ABSTRACT

MCLEAN, KYLE GEOFFREY. Alternative Sensory Methods for Evaluation of
Consumer Liking. (Under the direction of Dr. MaryAnne Drake.)

The ability to collect data from consumers has been monumentally changed by the advent
of digital technology. Where before collecting large detailed amounts of data from a
number of consumers would have required hundreds of researcher hours, now by
utilizing technology we are able to collect thousands of data points in a comparably
negligible amount of time. With this large leap forward in researchers’ ability to collect
vast swathes of data, it is necessary to review and innovate on consumer testing methods
for their effectiveness to capture consumer sentiments as well as their time, labor, and
cost efficiency. The research and literature review in this thesis explore how new
alternative methods of conducting consumer research leverage new technologies to

conduct sensory research.

Bacon is one of the most recognizable consumer pork products and is differentiated by

appearance, flavor, thickness, and several possible product claims. The objective of this
study was to explore the attributes of retail bacon that influence consumers to purchase

and consume bacon. An Adaptive Choice-Based Conjoint (ACBC) survey was designed
for attributes of raw American-style bacon. An ACBC survey (N=1410 consumers) and
Kano questioning were applied to determine the key attributes that influenced consumer
purchase. Attributes included package size, brand, thickness, label claims, flavor, price,

and images of the bacon package displaying fat:lean ratio. Maximum Difference Scaling



(MaxDiff) was used to rank appeal of 20 different bacon images with variable fat:lean
ratio and slice shape. The most important attribute for bacon purchase was price followed
by fat:lean appearance and then flavor. Three consumer clusters were identified with
distinct preferences. For two clusters, price was not the primary attribute. Understanding
preferences of distinct consumer clusters will enable manufacturers to target consumers
and make more appealing bacon. Likewise, coffee is a complex product which can be
better understood through a blend of traditional preference mapping with projective
mapping (PM) with check-all-that-apply (CATA) for brewed black coffees. Consumers
(n=22) evaluated eleven coffees and placed them on dimensional planes based on
similarities and selected attributes (PMCATA) to describe each coffee from a provided
list. These consumers also scored liking. A descriptive panel documented properties of
the coffees in quadruplicate followed by consumer testing with 150 black coffee
consumers. Data from PMCATA was analyzed using multiple factor analysis (MFA)
while preference mapping was applied to the DA and consumer data. Both methods
resulted in groupings with distinct consumer preferences. The consumer groups from
PMCATA were distinguished by preferences for light and dark roast attributes. DA
revealed more differences than PMCATA while preference mapping revealed more
differences with three clusters. These results demonstrate PMCATA can be a preliminary
alternative to traditional methods for profiling and consumer preferences of complex

products like coffee.

Advances in technology do not always mean that entirely new methodologies need to be

developed. Often we are able to more effectively apply methodologies that already



existed. By looking back at older methodologies and applying them in a new context, we
are able to see that methods of research that were more cumbersome and inefficient can
provide meaningful data that can challenge current practices for an ability to effectively

and efficiently reflect consumer sentiments



© Copyright 2016 Kyle Geoffrey McLean

All Rights Reserved



Alternative Sensory Methods for Evaluation of Consumer Liking

by
Kyle Geoffrey McLean

A thesis submitted to the Graduate Faculty of
North Carolina State University
in partial fulfillment of the
requirements for the Degree of
Master of Science

Food Science

Raleigh, North Carolina

2016

APPROVED BY:

Dr. MaryAnne Drake Dr. Jason A. Osborne
Committee Chair

Dr. Dana Hanson Dr. Timothy H. Sanders



BIOGRAPHY

Kyle McLean grew up in Deerfield, Illinois with his sister and parents, who both inspired
him to work in the food science industry. Kyle had the opportunity to live in England and
be educated in an Oxford primary school when he was young, and has traveled
throughout the world for Karate tournaments. In 2014, Kyle graduated from Kansas State
University with a Bachelor of Science in Food Science and Industry and began working
with Dr. MaryAnne Drake that same year. Upon receiving his Master of Food Science
degree from North Carolina State University, Kyle will be moving to Chicago, Illinois to

begin his career in sensory food science.



ACKNOWLEDGEMENTS

Kyle would first like to thank his committee members for their support of this research.
He especially appreciates the guidance of Dr. MaryAnne Drake, who insisted on only the
best work from him. Kyle is thankful for all of the people he has met at NCSU for their
comradery and friendship. Finally, Kyle would like to thank his wonderful family and his

fiancé for their support through every trial that graduate school has presented him.



TABLE OF CONTENTS

LIST OF TABLES. ... vi
LIST OF FIGURES ... vii
CHAPTER 1: AREVIEW OF KANO ANALYSIS IN CONSUMER
FOOD PRODUCT TESTING ...t 1
INEFOAUCTION ...t 1
Goal Of KANO ANAIYSIS. .....c.viveieiiiiieeieiesee e 1
Wt IS KBNO? ...ttt et 2
HOW d0ES KANO WOIK? ..ottt 3
Data Collection and Kano ANAlYSIS.........ccceuiiriiiriniieisesieeee s 6
What are Kano’s HMItationS?..........ccoiieiiiiiieieie e 9
Why is Kano a good option for the food indUSEIrY?.........ccooeieiiiieieie e 9
What work has been done with f00d?............ccoeiiiiiiiiiiiiee e 10
Kano’s Contribution to Other Methods ............ccccviieiieiiiiececce e 13
RECOMMENAALIONS ...ttt 15
RETEIENCES ... 19

CHAPTER 2: CONSUMER PERCEPTION OF RETAIL PORK
BACON ATTRIBUTES USING ADAPTIVE CHOICE CONJOINT

ANALYSIS AND MAXIMUM DIFFERENTIAL SCALING.................. 25
PractiCal ADPDIICALIONS ....vveeeeee ettt et e e e e e e e e e e e e e eneaaans 25
[T oTo 0Tt T TR 25



MaLerials AN METNOUS.......coe et e e e e e 29

CONJOINE SUIVEY ...ttt bbbttt bbbt 30
KANO ANBIYSIS ...ttt bbbttt et 30
Consumer Importance and EMOLIONS.........ccveveiereiienenisesesee e 31
MAXDITE SCAIING. ....eveiveitieiieieie e bbb 31
SEAtISTICAL ANAIYSIS ....veiviiiieiieieie e 32
RESUILS aNd DISCUSSION .....vvevverierieiesiesie sttt sttt bbb ens 33
CONCIUSIONS ...ttt bbbt et e bbb e ene e 43
RETEIBNCES ... ettt bbbttt 59

CHAPTER 3: COMPARISON OF TRADITIONAL PREFERENCE
MAPPING WITH PROJECTIVE MAPPING FOR
CHARACTERIZING CONSUMER PERCEPTION OF BREWED

BLACK COFFEES ...t 63
Practical APPHCALION. ..o 63
INEFOAUCTION ...t bbbttt bbb 63
Materials and MEthOdS..........couiiiiiiiree s 66
DAtA ANAIYSIS ...ttt 70
RESUILS AN DISCUSSIONS .....c.vveveerieeiteiteste sttt sttt bbb 71
DISCUSSION ...ttt bbbt bbbttt ettt st st 78
CONCIUSIONS ...ttt bbbttt 81
RETEIBNCES ...ttt 97

APPENDIX Lot 100



Table 1.1

Table 2.1

Table 2.2

Table 2.3

Table 2.4

Table 2.5

Table 2.6

Table 2.7

Table 2.8

Table 3.1

Table 3.2

Table 3.3

Table 3.4

Table 3.5

Table 3.6

Table 3.7

LIST OF TABLES

Matrix for Kano classifiCation ... 18
Attributes and levels used in the ACBC CONJOINE SUITVEY ......ccveeeverierieiieiesieereenie e 45
Twenty images used for bacon pack appearance in MaxDiff exercise.........ccocvevrvrinnnnnn, 47
Twenty images used for bacon strips appearance in MaxDiff exercises..........ccccceeevvennn. 48
Utility scores for levels within attributes for consumer ClUSters ...........ccooevevevicinieenenne. 51
KanO ClaSSITICALIONS ........ccueiieiitiiieiie e 54

Importance scores for bacon attributes. Different letters in rows following means signify

differences (P < 0.05). Importance was scored on a 5-point scale where 1 = not at all

important and 5 = VEIY IMPOTTANL. .. ....c.cieiuiiiiieie ettt 56
Mean MaxDiff scores for bacon packaged images (scaled to 100).........ccccvvrvrererernennes 57

Mean MaxDiff scores for bacon strip images (scaled to 100 ..........ccceevevvevieiineceeiennen, 58
Coffee brewing concentrations per 64 0z (1892.71 ml) of spring water .............cccccvevee 82
Coffee descriptors provided for PMCATA ..o 83
Lexicon used for trained panel descriptive analysis of brewed black coffees.................. 84
Comparison of overall liking means between CLT and PMCATA ... vecenenen, 86
Trained panel means for brewed black Coffee..........ccocvvviiiiiiicii i, 87
CONSUMET TESUIES.......ciiiteecste et 89
Overall liking among consumer clusters from the traditional CLT (n=275).......c.cccccv... 90

Vi



Figure 1.1
Figure 1.2
Figure 1.3
Figure 1.4

Figure 2.1

Figure 3.1

Figure 3.2

Figure 3.3

Figure 3.4

Figure 3.5

Figure 3.6

Figure 3.7

Figure 3.8

LIST OF FIGURES

Kano’s model for customer satisfaction (Kano et al. 1984).......c.ccccccvvviviivicviieiniennnnn, 17
Kano results scatterplot of bacon attributes. An example... .....ccccovoriiiiiiiniiniee 19
Kano classifier and Kano categories (Xu et al. 2009)........c.cccvvereiinenciineneieeenee 20
House of quality diagram (Matzler and Hinterhuber 1998) ..........cccoocvviiiiiiiiniiiieieie 21

Attribute average importance scores across consumer clusters. Letters above bars within
each attribute signify difference (P < 0.05) ....cccoiiiiiiiiiee e 50
Multiple factor analysis of PMCATA data on 11 coffees (N=47 responses)... ............... 85
Principal component analysis biplot of trained descriptive panel data on 11 coffees....... 88
Percent represents the estimated percentage of consumers that would like the product
ADOVE the MBAN ...ttt nre e 91
Preference map of trained panel and consumer acceptance scores of black coffee........... 92
Preference map for Cluster 1 consumers of trained panel and consumer acceptance scores
OF DIACK COTTRR. ... bbb 93
Preference map of Cluster 2 consumers of trained panel and consumer acceptance scores
OF DIACK COTTRB....e e s sre e 94
Preference map of Cluster 3 consumers of trained panel and consumer acceptance scores
OF DIACK COTTRB ...t sne e 95
External preference map by partial least squares (PLS) regression for brewed black
coffees. N=150 consumer evaluations of each coffee. Consumer clusters are identified by

C1-C3. Coffees are indicated by numbers (Table 3.1).....ccccccoeiiiiiiiiiieieceeecereeis 96

vii



CHAPTER 1: AREVIEW OF KANO ANALYSIS IN CONSUMER
FOOD PRODUCT TESTING

Introduction

Kano analysis is a consumer research tool that can be used to define the relationship
between customer needs and customer satisfaction (Xu et al. 2008; Kuo et al. 2014).
Kano is useful and unique because it can identify asymmetric and nonlinear relationships
between variables (Chen 2012). Relationships that might be found using numbered or
line scaling tend to rely on a linear relationship where consumers respond to the question
and their willingness to accept a product, leading to an “ideal” point of consumer
acceptance. In reality, there might be a range of values that consumers find acceptable
and in Kano analysis, they are referred to as Attractive, Performance and Must-Be as the
3 main categories and Indifferent and Reverse as the two other categories (Kano et al.

