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ABSTRACT

Rew, Dongjun, Mapping Consumer Cognition and Emotions: A Neuroscientific Approach.

Doctor of Philosophy (Ph.D.), July, 2019, 112 pp., 15 tables, 11 figures, references, 350 titles.
Although the rival theories for consumer decision making process, cognitive perspective
and experiential perspective, have successfully contributed to the marketing discipline, there is
an alternative point of view that cognition and emotions work together for a decision or even a
behavior. However, the methodological limitation has been a big hurdle that interrupts
insightfulness and fruitfulness of marketing research, especially in consumer research. This study
thus aims to develop a brain map and functional connectivity of consumer decision making and
emotions to show physiological and neurological evidence that emotional behaviors and
cognitive behaviors are associated when consumers decide a behavior by analyzing functional
magnetic resonance image (fMRI) data. Activation likelihood estimation (ALE) meta-analysis
and network analysis (correlation-based machine learning algorithm) are employed and
performed. Findings of two individual studies show the neurological evidence that neural regions
for emotional (fear, sadness, happiness, disgust, surprise, and anger as a proxy of emotional
behaviors) and consumer decision making are interactive. The research successfully performed a
consumer brain connectivity for consumer decision making and emotions based on the network
theory. With the findings, this research would have contributions to the marketing discipline by
piling up neurological, physiological, and behavioral knowledge to better understand consumer

behaviors.
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CHAPTER I

INTRODUCTION

“A journey of a thousand miles must begin with the first step” — attributed to Lao-Tzu

This proverb means that everything starts with a small thing. In other words, attaining a
level of achievement requires an initial process that lays the foundation for the achievement or
goal. In this regard, consumer research has been continuously developed to include different
perspectives of other disciplines such as psychology and economics (Moorthy, Ratchford, &
Talukdar, 1997). Lowenstein (2001) considers this development in consumer research as creative
destruction. Thus, to take another major step forward in consumer research, researchers must
break the boundaries of research including research subjects, area, topics, and especially research
methods. Through these breaks, consumer researchers are able to develop a research model that
helps to parsimoniously explain and understand a phenomenon that is interlaced with
complicated social and behavioral relationships in a market, such as connections of neurons in
the brain.

This creative destruction in consumer research has attempted to expand the research
territory, such as in the new field of consumer neuroscience. Consumer neuroscience applies
tools and theories from neuroscience to better understand decision-making and related processes
(Plassmann, Venkatraman, Huettel, & Yoon, 2015). Based on the knowledge of neuroscience

proposing that each individual has different neural correlates from others (Frith & Frith, 2001;



Gallagher & Frith, 2003), consumer research can yield fruitful findings and meaningful insights
to deeply understand consumer behaviors.

In the area of consumer research, different research methods have been used to
investigate consumer behavior, such as electroencephalography (EEG), functional magnetic
resonance imaging (fMRI), magnetoencephalography (MEG), positron emission tomography
(PET), single neuron recording, multineuron recording, lesion studies, transcranial direct current
stimulation (tDCS), diffusion tensor imaging (DTI), and transcranial magnetic stimulation
(TMSW) (Wang & Minor, 2008). In particular, functional Magnetic Resonance Imaging
(hereafter fMRI) has been a popularly employed research method that has enhanced consumer
research more meaningfully and fruitfully. This technique enables consumer researchers to more
accurately understand and explain patterns of consumer behaviors by examining a specific
activated region in the brain. For instance, Yoon and her colleagues (2006) used fMRI
techniques to attempt to investigate whether there is a compatible process between semantic
judgments about products and consumers. Rampl, Optiz, Welpe, and Kenning (2016) employed
fMRI to find brain activations for emotions when consumers choose a brand through comparing
two different types of brands, employee-preferred brands, and consumer-preferred brands.

fMRI is a relatively newer technique than traditional methods, such as survey and
interview. The reason for the heightened interest in using neuroscientific methods in consumer
research is that neuroscientific methods are more reliable than traditional ways that are
potentially more susceptible to experimenter bias or demand effects (Shaw & Bagozzi, 2018).
fMRI aims to investigate functional specificity at high resolution in humans (Oop de Beeck,
Haushofer, & Kanwisher, 2008). This brain imaging technology enables researchers to expand

the boundary of consumer research by drawing a detailed picture of the functional organization



of the human brain (Poldrack, 2006). In summary, research using fMRI has vastly increased and
diversely expanded the scope of the research in consumer and cognitive science from finding a
specific brain region activated by an external and internal stimulus to testing individuals’
psychological response to ads, commercials, and other stimuli.

Ramsgy (2014) points out the relevance of this consumer research trend within the
domains of neuromarketing and neuroscience. The research trend is illustrated in Figure 1, which
was created from data from Google Trends with the search keywords neuromarketing and
consumer neuroscience. The graph shows that since 2004, when neurological research methods
such as EEG, fMRI, DTI, and PET were introduced to the marketing discipline, using the
methods in consumer research known as consumer neuroscience and neuromarketing has
progressively increased (Ramsgy, 2014). Figure 1 presents the pattern of increasing interest in
neuroscientific research by showing that the number of published articles including consumer
neuroscience and neuropsychology has considerably increased every year since 2004. The black
dotted line in the middle of the data movement shows the positive association between the y

variable (number of published articles) and the x variable (year).



Figure 1. Numbers of Published Articles in Neuromarketing and Neuroscience
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Another reason for using neuroscientific methods in consumer research is to map the
consumer’s brain based on the mechanism of brain activation or response to an internal or
external stimulus. This technique allows researchers to more clearly and anatomically understand
consumer behaviors, such as decision-making, consumer preference and choice, and consumer
responses to marketing programs including price, place, promotion and product (4 Ps). This type
of research can only thus be done using neuroscientific methods. For instance, fMRI helps
researchers not only investigate a specific activated region for a specific behavior such as
preference, attitude, or justification but also draw a map of the brain connections with the
specific regions. This metabolic pathway is referred to as connectivity, which means the
networks in the human brain (Seung, 2013; Sporns, 2011, 2013; Sporns, Tononi, & Kotter,
2005). Recent advances in neuroimaging enable researchers to examine human brain
connectivity systemically (Sporns, 2012). In other words, a small connection or relationship

between a neural region and a certain behavior makes a big picture of brain connectivity.
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Describing the big picture is especially important because it helps consumer researchers to
develop a parsimonious model to explain and understand why and how consumers are behaving

and making a decision, behaviorally and physiologically.

Research gap and research questions

Historically, in the marketing discipline, especially in consumer research, there have been
three theories or models proffered to explain the consumer decision-making process: the
cognitive perspective (Bettman, 1979; Cacioppo, Petty, Kao, & Rodriguez, 1986), the
experiential perspective (Holbrook & Hirschman, 1982), and the environmental perspective
(Donavan, Minor, & Mowen, 2016; Duncan & Humphreys, 1989).

The cognition-oriented approach argues that when consumers decide what they will
consume, they focus on cognitive behaviors including judgment and memory. This leads to a 5-
step model: recognize shortages, search for alternatives to fill the shortages, compare searched
alternatives, choose one of the alternatives, and evaluate the choice (Bettman, Luce, & Payne,
1998). This process model of consumer decision-making is useful to understand how consumers
decide what they are willing to purchase through a series of intellectual steps.

In contrast, the experiential perspective insists that consumers are not only thinkers or
rational decision makers, but also feelers or irrational decision makers. Thus, this point of view
weightily considers consumer’s feelings as a core of consumer decision-making. This model is
helpful to understand why consumers consume impulsively and explains the pattern of hedonic
consumption.

The last approach considers environments surrounding consumers as influences that

affect consumer decision-making, such as other’s opinions, information about a product/service,



and mood or design of places such as scent or colors in restaurants and stores. In other words,
consumers’ bottom-up attention is driven by environmental cues. This point of view attempts to
find factors that affect decision-making from outside the body, while the previous two models
look for the factors inside the body.

On the basis of the three decision-making models, two mainly discussed factors affecting
or consisting of decision-making have been identified and centered in consumer research:
cognition and emotions (Shaw & Bagozzi, 2018). The argument about whether cognition or
emotion is more important for individuals to decide their behaviors (e.g., attitudes, satisfaction,
purchasing and engagement) has also existed in the neuroscience discipline (Dolan, 2002;
Pessoa, 2008). Thus, it would be relevant in the marketing discipline to discuss this argument
from the neuroscientific point of view because consumer research using neuroscientific methods
can develop and provide a meaningful perspective or model to parsimoniously understand and
explain consumer behaviors, especially consumer decision-making. As of now, there have been
many studies on consumer decision-making process in the marketing discipline. While consumer
decision-making is an important physiological parameter, there have been few studies in the
marketing discipline looking for and showing neurological evidence that specific brain areas for
the two factors are activated when individuals make a decision. The reason for the lack of
physiological and behavioral knowledge about consumer decision-making is that most consumer
research has been conducted using traditional research methods including survey and interview
(Shaw & Bagozzi, 2018). This lack of study makes it difficult to find empirical evidence that
supports previous theoretical arguments that emotions are important when consumers make a

decision and to contribute to the knowledge about consumer behaviors.



This research will employ fMRI datasets publicly released by the Human Connectome
Project (hereafter HCP). HCP (hereafter HCP1) is sponsored by the United States National
Institute of Health (NIH) project consortium and led by three universities: Washington
University, the University of Minnesota, and Oxford University. The consortium has undertaken
systematic research to map macroscopic human brain circuits and their relationship to behavior
in a large population of healthy adults (Van Essen et al., 2013). This project has provided human
brain images to increase the probability of curing brain disease and contribute to understanding
the connections within the human brain. The project currently operates the Connectome
Coordination Facility (CCF) that houses and distributes public research data, especially in the
form of fMRI. With regard to this connectome project, there are different types of government-
granted connectome projects: “OpenNEURO” by Dr. Russel Poldrack and his laboratory at
Stanford University, which shares neuroscientific research and results with researchers, and the
Human Connectome Project by two US medical schools, the University of South Carolina
Medical School and Harvard Medical School (hereafter HCP2).

The difference between HCP1 and HCP2 is the type of study they are conducting. HCP2
is centered around a consortium of researchers at the two US medical schools and aims to
provide an unparalleled compilation of neural data to deeply understand the human brain by
mapping the structural neural connection (www.humanconnectomeproject.org). HCP1 is a
consortium among three universities (i.e., Washington University at St. Louis, University of
Minnesota, and Oxford University) that aims to provide medical information about brain
diseases and to understand the human brain by researching the connections of brain functions
(www.humanconnectome.org). Although both government-funded projects provide public brain

image data, the datasets from CCF operated by HCP1 will be used for this study because they



provide datasets of functional brain images that show brain activity for specific behaviors.

Another reason for using HCP1 datasets is that they provide clearer sets of data after

preprocessing a set of raw brain images from fMRI. They also share general (or resting) brain

images of over 1200 healthy adults to the public, while HCP2 provides limited brain images

designed for specific studies rather than resting fMRI data. Table 1 displays the data types and

purposes for each project.

Table 1. Projects/Databases Related to the Human Brain Study

Project Consortium Fund Purpose Data
Human . o Distributing public research fMRI (3T/7T diffusion
Connectome | Washington University data that focus on the

. . . . data, 3T retest data)
Project at St. Louis, the NIH connections of human brains
(HCPl-) University of angsota, . . Awvailable for 1,200
operating and Oxford University Understanding of human brain subiects
CCF diseases and human behaviors )

fMRI (3T diffusion
Mapping the human brain by data)
Human . . . . . .
Connectome The University of South diffusion spectrum imaging
Proiect Carolina and Harvard NIH | (DSI) for white matter fiber Available for 40,444
) Medical School pathways and functional subjects from 116
(HCP2) g . )
correlations analysis studies (only 40
subjects diffusion data)
Sharing raw magnetic MRI, EEG, and fMRI
L NSF | resonance imaging (MRI)
OpenNEURO | Stanford University NIH | datasets to understand human Available 3,372
brain structures and functions subjects

Notes: NIH — National Institute of Health, NSF — National Science Foundation

There has been a limited amount of research using the large datasets on connectivity to

investigate the possibility of a relationship among brain regions activated for behaviors. Smith et
al. (2015) investigated the relationship between individual subjects’ functional connectomes and
280 behavioral and demographic measures in a single holistic multivariate analysis relating
imaging to non-imaging data from 461 subjects in the HCP1. Finn et al. (2015) and Kruschwitz,
Waller, Daedelow, Walter, and Veer (2018) attempted to find the association between general

intelligence and global functional efficiency using the large dataset (more than 1200 subjects)



provided by HCP1. Researchers in the neuroscience discipline have attempted to find the
connectivity among brain functions and the regions and to test the generalizability, reliability,
and validity of data from HCP1 in terms of examining the usability of the dataset in a
neuroscientific study. However, there is only a limited number of studies on brain mapping to
explain and understand the brain’s functional efficiency for decision-making in consumer
research (Geissmann et al., 2018; Smith et al., 2015; Yoo et al., 2018).

To reduce this knowledge gap, this study will conduct a systematic literature review and
meta-analyses to explore the interaction between cognition and emotions by finding the common
neural areas activated for emotions and decision-making. Then, it will draw a functional
connectivity (map) of relationships among the neural areas of each of the two main models
(cognitive perspective vs. experiential perspective) to neurologically and physiologically
understand the consumer decision-making process and support an alternative model showing the
neural interaction between emotions and consumer decision-making. To increase physiological
and behavioral knowledge of consumer behaviors, this study will look for consumer decision-
making, its neural activated region, and neural interactions with consumer emotions guided by
the following research questions:

1) Which decision-making perspective is better to explain consumer decision-making?

2) What regions of the brain are activated in emotions and consumer decision-making?

3) If there are fixed regions for each of emotions and decision-making and working together
in the brain, how physiologically are neural areas for emotions and decision-making

connected in the brain?

Research purpose



To answer these questions, this study will attempt to find the interaction between
consumer decision-making and emotions through activation likelihood estimation (ALE) meta-
analysis indicating the largest volumes (detected by blood oxygenation level dependent, or
BOLD) associated with a certain behavior. There are different types of behaviors in the cognitive
and emotional realms. Cognitive behaviors include memory, language, problem-solving,
attention, visual imagery, pattern recognition, and decision-making (Reed, 2013), while
emotional behaviors include fear, disgust, happiness, sadness, surprise, and anger (Gasquoine,
2016). This study only focuses on decision-making as a cognitive behavior and all the six
feelings as emotional behaviors to explore the interaction between decision-making and
emotions by finding activated neural areas for both types of behaviors. For the analysis, the
HCP1 brain image datasets including the brain images of over 1200 healthy adults were
examined to find a systematic pattern of human behaviors through analyzing and understanding
brain images showing specific brain region activated for stimuli (Poldrack & Gorgolewski,
2014).

In addition to ALE meta-analysis, this study employed a machine learning algorithm. In
particular, there are different algorithms in the machine learning field of study (Lantz, 2015).
Using an appropriate algorithm based on correlation-based clustering in machine learning, this
study developed a parsimonious model or brain map that explains consumers’ decision-making
process through analyzing the HCP datasets including behaviors (decision-making and
emotions). Utilizing the meta-analysis and analyzing the fMRI image datasets, this study
suggests a connectivity model, or an integrated brain map based on the neural interaction

between brain regions for decision-making and emotions to support the argument that brain areas
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for emotions are working with brain areas for cognitive behaviors when consumers make a
decision including purchase or judgment for a decision.

