals respectively.  

The thalamus redirects its activation excitatory to the motor cortex which in turn takes in habitual 

influences and resends its information to the output layer where the chosen option is observed by 

the user. The motor cortex however, also projects backwards to the thalamus in order to reinforce 

the choice made by the BG system which results in decreased response time. Furthermore, the 

motor cortex also projects its activations onto the striatum which enables it to affect activity levels 

and thus also what action is considered initially. Specific numbers regarding the parameter tuning for 

the neural network are found in the appendix.  

When the network has chosen a specific action it enters the plus phase and receives reward 

information. In this model rewards are the consequence of activation in a four cell layer that models 

the SNc which, as noted earlier, is important for dopamine regulation. Full activity is interpreted as a 

dopamine burst, a reward, whereas minimum activity is interpreted as a dopamine dip, a punishment. 

In the minus phase the dopamine level is set to a reference level we refer to as the tonic level. This is 

necessary for the network to perceive the differences activity levels in both a negative and positive 
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manner. As for its position in the BG system, the SNc projects the reward information onto the 

striatum which in turn learns to associate a certain option with a certain reward. The SNc have 

excitatory connections to the Go units and inhibitory connections to the NoGo units. The activity 

levels that the SNc exhibit during the plus phase are set externally by the user.  

Together these eight layers constitute a model of the BG system. As noted by Frank (2005) the 

dynamics of the model is similar to what functional capabilities are previously known about the BG. 

For example, the BG executes single motor commands and modulates this execution by an active 

gating mechanism together with Go and NoGo signals for distinguishing presented stimuli. The 

striatum is in the model as in reality, the entryway into the BG. As for its functional capabilities 

Frank and Claus (2006) note regarding the BG that it can indeed learn to represent an input with a 

certain perceived value, but has limited capacity in learning complex reward structures since it learns 

primarily through observing the relative frequencies rewards and punishments and thus discards 

magnitudes of individual rewards. This can be amended by including the OFC and ABL interactions 

that are specific for the augmented model.  

 

6.2 The Augmented Model 

 

The model by Frank and Claus (2006), referred to as the augmented model, includes besides the BG, 

also layers that correspond to the OFC and the ABL. The OFC is divided into several parts. First 

and foremost the OFC_med_lat layer which is split in two parts, representing medial and lateral 

regions of the OFC respectively. Moreover, an additional layer denoted OFC_ctxt is included for the 

purpose of performing working memory functions. Ctxt is an abbreviation for context, presumably 

for indicating its purpose of providing contextual setting to its sister layer OFC_med_lat. 

The division of the OFC has direct functional purposes in the sense that the medial part of the OFC 

assigns positive representations of stimuli, whereas the lateral part assigns negative representations of 

stimuli. The OFC is able to exert top-down control on the BG when deciding what output option is 

to be chosen. It is connected to the BG system by its projections onto the striatum and motor cortex 

layers. It also sends information to the OFC_ctxt which updates its memory functions and sends the 

information back. To be able to retain information that is multiple instances old, it also projects onto 

itself and thus develops an aggregate state of awareness of input and reward information. The 
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formula for resending information back to the OFC_med_lat layer attributes a stronger weight on 

recent stimuli giving these stronger influence on decisions than have older stimuli. As for receiving 

information, the OFC_med_lat is excluding the previously discussed connection to the OFC_ctxt 

layer, also connected to the input, SNc and motor cortex layers (Frank and Claus, 2006).    

The final layer is the ABL, which is essential for modeling emotional responses to a particular 

stimulus. In this model the activations in the ABL are completely externally regulated, as with e.g. the 

input layer. Consequently, we imagine ourselves to be aware of what emotional reactions the network 

would develop, and claim that these are a logically stringent approximation of some corresponding 

real world individual. The ABL projects its emotional stimuli onto the OFC_med_lat layer (Frank 

and Claus, 2006). 

 

6.3 Implementation Details 

 

As noted we used the BG model by Frank (2005) as baseline for further extension. In this BG 

system we only altered one minor attribute, an increase of the learning rate of the connection 

between the input and striatum layers. The reason for this modification was to decrease the number 

of iterations necessary for the striatum to obtain accurate representations of the input and reward 

systems. To add a number of additional layers exerted no greater difficulties. However, to obtain 

appropriate behavior in terms of e.g. input representations and activation levels in the different layers 

turned to be a daunting task. Adjusting layer, connection, projection and unit specifications and 

other parameters as well as hands on programming were all areas that required many iterations of 

fine tuning before yielding sensible results.  