1984).

Goal of Kano Analysis

It is not always enough to know if a product as a whole is liked by consumers. In a quest
for product optimization and generating the most consumer appeal with the least amount
of resources, it is important to understand how consumers view and appreciate the

individual components of a product. There are many approaches to understanding how a

consumer might view and appreciate the individual components of a product. These



include, but are not limited to, simply using hedonic questioning for each of the
individual components of a product, preference testing a wide range of products with a
number of different attributes and inferring attribute preference through techniques such
as penalty analysis, or applying a complex design of experiment or conjoint analysis to
identify combinations of appealing attributes. Kano modeling is an alternative method for
understanding how consumers feel about specific attributes of a product and, unlike the
previously mentioned methods, it does not rely on a scale or forcing consumer preference

in order to observe consumer sentiment.

What is Kano?

Kano modeling was originally founded on the theory of attractive qualities or service in
the work of Dr. Noriaki Kano in the field of quality management (Kano et al. 1984). This
model was also influenced by the Motivator-Hygiene theory that is used to model
employee satisfaction using work engagement and compensation in a similar fashion to
how Kano models consumer satisfaction of potential products by looking at consumer

sentiment of potential features and attributes (Ernzer and Kopp 2003; Mitrabasu 2013).

Kano modeling is based around the idea that simply adding more features to a product, a
“more is better” approach, is not necessarily the most effective way to improve consumer
satisfaction. Not only is this approach not efficient from a business standpoint by adding

more cost to a product or service, at times the added items can be dissatisfiers and may



increase consumer dislike or dissatisfaction with the product. Instead, Kano modeling
assumes that not all product components are valued equally and looks to have consumers
prioritize product attributes to determine what attributes matter the most to consumers
(Martin and Hanngton 2012). By understanding how consumers prioritize different
aspects of products, developers are able to more efficiently allocate their time and
resources to the most critical elements. Typically, the results of a Kano analysis are

displayed in a two dimensional graph (Figure 1.1).

How does Kano work?

Kano’s model works by first exploring selected attributes and then proceeding to
respondent questionnaires and statistical analysis where each attribute is assigned to one
of five dimensions of perceived quality. These dimensions can be seen in Figure 1.1. The

five qualities can be summarized as:

1. Attractive: These attributes increase consumer satisfaction, but cause no penalty to
consumer sentiment when missing. Kano originally called these “Attractive or
Delighters” because that is exactly what they are and do. These are the attributes that
can provide a point of difference and add value to a product.

2. One-Dimensional: The more these attributes are present, the more satisfied the
consumer will be. These are the requirements that can usually be expressed on a

linear spectrum such as the percentage of visible fat to lean in bacon or a light to dark



coffee spectrum. As the attribute move towards one end of the spectrum they will add
to consumer satisfaction. If the attribute moves to the other end of the spectrum, it can
have a negative impact on consumer satisfaction. These attributes can be important
because they need to be filled to a certain point in order to not have a negative impact
on consumer liking like a rejecter but can also add to consumer acceptability like an
attractive attribute if fulfilled past consumer expectations. They are essentially linear
drivers of liking.

Must-Be: When these attributes are present, consumers will have a neutral sentiment,
but when not present, consumers will be dissatisfied. These attributes are
requirements that must be included to avoid consumer dissatisfaction and are viewed
as standard elements of a product by the consumer.

Indifferent: These are the attributes that most customers don’t care about, whether
they are present or not, and these attributes have little to no benefit when it comes to
consumer satisfaction.

Reverse: Reverse attributes are those that cause dissatisfaction when present and
satisfaction when absent. They are essentially linear drivers of dislike. They most
typically find themselves in a product or service due to a lack of consumer research.
There are numerous examples in the food industry. One example is packaging. An
alcoholic beverage maker was seeking a premium ready-to-drink cocktail look by
making the bottle appear like a silver shaker. In post research, it was discovered that

the silver coating prevented the consumer from seeing the product and was a key



reason for a number of consumers not to purchase. The attribute and added expense
would be a reverse driver and may have been avoided with more thorough research

on packaging (J. McLean, personal communication 2016).

As with other consumer research tactics, there are no absolutes with the Kano model.
What one consumer describes as an attractive quality may be described as a one
dimensional quality by others and may even be a must be quality by some. These
differences in opinion are often attributed to customer segmentations with different
priorities. As with other consumer research tools, multiple consumers should be surveyed
and the average responses categorized. Segmentation of consumers can also be explored.
The advantages of classifying product attributes into Attractive, Must-Be, and

Performance qualities were described as follows by Matzler and Hinterhuber (1998):

e Product attributes are better understood: those which have the greatest influence on
consumer satisfaction can be identified and classified into Must-Be, Performance, and
Attractive qualities.

e Discovering and fulfilling attractive attributes creates a wide range of possibilities for
differentiation. A product which merely satisfied the Must-Be and Performance
qualities is perceived as only average and therefore interchangeable. Addition or

enhancement of one dimensional attributes can increase product appeal.



e Developers can set priorities for product development. It is, for example, useless to
invest in improving Must-Be qualities which are already at a satisfactory level. It is
better to improve Performance or Attractive attributes as they have greater influence
on the consumer satisfaction levels. More generally, Must-Be and Performance
qualities can potentially generate dissatisfaction and should first be brought under
control when developing a product. Once such sources of potential dissatisfaction
have been eliminated, attention can be focused on optimizing Performance and

Attractive attributes to potentially generate greater satisfaction.

Data Collection and Kano Analysis

Dimensions are determined for each product attribute based on the level of sufficiency
for which the attribute is present and the degree of consumer satisfaction (Lofgren and
Witell 2008). How a researcher acquires the information to make this model can take a
few different forms. Data can be collected by face-to-face interviews where researchers
analyze transcripts to identify attribute: consequence relationships (Fisher and Schutta
2003), or data can be collected through a survey where consumers are asked questions in
pairs: in one question the attribute is present and in the other it is not. Consumers are also
asked to respond to sentiments about the product in this method (Martin and Hanngton

2012). Through both of these methods, consumers respond with or are asked whether



they like the attribute, expect the attribute, accept the attribute, dislike the attribute, or are

neutral about the attribute.

The consumer responses are taken both when the attribute is present and when the
attribute is not present. Attributes are then categorized as Attractive (A), One-
Dimensional (O), Indifferent (1), Must-Have (M), or Reverse (R) for each consumer in
accordance with the grid in Table 1.1 (Lofgren and Witell 2008). Using this grid, the
frequency of consumer responses for each pair of questions is collected. For example,
the question pairs asked for a bacon packaging study would be: “How do you feel when a
window is present on the back of a package to view bacon?”” and “How do you feel when
a window is not present on the back of a package to view bacon?”” Consumer responses

would be one of the following for each question:

=

| enjoy it that way.

2. ltisa basic necessity (or, | expect it that way).
3. | am neutral.

4. 1dislike it, but I can live with it that way.

5. Idislike it, and I can’t accept it.

The easiest way to interpret the results of a Kano model is to classify each attribute as the

affinity it is most frequently considered by consumers (Sauerwein et al.1996).



Alternatively, there is a method to graphically represent consumer sentiments. This
graphic can show what attributes are placed firmly in a classification and which attributes
may be polarized among consumers. Using frequencies generated, the following

equations are used to calculate the satisfaction and dissatisfaction index:

e Satisfaction index __ %

A+O0+M+I

e Dissatisfaction index __"*°

A+O0+M+I

The attributes can then be displayed in a scatterplot (Figure 1.2) with satisfaction on the
y-axis and dissatisfaction shown on the x-axis. Attributes that are One-Dimensional
drivers will be located towards the top right quadrant (1), Attractive attributes in the top
left (I1), Indifferent attributes in the bottom left (111), and Must-Have attributes in the

bottom right (V) (Berger et al. 1993).

An example of real data collected and plotted can be seen in Figure 1.2. Attributes that
are seen to be unimportant are pushed down in bottom left corner of the plot, must-have
attributes migrate towered the bottom right of the plot with attractive attributes located in
the top left region and drivers of liking in the top right. An illustration of the different
regions of the Kano index plot can be seen in Figure 1.3 outlining the different

classifications (Xu et al. 2009).



What are Kano’s limitations?

There are some limitations to the Kano model. The model works based on asking
consumers what their affinity would be to a certain product feature. This can prove to be
a challenge if consumers are unfamiliar with a particular feature or if developers are
trying to test the affinity for an attribute that is currently not present in the market. It is
imperative for consumers to have a good understanding of the attributes of a product
class and the consequences associated with those attributes so that affinity can be
accurately gauged (Fisher and Schutta 2003). Because of this issue, it is critical that
respondents are screened correctly for a study and that the sample size is large enough to
evaluate consumer segmentations or usage and demographic differences in the

respondent base.

Why is Kano a good option for the food industry?