This research consists of two main studies (Study 1 and Study 2) to develop a neural
connectivity (map) for consumer decision-making process. Before conducting Study 1 and 2, two
pilot studies will be undertaken to verify the goodness of fit of this entire research with another
dataset of brain images of 900 subjects provided by HCP1. Pilot Study 1 verifies that there is a
significant interaction between brain activities for a selected cognitive behavior (only language)
and emotional behavior (only happiness) by conducting ALE meta-analysis that investigates
commonly activated brain regions and underdeveloped brain regions for each of selected
behaviors. Pilot Study 2 verifies a possible way of mapping the neural connectivity of brain
regions activated for emotions with a smaller sample dataset of HCP1 including brain images
from 900 healthy adults.

Main Study 1 looks for interactive neural areas activated for consumer decision-making
and emotions based on the existing literature to answer for the first and second research
questions by means of a meta-analysis of new and common findings from the existing literature
related to emotions and consumer decision-making. Then, Main Study 2 uses the HCP1 dataset
to verify the brain regions for activating specific cognitive (consumer decision-making) and
emotional behaviors in comparison with the findings from Study 1. In Main Study 2, a brain map
or functional connectivity for the consumer decision-making process was developed using
machine learning algorithms based on the results of Main Study 1. Table 2 summarizes the
structure of this research.

Table 2. Research Structure
Study | Purpose Used method Used dataset | Expected Outcome

11



Explore the relationship | ALE-meta 10 existing studies Most activated brain
Pilot betwgen cognitiv_e and analysis for_ Ia}nguage_and 10 reg?ons and new
Study 1 emotional behaviors (Caspers etal., | existing studies for | regions for each
2010; Eickhoff | happiness behavior
etal., 2009)
Verify the interaction Graph theory 900 HCP1 fMRI Significant
Pilot with empirical fMRI data | Network theory | dataset corre!a’_[ion
Study 2 coefficient (r)
between two
behaviors
Find an interaction and Existing literature Most activated brain
new underdeveloped ALE meta- for each of emotions | regions and new
Study 1 | brain regions between analysis and decision-making | regions for each
consumer decision- behavior
making and emotions
Verify the interaction Graph theory 1200 HCP1 fMRI Significant
with empirical fMRI data | Network theory | dataset correlation
coefficient (r)
Test the effect of Findings of meta- between two
individual personality on analysis in Study 1 | behaviors
the decision-making
process Significant
relationships and
Study 2 | Develop a brain map that different patterns of

helps to explain and
understand consumer
decision-making process

brain activity among
each behavior and
personality

Functional brain
connectivity for
emotional and
cognitive behaviors

The findings of this research will theoretically and practically contribute to consumer

research by finding patterns between consumer behavior and a specific brain area and verifying

the pattern through archival data. This research will provide knowledge about the neurological

and physiological aspects of consumer decision-making and the related cognitive and affective

behaviors to the marketing discipline by empirically testing neuroimaging data. Most

importantly, this research will provide a neural functional connectivity map of consumer

12



decision-making processes based on the comparison between brain activity for emotions and
consumer decision-making.

The remainder of this study is structured as follows. Chapter Il contains a literature
review and a research framework for the study. The methods are described in Chapter IlI.
Chapter IV presents the results, and a conclusion including a discussion of the theoretical and

practical implications of the findings can be found in Chapter V.
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CHAPTER II

LITERATURE REVIEW AND DEVELOPING RESEARCH FRAMEWORK

This research aims to find a parsimonious model that helps to understand how consumers
make decisions and what physiological and neurological functions are included in the decision-
making process through analyzing HCP1 datasets of fMRI brain images. This chapter takes a
look at the existing literature to investigate important factors that affect the consumer decision-
making process and to find theoretical relationships among each factor including memory,
problem-solving, attention, pattern cognition, decision-making, and language as cognitive
behaviors (Gasquoine, 2016; Reed, 2013) and feelings — fear, sadness, happiness, disgust,
surprise, and anger — as emotional behaviors (Oately, Keltner, & Jenkins, 2006; Gasquoine,
2016; Barrett, 2017).

A Short History of Consumer Neuroscience

Consumer neuroscience is defined as applying tools and theories from neuroscience to
better understand decision-making and related processes. It is an interdisciplinary academic
subfield of marketing and neuroeconomics (Plassmann et al., 2015; Shaw & Bagozzi, 2018).
Consumer neuroscience is different from neuromarketing, which involves the practical
implementation of neuroscientific knowledge for company marketing insights (Hubert &
Kenning 2008; Ramsgy, 2014).

Research in consumer neuroscience has mostly focused on consumer decision-making

based on analytics of functional activities in the brain using neuroscientific methods such as EEG

14



and fMRI (Kenning, Plassmann, & Ahlert, 2007; Yoon et al., 2012). These methods help the
researcher in consumer neuroscience better understand consumer behaviors based on the
physiological context that can provide explanations for observed phenomena or specific
behaviors. For example, it is difficult to distinguish between and verify the role and effect of
emotions in the process of decision-making by using traditional qualitative or quantitative
measurements (Show & Bagozzi, 2018). Neuroscientific methods, however, have contributed to
consumer research by providing significant results showing how the brain works physiologically
and adding diversity and depth of knowledge of the neurological anatomy in terms of brain
regions for emotional and cognitive activities.

Research on consumer decision-making using neuroscientific methods has expanded to
understanding both inter- and intra-personal sources of heterogeneity, in terms of individual
differences. This difference does not mean each consumer has the same process of decision-
making, but each one has their own process by showing a pattern that interacts between genetic
markers, hormone and neurotransmitter levels, and environmental variation (Sporns, 2011; Yoon
et al., 2012). fMRI can identify brain regions that activate for the process based on the stimuli
and support the assumption that every individual has his or her own process of decision-making
based on his or her unique brain responses (Poldrack et al., 2009).

Insights and tools from neuroscience are of great value to consumer research, especially
in understanding consumers’ minds as the black-box (Shaw & Bagozzi, 2018). Plassmann et al.
(2015) point out that neuroscientific methods are suitable to understand the processes and
mechanism of consumer behaviors because neuroimaging tools can help validate, refine, or
extend existing marketing theories. In other words, consumer research benefits by using tools

that can demonstrate dissociations between psychological processes. In this vein, it is possible to
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find scientific evidence supporting alternative consumer decision-making model that consumers
are not only using cognitive abilities but also emotions when they attempt to make a decision.

With these advantages, consumer neuroscientific research has focused on consumer and
decision neuroscience to elaborate cognitive behaviors (e.g., attention, memory, and reward
processing) and emotional behaviors as shown in Table 3. As Table 3 shows, each study
examines brain activity regarding specific behaviors. For instance, Noudoost, Chang, Steinmetz,
and Moore (2010) found that the dorsolateral prefrontal cortex, inferior parietal sulcus, inferior
frontal gyrus, middles temporal gyrus, posterior cingulate cortex, and precuneus activated for
attention in a top-down way. Thus, this collaboration with neuroscientific research in consumer
research has fruitfully contributed to increasing the breadth of knowledge of consumer behaviors
by providing physiological evidence confirmed through neuroscientific research methods. In
particular, consumer behaviors including emotions can be more deeply and sharply understood
by the collaboration between consumer research and neuroscientific methods as a deconstructive
way of extending a research scope of consumer behaviors.

Table 3. Literature on Consumer Neuroscience

Authors Activity Findings Methods
Kastner & Two primary modes of attention exist: MRI
Ungerleider (2000) bottom-up and top-down attention
Duncan & The effect of environmental cues on

. RT task
Humphreys (1989) the two primary modes

The effect of environmental cues on

Connor et al. (2004) top-down attention

Conceptual study

Huddleston et al. The effect of eye movements on

Attention . Eye tracker
(2015) bottom-up attention y
Wolfe & Horowitz The effect of expectation on top-down
. RT task

(2004) attention

Key brain regions for bottom-up
Felleman & Van attention (insula, anterior cingulate Concentual paner
Essen (1991) cortex, and dorsolateral prefrontal ptual pap

cortex)
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Noudoost et al.
(2010)

Kaas (2008)

Armstrong et al.
(2006)

Milosavljevic et al.
(2012)

Key brain regions for top-down
attention (dorsolateral prefrontal
cortex, inferior parietal sulcus, inferior
gyrus, middle temporal gyrus, posterior
cingulate cortex, and precuneus)

Conceptual study

Finding a main sensory (vision)
process by comparisons among sensors

Conceptual study

Direct connection of prefrontal cortex
to visual attention

Experiment/statistical
simulation

Visual saliency influences food choice

Experiment/statistical
simulation

Eichenbaum (2004)

Sperling (1963)

Baddeley (2017)

McGaugh (2000)

Multiple memory systems in the brain | Experiment
Sensory (visual) memory (visual
information storage [VIS] and auditory | Experiment

information storage [AIS])

Short-term memory

Conceptual study

Long-term memory

Conceptual study

Striatum and cerebellum activation for

: M i

Doyon et al. (1998) emory long-term memory Lesion study
The function of the amygdala in the

Murray (2007) interaction between memory and Experiment
negative events

Lynch (2004) Patterned sy_napse activation in long- Conceptual study
term memories

Smith & Vale (2006) The hormone effect on memory Conceptual study
The effects of subjective feelings in the

Ekman (1992, 2000) decision-making process (1992) Conceptual study
Facial expression (2000)

. L Functional clustering
Lindquist et al. (2012) ;:ebfri?ﬁtlonal areas for emotions in analysis (Kober et
al., 2008)

The function of th lainth

LeDoux (2000, 2015) ¢ ynctlon 0. the amygdala in the Conceptual study
negative emotions (fear)

Preuschoff et al. Emotional | Insular cortex activation for risk MR

(2008) Processing | expectation

Sanfey et al. (2003) Anterior insular cortex and dorsolateral MR

Vytal & Hamann
(2010)

Salamone & Correa
(2012)

Murphy et al. (2003)

prefrontal cortex activations for anger

Orbitofrontal cortex activation for
anger

ALE meta-analysis

The function of nucleus accumbens in
emotional processing

Conceptual study

Anterior cingulate cortex activation for
sadness

fMRI
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Kringelbach & The dopaminergic circuit associating

Berridge (2012) with reward processing Conceptual study

The ventral tegmental area associating

Fields etal. (2007) with reward processing

Conceptual study

Systemic difference between wanting
Pool et al. (2016) (incentive salience) and liking Meta-analysis
(hedonic) system

Reward -
. The neural wanting system (ventral
Processing . .
tegmental area, nucleus accumbens, Experiment with
Berridge et al. (2009) ventral pallidum, amygdala, anterior laboratory animals

cingulate cortex, orbitofrontal cortex, (rats)
and insular cortex)

. Liking system (hedonic hot spot: Experiment with
Berridge & .
. nucleus accumbens and ventral laboratory animals
Kringelbach (2015) .
pallidum) (rats)

Note: RT (reaction time)

Consumer Decision-Making

Decision-making is ubiquitous in daily life and is contingent on forming a preference,
selecting and executing actions, and evaluating outcomes, which is a complex process involving
all the stages from problem recognition to post-purchase activities (Donavan et al., 2016;
Talukdar, Roman, Operskalski, Zwilling, & Barbey, 2018). Consumer research has focused on
the process of decision-making because all individuals must choose among alternatives to fulfill
their desires. Selecting one means losing another option that can be another way to fill out
shortages or needs and wants. Thus, decision-making is important and continuous in consumer
daily life. There have been three main arguments or perspectives in the consumer research
related to understanding and describing the process of the choice: cognitive perspective,
experiential perspective, and behavioral influence perspective.

The cognitive perspective assumes that all individuals are rational and practical thinkers
who attempt to find an optimized option that satisfies their needs and wants (Bettman, 1979).

Much of the research from this point of view has obtained similar findings or results that there
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are crucial stages when people are looking to make a choice. The stages include recognizing a
gap between what they have and what they want to have, researching alternatives, selecting one
of the alternatives, evaluating the selection, and remembering the feedback. This process is
called the information process (Bettman et al., 1998; Cacioppo et al., 1986; Reed, 2013). Thus,
this perspective holds that decision-making is a process of searching, calculating, and
manipulating the information of alternatives to find an optimized option that increases the level
of consumers’ expectation from the choice.

The experiential perspective is the antithetical point of view to the cognitive perspective
and considers individuals as feelers rather than rational thinkers (Holbrook & Hirschman, 1982).
In this perspective, consumers willingly behave and support the behavior based on their previous
experience. In other words, through any experience in using products or services, consumers can
accumulate abundant information that supports their behaviors including selecting a product or
service or engaging in hedonic and impulsive purchasing behavior (Kozinets, 2001). Based on
previous experiences, consumers justify and defend their behaviors including their choice of
alternatives. Thus, in this point of view, emotions are important factors to understand and explain
consumer decision-making because emotions are a core of evaluators in the process of decision-
making (Dolan, 2002; Kramer, Mohammadi, Donamayor, Samii, & Munte, 2010; Pessoa, 2008).

The behavioral influence perspective focuses on behaviors of consumers and the
contingencies of the environment that affect consumer behaviors in terms of consumer decision-
making (Donavan et al., 2016; Mowen & Minor, 1998). For instance, the physical environment
can be used to encourage certain behaviors. The use of textures, smells, lights, and store designs
can have significant influences on behaviors when consumers are in a new place where they have

never been before. Others’ behaviors are also able to influence the consumer’s behavior
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including food choice or specific behavior in a new place. In a new traveling location, it may be
difficult for consumers to make a good choice because of the lack of knowledge of the place. In
this circumstance, there is a greater possibility that consumers will become a follower or imitator
who is looking for appropriate ways or local behaviors that are commonly used and accepted in
the place (Donavan et al., 2016). As these studies show, this point of view indicates that
consumer decision-making can be affected by external factors as stimuli.

It is important for consumer research to verify the interaction between cognition and
emotions as crucial factors that significantly affect consumers’ decision-making process, no
matter which perspective the researcher takes. However, it has been difficult to support the point
of view that both emotions and cognition work coincidently in decision-making because of
decision-making environments and difficulty in empirically testing whether or not the factors are
working together in the decision-making process (Plassmann et al., 2015; Show & Bagozzi,
2018; Yoon et al., 2006). The majority of consumer research on the decision-making process
through neuroscientific methods has focused on judgment and brand choice (Plassmann et al.,
2015; Smidts et al., 2014). The contribution of most of these studies is limited to accumulating
knowledge about the brain areas and functions activated in the consumer decision-making
process because there are limitations of looking at the neural regions activated for emotions even
though emotions play an important role in the decision-making process. Table 4 provides the
results of existing studies that have captured brain regions for specific behaviors.

Table 4. Consumer Research on Brain Regions Activated for Consumer Decision-making

Authors Behaviors Purpose Method Finding neural areas

Berns & Decision- Finding the neural signals of a Ventral striatum for
Moore makin small group of individuals fMRI | purchasing behavior
(2012) g when they decide to purchase (decision)

Overview of the current and Striatum, ventral medial
Plassmann Brand . : .