Starting with the reward system, we knew that the BG system is not capable of accurately 

determining magnitudes of reward values since the SNc predominantly indicates the direction of the 

feedback, i.e. if the network receives are reward or a punishment. The network can though be taught 

to differentiate magnitudes with help from the ABL (Frank and Claus, 2006). Furthermore, 

Carmichael and Price (1995) suggest that feedback does not project uniformly to the OFC. Thus, a 

gain-loss asymmetry can originate here by letting the ABL activity levels for losses be higher than for 

gains. This asymmetry is an essential feature of the prospect theory value curve.  
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As for the actual details of the ABL, we designed it as a ten unit layer as it appears Frank and Claus 

(2006). The activation of the ABL units is set to full or zero activation when activated whereas the 

number of cells active varies between zero and six. No units are active when no direct emotion is 

associated with the current input. The maximum number of active units, six units, represents large 

losses, whereas three units are used for representing small losses. As for the gain side, four units 

represent a large gain and two units represent a small gain. The ABL projects the externally set 

reward information unilaterally to the OFC_med_lat through a full excitatory projection.  

The double layers of OFC_med_lat and OFC_ctxt were added as two 40 unit layers both divided 

into medial and lateral parts holding 20 units each. The OFC_med_lat is a standard LEABRA layer 

whereas the OFC_ctxt is a LEABRA context layer which enables working memory functions. As 

noted above, the OFC_ctxt projects onto the OFC_med_lat and thereby providing information 

regarding previously observed input-reward relationships.  

To obtain sensible activation levels it turned out that we had to add yet another layer for the sake of 

inhibiting the activations in the OFC layers. This final layer is the OFC_inhib layer, consisting of 16 

units, which projects inhibitory onto the OFC_med_lat layer. Uniformly decreasing the activations in 

the OFC layers is the only purpose of this additional layer. The technical reasons underlying the 

addition of this supplementary layer are discussed in the next section.  
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Figure 6.1 The model active in the plus phase, i.e. the reward phase. The bars indicate different activation 
levels with increased height corresponding to a stronger activation. The lines in between the layers are for 
illustration of the connections. In this moment the model is in the plus phase and activations indicate that 
the model has received a punishment (SNc activation is zero) for choosing the right option. The number of 
ABL units active (six) indicates that the punishment is at the maximum level.  

 

6.4 Modeling Dysfunctionalities   

 

One of the first problems we encountered was an inability with the OFC layers to acceptably 

discriminate between different inputs which resulted in misguided representations and undesirable 

behavior. The activations were almost uniform over the entire layers and as such they evidently do 

not permit sufficient room for discriminating between different inputs. Arguably, the kWTA 

functions could function as a probable solution to this problem, but it turns out that these functions 

cannot discriminate between single cells but rather impose inhibition over the entire layer. After 

some time, we were able to solve the problem with letting adding stochastic initial weights with a 

specific set of parameter values.  
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Perhaps the hardest problem to overcome was to obtain accurate dynamics and activation levels in 

the OFC in response to rewards originating from the SNc and the ABL. Positive representations 

should be present in the medial parts and negative representations should be present in the lateral 

parts of the OFC. Consequently, a reward should strengthen the positive, or medial, representation 

of that specific input and vice versa. Our first idea of how to model the SNc-OFC dynamics was to 

add two projections onto the OFC from the SNc, one excitatory to the medial part and one 

inhibitory to the lateral part. As such a high SNc activation which corresponds to a reward would 

yield relatively larger activations in the medial parts than in the lateral. This principle holds for any 

activation level of the SNc.  

This however revealed another issue namely that a layer that is inhibitory connected, i.e. receives 

inhibitory signals from another layer, cannot simultaneously support the kWTA functions. Since 

both features are inhibitory they also have similar executing characteristics and thus proved 

incompatible (O‟Reilly, 2011d). Instead, the kWTA function must be removed from the OFC layer 

but as we still need some inhibitory characteristics to prevent overflow, yet another layer has to be 

added to fulfill this sole purpose. This layer is the labeled OFC_inhib in our model and does exist 

only to support the above described dynamics.  
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7. Tests and Hypotheses 

 

7.1 Task Design 

 

As a cornerstone for testing the behavior of the network we developed four different inputs 

associated with two different reward systems related to the two different output options for each 

input. These four inputs are under normal conditions designed such that the network is given a 

chance to behave according to prospect theory.  