Consumer sentiment in product choices in a grocery store can be influenced by a number
of different factors including both sensory attributes as well extrinsic attributes such as
brand, packaging, label claims, and other market influences (Moskowitz et al. 2006;
Gelici-Zeko et al. 2012, Kim et al., 2013; Hubbard et al., 2016). Consumer testing has
shown that if these extrinsic characteristics of a product are recognized and accepted, the
product is more likely to be accepted by the consumer (Moskowitz et al. 2006; Childs et

al. 2008).



There have been many different methodologies used to try and understand how the
extrinsic factors of a product affect consumer liking. These can be as simple as asking
consumers how important they think a particular factor is, a Kano model, or as complex
as conjoint analysis. Both Kano analysis and conjoint analysis have been used in a wide
range of food applications including chocolate milk, produce and eggs to determine the
importance of extrinsic and intrinsic product attributes on acceptance (Wardy et al. 2014;

Kim et al. 2013).

As food companies are continuously trying to find the most effective ways to satisfy and
give consumers a point of difference with attractive attributes, deliver the must-haves as

efficiently as possible, and increase productivity, Kano analysis can be a key tool.

What work has been done with food?

Although Kano modeling did not originally start in the food industry, it has been used
successfully to better understand the attributes of many food products: Cottage cheese,
lemon-lime carbonated beverages, chocolate milk, and chicken eggs. Food and beverage
product development lends itself to Kano well due to the fact that a single type of product
can be divided into many different attributes and qualities. Some of these qualities can be
binary such as is a product organic or not, or a product can be one of many things such as
a flavor or attributes can also be scaled/categorized such as skim, 2% and whole milk.

The issues with looking at these attributes with a simple importance question are that it is

10



it only gets at the importance of having that attribute. This makes it difficult to
understand the penalty for not including an attribute. Consumers might say that thick cut
bacon is important to them but an importance question might fail to capture that there is
not a large decline in sentiment for a product that is not thick cut. This means that the
attribute of thick cut in bacon can serve as a point of difference from other products, but

it is not necessary for the consumer to have a positive sentiment towards the product.

Hubbard et al. (2015) used Kano modeling to evaluate consumer sentiment for attributes
that are present in Cottage cheese. This modeling was paired with conjoint analysis to try
and gain a full picture of consumer attitude in the category. This study found a number of
attractive attributes in Cottage cheese. Satiety, digestive benefits, all natural and reduced
fat were all viewed as attractive qualities. This means that their presence can add to
consumer acceptance but their absence would not cause a negative experience. One
dimensional qualities were tasting good and healthy, meaning that if a consumer
perceives these qualities to be present, then it can add to consumer desire and satisfaction
with Cottage cheese. If these qualities are not perceived to be present, then it can detract
from consumer liking. The only must-have product attribute was creaminess showing that
it is an expected quality that, if not present, will have a negative impact on consumer

sentiment.
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Kano modeling has also been used to demonstrate desired attributes in retail chicken eggs
which emphasized the importance of convenience and safety while also showing that
organic can be an attractive option to specific consumer segments (Wardy et al. 2014).
Kano modeling was also used by Oltman et al. (2015) to identify consumers key
attributes in protein beverages. Kano modeling was combined with an Adaptive Choice
Based Conjoint (ACBC) to gain a full picture on how consumers viewed attributes of
protein beverages. There were different attractive attributes for different consumer
segments. Some consumers put emphasis on the amount of protein while others put
emphasis on natural sweetener(s) and an all natural label claim. Kano modeling can also
be applied to food packaging. Kim et al. (2013) evaluated the impact of packaging
information on consumer acceptance of chocolate milk. This study was also paired with
a conjoint analysis to gain a more detailed understanding of how consumers view
attributes of chocolate milk packaging. This study also found differences in expectations
between consumer segments supported by the conjoint results and Kano modeling. These
differences showed that there are brand name preferences between segments as well as

differences in expectations for organic ingredients, fat levels and sugar content.

By knowing this information, product developers and marketers can better prioritize the
attributes of a product and the cost to develop the attributes. By first prioritizing must-
haves and one-dimensional attributes, developers build a floor of meeting consumer

expectations. It is important to address these concerns first because they can potentially

12



have a negative impact on consumer experiences. After addressing must-have and the
one-dimensional attributes, developers can look to enhance one-dimensional attributes
and implement attractive elements to provide value added qualities to the consumer that

can enhance their reasons to buy and their loyalty to the product.

Kano’s Contribution to Other Methods

The Kano method was a cornerstone of developing a new method to choose products to
be tasted when conducting preference mapping. This method is referred to as Adaptive
Preference Target (APT). For a given category, researchers prioritized products and
proposed a hierarchical order to be presented to each consumer. As they learned from the
Kano model, some attributes explain only dissatisfaction (i.e. Must-Have attributes) and
others explain satisfaction (i.e. attractive attributes). So, in product selection, the
researchers avoided focusing on rejected ranges that are not optimized on Must-Have
attributes and hypothesized that these products would not help explain what drives
satisfaction. Even if a product presents an optimum level for an Attractive attribute, its
effect on satisfaction can be hidden if the product is not optimized for a Must-Have
attribute (Riviere et al. 2006). This methodology is acknowledging that consumer
satisfaction does not have a linear relationship with attributes present in a product and
that some attributes might contribute or detract more or less from consumer satisfaction

dependent on how present they are in a product.
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More generally, it was theorized that product satisfaction is determined by the absence of
dissatisfaction for each of its attributes. Researchers proposed a two-sequence test that
takes Kano’s typology of attributes into account for each individual. First, APT aimed to
find the prerequisites for each consumer by exploring the whole product range in an
initial sequence. Then, in the second sequence, the new methodology focused on the
individual preferred products to better identify Attractive attributes for each consumer.
This sequential approach leads to products that are adapted to each consumer according
to his or her specific preferences (Riviere et al. 2006). APT addresses one of the largest
shortcomings of Kano models. That is, Kano only shows the direction of consumer
sentiment but is not equipped to gauge the magnitude of change that might occur if an
attribute is altered. For example, consumers might report that thick cut bacon is an
attractive attribute meaning that if it is included, consumer acceptance would be expected
to increase. However, it is difficult to know if the increase in consumer appreciation will
be large enough to be meaningful or to offset the cost of changing the attribute. This is
why it is important to combine or follow up Kano models with hedonic questions or other

methods to quantify changes in consumer acceptance.

Quality Function Deployment (QFD) was developed in the 1960s with the purpose of
developing a quality assurance method that would design customer satisfaction into a
product before it was manufactured. Prior quality control methods were primarily aimed

at fixing a problem during or after manufacture (Akao 2003). QFD was able to utilize

14



Kano’s method for understanding consumer needs and prioritize product attributes while
also keeping in consideration the interaction effect that attributes might have on one
another as well as added costs of production (Matzler and Hinterhuber 1998). QFD is
used to identify each customer requirement (effect) and to identify the design substitute
quality characteristics and process factors (causes) needed to control and measure it using
a diagram known as a House of Quality diagram (Figure 1.4) with customer needs on the
side and supplier responses on top. What was missing, though, was a way to determine
which of the customer requirements were Attractive, Must-Have, Indifferent,

Questionable, or Reverse, this was where Kano analysis has made QFD more efficient.

Recommendations

Kano analysis can be a very powerful tool that is able to uncover meaningful information
that is not always apparent in other testing methods. It can be used as a way to understand
the quality of attributes for a product that acutely matter to your consumer and help shed
light on what it is that they expect and appreciate in particular goods. Kano modeling is a
good primary tool to understand what attributes impact consumer sentiment and can be
used to prioritize resources against attributes that consumers consider must-have,
attractive, one-dimensional, reverse or are indifferent about. Kano modeling can be used
as a stand-alone method to understand consumer sentiment toward attributes of a product.
However, it is often important to understand the degree of impact of changes to these

attributes. In order to understand the magnitude of difference made by attributes, it is
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important to pair Kano with a hedonic scaled method of data collection. By
understanding what it is that consumers desire out of their product, researchers can strive

to achieve optimal satisfaction for product users.
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Figure 1.1 Kano's model for customer satisfaction (Kano et al. 1984).
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Table 1.1 Matrix for Kano classification

Attribute not present

Juasald angquNyY

Like Expected Neutral Accept Dislike
Like Questionable | Attractive | Attractive Attractive | One-dimensional
Expect Reverse Indifferent | Indifferent | Indifferent | Must have
Neutral Reverse Indifferent | Indifferent | Indifferent | Must have
Accept Reverse Indifferent | Indifferent | Indifferent | Must have
Dislike Reverse Reverse Reverse Reverse Questionable
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Figure 1.2 Kano results scatterplot of bacon attributes. An example.
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Figure 1.4 House of quality diagram (Matzler and Hinterhuber 1998).
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CHAPTER 2: CONSUMER PERCEPTION OF RETAIL PORK
BACON ATTRIBUTES USING ADAPTIVE CHOICE CONJOINT
ANALYSIS AND MAXIMUM DIFFERENTIAL SCALING

Practical Applications

Consumer survey techniques have expanded to a mass of possibilities due to the ubiquity
of internet access. Adaptive Choice-Based Conjoint (ACBC) is a research technique that
allows consumers to react to assembled products and identify product attributes that they
prefer. This technique allows researchers to evaluate changes in current products or
product price to maximize consumer appeal. Kano questions allow researchers to look at
the individual aspects of a product and understand consumer sentiment and expectations
towards those product qualities while Maximum Difference scaling allows consumers to
directly rank single attributes of a product relative to one another. A combination of
these three approaches can provide key understandings on consumer perceptions of retail
bacon allowing companies to optimize and maximize their development and advertising

resources.

Introduction
Bacon is one of the most iconic food products in the retail space. In the past few years,
the consumer demand for pork bacon has increased and this increase in demand, coupled

with the high value of pork bellies (the source of bacon), suggests the potential for bacon
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beyond commodity value. As such, it is important to understand why and how bacon
consumers view the value of bacon qualities and how that can assist in product

development and positioning.