. previous research in Review | prefrontal cortex (vmPFC),

etal. (2012) | choice .

neuromarketing area and dorsolateral prefrontal
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cortex (dIPFC) for
evaluation

Shaefer et Brand Finding the neural correlation )
al. (2006) | choice of brand familiarity fMRI | Medial frontal gyrus (MFG)
Finding the neural areas Pallidum for positive
Esch et al. Brand activating for declarative and fMRI | emotions andpthe insula for
(2012) choice experiential information neaative emotions
processes g
Huijsmans Decision- F'.n ding the effect of scarcity dIPFC and Orbitofrontal
. mindset effect on decision- fMRI
etal. (2019) | making ! Cortex (OFC)
making
Juna et al Decision- Finding brain areas for
9 ' - prosocial behavior (social fMRI | ACC, dIPFC, vmPFC
(2018) making
product purchase)
Owens et al. | Decision- Rewarding effect on decision- MR Middle Temporal gyrus
(2017) making making (MTG)
De Martino | Decision- Social information effect on fMRI g]oprsFé:chriTl]:IF(gm) PEC
etal. (2017) | making judgement (decision-making) ACC ’
Tong et al. Decision- Trading experience effect on .
(2015) making decision-making MRI | Anterior insula
Waskow et | Decision- Music effect on decision- fMRI | Linaual avrus
al. (2016) making making gual gy
Decision- Sales promotion impact at Nucleus accumbens, Medial
Kihn et al. - esp Pal Orbitofrontal Cortex,
making point-of-sale on decision- fMRI .
(2016) (judgement) | makin Amygdala, Hippocampus,
g g Inferior Frontal Cortex
Cherry etal. | Decision- Healthy food choice and brain
(2015) making areas fMRI | dIPFC
Lighthal et | Decision- .
al. (2014) making Memory-dependent choice fMRI | vmPFC
Yokoyama | Decision- Finding brain areas for
et al. (2014) | making financial extravagance fMRI | Caudate and Nucleus
Cartmell et | Decision- Finding brain areas for MR Nucleus Accumbens (NAcc)
al. (2014) making purchasing consumer goods and Anterior insula
Kang & Decision- Aversive decision-making
Camercer makin brain areas (insurance fMRI | Striatum, mPFC, Amygdala
(2013) g purchase)
Carsarotto et | Decision- . .
al. (2012) making Brand recognition and choice fMRI | Amygdala and dIPFC
Creswell et | Decision- Product choice under budget fMRI dIPFC, Intermediate Visual
al. (2013) making pressure Cortex
Van den . . Bilateral Striatum, Superior
Laan et al. r?]gf('iﬂon' Sﬁg!((:aeglng effect on product fMRI Frontal Gyrus, Middle
(2012) g Occipital Gyrus
Kangetal. | Decision- Purchasing products in .
(2011) making different situations fMRI | OFC and Ventral Striatum
Levy et al. Decision- Value reward effect on .
(2011) making decision-making fMRI | Striatum and mPFC
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Tusche et al.

Decision-

Attention on choice (purchase a

(2010) making car) fMRI | Insula and mPFC
Grosenick et | Decision- .
al. (2008) making Predictors of purchase fMRI | NAcc and mPFC
Bray et al. DeC|_S|on— Infl_ugnce of P_avlowan cues on fMRI | Ventrolateral Putamen
(2008) making decision-making
Knutson et | Decision- .
al. (2007) making Predictors of purchase fMRI | NAcc and mPFC
McClure et | Decision- Cultural preference on
al. (2005) making decision-making tMRI | vmPFC

Brand Finding the neural areas
Al-Kwifi attitude and | activated for brand attitude fMRI | vmPEC
(2016) decision- toward switching a product

making brand

Note: This table does not include studies looking for neural signals for consumer behaviors by other neuroscientific
methods, such as EEG/MEG. ventral medial prefrontal cortex (vmPFC), dorsolateral prefrontal cortex (dIPFC),
medial prefrontal cortex (mPFC), inferior prefrontal cortex (IFC), middle temporal gyrus (MTG), anterior cingulate
cortex (ACC), Orbitofrontal Cortex (OFC), Nucleus Accumbens (NAcc)

To summarize previous studies on the consumer decision-making process, there has been

a pattern of activated brain regions for decision-making in terms of different areas in the

prefrontal cortex (PFC), such as ventromedial prefrontal cortex (vmPFC), medial prefrontal

cortex (mPFC), dorsomedial prefrontal cortex (dmPFC), and dorsolateral prefrontal cortex

(dIPFC). Other brain regions for the behavior (decision-making) frequently included nucleus

accumbens (NAcc) and striatum. Some brain regions, such as the insula and amygdala, are

mainly activated for emotions (Barrett, 2017; Singer, Critchley, & Preuschoff, 2009). The

following section reviews previous research related to consumer decision-making focusing on

emotions categorized by six different types of feelings.

Emotions

Emotions are subjective feelings, such as happiness, fear, or anger. Emotion has been a

topic of discussion in many different disciplines for over 2000 years. Thus, it has been through a
tough time that scholars who are conducting research on emotions disagree in their definitions of

emotion (Oatley et al., 2006) because definitions are too heterogeneous. However, in a debate of
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defining the concept of emotion there is a common argument that emotions serve important
functions in mechanisms that regulate controllable biological processes and psychophysiological
reactions to help individuals achieve their goals through establishing, maintaining, and/or
disrupting significant relationships between an organism and the external and internal
environment (Barrett, 2017; Keltner & Gross, 1999).

According to Shaw and Bagozzi (2018), there are two different points of view about
emotions: the locationist approach and psychological constructionist approach. The locationist
approach holds that discrete emotional categories are associated with specific brain areas, while
the constructionist view hypothesizes that emotional processes are created from interactions
between general neural networks that are not associated with emotional categories. Barrett
(2017) and Ekman (1992) noted that these feelings can be a way of expressing how we sense and
understand in a specific circumstance or moment in a time. However, the vast majority of past
research on emotional processing within the brain relies on the locationist approach.

Using neuroimaging methods including fMRI and positron emission tomography (PET),
researchers have found brain regions activated and regulated for specific behaviors. For instance,
the medulla controls cardiovascular activity, the pons regulates human sleep, the cerebellum is
involved in controlling motor movement, the thalamus is involved in integrating sensory
information, the hippocampus is critical for memory processes, and the hypothalamus regulates
important biological functions such as eating, sexual behavior, aggression, and bodily
temperature (Oatley et al., 2006). A vast number of studies on emotions in neuroscience
including neuropsychology and neurology agree that emotions are mediated by specific brain
regions such as the amygdala (Chanes & Barrett, 2016; Costafreda, David, & Brammer, 2008;

Kragel & LaBar, 2016; Loewenstein & Lerner, 2003, Oatley et al., 2006).
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In consumer research specializing in consumer neuroscience, Loewenstein and Lerner
(2003) theoretically argued that emotions play an important role in decision-making. Since the
1960s, decision-making has largely adhered to the cognitive perspective that considers
individuals as rational thinkers who attempt to make a decision by a cognitive process or by
information process. Loewenstein and Lerner hypothetically developed and suggested a
decision-making process in which emotions are important factors significantly influencing
individuals’ decisions.

With the exception of Ariely and Burns (2010) and Harris, Ciorciraci, and Gountas
(2018), there is not much research in the field of business disciplines on the role of emotions in
consumer or organizational behaviors using neuroscientific methods including fMRI, PET,
MEG, and EEG because of diverse circumstances and purposes of studies in the discipline.
Despite the limited use of neuroscientific methods in the business disciplines and the lack of
understanding of the importance of emotions in the decision-making process in consumer
research, studies in the marketing discipline have been heavily skewed in the direction of finding
brain regions associated with specific behaviors such as decision-making and brand/product
choice (Plassmann et al., 2015; Shaw & Bagozzi, 2018).

Shaw and Bagozzi (2018) describe that each brain region has activated for or controlled
each emotion: the amygdala for negative emotions, insular cortex for anger and disgust, and
orbitofrontal cortex (OFC) for anger and regret feelings. Spunt and Adolphs (2019) found
different neuro functional components of how people understand others’ emotions. Using
neuroimaging analysis, they found brain regions activated for understanding others’ emotions
including the anterior temporal cortex (aTC), posterior superior temporal sulcus (pSTS),

dorsomedial prefrontal cortex (dmPFC), and ventrolateral prefrontal cortex (VIPFC). The
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amygdala plays an important role in regulating emotions (LeDoux, 2000; Rilling & Sanfey,
2011). Therefore, the research looks at the previous literature for emotions, its role, and brain

regions.

Categories of emotional behaviors (focused on brain regions for feelings)

There are subjective feelings in emotions according to the locationist point of view as the
majority group in neuroscience (Shaw & Bagozzi, 2018). This section offers descriptions of each
aspect of emotions and the associated brain region based on the review of existing literature in
the marketing discipline as well as other fields. Although there are still many discussions about
the diversity of affects (Damasio, 1994; 2003), this study mainly follows the category of affects
in emotions discussed by Barrett (2017), Ekman (1972), and Gasquoine (2016).

Fear. Fear is a vital response to physical and emotional danger (Strange & Dolan, 2006).
People store information about unpleasant events or experiences in their memory (Brugger et al.
2011). This information is a source that stimulates them to remember the event or experience,
and feelings are the expression of the memory. Thus, feelings are highly associated with
cognitive behaviors such as memory and its process. To detect brain regions for fear, Brugger et
al. (2011) used dental service or treatment as a stimulus because patients have strong memories
of dental treatment, especially taking out teeth in a dental office. In their experiment, Brugger et
al. showed the process of how people feel fear when they are exposed to a painful event or
environment and which brain regions activated for the fear. They found the brain areas for fear:
amygdala in left hemisphere (LH), cerebellum anterior lobe in both right and left hemispheres
(RH and LH), caudate in LH, hippocampus in both LH and RH, thalamus, postcentral gyrus,

posterior insula, putamen, and supplementary motor area. Brugger et al. had a limitation that
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each tooth is related to a different brain area reacting to the pain, thus it was hard to see the
primary brain region activated for the fear from painful stimulus. However, they showed that the
cingulate cortex subdivisions (Posterior cingulate cortex: PCC, Posterior middle cingulate
cortex: pMCC, Anterior middle cingulate cortex: aMCC, Pregenual anterior cingulate cortex:
pACC, and Subgenual anterior cingulate cortex: SACC) significantly activated for fear.

Happiness. According to Argyle (2002), happiness can be measured by the difference
between subjective well-being and objective well-being. This is similar to Oliver’s (1980)
attempt to measure customer satisfaction through calculating the gap between expectancy and
disconfirmation. However, Argyle’s point of view on happiness is not only about individual
feeling as an aspect of emotions but also about socioeconomic evaluation as objective well-
being. He looked at happiness as a construct containing various factors that explain happiness.
This point of view is helpful to understand how the affect is made through the theoretical
process.

Neuroscientific studies on positive affect or happiness show the brain areas that activate
for the affect. Burgdorf and Panksepp (2006) found that the ventral striatum is recruited in
multiple forms of positive affective states. Knutson, Fong, Adams, Varner, and Hommer (2001)
discovered that increasing metabolic activity is positively associated with the ventral striatum
while the actual receipt of a monetary reward is related to a decrease in ventral striatal activity.
Kringelbach et al. (2003) found that the orbital frontal cortex activated for positive emotional
states related to taste- and olfactory-induced positive affect (PA). In particular, the frontal cortex
in the right hemisphere is positively associated with PA in humans (Burgdorf & Panksepp,

2006).
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Another brain region related to PA is the amygdala. Adolphs, Tranel, and Damasio
(2003) found the area activated for a negative affect (NA) rather than PA. This finding is
supported by Holstege et al. (2003), who showed that amygdala activation decreases when
humans’ PA induced stimuli such as music, odor, self-generated PA, and male orgasm. However,
Murray (2007) argued that the amygdala activated when people recognized that they are
rewarded. Diano et al. (2017) also contradicted the previous point of view that amygdala
activation related to NA by showing the area is also positively associated with PA.

Sadness. Sadness is an emotional reaction to a perceived hurt from physical loss to
mental loss (Reevy, 2010). It lasts anywhere from a few seconds to several hours or days. In a
multicultural study of emotions, Scherer (1997) argued that sadness is associated with some level
of hopelessness that results from events including the death of a loved one, loss of a relationship,
job, or home, or receiving a low score on an exam. Like other emotions such as fear, sadness is
clearly functional, leading to self-protective or self-promoting behaviors such as escaping from
danger or mating (Thompson & Boden, 2019). Consumer research has also supported the role of
sadness and its effect on consumer behaviors such as judgment and preference. Motoki and
Sugiura (2018) found different effects of negative emotions including sadness on food choices,
while Lerner et al. (2015) pointed out that emotions, especially positive appraisal mood, enhance
consumers to shape a choice by impacting the judgment process of understanding and
interpreting others’ opinions or reviews.

Neuropsychology studies show the brain regions activated for sadness. Brattico et al.
(2011) investigated brain region activated for both positive and negative emotions when people
are exposed to music without lyrics such as background music in stores. They found that the

insula, inferior and superior temporal gyri, anterior cingulate, middle frontal gyrus, cingulate

27



gyrus, inferior frontal gyrus, and amygdala are linked to emotional reactions toward both sad and
happy music. Barrett, Pike, and Paus (2004) tested the role of the anterior cingulate cortex
(ACC) when people equated upset with sad and discovered that sad affect is positively associated
with the brain region (ACC). Habel, Klein, Kellermann, Shah, and Schneider (2005) examined
the correlations of brain activity or reactions for sad and happy mood; for sad mood,
ventrolateral prefrontal cortex (VIPFC), the anterior cingulate cortex, the transverse gyrus, and
the superior temporal gyrus are more activated than other areas in the brain.

Disgust. According to the Merriam-Webster Dictionary (2019), disgust as a feeling or
emotional reaction is defined as a marked aversion aroused by something highly distasteful.
Baduor and Feldner (2018) defined disgust as an emotional response of rejection or revulsion to
something potentially contagious or something considered offensive, distasteful, or unpleasant.
In their point of view of disgust, the affect is linked to internal and/or external factors such as
posttraumatic stress and trauma.

In marketing research, disgust has been considered a critical factor that changes
consumer behaviors, especially consumer attitudes. Morales and Fitzsimons (2007) tested the
effect of physical contact of product contagion on changing consumer evaluations about the
product and found that physical contact was a moderator or external stimulus to change the level
of disgust. Shimp and Stuart (2004) viewed the emotional response of disgust as a mediator in
the relationship between advertising as a marketing communication and fast-food consumption.
Hamerman and Schneider (2018) supported the view of disgust as a factor that affects consumer
decision-making, especially in the process of deciding to participate in volunteer work. Palomo-
Velez, Tybur, and Van vugt (2018) also supported this role of disgust in a study of persuasive

advertising messages against meat consumption.
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Corradi-Dell’ Acqua, Tusche, Vuilleumuier, and Singer (2016) found the anterior insula
(Al) and mid-anterior cingulate cortex (mMACC) were repeatedly implicated in experiences of
pain, disgust, and unfairness. Another study on the brain activation for disgust shows there are
several regions activated for the emotional response: fusiform gyrus, medial frontal gyrus,
inferior frontal gyrus, superior frontal gyrus, and middle temporal gyrus (Oaten et al., 2018).
Schienle, Hofler, Ubel, and Wabnegger (2018) found the effect of disgust in the process of
determination and showed that the left orbitofrontal cortex (OFC) is actively linked to disgust.
Especially, they found amygdala and insula are also activated for the emotional response.

Anger. Anger is considered one of the basic emotions and has been an important subject
in behavioral studies. It is antagonism toward someone or something one feels has deliberately
done wrong (Kazdin, 2000). It is argued that anger can be a good thing because it can give a way
to express negative feelings and motivate to find solutions to problems. On the other hand,
excessive anger causes problems because increased blood pressure and other physiological
changes associated with the emotional response (Kazdin, 2000) as well as making it difficult to
think straight and harming physical and mental health.

In consumer research, anger has been a relevant topic and played an important role in
consumer behaviors, especially in the process of decision-making. Walter, Tuakchinsky, Pelled,
and Nabi (2019) conducted a meta-analysis study on anger and its effect on persuasion to show
that anger appeal messages increase the power of persuasion, result in a strong argument, and
lead to the presence of strong argument. Su, Wan, and Wyer (2018) empirically examined fear
and anger as emotions that come after experiences of service failure and found that these
negative emotions can lead to service change or switching behaviors and negative word-of-

mouth as negative customer engagement. With this point of view, Khan, DePaoli, and Maimaran
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(2019) argued that dealing with customer’s negative emotions helps customers choose a product
or service because customers attempt to avoid an uncomfortable condition or environment. Thus,
anger may influence goal-directed decision-making.