The first input, is simply a control so that the value function of the network is increasing, i.e. 

perceives more as better. Thus there are no probabilistic features in this input. As for the options, 

the right output (remember that there are two different output options, right and left) results in a 

large reward whereas the left output results in a large punishment. For further reference this input 

will be denoted as Inc. 

The remaining three inputs all have probabilistic features. Here, the reward magnitudes are calibrated 

such that the expected value in terms of amygdala activation is intentionally kept at an equal level for 

both options. Starting on the gain side of the prospect curve, we expect the network to be risk-

averse. Therefore, we let it choose between the left option which corresponds to a safe gain of small 

magnitude and the right option which corresponds to a lottery with a 50 percent probability of 

obtaining a large gain and a 50 percent probability of obtaining nothing at all. This input is referred 

to as RA, for risk aversion.  

As for the loss side of the prospect curve, we expect the network, if complying with prospect theory, 

to display a risk-seeking behavior. The left option corresponds in this case to a certain loss of a small 

magnitude while as the right option again corresponds to a lottery. This time the lottery offers a 50 

percent probability of reaching breakeven and a 50 percent probability of obtaining a large loss. This 

input is referred to as RS, for risk-seeking.   

The last input has its rewards centered on the midpoint of the value curve. The left option leaves the 

network with no rewards or punishments at all while as the right option corresponds to a lottery with 

a 50 percent chance of a large loss or a large gain respectively. Here we expect the network to be 

risk-averse and thus prefer the left option. The preference order is in this case explained due to the 
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fact that losses are perceived such that they hurt more than what the corresponding gain trigger 

positive reactions. This task is referred to as Asym, for asymmetry.  

 

7.2 Prospect Theory 

 

When testing whether the network does indeed behave according to our expectations in relation to 

prospect theory, we simply run the network using the four inputs described above. The inputs are 

summarized in the table below together with parameter specifications for the reward layers. 

Remember that we expect the network to be risk-averse for gains and risk-seeking for losses.   

 

Activation levels in the SNc and ABL 
corresponding to the left option. The 
numbers corresponding to the SNc 
indicate what activation level all four 
SNc units have. Tonic level is the level 
under choice, the reference level, 
whereas zero and one corresponds to 
no or full activation respectively. The 
ABL activation levels are stated in 
number of units active in the ABL. 
When active, these units are always 

fully active. Note that the full ABL layer has ten units, so the percentage levels of activation are 60%, 20%, 30% 
and 0% respectively.  

 

Activation levels in the SNc and 
ABL corresponding to the right 
option. The numbers 
corresponding to the SNc indicate 
what activation level all four SNc 
units have. Tonic level is the level 
under choice, the reference level, 
whereas zero and one corresponds 
to no or full activation respectively. 
The ABL activation levels are 
stated in number of units active in 
the ABL. When active, these units 
are always fully active. Note that 
the full ABL layer has ten units, so 
the percentage levels of activation 
are 60%, 20%, 30% and 0% 
respectively. Note that the SNc 

and ABL activations on the same row occur concurrently.  

Table 6.1 Prospect Theory 

Task SNc activation level 
(left option) 

ABL activation level 
(left option) 
 

Inc 0 6  
RA 1 2 
RS 0 3 
Asym Tonic level 0 

Table 6.2 Prospect Theory 

Task SNc activation level 
(right option) 

ABL activation level 
(right option) 

Inc 1 4  
RA Lottery:  

50%: Tonic 
50%: 1 

Lottery: 
50%: 0 
50%: 4 

RS Lottery:  
50%: Tonic 
50%: 0 

Lottery: 
50%: 0 
50%: 6 

Asym Lottery: 
50%: 0 
50%: 1 

Lottery: 
50%: 6 
50%: 4 
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Due to what we think is correlational issues it was easier to find the intended behavior if we ran the 

network presenting only one input at a time. Although being the same network, we thus created four 

different physical computer files for the four different tests.  

The testing itself concerns running the network over 10000 batches, each batch corresponding to a 

representation of a single individual. For every network only one test is recorded, instead of fewer 

networks having several tests recorded. This method is used in order to obtain as solid independence 

properties as possible.  

To summarize our expectations, we would like to see the network to choose the right option for Inc, 

the left option for RA, the right option for RS and the left option for Asym.  