Understanding and fulfilling consumer needs has been well recognized as one of the
principle factors for product design and development success (Mckay et al. 2001). Kano
questioning, Adaptive Choice-Based Conjoint (ACBC) and Maximum Difference scaling
(MaxDiff) are useful tools for gauging consumer sentiment and relating that to consumer
preference. Kano questioning is an effective method for understanding the direction of
consumer attitudes towards individual qualities of a consumer product by questions to
determine the direction of consumer sentiment (Kano et al. 1984). Bacon can be easily
divided into specific attributes ranging from flavor, thickness of the cut, fat to lean ratio,
or various label claims such as lower sodium, all natural or center cut. Individual qualities
can be identified as having a positive or negative impact on consumer satisfaction. The
Kano model abandons the strictly linear continuous scale that is used in hedonic testing to
determine the impact of an overall product or attribute in favor of identifying individual
attributes that have the potential to elicit consumer satisfaction or dissatisfaction (Mikuli¢
et al. 2011). Consumers are asked how they feel about the presence of specific product
qualities and then asked again when the same quality is not present to gauge consumer
sentiment for that specific attribute or quality. Kano modeling has been used to evaluate a

number of different food products including biscuits (Riviere et al. 2006), fresh eggs
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(Wardy et al. 2014), chocolate milk (Kim et al. 2013), and fresh tomatoes (Oltman et al.

2014).

Conjoint analysis is another useful tool for understanding consumer preferences towards
the components of a product. Conjoint methods evolved from the field of mathematical
psychology, statistics, and economics (Orme et al. 2010). Conjoint can be used to
determine the attractiveness of individual product features collectively for a product and
has been widely used in the fields of sensory and market research. Conjoint analysis has
been used to evaluate product attribute appeal in many different food categories including
sour cream (Jervis et al. 2012), chocolate milk (Kim et al. 2013; Li et al. 2014), protein
beverages (Oltman et al. 2015), fresh tomatoes (Oltman et al. 2014), and strawberry
yogurt (Vickers 1993). Unlike Kano questioning, which focuses on the satisfaction of

individual attributes, conjoint evaluates how various attributes are perceived collectively.

There has been an evolution of conjoint over the years, and there are a few types of
conjoint available. Full-Profile Conjoint Analysis was designed to measure all possible
combinations of attributes in a product, Adaptive Conjoint Analysis (ACA) was made to
handle larger groups of attributes and levels by only presenting a partial presentation of
possible combinations based on initial consumer responses, and Choice-Based Conjoint
(CBC) is a method that uses consumer-made ideal product as a reference for product

combinations that are presented (Orme, 2010). Adaptive Choice-Based Conjoint
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(ACBC) recently combined the adaptive qualities of ACA and the starting reference point
of CBC. Menu-Based Conjoint (MBC) is another recent form of conjoint that works in a
similar fashion as CBC, the only difference being that levels within the attributes can be
treated as check-all-that-apply, allowing consumers to select multiple levels within an

attribute (Orme, 2010).

Maximum Difference scaling (MaxDiff), also known as Best-Worst Scaling, is another
way to compare the individual attributes of a product. MaxDiff allows for direct
assessment of individual attributes. Unlike conjoint, MaxDiff does not split up products
into attributes and levels. Instead, a list of individual products, attributes or statements are
presented and the customer is asked to evaluate the best or most preferred option as well
as the worst or least preferred one (Erdem et al. 2012). MaxDiff Scaling has been applied
in food research for attributes of olive oils (Dekhili et al. 2011) and dark chocolate

(Thomson et al. 2010).

Pork bacon has been largely viewed as a commodity food product. As such, very little
sensory research has been published, and sensory work that has been published has
focused on advancements in processing technologies (Risvik and Einar, 1986) or quality
assurance (Lowe et al. 2014). The objective of this study was to explore the attributes of
retail bacon that influence consumers to purchase and consume it. In this study, we set

out to find the positive aspects of bacon that influence consumers at the point of purchase
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and demonstrate that bacon consumers can have diverse preferences in a product category
that is largely viewed as ubiquitous and as a commodity. By using the three methods
(Kano, MaxDiff and ACBC) that go beyond basic hedonic questioning, we will provide
not only the liking of attributes but be able to provide guidance to a company on how to
maximize resources by prioritizing attributes that are the most impactful on consumer

purchase decisions.

Materials and Methods

Online surveys were constructed and launched using SSI Web (Sawtooth Software
version number 8.3.10, Orem, UT, U.S.A.). The survey was uploaded to the internet and
distributed to a database of 7000 consumers maintained by the North Carolina State
University Sensory Service Center (Raleigh, NC, U.S.A.). Consumers were asked a series
of demographic questions as well as consumption questions to make sure that they had
purchased and consumed pork bacon in the last 60 days. Qualified respondents then
proceeded to the Kano, ACBC, and MaxDiff portions of the survey as described below.
After respondents completed the survey, they were entered into a drawing to receive one
of ten $50 or $25 gift cards to a local shopping store. A total of 1410 qualified responses

were collected.
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Conjoint Survey

Seven attributes (package size, brand, claims, thickness, flavor, an image representing fat
to lean ratio, and price) were selected with different levels within each attribute (Table
2.1). These attributes were chosen based on representation of different characteristics
observed in the retail bacon space. The ACBC began with a build-your -own (BYO)
exercise where respondents were asked to construct their ideal product from the levels
and attributes provided. This was followed by eight screening tasks with five products per
task and possible responses of “a possibility” or “will not work for me.” Between
screening tasks, four “unacceptable” questions and three “must have” questions were
asked. The screening task section was followed by an eight-question choice task
tournament section consisting of three choices each. A maximum of 16 products were
brought into the choice tournament including the BYO configuration that the respondent
made at the start of the exercise. Root likelihood values were analyzed to remove any

respondents with values below %5 (Orme 2010; Jervis et al. 2012).

Kano Analysis

Kano questioning focused around a variety of attributes that can be present in bacon in
order to determine how these attributes impacted consumer satisfaction or dissatisfaction.
All respondents were asked to first indicate their opinion for each attribute when that
attribute was present (ex. “Bacon that is low sodium”) with the possible responses of “I

will like it,” “I must have it,” “I don’t care,” “I can live with it,” or “I will dislike it.”
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Respondents were then asked their opinions about the attributes in a reductive format (ex.
“Bacon that is not low sodium”) with the same possible responses. The answers chosen
for the additive and reductive questions were then used to calculate a Kano contingency

table (Xu et al. 2009).

Consumer Importance and Emotions

Following Kano questions, consumers were asked a series of questions about the
importance of various bacon attributes using a 5-point scale that ranged from 5 (“very
important”) to 1 (“Not important at all”’). Importance questions were then followed by
emotional response questions where consumers were asked how they felt about various
bacon attributes with a CATA (check-all-that-apply) list of emotions adapted from Jervis

et al. (2014). Emotions selected by over 20% of respondents were reported.

MaxDiff Scaling

Two MaxDiff exercises occurred after the conjoint exercise. The first exercise consisted
of 20 photographs of bacon in flat board packages. For this exercise, the bacon
appearance varied across the 20 samples in the amount of visible fat:lean or the shape of
the bacon strip as seen in the package (Table 2.2). The purpose of this exercise was to
determine visual cues in the appearance of packaged bacon that might influence
consumers. The second exercise consisted of photographs of three strips from each of the

same 20 bacon packages placed on butcher paper (Table 2.3). The purpose of this
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exercise was to determine visual cues of bacon strips that might influence consumers.
This task also allowed us to determine any correlations between consumer perception of
bacon packaging and the same bacon viewed as individual strips. Each of the exercises
was set up using best-worst scaling labeled as “most appealing” and “least appealing.”
Each respondent completed best-worst questions for ten sets of bacon in each exercise.
Each set consisted of five sample images with the following question: “which of the

bacons (or bacon packages) do you find most appealing and least appealing?”

Statistical Analysis

Data analysis was performed using XLSTAT version 2014.6. (Addinsoft, New York, NY,
USA). Importance questions were analyzed using a Kruskal-Wallis test with Dunn’s post
hoc test. Emotional questions were analyzed for frequency of choice using a Chi-squared
significance test. A Kano index was calculated based on consumer responses to the
satisfaction or dissatisfaction questions (Kano et al. 1984, Kim et al. 2013). For the
ACBC survey, the individual utility scores were calculated using SSI web (Sawtooth
Software 8.3.10, Orem Utah U.S.A.) by Hierarchical Bayesian estimation. An analysis of
variance was used with Fisher's least significant difference to determine significance
between levels and attributes within the sampled population (n=1410). Cluster analysis of
utility scores was performed with k means clustering followed by analysis of variance

with means separation for determination of differences within each cluster. MaxDiff
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scores were also evaluated by SSI Web (Sawtooth Software 8.3.10, Orem Utah U.S.A.)

by Hierarchical Bayesian estimation.

Results and Discussion

Demographics

A total of 1410 consumers completed the survey based on self-reported consumption of
pork bacon at least once per month. They were primarily female (72.3%) and identified
as Caucasian (70.7%) with more than 75% having at least some college education. Thirty
percent were between the ages of 18-25 y, 34% ages 26-45 y and 36% > 46 y. An even
distribution of income was also self-reported with annual household income ranging from

< $30,000 to more than $100,000.

Conjoint Analysis

No respondents had an RLH value below 0.333, so all data was carried into the analysis.
Importance values with higher scores indicate that the attribute is more important than
other attributes with lower importance scores (Orme 2009). Overall, consumers reported
price to be the most important factor, followed by the visible fat:lean and then flavor type
(Figure 2.1). For the utility scores (zero centered), within an attribute, higher scores
represent more appealing levels, and lower scores represent less appealing levels (Orme

2009). Overall, consumers preferred bacon that came in a large package size, was low in
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price, had a high lean:fat ratio, and was a normal hardwood smoked bacon flavor (Table

2.4).

Three different clusters were identified based on the individual utility scores: a price
motivated cluster (n=702), a flavor motivated cluster (n=317), and an appearance
motivated cluster (n=391) (Figure 2.1, Table 2.4). Demographic information (age,
ethnicity, household income, age, education) was not distinct among clusters (p>0.05)
(data not shown). The price motivated cluster placed a significantly higher importance
on the price and the package sizes of the bacon. Within the attributes of package size, the
price motivated cluster also placed more utility on packages of a larger size (160z, 200z,
2402), consistent with a price conscious mindset. In the attribute of price, all segments
placed more utility on bacon that was a lower price, but the price motivated cluster placed

the greatest utility on bacon that was a lower price.

The flavor driven cluster placed their highest importance score on the flavor type of the
bacon, showing an affinity towards bacon that was hickory, hardwood, or no flavor added
(Table 2.4). All three of these flavors are representative of traditional bacon flavors. The
flavor driven cluster placed a low utility on flavors like maple, pepper, honey, or cherry
wood, flavors that are not viewed as standard. The flavor cluster placed their second
highest importance score on the price of the bacon, showing a preference for bacon that is

low in price. This shows that these consumers are price sensitive but are more likely to
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narrow down their choice based on flavor rather than a purchase decision based on price

alone.