Anger as part of the consumer decision-making process presents in diverse brain regions
(Buades-Rotger, Beyer, & Kréamer, 2017). Buades-Rotger et al. found that the orbitofrontal
cortex (OFC), amygdala, and sensorimotor cortex were more active when participants decided to
fight with others, while other brain locations such as medial and inferior frontal gyrus (IFG) and
temporal parietal junction (TPJ) were relatively less active. Alia-Klein et al. (2018) found that
the emotional response of anger modulates neural activity in the middle occipital gyrus (MGO),
inferior frontal gyrus (IFG), middle-frontal gyrus (MFG), mid-insula, and inferior parietal lobule
(IPL) in the left hemisphere of the brain. Kim et al. (2018) showed that young adults (aged 18 to
22) have increased brain activity in the amygdala and dorsolateral prefrontal cortex (dIPFC)
when they are exposed to a traumatic situation. Heesink et al. (2018) found heightened activity in
the supplementary motor area and the cingulum and parietal cortex, with stronger connectivity
between the dorsal anterior cingulate cortex (dAACC) and amygdala activated for aggression as a
behavioral expression of anger.

Surprise. Surprise is usually induced by sudden or unexpected events (Nguyen, 2013).
Typically, it is very visible on an individual’s face, including widening of eyes, opening of the
mouth, and gasping (Oately et al., 2006). Surprise may be generated by positive or negative
factors (Havlena & Holbrook, 1986; Laros & Steenkamp, 2005). A majority of researchers in
consumer research posit that surprise is a positive or pleasant reaction to sudden and unexpected
events (Havlena & Holbrook, 1986; Hsu et al., 2016; Westbrook & Oliver, 1991). Thus, they

consistently pointed out that surprise can lead to customer satisfaction and show that marketing
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actions can be a positive influencer that helps customers who have low expectations of a product
or service change the level of satisfaction or overall evaluation including judgments when they
are exposed to marketing actions that cause surprise as a positive emotional response (Crotts &
Magnini, 2011).

Regarding surprise as an emotional response, Vrticka et al. (2014) showed brain imaging
evidence that the amygdala plays a key role in understanding surprise as an emotional response
to novel stimuli. They also probed the brain region involved in the processing of information
about either negatively and positively surprised facial expressions. Bartolo, Benuzzi, Nocetti,
Varaldi, and Nichello (2006) found the right inferior frontal gyrus (IFG), the left superior
temporal gyrus (STG), the left middle temporal gyrus, and the left cerebellum were actively
linked to the emotional response and the information process in both right and left hemispheres.
Egner, Monti, and Summerfield (2010) found the neural activity for surprise in the fusiform face
area (FFA) located in the inferior temporal cortex (IT) as Kanwisher, McDermott, and Chun

(1997) logically argued.

Functional Connectivity
Understanding the brain’s activity and functions has been a prominent and ongoing
research agenda for over a century (Sporns, 2011; Shaw & Bagozzi, 2018). One of the oldest
debates in neuroscience centers on whether specific mental functions are localized to specific
brain regions or instead rely more diffusely upon the entire brain (Poldrack, Mumford, &
Nichols, 2011). Today, nearly all neuroimaging research is centered on functional localization

(Glasser et al., 2016; Poldrack et al., 2011). Thus, it has been important to analyze brain
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connectivity with fMRI data that provide a means to understand how spatially distant brain
regions interact and work together to create mental function (Friston, 2005).

Functional connectivity is defined as correlations in activity between spatially isolated
brain areas. The connectivity arises for a number of reasons (Sporns, 2011). There are three
different types of connectivity: effective connectivity, meaning the direct influence of one region
on another; indirect connectivity, indicating the influence of another region that is mediated by a
third region; and shared influence that reflects a common input to both regions. Neural
interconnections transfer information within the brain, so there is a strong relationship in the
brain functions (Smith et al., 2013; Arslan et al., 2018). Thus, human connectomics studying
brain connectivity in functional and structural relationships among brain regions is an emerging
scientific concept to describe the structural and functional connectivity patterns of the human
brain (Cao et al., 2014).

According to Poldrack and his colleagues (2011), there are three different types of
approaches in connectivity studies: functional connectivity, which seeks the correlations in brain
activity between spatially remote brain regions; effective connectivity that attempts to bridge the
explanatory gap from understanding functional connectivity by testing causal models of the
interactions between regions; and network analysis, which examines the complex networks of
the brain’s functions based on social network theory. This study takes the approach of functional
connectivity based on network analysis to see the complex relationships among different neural
behaviors including various types of emotions and cognitive neural activity and to find a pattern

of neural activity for both emotions and cognition.

Network theory
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Networks are all around us. Individuals naturally organize themselves into networked
systems. Families, neighborhoods, communities, and society surround each individual. A market
consists of the combination of each consumer’s networks. To look for connection patterns among
people or geographical places, Social Network Theory (SNT) has been developed with graph
theory in Mathematics. SNT started with the discussion of solving the problem in going through
all other points to a destination on a bridge, known as bridge of Koenigsberg (Euler, 1953). Since
then, the theory has been applied in different fields of social study, such as psychology, business,
and education (Luke, 2015). For instance, it helps us to better understand the theory of diffusion
of innovation (Rogers, 2010), Google search, and social network services (SNS, such as
Facebook and Twitter).

SNT is especially beneficial to clearly understand and develop the connectome among
brain regions activated for all cognitive and emotional behaviors including decision-making,
language, memory, and all types of feelings. Watts and Strogatz (1998) used the theory to
explain brain connectivity or neural networks as Small World initiated by Milgram (1967).
Poldrack et al. (2011) and Sporns (2011) also introduced the theory as a way of mapping
structural neural connectivity and functional neural connectivity based on brain activity and
regions. SNT employs graphs showing a pattern of networks or a network itself. A graph consists
of nodes as core components of the network (known as regions of interest, ROI) and edges as
links between nodes and shows the connection between nodes and edges. The degree of nodes is
the number of edges (Poldrack et al., 2011, p. 155).

It is important to understand and utilize the theory with understanding the concept of
centrality as the robustness of network. Centrality refers to how closely components of a network

are connected. Network robustness indicates the degree of resistance against the lack of
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connection in the network, in terms of the degree of a strong connection among components.
Thus, if a network has strong robustness, it is unlikely to lose the power of connecting each
component in the network (Scott, 2000). This indicator of network strength is helpful to show
different patterns of connecting each component as topological structures including ring, mesh,
star, fully connected, line, tree, and bus type connection (Luke, 2015). Therefore, SNT is
important for this study whose purpose is to develop and support a model of the consumer
decision-making process by identifying functional neural connectivity based on the brain activity

related to cognitive and emotional behaviors.

The Association between Decision-Making and Emotions and Its Connectivity

It is relatively difficult to verify the relationship between cognition and emotions because
each construct is broad and has different characteristics and because it is hard to directly measure
both cognition and emotions. From the neuropsychological point of view, cognition and
emotions are behaviors which are considered as a result or a dependent variable (Gasquoine,
2016; Reed, 2013). Thus, this study focuses on a type of relationship between cognitions and
emotions. As noted by Hirschman and Holbrook (1982) and Loewenstein and Lerner (2003),
emotions play a significant role in consumers’ decision-making process. Hirschman and
Holbrook (1982) pointed that emotions play an important role in decision-making because
experience of using products affects building consumer attitude toward the product. With this
point of view, Loewenstein (2017) argued that surprising people have intended to share and
provide their opinion based on their emotional experience to persuade others.

The debate about whether the decision-making process is cognitive or experiential has

been going as long as the discussion on the relationship between cognition and emotions
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(Loewenstein & Lerner, 2003). Traditional decision theory based on the argument that
consumers or individuals make a decision by the information process (Bettman 1979; Bettman et
al., 1998) has been dominant in many different fields (Loewenstein & Lerner 2003). However,
Dolan (2004) and Pessoa (2008) argue that emotion influences individual behaviors including
speaking and decision-making as aspects of cognition. Loewenstein and Lerner also propose a
theoretical model that aims to explain how emotions influence and work in decision-making.
They suggest that theoretically emotions can be considered as a factor that affects decision-
making behavior. This theoretical relationship of emotions in the decision-making is presented in
Figure 2. Therefore, based upon these arguments in the existing literature, this study theoretically
proposes a research hypothesis (RH) as follows:
RH. When consumers decide on or purchase a preferred brand or a product by the
information process (sales promotion-price discount and budget pressure), brain areas for
decision-making including dIPFC, NAcc, dmPFC, and vmPFC are highly activated with
the brain areas for emotions including amygdala, anterior cingulate cortex (ACC),

orbitofrontal cortex (OFC), and insula.
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Note: Blue circle indicates brain activity for decision-making, and red circle means brain activity for emotional
behaviors such as sadness, happiness, disgust, anger, surprise, and fear.
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CHAPTER III

METHODLOGY

This chapter will present the methods for this research and introduce the datasets used for
each study. The research consists of two different studies: Study 1 looks for an interaction among
brain activity for both cognitive and emotional behaviors, and Study 2 investigates brain
functional connectivity based on the findings of Study 1 and image analysis of archival HCP
fMRI image data. In detail, Study 1 employs the Preferred Reporting Items for Systematic
Reviews and Meta-Analysis (PRISMA) statement, and Activation Likelihood Estimation (ALE)
meta-analysis, which is a new and increasingly popular type of meta-analysis for neuroscience
research. Study 2 employs various statistical software programs to develop and visualize a brain
map based on brain functional connectivity, specifically MAPLE, MATLAB, NetMinor, and R

based on Graph (network) theory.

Systematic Review (PRISMA, Study 1)

A systematic review attempts to collect all empirical evidence that fits pre-specified
suitability criteria to answer specific research questions. It uses unambiguous and systematic
methods that are selected with a view to minimizing errors, thus providing reliable findings from
which conclusions can be drawn and decisions made (Oxman & Guyatt, 1993). The vital

characteristics of a systematic review are (a) a clearly stated set of objectives with a clear and
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reproducible methodology, (b) a systematic search that attempts to identify all studies that would
meet the eligibility criteria, (c) an investigation of the validity of the findings of the included
studies, and (d) systematic presentation and synthesis of the characteristics and findings of the
included studies (Liberati et al., 2009).

Systematic reviews and meta-analyses are indispensable tools for summarizing evidence
accurately and reliably. They help researchers keep up-do-date, provide evidence, and find new
insights. The clarity and transparency of literature reviews, however, are not always optimal
(Liberati et al., 2009). Low quality of reports from systematic reviews diminishes the values that
they found. The first development which generated high quality of systematic reviews was the
Quality of Reporting of Meta-analysis (QUOROM) (Moher et al., 2000). An international group
of scholars including authors and methodologists built on QUOROM to develop the Preferred
Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA) Statement (Liberati et
al., 2009), a 27-item checklist with a four-phase flow diagram. The study employed PRISMA to
minimize a researcher bias that may have a negative impact on the results and findings from a
systematic review.

The QUOROM Statement was developed in 1996 and published in 1999, targeted to
researchers who wanted to study and report a meta-analysis of randomized trials (Liberati et al.,
2009). In fact, the statement or the systemic review contributed to piling up knowledge about
conducting literature review, noticeably. By updating the QUOROM Statement, Liberati et al.
(2009) developed and changed the name of the reporting guidance to Preferred Reporting Items
for Systematic reviews and Meta-Analysis (PRISMA). The PRISMA statement was developed
by a group of 29 experts including review authors, methodologists, clinicians, medical editors,

and consumers (Moher et al., 2008). Through a three-day meeting, the group of experts
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developed and guided a 27-item checklist and a four-phase flow diagram. This itemized checklist
helps research explicitly explain the meaning and rationale for selected studies (Moher et al.,

2008 & 2015).

Literature search (inclusion criteria)

Based on the criteria and the procedure of conducting PRISMA suggested by Liberati et
al. (2009), this study searched and selected studies from PubMed and Google Scholar based on
several important key words (fMRI, consumer decision-making, and different types of emotional
expressions such as happiness, sadness, anger, disgust, fear, and surprise). In order to select the
most relevant studies on brain regions activated for consumer decision-making and emotions,
this study used specific search terms only including fMRI experiments, the target behaviors
(consumer decision-making, fear, happiness, anger, disgust, surprise, and sadness), healthy
people as participants of each fMRI experiment, and Montreal Neuroscience Institute (MNI)

coordinates. The search was conducted in March 2019.

Study selection

Initially, this study used US National Library of Medicine, PubMed, to more precisely
select studies for the meta-analysis of studies of brain regions activated for consumer decision-
making. As the first step of PRISMA, fMRI and consumer decision-making were determined as
the key terms for a search. This step identified 34 studies using the key terms. Then, using the
key term, which is MNI, 21 studies were finally selected for meta-analysis for consumer

decision-making as shown in Table 10. A total of 13 studies were removed because they used a
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different population group (patients), different coordinates (or no coordinate information), or
were an irrelevant type of study (review).

The same method was used to collect studies on the brain regions activated for each
emotion, resulting in 228 studies using the search terms fMRI and sadness, 350 studies using
fMRI and happiness, 2117 studies using fMRI and fear, 231 studies using fMRI and surprise,
464 studies using fMRI and anger, and 280 studies using fMRI and disgust. Especially, to have
more accurate selection of studies for emotions, this study conducted another search using the
terms, MNI and (consumer) decision-making. This step provided 8 studies for anger, 7 for
disgust, 8 for fear, 8 for happiness, 6 for surprise, and 8 for sadness. The purpose of this study is
to look for the physiological interaction between brain regions activated for each of consumer
decision-making and emotions in the brain. Thus, through this selection procedure of PRISMA,
total 46 studies were selected for emotions. The list of selected studies is presented in Table 12.
The entire process of PRISMA is described in Figure 3 as follows.

Figure 3. Summary of Literature Search Adapted from PRISMA

Literature search (2000-2019)

- Consumer decision-making (CDM) with fMRAI:
7031 studies in MedPub and in UT system

- Emotions with fMRI: 3670 studies in MedPub
and in UT system

- 34 studies [CDM) reported with “consumer”

- 468 studies (emotions) reported with
"decision-making”

.

Reports screened on basis of title and abstract

436 reports excluded (emotions: 423

502 reparts selected and CDM: 13 studies)
- 34 studies for COM - Different population
- 468 studies for emotions - Different types of study

- _Different or Na MNI coordinates

o

Reports reviewed on basis of full-text

66 reports selected

- 21 studies for DCM

- 45 studies for emotions (8 for anger, 7 for
disgust, 8 for fear, 8 for happiness, & for
surprise, and 8 for sadness)
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This study had two reviewers assess and identify the criteria and one to settle disputes. To
verify the selection of studies, three volunteers reviewed the process of selecting studies and
determined any errors in the process. Each of them proceeded with same search terms. Study
eligibility based on an initial title and abstract screen was determined independently by two
reviewers (HWK and YSC from Math Department and Engineering Department at UTRGV,
respectively) to assess and identify relevant inclusion criteria such as fMRI experiments,
consumer decision-making, each emotion (fear, disgust, sadness, surprise, happiness, and anger),
MNI coordinates, and healthy participants. Studies that potentially met the inclusion criteria were
further evaluated by reviewing their full texts. Articles were excluded if both reviewers decided
that the articles clearly did not meet the criteria. A third reviewer (JWK from Management
Department at Georgia Southern University) resolved disagreement by independently assessing

the remaining articles based on the criteria.