 

7.3 Amygdala Dynamics 

 

As we know that the amygdala can have a profound impact on the decision-making in certain 

situations, we would like to conduct a test on what impact an alternation of the amygdala activation 

might have. Since we in this model, have coded amygdala activation externally, testing the interaction 

possibilities between amygdala and other brain regions are limited. However, what we can do is to 

alter existing correspondence systems between input and amygdala activations and just record the 

effects on the outcome, i.e. if choices can be manipulated. Subsequently, we can hopefully link a 

certain pattern of activation in the amygdala to a real-world scenario and thus support or reject 

theories of what impact the amygdala might have and hopefully also describe the dynamics behind 

the potential influences.  

So far, the amygdala has only been part of the reward system and thus also only active in the reward 

phase, or plus phase. However, as intuition suggests, the amygdala has a significant impact directly 

on decision-making as well as it is active when choices are made. Therefore we design a test where 

the amygdala is active under choice, or more technically, where the amygdala has nonzero activations 

in the minus phase.  

The test is designed such that we run the network on our four different standard inputs, but letting 

the amygdala be active in both phases. The test is run two times with different amygdala activation in 

the minus phase, so that the potential impact the amygdala might have can be studied with as few 
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background effects present as possible. No alterations are made in the plus phase. A minor 

difference to the prospect theory test is that the same physical network can see all four inputs. Again, 

the network runs over 10000 batches, each with one single test on each of the four inputs.  

 

7.4 Response Time and Choice Uncertainty  

 

As a final test we record the response time in all different tests made. The measure used is the 

number of cycles required for the network to settle. The maximum number of cycles allowed is 100, 

so it is possible the network does not reach the threshold level under which activations are 

considered to have settled, before hitting 100 cycles. This boundary is set to limit time consumption 

in order to make testing and analysis as convenient as possible for the Emergent user.  

Frank and Claus (2006) hint that the risk-seeking dynamics of their model may be connected to the 

previously observed behavior of test subjects being slower to respond to choices associated with 

negative outcomes than choices associated with positive outcomes. This delay may arise since the 

dynamics are such that avoidance of a certain negative option is prioritized before evaluating other 

alternative, perhaps positive options. In our testing, this would imply that inputs that are associated 

with negative outcomes should correspond to a longer response time.    

During the course of developing the model, we stumbled upon the result that the network expressed 

greater choice uncertainty in certain decisions. For some inputs, it seemed as if the network had 

chosen one of the options and subsequently got stuck to that very option, whereas for other inputs 

the network displayed a tendency to change its initial choice. Hence, further investigation of these 

observations could lead to an increased understanding of the development as well as fluctuations of 

individual preferences. 

In order to be able to replicate the above observations we designed a test where the model would 

run over 50 batches for each of the four inputs separately, but with ten tests instead of only one for 

each input.  
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8. Results 

 

8.1 Prospect Theory and Alterations of the Amygdala Activation Levels 

 

As for confirming that our model is comparable to the model of Frank and Claus (2006) in terms of 

what behavior it is capable of displaying, we test if we can reproduce actions and choices that are 

consistent with prospect theory, as presented in their article. The probabilistic prospect theory setting 

can thereafter serve as a solid base for further analysis.  

Remember that RA, RS, Asym and Inc are the standard inputs, or tasks, we have developed for 

investigating whether the activations and behavior of a network can be considered to be in 

accordance to the particular characteristics that are attributed to prospect theory. The results are 

presented below.  

 

Table 8.1  

Standard model tested over 10000 batches with a single test in each batch 

 Adhering Non-adhering Difference between the 
two groups 

RA 6628 3372 97% 

RS 6625 3375 96% 
Asym 7856 2144 266% 
Inc 9770 230 > 1000% 
The numbers above indicate the number of networks out of 10000 that is behaving according to prospect theory 
(adhering) and the number of networks that do not display this behavior (non-adhering). The last column 
indicates the percentage difference between the number adhering relative to the number of non-adhering. This 
gives a rough indication of the level of statistical strength of the difference between the two groups.  

 

To depict the difference between the adhering and non-adhering groups, a bar chart is presented 

below. 
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The numbers above indicate the number of networks out of 10000 that is behaving according to prospect theory 
(adhering) and the number of networks that do not display this behavior (non-adhering). This gives a rough 
indication of the level of statistical strength of the difference between the two groups. 

 

As for testing effects of increased activation in the limbic system under choice, for which the 

amygdala figures as a proxy, we obtain the following. 