The visual cluster placed the highest importance scores on the visible fat: lean attribute
which was represented by the five images of bacon packages that displayed a gradient of
visible fat: lean (Table 2.1, Table 2.4). The visual segment showed a preference for bacon
that had a high visible lean percentage. The price and the flavor segments also showed
significant preference for high visible lean options, but this preference was more
pronounced in the visual consumer segment. The visual segment placed their second

highest importance score on the price of the bacon.

Thickness was seen as the least important attribute of the seven attributes evaluated
(Figure 2.1). The flavor driven cluster placed more importance on thickness then the
other two (p<0.05), however the mean difference in importance was much smaller than
other attributes such as price, visual fat to lean ratio and flavor. Within the clusters, the
price and visual motivated clusters showed a preference for thick cut bacon while the
flavor driven cluster showed a preference for normal cut bacon. This is an interesting
result since thick cut bacon was seen as an attractive quality by all of the consumer
clusters by Kano analysis. This suggests that consumers view thick cut bacon as a value

added quality but are very willing to compromise it for of other attributes.
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Brand was seen as the sixth most important attribute of the seven that were tested (Figure
2.1, Table 2.4). The flavor and visual clusters top three scoring brands were Boars Head,
Smithfield and Oscar Mayer. These are national or regional brands available in the
Raleigh, NC area, demonstrating that brand identity is meaningful to these consumers but
is not as valued as it is with other products. The price motivated cluster listed their top
three as Boars Head, Smithfield and Store brand (Table 2.4). The presence of store
brand in the top 3 brands for this cluster once again emphasizes their primary desire for
low price since store brands are typically less expensive than name brands. The utility
score of store brand was higher in cluster one (price driven consumers) compared to the
other two clusters (p<0.05) but again, the mean difference was much smaller than the
difference in utility scores of the most important/valued attributes like flavor, price and
visible fat to lean. Bacon is not a highly branded product so results are not surprising.

Name brand was quantified as indifferent by Kano analysis for all three clusters as well.

Label claims were listed as the fifth most imported attribute out of the seven that were
tested. The flavor motivated consumers placed more importance on label claims then
clusters motivated by price and appearance. The highest rated label claim by all three
clusters was “all natural” and “center cut”. “All natural” was listed as a must have
element by Kano analysis for all three of the consumer clusters. It is unclear if
consumers are motivated by the label claim of all natural which requires that the bacon be

uncured, or if they just want to perceive bacon as “all natural” and minimally processed.
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Further consumer testing would be needed to determine if uncured bacon is seen as all

natural and preferred to cured bacon.

Kano Analysis

Kano questions can be another way to understand how consumers perceive attributes
present in bacon. Must-have attributes are attributes that must be present for the product
to be acceptable, their stated presence does not necessarily add to consumer satisfaction,
but if they are missing, can lead to dissatisfaction. One-dimensional attributes are directly
related to consumer satisfaction in a linear way. Attractive attributes will lead to
consumer satisfaction but will not decrease satisfaction if the product lacks these
attributes. Indifferent attributes have no effect on consumer satisfaction (Kano et al.

1984).

The bacon attribute that was a universal one-dimensional driver across all consumers and
consumer clusters was bacon that was high in visible lean (Table 2.5). Thick cut bacon
was regarded as an attractive quality across all consumers and in all three consumer
clusters. The fact that it is attractive might explain why the thickness of cut was so low in
importance from the ACBC, as there is not a penalty for not including the attribute in any
of the consumer segmentations, but it remains an attractive bacon attribute. Center cut

was also an attractive attribute in the price motivated and the appearance motivated
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clusters. This is conducive to the ACBC fat to lean importence and utility score results, as

center cut bacon has a higher lean to fat ratio than non-center cut bacon.

Bacon that tastes good was listed as a must-have attribute across all consumers and in all
three consumer clusters. This is unsurprising as people expect bacon to taste good. There
would be a penalty in satisfaction for it not tasting good. This also shows that by not
being listed as one-dimensional, consumers do not view bacon as a product that has an
ability to taste exceptionally good. There is no increase in consumer appeal for bacon that
is more apparently good tasting, perhaps because all bacon, even bacon that has less

attractive attributes, would still be expected to taste good.

A Kano result that was present in three clusters was bacon that is “natural” was a must
have attribute. This is an interesting result because most bacon cannot make the label
claim of all natural or natural. Bacon is a cured meat containing salts as well as nitrates
and nitrites. The addition of nitrates and nitrites violates the Food Safety and Inspection
Service (FSIS) requirements for bacon to be labeled as natural (21 CFR 101.22). Curing
bacon acts as a preservative but also provides bacon with characteristic color and flavor.
The contribution of nitrite to cured meat flavor is well established (Gray and Paterson,
1984). Curing with nitrate causes bacon to have its characteristic red color as well as
prevent microbial growth. Bacon that is not cured is labeled uncured bacon and lacks the

distinct bright red color of cured bacon and its characteristic flavor. It is difficult to tell if
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consumers care about the label claim of “natural” in bacon or if it is something desired
across all food products or if consumers want to perceive bacon as natural or
“wholesome”. When consumers were asked how they felt about bacon that was cured, all
clusters were indifferent, most likely due to a lack of knowledge of what cured meant.
When consumers were asked about preservatives in bacon, the visual and the flavor
clusters both listed this as a rejector. Preservatives in food as a whole have a negative
image with consumers and this result likely reflects this sentiment. Interestingly, only
the visual cluster listed nitrite as a rejecter. The other two consumer groups listed nitrite
as indifferent, again perhaps due to a lack of knowledge or understanding of what nitrite
is (a preservative). Nitrite is also the component that causes the red “cured meat” color in
bacon that the visual cluster was most positively driven by in the conjoint analysis.
Sensory testing is needed to understand if the addition of a label claim or processing
without nitrite would lead to a significant impact in consumer liking in the absence of the

visual and flavor attributes that nitrite provides.

There was also not a direction for consumer sentiment on many of the label claims that
can come with bacon such as low sodium or polyunsaturated fats. This suggests that
consumers do not expect bacon to be healthy or at least, it is not a quality that consumers
place much value in when purchasing bacon. This was also reflected in the conjoint
results, label claims had one of the lowest importance scores across all the attributes

(Figure 2.1). A similar result was also given when asked if consumers prefer a bacon that
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was a name brand. All consumer clusters were indifferent to brand, this result was also
reflected in the conjoint where brand had one of the lowest importance scores (Figure
2.1). This result supports the commodity mindset for bacon that brands are not

important.

Importance and Emotions

Importance scores were consistent with the results gathered in the ACBC exercise (Table
2.6). Consumers from the price motivated cluster rated bacon that is low in price higher
than the other two clusters. The appearance segment rated bacon that looks high in lean
and packaging where they were able to see the bacon highest in importance and higher
than the other two segments. The price motivated segmented rated price to be more
important the other two segment (p<0.05), consistent with the conjoint result. When ask
about how important brand was for bacon, all three clusters gave it the lowest score out
of all questions asked < 3 on a 5 point scale (1=not important at all 5= very important)

again consistent with conjoint and Kano results.

The value driven cluster gave the lowest importance scores for sodium content,
polyunsaturated fats, and all natural. This result is consistent with their value-first
mentality, showing that they are not easily influenced by label claims. The flavor driven
consumers gave lower importance scores then the other two clusters for flavored bacon.

These consumers were drawn to bacon flavors that are thought of as original flavors,
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hardwood, hickory or no flavor added. This suggests that they are less inclined to try a
new or different flavor of bacon. When asked about servings per package, there was no
difference between the three clusters (p>0.05). This is a surprising result because the
value driven cluster had a significantly larger importance score in package size in the
conjoint results. This result likely suggests that all three clusters believe that package size
is important to them but the flavor and appearance consumers are willing to compromise
on package size for other attributes more easily. When asked about bacon that looks fatty
or bacon that looks lean, the visual cluster placed a higher importance score compared to
the other two clusters (p<0.05). All three clusters scored bacon that looks lean high in
importance, consistent with the Kano results where bacon that looks lean was a positive

driver.

Overall, consumers had positive feelings towards bacon, with greater than 20% of the
population stating that bacon made them feel “Glad,” “Good,” “Happy,” “Joyful,”
“Nostalgic,” and “Pleasant.” Greater than 20% of the sampled population also reported
bacon making them feel “Nostalgic” and “Guilty.” There was no significant difference in

emotional response across the consumer clusters (p>0.05) (results not shown).

MaxDiff

Knowing that appearance is a significant factor in bacon appeal for all consumer clusters,

it is important to know the impact that appearance can have at the point of purchase as
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well as at the point of use. Two MaxDiff ranking exercises were performed to address
this issue. The first with twenty photos of bacon in packages and the second with the
same twenty bacons laid out in strips on butcher paper. There were sixteen significant
groups in the exercise with bacon packages and fourteen significant groups in the
exercise with bacon strips (Tables 2.7 and 2.8). The bacons that were considered to be the
most appealing by the consumers were sample numbers 20, 15 and 18. These packaged
samples had a high level of visible lean to fat and lacked any overt packaging defects.
Samples 10, 11 and 7 were considered to be the least attractive options. These packages
had very high levels of visual fat and were sliced in a way that made them atypical and

not positioned in the package correctly.

Although the individual exercises indicated differences, when the results of the strip and
package exercises were compared for correlation, there was no significant correlation (r-
squared value of 0.198, p>0.05). This result demonstrates that there is a lack of
correlation between bacon that consumers found appealing in and out of the package.
This result suggests a challenge in meeting consumer expectations where industry could
improve packaging windows to better meet consumer expectations when the bacon is

removed from the package.