Data Collection Process

Information was extracted and selected using a spreadsheet with the following headlines:
first author, title, year of publication, number of participants, age, gender, study design,
assessments, results, and risk of bias by following a previous study conducted PRISMA (Durand
et al., 2019). Only 66 studies were selected through PRISMA process. All studies and reports
included all criteria. At least 7 experiments, which is the recommended number of studies, for
each of decision-making, sadness, happiness, anger, surprise, fear, and disgust are required to
conduct activation likelihood estimate (ALE) meta-analysis (Acikalin, Gorgolewski, & Poldrack,
2017; Eickhoff, Bzdok, Laird, Kruth, & Fox, 2012; Eickhoff et al., 2009), providing region of

interest (ROI) and MNI coordinates of activated brain regions.
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Activation Likelihood Estimation (ALE) Meta-analysis (Study 1)

A variety of meta-analytical methods (coordinate-based and image-based) have been
developed to help summarize and integrate the vast amount of data from neuroimaging studies
(Muller et al., 2018). Image-based meta-analysis (IBMA) makes use of all the information from
the images. IBMA allows for the use of hierarchical mixed effects models that account for intra-
study variance and random inter-study variation (Salimi-Khorshidi, Nichols, Smith, & Woolrich,
2009). However, because whole-brain statistical images are rarely shared, most meta-analytic
research cannot answer a specific research question with IBMA.

In contrast, coordinate-based meta-analysis (CBMA) only uses the [x, y, z] coordinates of
each peak location reported. Most individual neuroimaging studies provide their results as
coordinates in a standardized anatomical space named either MNI or Talairach, but CBMA uses
a sparser representation of findings. CBMA thus allows neuroimaging researchers to capitalize
on the published neuroimaging literature and provide a quantitative summary of the results to
answer a specific research question that cannot be answered by IBMA (Muller et al., 2018).
There are several different approaches in CBMA: kernel density analysis (KDA; Wager, Jonides,
& Reading, 2004), Gaussian process regression (GPR; Salimi-Khorshidi et al., 2011), activation
likelihood estimation (ALE; Eickhoff et al., 2009; Eickhoff et al., 2012, Turkeltaub et al., 2002),
parametric voxel-based meta-analysis (PVM; Costafreda et al., 2009), and signed differential
mapping (SDM; Radua & Mataix-Cols, 2009).

To verify the interaction between cognition and emotions, this study employed activation
likelihood estimation (ALE) meta-analysis (Eickhoff et al., 2009; Eickhoff et al., 2012), a widely

used technique for coordinate-based meta-analyses of neuroimaging data. ALE assesses the
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overlap between foci based on modeling them as probability distributions centered at the
respective coordinates (Eickhoff et al., 2009). ALE maps are then obtained by computing the
union of activation probabilities for each voxel. To differentiate true convergence of foci from
random clustering, a permutation test is employed, and coordinates are then demonstrated with a
Gaussian function to accommodate the spatial uncertainty associated with a reported coordinate
and analyzed to see where they congregate (Laird et al., 2009).

This method is based on the clustering analysis that looks for adjacent and significant
spots close to a target point. The Euclidean method is used to calculate the distance between

. . . . ED ED
points of each activated brain region at o5, = @syp = —2 and Oremp = Aremp = —

where EDsub is the Euclidean distance between corresponding foci of different subjects and
EDtemp is the mean Euclidean distance between corresponding maxima as observed in the
different group-analyses. In order to model the spatial uncertainty linked with a presented focus,
these EDs are transformed into the equivalent kernel sizes of Gaussian distributions used in ALE
analysis. For this procedure, an isotropic normal distribution of all displacements relative to the
true locations must be assumed, meaning that EDsu, and EDremp reflect the average distance

between locations where there are independent realizations of an isotropic and stationary

Gaussian displacement across voxels (Eickhoff et al., 2009). In the basic form of Maxwell-

Boltzmann distribution, known as [y = 2« /Z/ﬂ], each of the three underlying normal

distributions (x, y, z displacement) has a mean of 0 and a standard deviation of «a.
Given the ¢ of a Gaussian distribution, the full width at half maximum (FWHM) can be

calculated to blur the foci as follows:
FWHMgy, = 0syp *+/8 *1l0g(2) and FWHM ey = Otemp * 4/ 8 * 10g(2)
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Since measuring error in Gaussian distributions rulers inversely to the square root of the number

of observations, an approximation of the spatial uncertainty can be estimated as

FWHMgyp

FWHMgypefrective) = JNsubjects

To obtain the spatial uncertainty of a given coordinate, the two components shown above must
be combined into one Gaussian distribution. The final FWHM used to derive the uncertainty in

spatial location of the activations reported in a study is given by

2

2  (FWHMgy,

FWHMeffective = \/(FWHMtemp) + <—su>
Nsubjects

Thus, larger subject sizes get a tighter and taller Gaussian distribution meaning that errors are
minimized.

Following the suggestion of Muller et al. (2018) about how to effectively and efficiently
use meta-analyses of neuroimaging data, this study focused on using ALE meta-analysis
designed for analyzing coordinate-based data showing the brain regions activated for specific
behaviors. ALE provides combined images that show not only the activated brain regions, but
also important regions activated for the combination among behaviors. For the purpose of this
study, the target brain areas are associated with each of the emotions of interest (fear, happiness,
sadness, surprise, disgust, and anger) and consumer decision-making. Existing studies including
the target behaviors were collected according to the principles of the PRISMA statement. Details

about collecting and analyzing data will be presented in the results part of this study.

Brain Connectivity (Study 2)
For one of the purposes of this study, brain mapping based on the neural interaction, or

functional connectivity between emotions and cognitions, social network theory is employed.
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Artificial Intelligence (Al) has become a widely used method to investigate patterns of big data
and estimate a result through such as regression-based or classification-based specific
algorithms. Mathematical applications and computer programs use machine learning algorithms
to explore and solve a problem with data (Alpaydin, 2010). There have been many successful
applications of machine learning including systems that analyze past sales to predict consumer
behaviors, optimize robot behaviors so that a task can be completed using minimum resources,
and extract knowledge from bioinformatics data. For instance, Google and Amazon collect their
customers’ information and data through their Internet-based business platforms and attempt to
find a pattern for each consumer’s behavior and preference and help improve value for both
company and customers.

This approach using machine learning as a tool for analyzing data efficiently and finding
a solution for a specific research question has evolved in the fields of neuroimaging analysis and
business disciplines. In this research, machine learning is used to find patterns of behavioral and
neural data. In particular, this study uses a big size of data about brain activity for specific
behaviors, demographic information, and metabolic information. Thus, this study requires a
machine learning approach to deal with the big image and meta data.

Connectivity shows a pattern of brain activity by showing the level of interaction and its
strength. Furthermore, it can show a pattern of connectivity of the linkage between nodes (region
of interest: ROI) and edges (other brain regions neighboring the regions of interest). A machine
learning algorithm is useful to find connectivity among brain regions because it is able to show
the changes and the pattern of brain activity to behaviors and thus to illustrate how the brain
works for behaviors, physiologically and behaviorally. Many statistical and mathematical

applications have been used in neural connectivity studies. GraphVar 2.0 (GV2) is a newer way
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of investigating the connectivity between neural functions in the human brain and graphing brain
functional connectivity based on the strength of each connection between brain regions activated
for specific behaviors (Kruschwitz, List, Waller, Rubinov, & Walter, 2015). It is operated in a
Matlab-based environment, so it is important to understand the mathematical and logical
functions used to develop the program. Statistical Parametric Mapping (SPM) is a collection of
open-source Matlab scripts and the most popular software for the analysis of fMRI data. It has
several methods of displaying the results and data visualization for single-subject and multiple-
subject studies.

There are also many different methods for investigating brain connectivity, including the
brain connectivity toolbox (Rubinov & Sporns, 2010), eConnectome (He et al., 2011), GAT
(Hosseini, Hoeft, & Kesler, 2012), CONN (Whitfield-Gabrieli & Nieto-Castanon, 2012),
BASCO (Gottlich et al., 2015), GRETNA (Wang et al., 2015), BRAPH (Liao et al., 2014), and
BSMART (Cui, Xu, Bressler, Ding, & Liang, 2008). These methods all allow dynamic
connectivity analyses. However, as noted above, data size has increased dramatically due to
advances in the experimental capacity in fMRI such as involving more participants and dynamic
experimental designs (Waller et al., 2018). Therefore, connectivity analysis must deal efficiently
and effectively with a big size of data.

All of these graphical approaches have been developed based on the theory of social
network (hereafter SNT). According to Kruschwitz et al., (2015) and Waller et al. (2018),
studying a neural connectivity using large datasets is important to provide insightful suggestions
about various methods for different purposes of neuroimaging and connectivity studies, building
a prediction model, selecting a prediction gadget and features based on user-friendly

environment in terms of no-coding process, regularization method which is an important
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algorithm for classification or regression, model selection and validation, cross-validation, nested

cross-validation, and model performance for parametric and non-parametric testing. Thus, based

on these contributions and functional utility, this study employs several applications developed

with SNT as tools to analyze brain functional connectivity. The list of applications employed for

this study is presented in Table 5.

Table 5. Methods for Study 1 and Study 2

Applications Study Purpose Versions
MATLAB Study 2 Data analysis and management 2018 (a)
MAPLE 18 Study 2 Visualization 2018
NetMiner Study 2 Neural connectivity 2.0.1
Mango Study 1 & 2 | Visualization 4.0
GingerALE Study 1 Meta-analysis (MNI coordinates) 2.3.6
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CHAPTER IV

ANALYSIS AND RESULTS

This research had two pilot studies. Pilot Study 1 (PS1) tested an interaction between
brain activity for two important behaviors (language formation as a proxy of cognition and
happiness as a proxy of emotions) through ALE meta-analysis. Pilot Study 2 (PS2) tested the
validation and rationality of HCP archival fMRI data by drawing a brain map based on [x, v, z]
coordinates for emotional brain activity. To convert image data into numerical information, PS2
employed MATLAB and R software with coding process. After verifying that the results of PS1
and PS2 supported the purpose of this research, two main studies were conducted: Study 1 (ST1)
used PRISMA statement and ALE meta-analysis to seek an association among brain activity for
all emotional and cognitive behaviors including fear, sadness, happiness, disgust, surprise, anger,
and consumer decision-making. Study 2 (ST2) employed several statistical methods to develop
and visualize brain functional connectivity based on the findings of ST1 and HCP archival fMRI

data.

Pilot Study 1
Study Selection
The first pilot study aimed to find a connection between emotion (happiness) and
cognition (language) through a coordinate-based meta-analysis using the activation likelihood

estimation (ALE) method (Eickhoff et al., 2009; Eickhoff et al., 2012; Turkeltaub et al., 2002).
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Results from neuroimaging studies featuring experiments on happiness (positive) emotion and
cognition (language only) were included. The following inclusion criteria were used to select the
studies: (a) studies in peer-reviewed journals published in English, (b) use of fMRI neuroimaging
technique, (c) studies featuring keywords “tMRI” or “functional magnetic resonance”,
“happiness” or “positive affect”, and “language” or “linguistic cognition”, (d) studies providing
or reporting [, y, z] coordinates for happiness as an emotion and language as a cognitive
behavior, and (e) to avoid bias, we excluded studies using anatomical or neural interaction
between emotion and language. In total, 13 fMRI studies (total number of foci = 98, total number
of participants = 225) were included in the final meta-analysis as shown in Table 6. Foci that
were located outside the mask of gray matter by GingerALE 2.3.6 were excluded from all

investigations.

ALE analysis
To investigate which brain regions were implicated in happiness and language, we
employed the ALE meta-analytic method (Turkeltaub et al., 2002; Eickhoff et al., 2009) using

GingerALE (http://brainmap.org/ale/index). There are several advantages to using this method:

(a) it provides a quantitative and objective measure of the convergence of neuroimaging
findings; thus it identifies the activated brain region, (b) this identification empirically supports
what studies are looking for, and (c) it finds gaps among studies. The ALE method extracts
three-dimensional (Talairach or MNI) activation foci from relevant selected studies. These peak
activation coordinates are displayed as a three-dimensional Gaussian distribution with an
estimated full-width half maximization (FWHM) based on the selected studies. Probability

distributions from an experiment are merged into a modelled activation (MA) map. Each MA
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map is combined into an ALE map on a voxel by voxel basis (Turkeltaub et al., 2012). The ALE
map reflects the combined activation patterns of all experiments involved in the meta-analysis.
To control for multiple comparisons, the ALE map was thresholded at a false discovery rate
(FDR) of p <0.001, uncorrected. This study used a slightly more conservative cluster size
threshold of 200 mm3 than other ALE studies that have 100 mm?3 as a threshold (Cromheeke &
Mueller, 2014). Lastly, ALE maps were overlaid onto anatomical T1 weighted images in

Talairach space and displayed with Mango software (http://www.ric.uthscsa.edu/mango).

Table 6. fMRI Studies Included in the Meta-analysis (PS1)

First Author Year  Sex (F/M) Template System Threshold  Analysis

1 Acevedo 2014  10/8 MNI 3T p <0.001 SPM

2 Banks 2007  8/6 MNI 15T p <0.001 SPM

3 Berl 2014  26/31 MNI 3T p <0.05 SPM

4 Blair 2007  12/10 MNI 1.5T p < 0.005 AFNI

5 Johnstone 2006  20/20 MNI 3T p <0.05 AFNI

6 Koelsch 2006  5/6 MNI 3T p < 0.005 LIPSIA

7 McRae 2008  10/12 MNI 3T p <0.001 SPM

8 Nummenmaa 2008  10/0 MNI 1.5T p <0.001 SPM

9 Ochsner 2002  15/0 MNI 3T p <0.001 SPM

10 Pereira 2011  5/9 MNI 15T p <0.005 FEAT/FSL
11 Tie 2014  8/6 MNI 3T p <0.001 SPM

12 Tu 2015 45 MNI 1.5T p <0.05 SPM

13 Viinikainen 2010 9/8 MNI 3T p <0.001 BrainVVoyager

Emotion (positive and/or happy)

The main ALE analysis of emotion revealed eight significant clusters, as shown in Table
7 with the largest cluster (volume = 7504 mm?3) located in the left medial and superior frontal
gyrus. The maximum ALE value of 3.79 was also observed in the left superior frontal gyrus
(SFG: cluster volume = 7504 mm?3). Other significant clusters included the right insula,
cingulate gyrus, the left middle temporal gyrus, and the right middle frontal gyrus. These

findings about emotion regulation empirically support the findings of previous studies selected
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for the test as shown in Table 6. This is remarkable because the left inferior frontal gyrus is
usually thought to control language (Vigneau et al., 2006), but PS1 found it was activated for
emotions (cluster volume = 1080 mm3) because the left inferior frontal gyrus is generally known
as the region (BA 44 and 45) that controls the process of generating language (Rizzolatti &
Arbib, 1998).