 

As before, the 
numbers indicate 
how many 
networks that 
adhere or do not 
adhere to 
prospect theory 
for a given input. 
In this case 
however, the 
amygdala is active 
in the minus 
phase, that is, 
under choice. 
High amygdala 

activation corresponds to six active units. Note also that due to the fact that this time each batch is trained on 
every one of the four inputs, which differs from the above test, no direct comparison can be made to the above 

result as this could be somewhat misleading. 

 

6628 6625 

7856 

9770 

3372 3375 

2144 

230 

RA RS Asym Inc

Figure 8.1 Prospect Theory 

Adhering Non-adhering

Table 8.2  

Prospect theory test with high amygdala activation under choice. Altered 

model tested over 10000 batches with all four inputs presented once in 

each batch 

 Adhering Non-adhering 

RA 6450 3550 

RS 6157 3843 

Asym 9214 786 

Inc 9877 123 
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As before, the 
numbers indicate 
how many 
networks that 
adhere or do not 
adhere to 
prospect theory 
for a given input. 
In this case 
however, the 
amygdala is active 
in the minus 
phase, that is, 

under choice. Low amygdala activation corresponds to only one active unit. Note also that due to the fact that 
this time each batch is trained on every one of the four inputs, which differs from the above test, no direct 
comparison can be made to the above result as this could be somewhat misleading. 

 

The table below summarizes the differences between the above obtained results for the two tests 

with different amygdala activation in the minus phase.  

 

The percentages 
indicate the 
difference between 
the adhering 
groups for the two 
different activation 
levels of the 
amygdala. The 
difference between 
the non-adhering 
groups is not 
presented it would 
add no further 

information. The comments are just a translation of the numbers into textual form, indicating the direction of 
the difference due to altered amygdala activation. No obvious interpretations are apparent for the observed 
difference in behavior for the Inc input.   

 

8.2 Response Time and Choice Uncertainty 

 

As for the results of the choice uncertainty tests we measured how often the network altered its 

response from left to right, or vice versa. It turned out that the model did not change its initial choice 

for the inputs RA and Inc, any time during the ten tests over the 50 batches. However, for the Asym 

input, the network changed its initial choice a total of five times, whereas for the RS input the 

Table 8.3 

Prospect theory with low amygdala activation under choice, altered model 

tested over 10000 batches with all four inputs presented once in each batch 

 Adhering Non-adhering 

RA 6273 3727 

RS 6889 3111 

Asym 6772 3228 

Inc 9493 507 

Table 8.4  

Differences in behavior due to different amygdala activation levels for 

adhering and non-adhering groups and for all inputs 

 Adhering Comment 

RA -1.77% Decreased risk-averseness 

RS +7.32% Increased risk-seekingness 

Asym -24.42% Decreased risk-averseness 

Inc -3.84% - 
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corresponding number was thirteen. Thus, for the RS input the model altered its first choice a little 

more than once every four batches on average.  

Moreover, the deliberation time the network required to take a decision was recorded. A summary 

over the response times measured as the number of cycles the network required to settle is presented 

below. The test in which the response times are recorded is the choice uncertainty test.  

 

Table 8.5  
Response times for the four different standard inputs 

 Average number of 
cycles before settlement 

Number of times the 
max cycle limit was hit 

Percentage of max 
cycle hits of total 

RS 58.12 183 37% 

RA 31.02 0 0% 

Asym 35.89 17 3% 

Inc 31.61 8 2% 
The above numbers are recorded when testing the network on the standard inputs over 50 batches with ten 
tests for the same input, in each batch. The maximum number of cycles before settlement was set to 100.   

 

The RS input stands out as the most time consuming task, followed by the Asym input. RA and Inc 

seem to share similar characteristics in response times. The results for the RA input however stand 

clear as the least time consuming in both measures as the maximum cycle limit never was reached.  
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9. Synthesis and Discussion 

 

First of all, we note that the model behaves as we expect it would do, given that it complies with the 

ideas of prospect theory. Figure 8.1 clearly indicates that there is a substantial difference between the 

number of networks that adhere and do not adhere, respectively, such that the number of adhering 

networks is considerably higher. As discussed earlier, a network that adheres to prospect theory 

should be risk-averse for gains and risk-seeking for losses, which is exactly the behavior our model 

displays. Note however that even if in minority, the networks that do not obey prospect theory are 

not negligible, which restrains us from inferring anything from observing the behavior of a single 

network. Instead, any conclusions are made in terms of the average behavior of the networks.  