There has been no published work to our knowledge on bacon appearance, attributes and

package claims that are appealing to consumers. It may exist within companies, but is
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not available in the public domain. Work that has been published has focused on
advancements in processing technologies (Risvik and Einar, 1986) or quality assurance
(Lowe et al. 2014). The current study provides some key findings. Firstly, our results
indicate that bacon has consumer appeal beyond a commodity. The commodity aspect of
bacon was demonstrated by price being an important factor in all clusters and brand had
minimal importance in conjoint and importance ratings. However, the most appealing
attribute for two of the consumer clusters was not price, indicating industry and brands
can develop “reasons to buy” that will delight the consumer and have the potential to
make them brand loyal. A future areas of research should examine the production of a
nitrate free bacon that will still deliver on taste important to the visual cluster. Another
area of research would be to further optimize the flavor varieties. This research indicates
that traditional flavors are important and more appealing to the flavor cluster, but more
research could be done on combining the traditional flavor with a unique flavor. This
could make the consumer more comfortable with a unique flavor that a company can

market as a point of difference.

Conclusions

By utilizing all three methods of analysis, the key attributes of bacon were identified and
distinct consumer clusters that have different expectations for bacon products were
identified. Apart from price per pound, bacon is not treated as a commodity good by all

consumers and flavor type and lean:fat appearance are also driving factors in bacon
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appeal. It is also important to note that there does not appear to be a correlation between
bacon appearance appeal when it is in versus out of the package. Manufacture research
could shed light on how to remove this disconnect in appeal of bacon in and out of the

packaging while also capitalizing on the value-added bacon attributes.
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TABLES AND FIGURES

Table 2.1 Attributes and levels used in the ACBC conjoint survey.

Attributes Levels

Package size 80z

120z

160z

200z

240z

Brand Smithfield

Oscar Meyer

Hormel

Boar’s Head

Store Brand

Wright

Gwaltney

Claims No Claims

Low Sodium

All Natural

Center Cut

Front Image (fat to lean)

48.02% Visible
Lean to Fat

53.95% Visible
Lean to Fat

57.96% Visible
Lean to Fat

76.88% Visible
Lean to Fat
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Table 2.1 cont.

81.25% Visible
Lean to Fat

Flavor

Applé Wood

Maple

Honey

Peppered

Cherry Wood

Hickory

Hardwood

No flavor added

Thickness

Normal cut

Thick cut
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Table 2.2 Twenty images used for bacon pack appearance in MaxDiff exercise.
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Table 2.3 Twenty images used for bacon strips appearance in MaxDiff exercises.

e

SR

48



Table 2.3 cont.
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Figure 2.1 Attribute average importance scores across consumer clusters. Letters above bars within each attribute
signify differences (p<0.05).
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Table 2.4 Utility scores for levels within attributes for consumer clusters.

Cluster 1 Cluster 2 Cluster 3 All
n=702 n=317 n=391 N=1410
Package | 80z 2575 cE |-0767 aC |-0.797 ac |"1675bD
Slze
120z 0367 D | 0044 aB|0053 ap | 0-158bC
160z 0872 aB |0552 dA|0615 cA |0-729bB
200z 0683 aC |0.031 cB |0008 cB | O-350PA
2407 1387  aA [0139 B |0121 cB | O-7OOPA
Brand | Smithfield |0.492  aA | 0417 aB | 0462 aA | 046723A
Hormel 0161 bD |-0.146 bD |-0.089 ap |01372E
Oscar 0067 aC |-0.049 aC |-0007 ac |00473C
Meyer
Storebrand | -0.034 aC |-0.155 bD |-0132 bpD | 0:0882bD
Boars Head |0.291  cB |0533 aA |0342 bc |0-360PB
B
Wright 0318 aE |-0360 aF |-0337 aF |03332C
Gwaltney |-0203 aD |-0240 aE |-0.240 aE |-0-221@F
Claims | NoClaims |-0416 aD |-0556 bD|-0.465 ac | 461D
Low 0193 aC |-0338 cC |-0136 aB |0-210PC
Sodium
All Natural | 0.364 cA |0739 aA |0352 cA | 0-445bA
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Table 2.4 cont.

Center Cut |0.244  aB |0155 bB |0.249 aA | -22988
Thickness | Normalcut | -0.078  bB |0.105 aA |-0.020 bA | 0:020bA
Thickcut 0078  aA |-0.105 cB |0.020 bA | 0020PA
Flavor | AppleWood | 0.539  aA | 0683 aB |0484 bA | 059028
Maple 0098  aC |-0.618 cC [0.003 ab |0-089PD
C
Honey 0696 aE |-1695 CcE |-0.687 ap | O-918DbE
Peppered | -1.052  bF |-1227 bD|-0794 aD | -0220F
Cherry 0087 aD |-0328 cC |-0186 bc | 0-169PD
Wood
Hickory 0575 bA |0975 aB |0549 bA |0-658DA
Hardwood | 0380  bB 0782 aB |0183 cB |0416bC
Noflavor [0.243 ¢B |1427 aA |0447 bA |0-566DB
added C
Fatto lean | #8020 11767  ag |-1076 bD|-6180 dE | 2833 CE
Visible Lean
to Fat
53.95% 0005 aD |0.083 aC |-0.949 cD |70-247bD
Visible Lean
to Fat
57.96% 0179 aC | 0063 bC |0031 bc |0-112abC
Visible Lean
to Fat
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Table 2.4 cont.

76.88% 0664 B |0369 dB|2871 aB |1-21PB
Visible Lean
to Fat
81.25% 0.924 A | 0561 dA 4226 aA | 1-798DA
Visible Lean
to Fat

Price Price: 232 |7.215  aA | 1310 bA|1.893 dA | 4412CA
Price: 13.47 | -7.215 dB |-1.310 bB |-1.893 aB | 4+412¢B
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Table 2.5 Kano classifications.

Total
Cluster 1 Cluster 2 Cluster 3 populat
n=702 n=317 n=391 ion
n=1410
Bacon that is low sodium Indifferent Indifferent | Indifferent Indifferent
Bacon that is all natural Must-be Must-be Must-be Attractive
Bacon that is certified
humanely raised Indifferent Indifferent Indifferent Indifferent
Bacon that has preservatives | Indifferent Rejecter Rejecter Indifferent
Bacon that is cured Indifferent Indifferent Indifferent Indifferent
Bacon that is microwaved Rejecter Rejecter Rejecter Rejecter
Bacon that is fried Indifferent Indifferent Indifferent Indifferent
Bacon that tastes good Must-be Must-be Must-be Must-be
Bacon that is flavored Indifferent Indifferent Indifferent Indifferent
Bacon that is center cut Attractive Attractive Indifferent Attractive
Bacon that is crispy Attractive Must-be Must-be Attractive
Bacon that is chewy Rejecter Rejecter Rejecter Rejecter
Bacon that is low in price Indifferent Indifferent Indifferent Indifferent
Bacon that comes in bulk
packaging Indifferent Indifferent Indifferent Indifferent
Bacon that is low calorie Indifferent Indifferent Indifferent Indifferent
Bacon that is thick Attractive Attractive Attractive Attractive
Bacon that is name brand Indifferent Indifferent Indifferent Indifferent
Bacon that has added nitrite | Indifferent Indifferent Rejecter Indifferent
Bacon that is dark in color Indifferent Indifferent Indifferent Indifferent
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Table 2.5 cont.

Bacon that is light in color | Indifferent Indifferent Indifferent Indifferent
Bacon that is firm when raw | Indifferent Indifferent Indifferent Indifferent
Bacon that is flimsy when

raw Indifferent Indifferent Indifferent Indifferent
Bacon that contains

polyunsaturated fats Indifferent Indifferent Indifferent Indifferent
Bacon that is thick cut Attractive Attractive Attractive Attractive
Bacon that has a lot of

visible (white) fat Rejecter Rejecter Rejecter Rejecter
Bacon that has a lot of One- One- One- One-
visible lean (meat) portion | dimensional dimensional dimensional dimensional

Kano classification was calculated by previously described methods (Kano et al. 1984). The contingency

table of satisfaction and dissatisfaction answers was created for each feature.
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Table 2.6 Importance scores for bacon attributes. Different letters in rows following means signify
differences (P<0.05). Importance was scored on a 5-point scale where 1 = not at all important and 5 = very

important.
Cluster 1 | Cluster 2 | Cluster 3 All
n=702 n=317 n=391 | N=1410
How Low price 4.07¢c 3.39 3.65b 3.80b
important
is .... Brand 2.76a 2.9ab 2.96b 2.85ab
Being able to see the bacon
in the package 4.49a 4.46a 4.65b 4.53ab
Sodium content 3.18a 3.36ab 3.51b 3.31ab
Polyunsaturated fat content | 2.86a 3.15b 3.14b 3.00ab
Bacon that is all natural 3.17a 3.54b 3.48b 3.34ab
Bacon that has a flavor
(Maple or Apple Wood...) |3.03b 2.82a 3.12b 3.01b
Servings per package 3.45a 3.3a 3.3a 3.37a
Bacon that looks lean 3.94a 3.97a 4.46b 4.09a
Bacon that looks fatty 3.09a 3.32ab 3.36b 3.22ab

Lettering denotes significant difference based on 95% confidence interval.
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Table 2.7 Mean MaxDiff scores for bacon packaged images (scaled to 100). Higher scores denote higher
MaxDiff ranking (more appealing) images.

Item | Average
Number | score

20 | 13.1a

15| 12.6b

18 | 12.0c

13 1 9.0d

16 | 8.9de

31| 8.7e

2 | 6.4f

5| 5.9f

1]53g

17 | 3.7h

12 | 3.3i

9| 2.6]

4|23k

8| 1.8l

14| 1.3m

19 | 1.1n

6 | 0.60

10 | 0.60

11| 0.60

710.2p

Lettering denotes significant difference based on 95% confidence interval.
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Table 2.8 Mean MaxDiff scores for bacon strip images (scaled to 100). Higher scores denote higher
MaxDiff ranking (more appealing) images.

Item | Average
Number | Score

20 | 12.9a

13 | 10.2b

51 10bc

219.8c

19 | 9.3d

4| 7.5e

8| 6.8f

14| 5.59

16 | 4.8h

15 | 4.7h

18 | 4.4i

1]3.2jk

3 3.0)k

9| 3.0k

7| 2.8k

17 | 0.6l

6 | 0.51

10 | 0.4m

12 1 0.3n

11| 0.2n

Lettering denotes significant difference based on 95% confidence interval.
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CHAPTER 3: COMPARISON OF TRADITIONAL PREFERENCE
MAPPING WITH PROJECTIVE MAPPING FOR
CHARACTERIZING CONSUMER PERCEPTION OF
BREWED BLACK COFFEES

Practical Application

Descriptive analysis (DA) and consumer preference mapping can be very time and cost
intensive. This study demonstrates that projective mapping techniques combined with
check all that apply (PMCATA) profiling by consumers can be used as a rapid method
for understanding a product landscape and how consumers might feel about the
acceptability of products with particular attributes. It is not likely that PMCATA will
replace traditional preference mapping practices. However, it might serve as a good
alternative option for researchers and developers when time or budget is constrained or as

a screening first step.