Table 7. ALE Activation Clusters Associated with Emotion (Happiness)

Peak coordinates

Cluster L/R  Anatomical label BA  Volume ALE value X y z N studies
(mm3) (x 10_3) (foci)

1 L Superior Frontal Gyrus 6 7504 3.79 -14 22 56 8(8)
Medial Frontal Gyrus 3.34 -2 10 54

2 R Insula 13 1320 2.73 38 24 2 3(3)
Inferior Frontal Gyrus 2.65 44 26 4

3 R Cingulate Gyrus 32 1208 2.64 6 24 42 2(3)

24 2.63 8 14 32

4 L Inferior Frontal Gyrus 44 1080 2.76 -52 16 14 2(2)

5 L Claustrum 648 2.67 28 20 4 3(3)

6 L Middle Temporal Gyrus 21 320 2.53 -60 38 4 1(2)

7 R Middle Frontal Gyrus 10 312 2.53 36 46 4 1(1)

8 R Caudate 208 2.52 14 8 22 2(2)

N: number of studies reporting at least one activation peak; Coordinates: MNI; Space = mm?3, cubic millimeter, BA:
Brodmann Area

Cognition (language formation)

The meta-analysis of cognition supports the existing literature that the language
formulation area in the brain is located in the inferior frontal gyrus (Homae et al., 2002). The
main ALE analysis of cognition reported four significant clusters, as shown in Table 8, with the
largest cluster (volume = 2912 mm?3) located in the left inferior frontal gyrus and precentral
gyrus. The maximum ALE value of 1.87 was observed in the right middle frontal gyrus (cluster
volume = 1920 mm3). Other clusters are included in the left inferior frontal gyrus and the right
caudate. The most significant cluster was localized in the left inferior frontal gyrus and

precentral gyrus. This finding is important because this area is also partially responsible for
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empathy and for processing pleasant and unpleasant emotional scenes (Farrow et al., 2001; Lane
etal., 1997).

Table 8. ALE Activation Clusters Associated with Cognition (Language)

Peak coordinates

Cluster L/R  Anatomical label BA  Volume ALE value X y z N studies
(mm?®)  (x1073) (foci)
1 L Inferior Frontal Gyrus 9 2912 1.84 -44 14 28 2(4)
Precentral Gyrus 9 1.73 -44 10 32
2 R Middle Frontal Gyrus 46 1920 1.87 50 22 24 2(3)
3 L Inferior Frontal Gyrus 45 1736 1.65 -52 18 -2 2(3)
45 1.50 50 24 4
4 R Caudate 936 1.58 14 10 10 2(2)

N: number of studies reporting at least one activation peak; Coordinates: MNI; Space = mm3, cubic millimeter, BA:
Brodmann Area

In summary, this meta-analysis (PS1) sought to find consistencies among an increasing
number of studies investigating a cognitive behavior (language). The results are helpful to model
the neural interaction between cognition and emotion. While cognition (language) is regulated in
the left inferior frontal gyrus, the right middle frontal gyrus, and left inferior frontal gyrus,
emotion is mostly localized in the left superior and medial frontal gyrus. However, interestingly,
the left inferior frontal gyrus, which is known to house the function that controls formulating
language, is strongly associated with happiness (volume = 1080 mm3, the fourth largest brain
region for the emotion). Based on these findings, we can argue that there is a significant neural
interaction between brain regions for each of emotion and language as shown in Figure 5. Thus,
it is important for studies on consumer decision-making to understand that consumers are using
both emotion (happiness) and cognition (language) when they behave for each of happiness and
language.

With this point of view, PS1 argues that there are neurological and behavioral evidence
that neural interactions between emotion and cognition exist in the brain. Thus, as shown in the

results that creating words as a cognitive behavior links to positive (or happy) emotion as an
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emotional behavior, this study concludes that further studies need to support consumers can be
considered not only as thinkers, but also as feelers. This argument challenges the previous
research used primary perspectives in consumer research and aims to change to alternative
perspective with neuroscientific evidence. Therefore, the research would have a theoretical
contribution by suggesting the new point of view, which is an integrated or alternative
perspective that individuals coincidently utilize their cognitive abilities and emotional abilities
when they make a decision, in the stream of research on consumer decision-making process.

Figure 4. Brain Regions for Each Behavior in PS1

Note: The left panel shows the ALE foci for happiness (positive emotion). The middle panel shows the ALE foci for
language (cognition). The right panel shows the ALE foci for both happiness and language.

Pilot Study 2
Small samples (500 subjects’ brain images from HCP) were employed for Pilot Study 2
(PS2), which attempted to verify the validity and accuracy of human brain images from HCP
data by using the data of 500 subjects’ brain images to draw a brain map based on brain regions
activated for emotional behaviors. The sample data only included the left and right accumbens,
the left and right amygdala, brain stem, the left and right caudate, the left and right cerebellum,
the left and right diencephalon ventral, the left and right hippocampus, the left and right

pallidum, the left and right putamen, and the left and right thalamus as shown in Table 9. The
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brain images consist of three-dimensional coordinates [X, y, z]. Each point in the coordinates
indicates a highly activated point in the human brain.

Table 9. Brain Regions for Emotional Behaviors Identified with Colors

Anatomical Brain Regions Colors Anatomical Brain Regions Colors
ACCUMBENS_LEFT Aquamarine | DIENCEPHALON_VENTRAL_RIGHT | Magenta
ACCUMBENS_RIGHT Yellow HIPPOCAMPUS_LEFT Maroon
AMYGDALA_LEFT Blue HIPPOCAMPUS_RIGHT Orange
AMYGDALA_RIGHT Brown PALLIDUM_LEFT Pink
BRAIN_STEM Coral PALLIDUM_RIGHT Plum
CAUDATE_LEFT Cyan PUTAMEN_LEFT Red
CAUDATE_RIGHT Gold PUTAMEN_RIGHT Sienna
CEREBELLUM_LEFT Violet THALAMUS_LEFT Tan
CEREBELLUM_RIGHT Green THALAMUS_RIGHT Turquoise
DIENCEPHALON_VENTRAL_LEFT | Khaki

Other studies using the data have shown the rationality and the accuracy of the data. Van
Essen et al. (2012) and Van Essen et al. (2013) explained how to collect and process the data
from unprocessed raw data to processed data to make it valid and practical. Mars et al. (2018)
argued that the data from HCP can be used for brain studies and pointed out its relevance and
value through comparing with different datasets from other institutes because they found using
HCP1 data as well as using other datasets is valuable and meaningful for neuroscience research
to contribute to increasing the understanding of brain connectivity. Finn et al. (2015) also
supported the rationality and accuracy of the HCP brain image data by suggesting possible
research agendas including brain mapping of population-level inferences and functional

connectivity of each individual’s networks.

54



To conduct PS2, I collected the coordinates from each brain image through a process of
transforming image data into numerical information in the coordinate system. PS2 employed
MATLAB and R software with coding process to transfer image data into numerical data in the
coordinate system. To display a product, which is a brain map from the coordinate information
of each individual’s brain image, PS2 employed mathematical software (MAPLE) with coding
process based on graph theory to draw a 3D brain image (Wagner et al., 2001; Zaim et al., 2007).
The result of PS2 that verifies the rationality and accuracy of the data and draws a brain map
using 500 subjects’ brain images is presented in Figure 6.

Based the result of PS2, Study 2 in the research would have support the association
among brain activity for both emotions and consumer decision-making by visualizing the
association in the brain map using coordinate-based analysis. It would also provide initial
physiological and behavioral findings that show brain connectivity, which is about the functional
neural networks, among the brain activity for emotional and cognitive behaviors. To summarize
the pilot studies, PS1 explored and verified an association between cognitive behavior (language
formation) and emotional behavior (happiness) by investigating brain activity for each of the two
behaviors. The results of PS2 indicate that the HCP data sets are valid for neuroimaging studies,
especially seeking a pattern of brain activity and its connectivity based on behaviors such as
emotions and cognitions. The data have good quality and validation in data processing (Van

Essen et al., 2012; Van Essen et al., 2013).
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Figure 5. Screen Captures of 3D Draft Brain Mapping (Emotions)

56



30
30 40
50
60 79

Note: The upper map is for the front side of the brain, the middle map is for the left side of the brain, and the bottom
map is for the right side of the brain.

Study 1 (Association between Emotions and Consumer Decision-making)

The purpose of Study 1 (ST1) is to find interactions of emotions when consumers make a
decision through analyzing neural activity for each of the six identified emotions and consumer
decision-making. To support the associated neural activity with scientific evidence, ST1
employed ALE meta-analysis, a popular method in the neuroscience discipline (Eickhoff et al.,
2012; Stocco, 2014). For ST1, I used the principles of the PRISMA statement to increase the
validity and credibility of the meta-analysis by systematically collecting previous research on
both emotional and cognitive behaviors in consumer research and neuroscience research. Then,
with the criteria for selecting studies fitted to the purpose of ST1, I collected 66 studies after the
entire process of PRIMSA statement as presented in Figure 3.

The results of PS1 verified that there is an interaction between emotional behavior
(happiness as a proxy of emotions) and cognitive behavior (language formation as a proxy of

cognitions). This finding supports the theoretical argument that cognitive behaviors and
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emotional behaviors are correlated or associated with each other even if each of regions activates
for each behavior. To empirically support the theoretical assumption that consumers’ decision-
making process consists of interactions between cognitive behaviors and emotions, ST1 extended
PS1, which only looked at happiness as a proxy of emotions, to include the emotions (i.e.,
happiness, sadness, disgust, fear, anger, and surprise) suggested by Barrett (2017), Gasquoine

(2016), Mowen and Minor, (1998), Poldrack et al. (2006 & 2011), and Reed (2013).

Consumer Decision-Making

Results of the meta-analysis of consumer decision-making supports the previous and
existing studies (Table 4) that when consumers make a decision or purchase a product or brand,
different neural areas activate in the brain such as the orbitofrontal cortex (OFC), dorsolateral
prefrontal cortex (dIPFC), anterior cingulate cortex (ACC), ventromedial prefrontal cortex
(vmPFC), insula, medial prefrontal cortex (mPFC), and nucleus accumbens (NAcc).

Table 10. fMRI Studies of Consumer Decision-making

# First author Year Subjects Template Threshold Analysis
1 | Bradley 2015 46 MNI p <.001 SPM
2 | Bray 2008 23 MNI p <.001 SPM
3 | Carmell 2014 19 MNI p <.001 SPM
4 | Casaratto 2012 15 MNI p<.01 SPM
5 | Creswell 2013 33 MNI p <.001 SPM
6 | De Martino 2017 22 MNI p <.001 SPM
7 | Deppe 2005 22 MNI p<.01 SPM
8 | Huijsmans 2018 47 MNI p <.001 SPM
9 | Jung 2018 42 MNI p<.05 SPM

10 | Kang 2013 27 MNI p<.001 SPM

11 | Knutson 2017 26 MNI p <.001 SPM

12 | McClure 2004 67 MNI p<.05 SPM

13 | Owens 2017 1113 MNI p <.001 SPM

14 | Tschue 2010 17 MNI p <.001 SPM

15 | Van der Laan 2012 20 MNI p <.001 SPM
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16 | Waskow 2016 25 MNI p <.001 SPM
17 | Berns 2012 32 MNI p <.001 SPM
18 | Schaefer 2006 13 MNI p <.001 SPM
19 | Klucharev 2008 24 MNI p <.001 SPM
20 | Plassmann 2007 19 MNI p <.001 SPM
21 | Esch 2012 20 MNI p <.001 SPM

Note: subjects = a number of participants (only healthy adults), MNI = Montreal Neurological Institute

ALE meta-analysis of consumer decision-making reported findings of brain regions
activated for consumer decision-making as a cognitive behavior as presented in Table 11. To be
more conservative for this study, the threshold point was set with the minimum volume size of
200 mm3 and FDR pN was .001 as Eickhoff et al. (2009) and Eickhoff et al. (2012) suggested.
ALE analysis on consumer decision-making resulted in 13 clusters based on the threshold points.
The total number of foci is 360, and 21 experimental studies were selected for ST1 as shown in
Table 10 and 11. The MNI system was the only coordinate system used for this study because of
increasing the accuracy of selecting studies. The total number of voxels in ST1 was 264,007, and
each voxel was measured with 1*1*1 mm. A total of 1672 subjects participated in all selected
studies. One of selected has 1113 participants to investigate brain regions for measuring
decision-making. To calculate the FWHM that is a function of the difference between two
extreme values of the independent variable where the dependent variable is equal to half of its
maximum value (Eickhoff et al., 2009), ALE analysis needs subject information for each foci
group to calculate FWHM of the Gaussian function used to blur the foci. The range of FWHM
values in ALE analysis for this study was from 8.4269 to 9.1081. The largest cluster (volume =
1952 mm?3) was located in the anterior cingulate cortex, which mainly activates for specific
cognitive behaviors including attention, reward anticipation, and decision-making (Pardo et al.,
1990). The next largest cluster of foci (volume = 1544 mm3) is in the caudate nucleus, which

activated for goal-directed action (Grahn et al., 2009) and different cognitive behaviors including
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memory, learning, and language (Hannan et al., 2010). The ALE values of each brain region are
reported in Table 11.

The brain regions for consumer decision-making include the medial frontal gyrus,
dorsolateral prefrontal cortex, inferior frontal gyrus (known as the Broca area) activated for
language formation, and superior temporal gyrus (known as the Wernicke area) activated for
interpreting and understanding the meaning of language. This finding supports the literature
reviewed in this study that shows the prefrontal and temporal cortices activated for consumer
decision-making. The result of ALE analysis of brain regions for consumer decision-making
shows that a brain region activated for emotions was presented such as amygdala (9" largest
cluster, 408 mm3, ALE value .0212, p < .001 at z-value 4.45).

Table 11. ALE Activation Clusters Associated with Consumer Decision-Making

# X y z ALE Value | p-value | z-score | BA | Neuroanatomical Label
-4 40 -10 0.023662 | 7.33E-07 | 4.815879 | 24 | Anterior Cingulate
1 -4 58 -2 0.019142 | 1.60E-05 | 4.159098 | 10 | Medial Frontal Gyrus
4 46 -6 0.019082 | 1.66E-05 | 4.150220 | 32 | Anterior Cingulate
-4 34 -18 0.016729 | 7.47E-05 | 3.792147 | 32 | Anterior Cingulate
-12 10 0 0.026074 | 1.34E-07 | 5.145001 Caudate
2 -10 10 8 0.019866 | 9.93E-06 | 4.266487 Caudate
-8 0 0 0.013432 | 6.16E-04 | 3.231252 Lentiform Nucleus
-14 56 24 0.021475 | 3.36E-06 | 4.502074 | 9 | Superior Frontal Gyrus
-40 6 30 0.019004 | 1.75E-05 | 4.138436 | 6 | Precentral Gyrus
-50 26 16 0.020849 | 5.17E-06 | 4.409924 | 45 | Inferior Frontal Gyrus
6 12 12 -2 0.017275 | 5.25E-05 | 3.878731 Caudate
8 4 -8 0.015836 | 1.33E-04 | 3.645854 | 25 | Anterior Cingulate
7 -4 44 10 0.022669 | 1.47E-06 | 4.674805 | 32 | Anterior Cingulate
8 -2 30 32 0.016466 | 8.83E-05 | 3.750399 | 32 | Cingulate Gyrus
-6 34 38 0.01553 | 1.63E-04 | 3.593732 | 8 | Medial Frontal Gyrus
9 -20 -4 -16 0.021151 | 4.22E-06 | 4.453831 Amygdala
10 18 0 -12 0.016003 | 1.20E-04 | 3.672806 Lentiform Nucleus
11 10 54 20 0.018142 | 3.04E-05 | 4.010051 | 9 | Medial Frontal Gyrus
1 58 -42 20 0.014621 | 2.95E-04 | 3.435915 | 13 | Superior Temporal Gyrus.
58 -38 30 0.014097 | 4.09E-04 | 3.346402 | 40 | Inferior Parietal Lobe
13 -42 -86 -4 0.015432 | 1.74E-04 | 3.577018 | 19 | Inferior Occipital Gyrus
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| 44| 82| 2] 0015172 | 2.06E-04 | 3532447 | 19 | Inferior Occipital Gyrus

Note: BA: Brodmann area, Volume: cubic millimeter (mm3) = a voxel, peak coordinates = MNI, p* < .001

Emotions: happiness, sadness, angry, fear, surprise, and disgust

Existing studies on emotions found and reported neurological information that shows
activated brain regions for emotional behaviors including affective categories suggested by
Barrett (2017), Ekman (1972), and Gasquoine (2016): happiness, sadness, anger, fear, surprise,
and disgust. ALE meta-analysis was conducted to summarize the findings of previous studies
and investigate new findings about the neural regions activated for emotional behaviors.
Literature in emotions showed that the amygdala, cerebellum anterior lobe, caudate,
hippocampus, thalamus, posterior insula, and putamen responds to emotional behaviors.