This result is in itself a contradiction to the idea of rationality, since behavior that is frame dependent 

cannot be consistent in terms of stable preferences which is a prerequisite of rationality. This follows 

from the four axioms of utility theory. In particular, a consistent and complete ordering cannot be 

withheld, which implies violations of the completeness and the transitivity axioms. Obviously, such 

alternating preferences also muddle the continuity and independence axioms since these require a 

consistent preference ordering.  

The test regarding emotional impact on decision-making and preferences are no less interesting. As 

we record the behavior of the network while exogenously setting the activation level in the amygdala 

to two distinctly different values, corresponding to low and high activity respectively, we note a 

significant change in behavior. The results indicate that the network behaves less risk-averse and 

more risk-seeking when the activation level in the amygdala is lower. Even though we have set the 

values of the activation levels externally, there is a story to be told here. As established earlier, the 

amygdala is part of the limbic system which, as described above, is the primary emotional system of 

the brain. As such we have used it as a proxy for the level of emotional excitement that is associated 

with a certain input. Furthermore, stimuli that provoke emotional reactions have proven to be able 

to attract a higher degree of attention as compared to other stimuli (Levine, 2007).  

This rationale can be applied analogously to our results if we allow a higher degree of attention to 

translate into a higher degree of risk aversion. This idea might not be as farfetched as it may appear, 

several real life situations can be imagined in which such principles actually apply. For instance, if I 

do not care enough over the outcome of a lottery I can be sloppy in my decision-making and 
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consequently let myself gamble more than I would, given that the outcome was more important to 

me. In such a situation I would deviate from my customary preferences order, partially as a 

consequence of lacking attention which in turn is dependent on the level of emotional excitement. 

Furthermore, if decreased emotional excitement implies degenerated attention, other effects which 

would imply less stringent decision-making may also appear in a similar manner. These findings 

could also be related to the discussion regarding the distinction between hypothetical and real life 

choices which recently has been investigated by Kang et al. (2011).  

Furthermore, it has been manifested in other studies that the damages to the amygdala considerably 

reduce the degree of loss aversion displayed by any typical individual (De Martino et al., 2010). This 

is in line with our findings, as the lower activation level of the amygdala in our case corresponds to a 

reduction of displayed loss aversion. Moreover, these findings further indicate the importance of the 

amygdala in relation to choice under uncertainty giving further strength to our modeling rationale.  

As for testing response time and choice uncertainty our results are again in line with previous 

research. As for response times, there has been a discussion regarding whether they can be 

considered independent of the choices made in a particular situation. Decision field theory claims 

that this is not the case and suggests that the average time required to ponder over an alternative is 

inversely related to the probability of choosing that specific alternative. Hence, the authors suggest 

that response time and choice probability are two alternative measures of preference strength 

(Busemeyer and Diederich, 2002). Hypothetically this would indicate that options typically associated 

with positive outcomes correspond to lower response times as compared to options that have 

negative associations, given a continuous preference order. This is confirmed by our model, as the 

RS input yields the highest response times and the RA input the lowest.5 Obviously, the RS input 

also corresponds to the less preferred input of the two, since it at best can return the worst outcome 

of the RA input.  

In a wider perspective the results can be extended to decision affect theory and the discussion of 

how preferences are affected by emotional ties to the prior expectations of the outcome of a certain 

option. We recognize that such a discussion is viable but somewhat outside the scope of this project 

as we have had to limit the amount of time spent on modeling, task design and testing.  

                                                 
5  Remember that the RS input is designed such that it gives at best a tonic level outcome among only punishments, 
whereas the RA input has at worst a tonic level outcome among only rewards. 



45 
 

10. Concluding Remarks 

 

In this study we have aimed at creating a connectionist model developed for the purpose of studying 

economic phenomena. In particular we have used computational neuroscience together with 

knowledge from neuroeconomics in order to be able to shed light on some phenomena that pertain 

to the domains of behavioral economics. More specifically, we have created a model that on average 

displays the precise characteristics that constitute prospect theory. Furthermore, we have been able 

to use this model to further analyze what implications emotional processes might have for decision-

making. The neural network which we have developed models interactions primarily between the 

basal ganglia, the orbitofrontal cortex and the amygdala. By allowing for the activity levels in the 

amygdala to vary between different imaginary settings, we are able to infer some results previously 

established in neuroeconomic settings and in decision field theory. In particular, our results indicate 

that a decreased activity level in the amygdala corresponds to a decrease (increase) in risk-averse 

(risk-seeking) behavior. Furthermore, an increase in response time seems to be associated with 

choices that are associated with negative outcomes as compared to choices associated with positive 

outcomes. These findings may indeed prove important in further extensions of connectionist 

modeling that aim to reconcile different concepts that have sprung from behavioral economics in 

recent decades.  