Introduction

Black coffee is one of the most widely consumed beverages, and the sensory profile of
coffee can be impacted by many factors. Bhumiratana et al. (2011) evaluated coffee
beans before roasting and after roasting as brewed coffees and reported sensory
differences in brewed coffees attributed to geographical region, climate, growing
practices, roast and brew methods. These authors also reported that sensory differences

in coffee become much more apparent after roasting and brewing (Bhumiratana et al.
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2011). Due to the large amount and popularity of many different types of coffees,
consumers have differing preferences for an ideal coffee. Studies have demonstrated
different groups of coffee consumers using both traditional profiling and free choice
profiling (Narain et al. 2004). Preference ranking of brewed coffees has also been
compared to traditional hedonic 9-pt scale scores to find consumer preference and
segmentation. Both methods were useful for finding consumer preference, but only

hedonic scaling was suitable for consumer preference segmentation (Varela et al. 2014).

Trained panel sensory profiling (descriptive sensory analysis) is of great importance to
the food industry as it allows researchers to describe and quantify perceived sensory
attributes analogous to an instrument (Risvik et al. 1994; Drake et al. 2007). However,
descriptive analysis methods can be exceedingly time and cost intensive with well-trained
panels being the most costly and the most desirable for consistent reliable data (King et
al.1995). Projective mapping (PM) techniques, in contrast, aim to provide a simple and
direct approach to producing results similar to a trained descriptive panel without the
labor and time requirements for a trained panel (Lawless and Heymann, 1998). In
projective mapping, untrained consumers are asked to organize products into a 2-
dimensional space based on the perceived similarity of the samples (Jervis and Drake,
2014). Cartesian plane data can be collected for each sample and using multiple factor
analysis (MFA), a biplot can be generated to demonstrate how samples relate to one

another. This is comparable to the PCA that might otherwise be produced using
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traditional descriptive analysis methods (Jervis and Drake, 2014). Using MFA,
researchers can also add supplemental data to further help distinguish samples (Perrin et
al. 2008). Projective mapping has been used to categorize a number of different food
products. Perrin et al. (2008) used projective mapping to distinguish 10 different samples
of white wine using mapping. Projective mapping has also been used to distinguish
different cheeses and apple varieties (Nestrud and Lawless, 2010) as well as commercial

chocolates (Risvik et al. 1994).

Check-all-that applies (CATA) questions have been commonly applied to consumer
testing and advocated by some as an alternative to trained panel sensory profiling
(Dooley et al. 2010). CATA questions can be used in a variety of different ways to learn
more about a product. In its most generic sense, it can be used simply to ask consumers
what items from a given list can be used to describe themselves or a product. However,
many studies have used CATA style questioning either on its own or in conjunction with
other types of questions coupled with different forms of statistical analysis to make more
complex observations beyond the frequency at which a particular list item is selected.
Dooley et al. (2010) conducted preference mapping of vanilla ice creams using hedonic
data paired with CATA questions around the sensory qualities of the ice cream. Results
from CATA questions showed agreement with traditional descriptive analysis. CATA has

also been used to distinguish samples of fish species where 23 fish species were analyzed
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using free choice profiling and compared to CATA questioning (Lazo et al. 2016).

CATA questioning has also been used to distinguish milk desserts (Vidal et al. 2013).

The application of CATA with PM may be an attractive alternative to traditional
descriptive analysis and may provide insights on consumer liking. Our objective was to
compare traditional preference mapping utilizing descriptive analysis and a consumer
acceptance test to projective mapping with check all that apply (PMCATA) for consumer

insights on brewed black coffee.

Materials and Methods

Coffees

Fifteen retail ground coffees (all from Arabica beans) were selected to represent a range
of commercial sources and roasts. The fifteen coffees were subsequently brewed and
evaluated by 4 sensory experts (each with more than 500 h of prior experience with
descriptive sensory analysis) and reduced to eleven representative coffees. All coffees
for the study were prepared at manufacturer recommended concentrations using spring
water (Table 3.1). Coffees were brewed using a Bunn pour over brewer (model number
CWTF15-APS, Bunn-o-Matic, Springfield IL) and placed into 2.5L thermos pump pots
that had been pre-warmed using hot tap water. Coffees were served black within 15 min

of brewing for all evaluations. Coffees were served at 80C (65mL in a 177 mL white
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Styrofoam® cups with three-digit codes). The sensory protocols used in this study were in

compliance with the NCSU Institutional Review Board (IRB) for human subjects.

PMCATA

Untrained black coffee consumers (n=22) who consumed black coffee at least 3 times per
week were recruited from a database of 7000 consumers maintained by the North
Carolina State University Sensory Service Center (Raleigh, NC, U.S.) to attend three 30
min evaluation sessions. For the first session, consumers were instructed on the concept
of projective mapping and practiced using the computer ipads. At the two subsequent
sessions, consumers evaluated the 11 brewed black coffees. Consumers were presented
with all 11 coffees simultaneously and were permitted to taste each coffee as many times
and in any order they liked. They also had the option to request an additional serving of
each coffee if needed. Data was collected using Compusense At Hand projective
mapping function (Version 7.6; Compusense, Guelph, ON, Canada). Panelists were asked
to evaluate each coffee and place a corresponding pin with the coffee 3-digit blinding
code on a two-dimensional plane with no axis or anchors. The coffees that were
perceived to be the most similar were placed close together and the most different ones
were placed the furthest apart. After placing each coffee on the map, panelists were then
prompted to select descriptors chosen from literature (Table 3.2) to describe each coffee.
Coffee attributes were selected to represent a broad array of flavor attributes present in

black coffee (Hayakawa et al. 2010). Consumers were then asked to score overall liking
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of the coffee using a 9 point hedonic scale. After completion of the three sessions, each

consumer was compensated with a $10 gift card.

Descriptive Analysis

Ten trained panelists evaluated the eleven brewed coffees using an established lexicon
(Table 3.3). Each panelist (8 females, 2 males, ages 23-47 y) had a minimum of 60 h of
prior training on the descriptive analysis of food flavors using the Spectrum™ method.
An additional 40 h of training was dedicated to brewed black coffee. Panelists evaluated
the coffees in 45 min sessions. During training, a range of black coffees was evaluated
and discussed to define and calibrate attributes. Analysis of variance from preliminary
sessions was used to confirm that the panelists and panel could consistently differentiate
coffees using the identified lexicon. For data collection, no more than 4 coffees were
evaluated per session and coffees were served sequentially in a balanced complete block
design. Panelists expectorated coffees and a 4 min rest was enforced between coffees
while panelists rinsed with deionized water and took a few bites of unsalted cracker.
Each panelist evaluated each coffee in quadruplicate in different sets. The order of
evaluation was randomized within each replication and all coffees were blinded by three

digit codes. Paper ballots were used for data collection.
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Consumer Acceptance Testing

Black coffee consumers (n = 275) were recruited from an online consumer database of
over 7000 individuals maintained by the North Carolina State Univ. Sensory Service
Center (Raleigh, N.C., U.S.A.). The online survey was created with SSI Web (Sawtooth
Software version 8.4.8, Orem, Utah, U.S.A.). Respondents were self-reported black
coffee consumers at least 3 times per week. A balanced incomplete block design was
used; each consumer evaluated 6 of the 11 coffees in a single session. Each session lasted
approximately 35 min with a 3 min enforced rest between coffees. Consumers were
provided deionized water and unsalted crackers for palate cleansing. The test took place
over 3 days and resulted in 150 evaluations of each coffee. Consumers were asked to
evaluate coffee including appearance, aroma, overall liking, mouth feels, flavor and
bitterness using a 9 point hedonic scale. Consumers were also asked Just about right
(JAR) questions about bitterness, color, aroma, and flavor intensity. Consumers were
then asked how different each coffee was from the coffee that they normally consume.
At the end of the tasting session, consumers were provided with a $10 gift card. All CLT
data was collected using Compusense at Hand (Compusense Inc., Guelph, Ontario,

Canada).

69



Data Analysis

Projective Mapping

Data was collected and organized so that each coffee sample represented a row and each
consumer was represented by two sequential columns, the y-coordinate and the x-
coordinate data. The sum of the descriptor frequency data was added as supplemental
data and signified the number of times that each descriptor was used to describe each
sample. Multiple factor analysis (MFA) was then applied. Cluster analysis was
performed using K-means clustering of the overall liking scores from each session n= 47
was used to determine different consumer preference clusters (XLSTAT version 2015
Addinsoft, Paris, France). External preference mapping (PrefMap) was applied to the
MFA biplot generated from the PMCATA exercise using the overall liking scores from

the PMCATA consumers.

Descriptive Data and Drivers of Liking

Descriptive analysis data was analyzed by ANOVA with means separation and then
principal component analysis (PCA) of the correlation matrix of the means was applied.
Consumer acceptance data was analyzed by ANOVA with means separation. Prefmap
was also applied to the PCA biplot generated from DA with the liking scores from the
CLT test in order to compare the two methods for mapping consumer preference.
Additionally, PLS regression was used for traditional external preference mapping with

the DA and consumer acceptance data. Cluster analysis was performed using K-means
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clustering of the overall liking scores to determine different consumer preference cluster,
mean substitution was used to fill incomplete blocks for concumers. (XLSTAT version

2015 Addinsoft, Paris, France).

Results and Discussions

PMCATA

Consumers differentiated the coffees in the PMCATA exercise with 70% of variability
explained on factors 1 and 2 (Figure 3.1). Consumers divided coffees into two distinct
groups: a dark roast group (P190, P938, P503) and a lighter roast group (P613, P570,
P425, P329) at either end of Factor 1. P374 and P149 were distinct from both of the
other groups and were separated by Factor 2. Factor 1 was comprised of woody,
nutty/roasted, burnt ashy, earthy, chemical, cardboard, chocolate and bitter taste loading
positively with fruity, floral, herbal and acidic taste loading negatively. Factor 2 was
comprised of vanilla, caramel and metallic taste loading positively and nutty/roasted in
the negative direction. Descriptors that were used for coffees in the darker category were
bitter and burnt/ashy. Descriptors used most frequently for the lighter coffees were;
fruity, herbal and acidic/sour. P374 was unique and was not associated with either cluster
due to higher associations with flavor characteristics that comprised factor 2. P374 was
frequently described by consumers as vanilla, chocolate and metallic (Figure 3.1). P149
was also unique from the two main clusters and was associated with fruity and nutty

descriptors most frequently (Figure 3.1). For preference, consumers preferred darker
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coffees, P190 and P938 scored the highest in overall liking, 5.7 and 5.4 on a 9 point
liking scale, respectively (Table 3.4). From PMCATA, consumers most preferred darker

roast coffees described most frequently as burnt/ashy and bitter.