Table 12. fMRI Studies of Emotional Behaviors

# First author Year Subjects Template | Threshold | Analysis
Anger
1 | Alia-Klein 2018 37 MNI p <.005 SPM
2 | Capitdo 2019 31 MNI p<.01 SPM
3 | Heesink 2018 30 MNI p <.001 SPM
4 | Kim 2019 220 MNI p <.001 SPM
5 | Baudes-Rotger 2017 36 MNI p<.01 SPM
6 | Gilam 2018 25 MNI p<.05 SPM
7 | Jiang 2018 39 MNI p <.001 SPM
8 | Hornung 2019 16 MNI p <.001 SPM
Disgust
9 | Schienle 2002 12 MNI p <.001 SPM
10 | Hofler 2018 29 MNI p <.001 SPM
11 | Oaten 2018 22 MNI p <.005 SPM
12 | Schienle 2018 38 MNI p <.001 SPM
13 | Wabnegger 2018 49 MNI p <.001 SPM
14 | Ying 2018 36 MNI p<.05 SPM
15 | Lim 2017 19 MNI p<.05 SPM
Fear
16 | Benuzzi 2004 13 MNI p<.01 SPM
17 | Yurgelun-Todd 2006 16 MNI p <.001 SPM
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18 | Milad 2007 17 MNI p <.005 SPM
19 | Merz 2010 48 MNI p <.001 SPM
20 | Lissek 2014 20 MNI p <.005 SPM
21 | Williams 2001 11 MNI p <.001 SPM
22 | Armony 2002 10 MNI p<.01 SPM
23 | Brugger 2011 21 MNI p <.005 SPM
Happiness
24 | Johnstone 2006 40 MNI p <.001 SPM
25 | Fujiwara 2013 18 MNI p <.001 SPM
26 | Winecoff 2013 31 MNI p<.01 SPM
27 | Dalenberg 2017 45 MNI p <.001 SPM
28 | Habel 2005 26 MNI p <.001 SPM
29 | Park 2017 50 MNI p <.001 SPM
30 | Matsunaga 2016 26 MNI p<.01 SPM
31 | Shany 2019 40 MNI p <.001 SPM
Surprise
32 | Kanwisher 1997 20 MNI p<.05 SPM
33 | Bartolo 2006 21 MNI p<.01 SPM
34 | Egner 2010 16 MNI p <.001 SPM
35 | Vrticka 2014 20 MNI p <.001 SPM
36 | Murty 2016 53 MNI p <.001 SPM
37 | Wessel 2012 19 MNI p <.001 SPM
Sadness
38 | Yoshino 2010 15 MNI p <.005 SPM
39 | Khalfa 2005 13 MNI p<.01 SPM
40 | Barrett 2004 14 MNI p <.001 SPM
41 | Habel 2005 26 MNI p <.001 SPM
42 | Bogert 2016 63 MNI p <.001 SPM
43 | Mel’nikov 2018 21 MNI p <.001 SPM
44 | Park 2015 24 MNI p <.05 SPM
45 | Ramirez-Mahaluf 2018 22 MNI p<.05 SPM

Note: subjects = a number of participants (only healthy adults), MNI = Montreal Neurological Institute

process of decision-making. To find commonly and uniquely activated neuroanatomical

ST1 collected 45 studies providing MNI and investigating a role of emotions in the

locations, ST1 conducted the meta-analysis of emotions. In general statistic, there were total

264,227 voxels with 814 foci in 45 studies piled up for this investigation. As suggestions of
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conducting ALE analysis in a study of Eickhoff et al. (2012), this investigation used the selected
45 studies. FWHM range was from 8.4900 to 10.0025 and the range of ALE value was from .000
to .065. The results of meta-analysis show that the largest activated brain area was the left and
right amygdala with the first (4224 mm?3) and second largest (2912 mm3) clusters of foci,
respectively. The third largest volume of the activated neural region for emotions was 768 mm?3
in the anterior cingulate cortex (ACC). Thus, this investigation empirically supported the
findings of the literature review that amygdala and anterior cingulate cortex (ACC) are activated
when consumers feel an emotion. All brain regions activated for emotions in this investigation
are presented in Table 13.

The fourth and eighth largest areas (volume size = 768 mm3 and 248 mm?) are located
in the fusiform activated for recognition as a cognitive behavior (Hubbard & Ramachandran,
2005). The fourth largest area (volume size = 440 mm3) is located in the anterior cingulate
cortex (ACC). This anatomical area activates for decision-making (Bush et al., 2002) as well as
emotions (Decety & Jackson, 2004). The seventh largest area (volume size = 296 mm?3) is
located in the middle temporal gyrus, known as a brain function that is activated for recognition
and accessing word meaning in reading (Wernicke’s area). This study collected a few of existing
studies with the very specific selection criteria, but the result of ALE analysis interestingly
sufficiently shows that brain regions for cognitive behaviors were coincidently activated for
emotions when consumers made a decision. All results of the ALE analysis are presented in
Table 13 as below.

Table 13. ALE Activation Clusters Associated with Emotions

# X y z ALE Value p-value z-score | BA | Neuroanatomical Label
1 -20 -4 -16 0.064664 7.15E-18 | 8.533328 Amygdala

2 24 -2 -18 0.049296 1.14E-12 | 7.016325 Parahippocampal gyrus

3 -4 32 18 0.026783 4.05E-06 | 4.462758 | 24 | Anterior Cingulate
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4 -36 | -48 -18 0.025153 1.05E-05 | 4.25358 37 | Fusiform Gyrus

5 0 -52 28 0.025285 9.76E-06 | 4.270424 | 31 | Cingulate Gyrus

6 34 -58 -14 0.025499 8.58E-06 | 4.298883 Posterior Lobe.

7 -46 | -60 14 0.021898 6.72E-05 | 3.81838 39 | Middle Temporal Gyrus
8 40 -74 -8 0.021159 1.01E-04 | 3.716124 | 19 | Fusiform Gyrus

9 14 14 -10 0.023017 3.58E-05 | 3.971089 Caudate

In addition, the results of ALE analysis include different brain regions which are not
directly related to emotional behaviors, such as the fusiform gyrus activated for recognition
memory processing (Haeger et al., 2018) and middle temporal gyrus activated for recognition
and word processing (Papeo et al., 2019). For this investigation, ST1 only collected previous
studies decision-making and emotions. Especially, in collecting studies for emotions, this study
collected only studies of emotions in processing information (advertisement) for decision-
making. Thus, it leads to identifying brain regions for emotions in the information process of

consumer decision-making.

Results of neural regions by ALE analyses for decision-making and emotions (Study 1)
Through ALE meta-analysis, ST1 verified the brain regions activated for both emotions
and consumer decision-making. Only studies related to consumer decision-making as a cognitive
behavior and emotions were collected for this analysis. Each selected study of emotions was
related to consumer decision-making. Thus, it helped to sufficiently understand the he role and
effect of emotions in the information process of consumer decision-making. As the results show
(Table 11), several brain regions are commonly activated for consumer decision-making, such as
anterior cingulate cortex (ACC), caudate, superior frontal gyrus, precentral gyrus, and inferior
temporal gyrus. However, there is a different pattern of brain regions activated for the behavior

of consumer decision-making. For instance, ACC (the largest volume) and the amygdala (the 9"
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largest of all the clusters of brain regions) activated for the consumer decision-making. Both
ACC and the amygdala have been traditionally known as the brain region activated mainly for
emotions. This study has a different result that ACC and the amygdala were activated for
consumer decision-making from previous studies on the brain regions: ACC and the amygdala.

In the investigation of brain regions activated for emotions, most of the clusters that
activated for emotions (e.g., ACC and amygdala) were similar to the findings in the previous
literature used for this meta-analysis. Findings of this study support the argument that emotions
actively participate in the process of consumer decision-making about purchasing a
product/brand or choosing among products/brands. In the analysis of the group of studies on
consumer decision-making, the largest activated neural area for consumer decision-making was
the anterior cingulate cortex (ACC). It has performed to control emotional behaviors such as
regulating emotions (Szekely et al., 2017). This study found that ahe amygdala which is one of
the largest activated areas for the behavior of consumer decision-making was activated (volume
size = 408 mm?3). The neural area mainly works for emotional behaviors.

On the other hand, in the analysis of the group of studies on emotional behaviors, one of
the largest associated areas for emotional behaviors was located in the parahippocampal gyrus,
which mostly works for the cognitive behavior of memory. According to Lighthall, Huettel, and
Cabeza (2014), consumers use their memory to compare and decide about a product in terms of
willingness to pay (WTP), especially in online shopping environments. Also, fusiform gyrus
activated for emotions. The area mainly works for cognition, which is recognition (Haeger et al.,
2018). The graphical results were created through using Mango software

(http://ric.uthscsa.edu/mango/) support the argument that brain regions activated for cognitions will
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be associated with brain regions for emotions, and vice versa. The results are presented in Figure
6.

Figure 6. Activated Brain Regions for Emotions and Consumer Decision-making

Note: Left side shows clusters of brain regions activated for consumer decision-making. Right side shows clusters of
brain regions activated for emotional behaviors with the same stimuli (pictures and written messages) in ALE
analysis of cognitive behaviors. The largest picture in the upper side (1) indicates z-axis (changes in the height of a
neural location), the left side in the bottom (2) indicates y-axis, and the right side in the bottom (3) indicates x-axis.

Study 2 (Brain Functional Connectivity)

Study 2 (ST2) aims to identify common activated neural areas for emotions and
consumer decision-making and map a neural connectivity among the areas to answer a
neurological research question rather than a behavioral research question like Study 1 (ST1).
This question is, how different neural areas are physiologically connected to each other to

implement a behavior. Thus, ST2 looks for the patterns of connectivity among neural activated
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areas for both consumer decision-making and emotions. By mapping the connectivity based on
the neurological and physiological findings of ST1 and analyzing fMRI data of both consumer
decision-making and emotions, ST2 seeks a way to answer the research question, mapping
consumer cognition and emotions for consumer decision-making. For this purpose, ST2 used a
specific statistical tool based on social network theory (SNT) to draw the neural connectivity of
the brain regions (consisting of nodes and edges) activated for decision-making and emotions in
the information process by matching neural regions (edges) from ST1 with brain regions (nodes)
identified in analyzing HCP fMRI image data.

For ST2, 1108 subjects’ brain images from HCP were used to mathematically and
neurologically verify the brain regions by pulling out the coordinate information of each brain
region and visualizing it with different statistical software such as MAPLE, MATLAB, and R.
T1w images of each participant in each task were used to obtain MNI coordinates by taking
FSL’s FNIRT algorithm of a non-linear optimization procedure that aims to minimize the sum of
squared differences between two images by Glasser et al. (2016). Extracted MNI coordinate
information of each neural activation was used to draw a mask of brain map as a foundation of
the map (nodes). After that task, this study used network analysis (based on SNT) to connect
between common neural areas from ST1 (ridges) and neural activated regions for behaviors from
ST2 (nodes).

The validation of HCP data was verified by previous studies (Smith et al., 2015; Van
Essen et al., 2013; Van Essen et al., 2012) and Pilot Study 1 (PS1) in this research. The result of
PS1 shows that the dataset provides valid data of fMRI images for each of the behaviors
including emotions as well as proxies of cognition such as language, social relationship, working

memory, and gambling (problem-solving). However, this ST2 only employed fMRI images used
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for making the brain atlas because CCF did not provide a specific fMRI data of consumer
decision-making. They do not provide any details about emotions in their fMRI data, thus ST2
attempted to develop a brain map based on what they have provided in their archival fMRI
datasets. To investigate the connectivity among neural areas activated for each behavior, ST2
employed an automated anatomical labeling (AAL) atlas to create the region of interest (ROl as
a node in the connectivity; Poldrack, 2007; Tzourio-Mazoyer et al., 2002). Then, using HCP
data, ST2 attempted to draw a brain map based on neural connectivity between the ROI and the
findings (known as a ridge in the connectivity) from the ALE analysis in ST1. ST2 collected
1108 out of 1200subjects in the HCP datasets after removing missing and invalid data. Analysis
and coding processes using MATLAB and R were performed to extract MNI coordinates of each
brain activity from the HCP data sets. Using these MNI coordinates and the ALE analysis
results, ST2 employed a correlation-based machine learning algorithm in network theory to find
neural connectivity among nodes and ridges. The graphical results or connectivity maps are

presented in Figures 8 toll.

Data

This study used fMRI brain images provided by the Connectome Coordination Facility
(CCF) operated by the consortium of Washington University at Saint Louis and University of
Minnesota, known as the WU-Minn HCP consortium. The WU-Minn consortium aims to study
brain connectivity and function with a genetically-informative design in 1200 individuals using
four MR-based modalities plus MEG and EEG (van Essen et al., 2013). Based on researching on
brain activity through imaging analysis CCF has provided valuable information that helps to

deeper understand what makes human uniquely and what accounts for the great diversity of
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behavioral capacities in healthy adults. fMRI fundamentally measures brain activity by detecting
changes in blood flow related to energy usages by brain cells, known as blood-oxygen-level
dependent (BOLD). This technique is based on the fact that increased blood flow is associated
with neural activity (Poldrack, 2011). The image data include meta-data about all participants
including demographic information such as age range and sex and behavioral and physiological
data such as volume sizes of each brain region for testing behaviors, NEO personality test
results, and various types of fMRI datasets including diffusion (dfMRI), resting-state (rfMRI),
task-evoked (T-fMRI), T1-T2 MRI, and combined magnetoencephalography and
electroencephalography (MEG/EEG) (Van Essen et al., 2013).

For the purpose of using ALE meta-analysis to develop a brain map for consumer
decision-making based on the association between cognition and emotions in previous studies,
this research used only the t-fMRI data of 1200 subjects who participated in a task-evoked
experiment. From the dataset, this research extracted fMRI data of cognitive and emotional
behaviors including emotions, working memory, and language. The data of other behaviors in
cognition, such as attention and perception, have not yet been released by CCF. Unfortunately, it
was also not possible to separate emotions by each affective behavior such as fear, sadness,
happiness, disgust, surprise, and anger because CCF has not provided each affective behavior’s

data yet.

SIRI-MBI . ‘ 2-2 ’
Note: Yellow areas showing increased activity compared with a control condition, modified from Poldrack (2011)
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The CCF data sets include a huge amount of information such as brain activity for
specific behaviors, demographic information, and metabolic information, about 120 terabytes in
total. This study used only about 18 terabytes of specific data of brain activity for both emotional
and cognitive behaviors. By analyzing this big data, this study will explore the interaction
between brain activity for each behavior in both emotions and cognitions. There were only 1108
participants’ brain images used for this study because there were invalid data such as missing
information about participants and misreporting images. To safely retain the data, the datasets

were stored in secure separate external storages.