We suggest that future research aim at extending our study of the impact of emotional processes on 

economic decision-making. In particular, we propose further study of the amygdala and its 

interconnectivity to other brain regions. Such a study could, among other things, investigate the 

impact of non-exogenous stimuli from the amygdala by letting e.g. the cortical structures affect its 

activity levels.  
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12. Appendix 

12.1 Appendix A: Parameter Specifications 

Table 12.1 
Parameter specifications for connections and projections 

 

From To Type of 
Connection 

Type of Projection Initial Weights Learning 
Rate 

Input Striatum Excitatory Full W(0.25,0.75) 0.001 
Input Motor Cortex Excitatory Full W(0.345,0.355) 1e-5 
Input OFC_med_lat Excitatory Full W(-0.3,1.1) 0.01 
Input OFC_inhib Excitatory Full W(0.25,0.75) 0 
Motor Cortex Output Excitatory Left Motor Cortex 

units to left Output 
unit 

1 0 

Motor Cortex Output Excitatory Right Motor Cortex 
units to right Output 
unit 

1 0 

Motor Cortex Striatum Excitatory Left Motor Cortex 
units to left Go units 

0.5 0 

Motor Cortex Striatum Excitatory Right Motor Cortex 
units to right Go 
units 

0.5 0 

Motor Cortex Striatum Excitatory Left Motor Cortex 
units to left NoGo 
units 

0.5 0 

Motor Cortex Striatum Excitatory Right Motor Cortex 
units to right NoGo 
units 

0.5 0 

Motor Cortex OFC_med_lat Excitatory Full 0.5 1 
SNc Striatum Excitatory To striatal Go units 0.5 0 
SNc Striatum Inhibitory To striatal NoGo 

units 
1 0 

SNc OFC_med_lat Excitatory To medial 
OFC_med_lat units 

0.5 0 

SNc OFC_med_lat Inhibitory To lateral 
OFC_med_lat units 

1 0 

SNc OFC_inhib Excitatory Full W(0.25,0.75) 0 
OFC_inhib OFC_med_lat Inhibitory Full W(0.25,0.75) 0 
OFC_inhib OFC_inhib Inhibitory Full 0.75 0 
ABL OFC_med_lat Excitatory Full W(0.8,1.2) 0 
OFC_ctxt OFC_ctxt Excitatory Every unit to all units 

in the same unit 
group 

0.5 0 

OFC_ctxt OFC_med_lat Excitatory One to one 0.5 0 
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OFC_med_lat OFC_ctxt Excitatory One to one 0.5 0 
OFC_med_lat Striatum Excitatory Full 0.5 1 
OFC_med_lat OFC_inhib Excitatory Full W(0.25,0.75) 0 
Thalamus Motor Cortex Excitatory Left Thalamus unit to 

left Motor Cortex 
units 

1 0 

Thalamus Motor Cortex Excitatory Right Thalamus unit 
to right Motor Cortex 
units 

1 0 

GPi Thalamus Inhibitory Left GPi units to left 
Thalamus unit 

1 0 

GPi Thalamus Inhibitory Right GPi units to 
right Thalamus unit 

1 0 

GPe GPi Inhibitory Left GPe unit to left 
GPi units 

1 0 

GPe GPi Inhibitory Right GPe unit to 
right GPi units 

1 0 

Striatum GPe Inhibitory Left NoGo units to 
left GPe unit  

0.7 0 

Striatum GPe Inhibitory Right NoGo units to 
right GPe unit 

0.7 0 

Striatum GPi Inhibitory Left Go units to left 
GPi unit 

W(0.25,0.45) 1e-5 

Striatum GPi Inhibitory Right Go units to 
right GPi unit 

W(0.25,0.45) 1e-5 

Note that this list is not exhaustive such that it covers all parameters in the entire model. However, some 
essential parameters regarding connections and projections are specified here.  
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12.2 Appendix B: Schematic picture of the model 

 

 

 

 

 

 

 

 

 

 