Results

ST2 used MNI coordinates to develop a brain map of brain activities for each of emotions
and consumer decision-making. For the study, data sets of MNI coordinates from ALE meta-
analysis (ST1) and HCP archival image data were employed. Social network analysis was
performed to identify neural connectivity for each of the emotions and consumer decision-
making. Based on the Harvard-Oxford Atlas (HOA) 112, topological networks created using the
Harvard-Oxford Atlas (HOA) 112 are presented in Figures 8 and 9 (emotions), and Figures 10
and 11 (consumer decision-making), respectively. Each graph shows different roles of nodes as
levels of in-degree and out-degree. If a node has a higher level of in-degree (large size of red
circle), it plays an important role as a receiver which receive incoming data and information from
neighbored areas in the link between nodes. If a node has a higher level (large size of red circle)
of out-degree, it plays a role as a sender which delivers incoming data and information to

neighbored areas in the connection between nodes.
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In the connectivity among brain regions for emotions, there are important neural areas
that activate for emotions as a receiver, such as the precuneus cortex (PCN, centrality: 0.414),
optical pole or visual cortex (OP, centrality: 0.360), inferior frontal cortex (F3t, centrality:
0.351), amygdala (Amy, centrality: 0.351), lingual gyrus (LG, centrality: 0.342), temporal-
parietal gyrus (AG, centrality: 0.333), and superior frontal gyrus (F1, centrality: 0.333). The

results of receivers’ connectivity are presented in Figures 8 and 9.
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Figure 8. The Neural Connectivity of Emotions (In-degree)
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nodes.

Other neural areas activate as information senders, including the superior temporal gyrus
(T1a, known as Wernicke’s area, Centrality: 0.549), temporal optical fusiform cortex (TOF,
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Centrality: 0.477), inferior frontal gyrus/orbitofrontal gyrus (F30, known as Broca’s area,
Centrality: 0.450), cuneal cortex (CN, Centrality: 0.441), amygdala (Amy, Centrality: 0.441),
middle frontal gyrus (F2, Centrality: 0.432), temporal-parietal gyrus (AG, Centrality: 0.423),
superior frontal gyrus (F1, Centrality: 0.387), and inferior frontal gyrus (F3t, Centrality: 0.360).

The results of senders’ connectivity are presented in Figure 9.
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Figure 9. The Neural Connectivity of Emotions (Out-degree)
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between nodes.

The results in Figures 8 and 9 show that the superior frontal gyrus (SFG), inferior frontal

gyrus (IFG), and amygdala play both roles of receiver and deliverer as a hub of brain activity for
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emotions: SFG is located in the frontal lobe which brain is involved in cognitive behaviors such
as awareness and coordinating sensory system (Goldberg, Harel, and Malach, 2006). IFG is
located in the lowest position of the frontal lobe. It is involved in cognitive behaviors such as
language processing and speech production, known as Broca’s area (Brodmann area 44, 45, and
47) (Greenlee et al., 2007). The amygdala is located deep inside the temporal lobe which brain is
involved in emotional learning, reward, and memory modulation (Maren, 1999).

Neural network analysis for consumer decision-making as a cognitive behavior shows a
connectivity pattern seen in Figure 10 and 11. Figure 10 shows that certain brain regions,
including the insular cortex (INS, .090), middle frontal gyrus (F2, .090), frontal lobe (FP, .081),
lingual gyrus (LG, 0.072), and insular cortex (INS, .063), and amygdala (Amy, 0.027) are in-
degree nodes that act as a receiver in the neural connectivity among neural regions for consumer
decision-making. Figure 11 shows the neural connectivity and patterns of brain activity and

regions (out-degree as a sender) for cognitive behaviors.
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Figure 10. The Neural Connectivity of Consumer Decision-making (in-degree)
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Figure 11 includes the neural regions for connectivity of out-degree as a sender, such as
insular gyrus (INS, 0.198), accumbens (Accbns, 0.171), frontal lobe (FP, 0.135), superior frontal
cortex (F1, 0.081), (lateral) inferior occipital cortex (OLi, 0.128), medial frontal cortex (FMC,
0.063), parahippocampal gyrus (PHa, 0.063), middle temporal gyrus (TO2, 0.027), and pallidum

(Pall, 0.027).
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Figure 11. The Neural Connectivity of Consumer Decision-making (out-degree)
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The results in Figure 10 and Figure 11 show there are common activated neural areas
(hub) for consumer decision-making: insular cortex (BA16), superior frontal gyrus (BA 10, 11,
and 12), middle frontal gyrus (BA 10), and accumbens. Insular cortex has diverse functions
including sensory information processing, awareness, and emotions. Especially, insular cortex is
activated for emotions with amygdala (Craig & Craig, 2009). Superior frontal cortex activates
for awareness and information process to help to make a decision (Goldberg et al., 2006).
Accumbens responds to diverse cognitive functions such as sensory information processing and
reward. In particular, accumbens is centrally involved in negative emotions such as fear
(Schwienbaher et al., 2004).

To verify the degree of each component or node in the networks for emotions and
cognition, this study tested the degree of centrality in networks. The concept of centrality refers
to how important a node is in the network. This study tested three different types of centrality:
degree centrality, closeness centrality, and betweenness centrality (Luke, 2015; Scott, 2000).
Degree centrality shows the direct power of a node in a network by calculating the number of
connections of the node with others in the network (Scott, 2000). Closeness refers to the time
needed to transfer information among nodes and is calculated by the distance between nodes,

Cc(v) = where v is a node, i is the last node, and d is the distance between a node (v)

1
Yizv d(v,i)’
and another node (i) (Scott, 2000). Betweenness means that a node is able to connect between

os¢(v)
1)
Ost

other nodes as a mediator and is calculated by Cz (V) = Y gp2t where v is a node and

o (v) is the shortest path between nodes (s) and (t) passing through node v. Testing this
concept is meaningful to understand the degree of the robustness of network. The results of

testing the different types of centrality are presented in Table 14.
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Table 14. The Results of Testing Overall Centrality of Networks

Mean SD Min. Max. Centralization Index (%)

Emotions I-D |O-D|I-D |OD| I-D |OD| I-D | O-D I-D O-D
Degree | .131 | .131| .121 | .152 | .000 | .000 | .414 | .55 28.593 42.229
Closeness | .232 | .229 | .148 | .214 | .000 | .000 | .438 | .585 17.950 18.262
Betweenness .003 .005 .000 .035 3.255

Cognition I-D |O-D|I-D |OD| I-D |OD| I-D | O-D I-D O-D
Degree | .010 | .001 | .021 | .031 | .000 | .000 | .009 | .198 8.051 18.96
Closeness | .020 | .021 | .035| .050 | .000 | .000 | .100 | .208 1.344 2.204
Betweenness .000 .002 .000 .019 1.834

Notes: SD = standard deviation, Min. = minimum, Max. = maximum, I-D = in-degree, O-D = out-degree

Based on the results of testing centrality, this study found relevant neural nodes for
emotions and cognition. For the network of emotions, in-degree nodes including the precuneus
cortex, optical pole, inferior frontal gyrus, amygdala, and lingual cortex have higher levels of
centrality, while there are out-degree nodes including superior temporal gyrus, inferior frontal
gyrus, temporal occipital fusiform gyrus, amygdala, cuneal cortex, and angular gyrus. For the
network of cognition, there are in-degree nodes including the supplementary motor cortex,
angular gyrus, precuneus cortex, superior frontal cortex, and insula, while there are neural nodes
for out-degree such as the frontal lobe, inferior frontal gyrus, middle frontal gyrus, accumbens,
and precuneus cortex.

The results of the network analysis are presented in Table 15. It provides scientific
evidence that the cognitive and emotional neural regions work together to make a decision or
engage in a behavior. This is because the network of emotions regarding betweenness has brain
regions for emotions including the frontal lobe, inferior frontal gyrus, inferior frontal gyrus, and

middle frontal gyrus as mediating nodes, while the network of decision-making has brain regions
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for decision-making including the insular cortex and anterior cingulate cortex as mediating

nodes.

Table 15. Central Nodes of Each Behavior

Centrality
Behavior Degree Closeness Betweenness
In-degree Out-degree In-degree Out-degree
Emotions PCN 414 | Tla .549 | PCN 438 | Tla 585 | FP .035
OP .360 | F30 A77 | OP 405 | TOF 537 | F3t .022
F3t .351 | TOF 450 | F3t 400 | F30 527 | Amy .019
Amy 351 | Amy 441 | Amy 400 | Amy 514 | F30 017
LG .342 | CN 441 | LG 395 | AG 510 | F2 016
CDM INS .090 | INS 198 | FP 100 | INS 207 | INS .018
F2 .090 | Accbn A71 | F2 100 | Acchn 194 | FP .008
FP .081 | FP 135 | LG 100 | FP 172 | F1 .004
LG 072 | F1 .081 | INS .096 | FMC 148 | F3t .001
F1 .063 | OLi .063 | F1 092 | PHa 147 | CGa .001

Notes: PCN = precuneus cortex, OP = optical pole, F3t = inferior frontal gyrus, Amy = amygdala, LG = lingual
gyrus, Tla = superior temporal gyrus, F30 = inferior frontal gyrus, TOF = temporal occipital fusiform cortex

(fusiform), CN = cuneal cortex, FP = frontal lobe, F2 = middle frontal gyrus, SMC = supplementary motor cortex,

F1 = superior frontal cortex, INS = insula, Accbn = accumbens, CGp = posterior cingulate gyrus, AG = angular

gyrus (inferior parietal lobe/temporal parietal gyrus), T1p = posterior superior temporal gyrus, LG = lingual gyrus,
PHa = parahippocampal gyrus, CGa = anterior cingulate cortex, CDM = consumer decision-making
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CHAPTER V

CONCLUSIONS AND DISCUSSION

Two rival theories have contributed to helping better understand the consumer decision-
making process in the marketing discipline: the cognitive perspective (Bettman et al., 1998) and
the experiential perspective (Holbrook & Hirschman, 1982). However, the literature has been
silent on the alternative perspective that cognitions and emotions work coincidently and affect
each other since there has been no methodological advance in the discipline allowing for this
alternative perspective (Shaw & Bagozzi, 2018). With the advent of neuroscientific methods
such as fMRI, this gap can be filled. This research attempted to provide empirical evidence that
supports the alternative perspective. Although marketing researchers have hypothesized or
assumed that cognitions and emotions are associated when an individual engages in a behavior,
there has not been scientific evidence to support these theoretical arguments because of the
limitations of research methods.

Using neuroscientific and analytical methods, this research was designed to reach two
important aims: (a) investigating the association between brain activity for emotional and
cognitive behaviors to challenge existing theories (cognitive perspective and experiential
perspective) of consumer decision-making in the marketing discipline, and (b) discovering brain
connectivity among brain regions for emotions and consumer decision-making to develop neural

connectivity which can be illustrated as a map.
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ST1 used ALE meta-analysis to find scientific evidence supporting the idea that
cognitions and emotions work together even if consumers are in situation in which the only
perform either cognitive perspective or emotional perspective. The ALE meta-analysis showed
the neural areas activated for the emotional and cognitive behaviors and the common neural
areas activated for both behaviors. These findings are physiologically and behaviorally important
for marketing research, especially for consumer research, because most existing studies are in
neuroscience and there are very few publications in consumer research using neuroscientific
methods. Thus, the study contributes to consumer research, especially research on the process of
engaging in a behavior, by providing neurological and physiological knowledge about consumer
behavior including emotions and decision-making through an analysis of neural data. Existing
studies have focused on a limited region of the brain because of the limitations of using
neuroscientific methods and difficulties in sampling. ST1 is novel in that it employed a meta-
analysis to overcome these limitations and found neural areas associated with a large number of
behaviors in cognitions and emotions because ALE analysis of consumer decision-making
provided evidence that shows neural activated regions for emotional behaviors control the
cognitive behavior, and another ALE analysis of emotions also provided empirical supports by
showing brain regions for consumer decision-making also activate for emotions.

ST2 took a neuroscientific approach and used advanced mathematical programs to
analyze neuroimages in order to explore the neural connectivity between brain activity for all
emotional and cognitive behaviors. The findings in ST2 also support the alternative perspective
by showing the functional connectivity among brain regions for diverse behaviors. Unlike
previous studies which used a small sample to visualize functional neural connectivity, ST2

employed a large dataset (18 terabytes of fMRI data from 1108 subjects) to analyze the
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behavioral and neurological information of neuroimages and visualize a brain connectivity map.
Thus, this study was able to show a pattern of neural connectivity among brain activity on
different behaviors and to generalize the theoretical assumption that brain regions for both

cognitive and emotional behaviors are associated or correlated.

Managerial Implications

The results of this research provide scientific evidence that there are neural co-activations
for emotions and cognition in the brain when making a decision. This evidence can be helpful for
marketing practitioners when they attempt to communicate with customers. There are various
marketing actions and programs that help companies establish better customer relationships
through effective and efficient communication such as advertising, mobile applications, social
media networks, direct mailing, corporate social responsibility activities, sponsorship, and
customized relationship marketing (Keller, 2013). As the results showed in ST1 and ST2,
consumers make a decision based on co-activations of different neural areas. This research
collected studies that used written messages and videos or pictures as stimuli that cause brain
activity. Even though there are numerous types of brain activity patterns, there is a co-activation
pattern in the neural areas for cognitive and emotional behaviors. Based on the results, we can
logically assume that regardless of the types of stimuli, consumers use both neural regions for
emotional and cognitive behaviors. Thus, companies should learn about how to develop effective
and efficient ways of delivering a message about products/services/brands by appealing to both
cognitive and emotional aspects.

Even though this research shows the co-activation of neural areas for both emotions and

consumer decision-making, each consumer has his or her own personality type. Therefore, it is
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important to understand consumer behaviors based on each personality type and develop
customized marketing programs for different personality types and patterns of behaviors related
to personality. This practical suggestion is supported by previous findings that various brain
areas are activated for each personality type including neuroticism, extraversion, openness,
agreeableness, and conscientiousness (Aaker, 1997; Costa & McCrae, 1992; Chang et al., 2019;
Chen, 2007). It does not mean all consumers are in each of the categories of the personality.
However, the physiological categories would help marketers who do market research to learn
more about customers’ needs and wants by showing scientific patterns of consumer behaviors.
Thus, it is important for companies to be able to pay attention to learn more deeply about
consumer behaviors, such as satisfaction, re/purchase intention, and attitudes toward products,

services, and brands, by using accurate research methods on customers.

Limitations and Future Research Agendas

This is a data-driven study, which means the results come from data without theoretical
assumption or fundamental theories. The purpose of this study was to investigate the interaction
between cognitive and emotional behaviors to support the alternative perspective that when
consumers engage in a behavior such as decision-making, problem-solving, or brand judgement
or preference, they are not only using cognitive abilities but also emotional understandings.
Future researchers should utilize experimental research designs using an fMRI machine to make
more theoretical and contributions to consumer behavior and consumer neuroscience.

This research only collected data from healthy young adults (age 21 to 40) who
participated in fMRI studies. A reason of the collection was to see more healthy and concrete

brain activities among emotions and cognition of healthy and young adults than other
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populations such as children and old generation groups. Furthermore, the HCP data came only
from healthy young adults. Studying brain activity among emotions and decision-making in
other groups such as children and older people would provide meaningful insights about group
difference in brain activity for emotions and decision-making and neural activity in mapping
consumer decision-making and emotions.

Another limitation is the inability to analyze different factors such as demographic and
biophysical data (sex, personality, age, etc.) that affect changes in brain activity for specific
behaviors. For instance, this research confirmed that there are different brain regions activated
for each personality type. Future researchers should examine the differences in activated brain
regions in different groups such as male/female, healthy/unhealthy, and old/young.

Lastly, this research was a coordinate-based meta-analysis. As discussed earlier, there are two
different types of meta-analysis: coordinate-based meta-analysis (CBMA) and image-based
meta-analysis (IBMA). A way to analyze image data without transforming image information
into numerical information would be to compare areas or surfaces of target or activated brain
regions by analyzing multi-voxel patterns (Oosterhof, Wiestler, Downing, & Diedrichsen, 2011).
It would be shapelier in visualizing brain areas or regions with considering neighbored brain
regions than CBMA has a limitation in considering overlapped or neighbors of target brain

region.
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