Descriptive Analysis

Trained panelists distinguished the brewed coffees with 74% variability explained using
factors 1 and 2 (Figure 3.2, Table 3.5). Factor 1 accounted for 56% of the variability
among the coffees and was comprised of smoky and spicy/resin flavors and bitter taste.
Factor 2 accounted for 18% of the explained variability and was comprised of
woody/twig, caramel/molasses, and nutty flavors. From descriptive analysis (Figure 3.2,
Table 3.5), the coffees were distinguished by all of the attributes (p<0.05) and were
comprised of three basic groups (Figure 3.2). Coffees P190 and P938 were characterized
by high overall aroma and flavor impact, smoky, ashy, and spicy/resin flavors and
distinct bitterness. These two coffees had the lowest acidity (less than 1.0 on a 0 to 15
point scale). Coffees P503, P719, P329, P529, and P374 were distinguished from other
coffees by low but distinct nutty flavors, moderate woody/twig flavors and moderate or
balanced bitter and sour taste. Coffees P425, P149, P570 and P613 and were
distinguished by caramel/molasses and beany aromatics and sour taste. These coffees had

the highest sour taste (acidity) intensities.
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CLT

From the traditional consumer test with 150 consumer evaluations of the coffees,
consumers identified overall liking and key hedonics and JAR scores (Table 3.6). The
overall most preferred coffee was P374, scoring a 5.6 on a 9 point scale, followed by
P190, P149, P570 and P938 (Table 3.6). Coffee P425 received the lowest score at 4.4 on
a 9 point scale. Flavor liking was ranked similarly with the same coffee P374 scoring the
highest at 5.6 and P425 scoring the lowest (4.4). All coffees scored within 0.1 hedonic
points between overall liking and overall flavor liking, indicating flavor is a key driver to
overall liking. Aroma liking had a higher range and slightly different ranking with P374
again being highest scoring 6.3 and P613 scoring lowest at 5.1. The higher range of
aroma liking scores indicates that consumers like the aroma of coffee better than the
flavor itself and suggests that some coffees do not deliver a desirable flavor with
desirable liking. This might be due to lack of flavor intensity or bitter taste in coffees.
Liking of mouthfeel and bitterness followed similar liking patterns to overall liking with

P374 scoring the highest in both and P425 scoring the lowest in both.

Looking at JAR scores, the lowest scoring coffee (P425) was too light in overall color
(62% too light) too weak in aroma (58.4% too weak) and too weak in flavor (63.5% too
weak). Respondents were split on bitterness for this coffee with 35% stating it was not
bitter enough and 25.5% stating it was too bitter. This might suggest consumer clusters

on desire for bitterness or confusion among untrained consumers on what bitterness is.
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The best performing coffee, (P374) showed more desirable color (65.5% just right) and
aroma (62.6% just right). These attributes alone do no explain why P425 scored so low.
P329 was even lighter in color with a 76.1% too light and in aroma with 69.7% too weak

but scored significantly higher in overall liking compared to P425.

Cluster analysis was applied to identify preference clusters among the consumers that
took part in the CLT (Table 3.7). Three clusters were identified form the 275 consumers
that took part in the study based on the partial preference from all the consumer
evaluations. Cluster 1 consumers (n=104) preferred coffees P149 and P374 with P613
and P425 being least preferred. The preferred coffees were moderately high in overall
flavor and smoky and sweet/caramel/molasses notes. This cluster of consumers scored all
of the coffees higher than the other two consumer clusters so they could also be called
black coffee likers. The second cluster (n=112 consumers) preferred coffees P938, P374
and P190 with P719, P425 and P329 being least preferred, The preferred coffees were
highest in overall aroma and overall flavor with higher smoky, ashy, spicy/resinous
flavors and the lowest in sour taste. These consumers could be described as dark roast/
high impact coffee likers. The third cluster of consumers (n=59) preferred coffees P149
and P719 with P425 and P190 being least preferred. These consumers liked coffees that
were low to moderate overall aroma and flavor impact and had moderate intensities of
woody/twig sweet/caramel/molasses and beany flavors and distinct acidity. These

consumers could be described as light/ low impact coffee likers.
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Comparing PMCATA and CLT Results

PMCATA demonstrated similarities to the CLT, but also some key differences. Two of
the top CLT coffees, P190 and P938 were the most preferred coffees from the PMCATA
exercise (Table 3.4), but P374 was less liked by this smaller consumer group. This result
suggests one of the shortcomings of PMCATA: lack of differences observed with a
smaller sample of consumers when researching a product that has significant consumer
clusters. If the PMCATA does not contain the same balance of consumers across clusters,
this can cause differences in results. The least preferred coffees by the traditional CLT
(P425 and P503) were also the least liked by PMCATA and were two of the lowest

scoring coffees in the largest consumer clusters, one and two.

For determining overall liking between the two tests, the CLT was slightly more
discriminating then the PMCATA test. The CLT was able to separate the 11 coffee
samples into 4 significant groups (p<0.05) on a 9 point hedonic scale ranging from the
least liked sample P425 (4.4) to the most liked sample P374 (5.6) with sharper groupings
identified following cluster analysis In contrast, the PMCATA test found 3 significant
groups (p<0.05) with its 24 participants in duplicate ranging from the most liked sample
P190 (5.7) to the least liked sample P613 (4.1) (Table 3.4). The lack of discrimination
power in overall acceptance in the CLT test when compared to the PMCATA despite
having over five times the data point could be explained by the presence of consumer

preference clusters masking a large amount of variability. It could also be explained by

75



the difference between the most and least liked samples was only 1.2 points in the case of
the CLT total population and 1.6 points for the PMCATA. The lack of a large range on
the nine point hedonic scale being used caused a lot of the 95% confidence intervals to
overlap. When we looked at individual clusters, the range within a cluster is larger, with

cluster 2 displaying a range of 1.9 hedonic points (Table 3.7).

Despite all participants being reported black coffee drinkers, the highest overall liking
score was 5.6 (P374) in the total population and was 6.1 (pP938) following cluster
analysis. Coffees were served unbranded and black which might explain the depressed
overall acceptance scores across all coffees. Respondents were recruited to drink black
coffee but black coffee did not need to be their main or preferred method of drinking.
However not having a point of reference it is hard to tell if introducing branding or
allowing consumers to prepare the coffees with sweeter or cream would yield more or
less discriminating data. There is evidence to support that consumer liking of coffee
would be higher with additive. Research by Moraes and Bolini (2010) reported that the
consumer ideal sweetness for coffee was prepared with 12.5% sucrose. They also showed
that liking could be increased by the addition on non-caloric sweaters. The ability to use
additives in tea has been shown to increase consumer ability to discriminate preference
between black teas, and has shown to be more predictive to what was eventually achieved
in home use testing. Posri and Macfie (2008) compared three CLT methods and HUT

with brewed teas for consumer discrimination. In the CLT there were three consumer
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protocols evaluated: controlled no additives allowed (CLT), controlled dosing of
additives (DCLT), and free choice additive (FCCLT). When consumers were not
permitted to add anything to their tea (CLT), the lowest amount of consumer
discrimination of the teas was documented and of the three methods, the FCCLT test
where consumers were allowed to add cream and various sweeteners freely showed the
largest discrimination of liking scores. In contrast, the HUT test showed the highest
discrimination of all the methods tested further suggesting that context can also play a

critical role in consumer liking.

Preference Mapping

The overall preference map for PMCATA (Figure 3.3) compared to traditional consumer
liking and DA results (Figure 3.4) showed similar results. For both techniques, an overall
favorable opinion for dark roast coffees was demonstrated with liking being driven by
ashy, spicy/resin, smoky and bitter taste (traditional consumer test with DA) and spicy,
bitter taste, and burnt/ashy characteristics as well as woody, chemical, vanilla and
metallic taste (PMCATA). More detailed results were obtained from the traditional CLT
with DA (Figure 3.4) as well as the ability to cluster consumers which was not possible
with by PMCATA due to the low number of observations (Figures 3.5-3.7). Clusters 1
and 2 had similar drivers with Cluster 2 being driven by even higher levels of smoky,
ashy and resinous notes. Cluster 3 was the most unique driven by woody/twig, nutty, and

beany flavors and sour taste.
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PLS

Partial least squares regression was also used to analyze the descriptive analysis and CLT
data (Figure 3.8). PLS confirmed preference maps (Figures 3.4-3.7). Overall drivers of
liking were overall flavor and aroma, overall drivers of dislike were nutty and sour taste.
Due to distinct clusters, stronger drivers were observed in relation to individual clusters.
Cluster 1 preferred smoky flavor and bitter taste while Cluster 2 drivers were also smoky
flavor and bitter taste with overall aroma and flavor impact, spicy/resin and ashy flavors
drivers of liking and sour taste a distinct dislike. Cluster 3 consumers were distinct from
clusters 1 and 2 and preferred sour taste and sweet aromatics and beany notes and

disliked spicy/resin and ashy flavors and bitter taste.

Discussion

Coffee clusters found in this study are similar to previous coffee studies. Geel et al.
(2005) evaluated instant coffees, instant decaffeinated coffees, and chicory instant drinks
and found four coffee drinking clusters “pure coffee lovers” which were driven by high
flavor intensity, and bitter taste, “Coffee blend drinkers” who preferred coffees that were
described as earthy or sweet and a consumer cluster that enjoyed all coffees. Moscowitz
and Bernstein (1999) reported three consumer segments of coffee across different
European countries. The segments had different opinions on optimal level of bitterness
(low, medium and high), similar to clusters found by PLS which were driven by high

intensity, medium high intensity and low bitter intensity. Masi et al. (2015) related
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coffee preferences to density of fungiform papillae. They found that coffee drinkers with
a high density of fungiform papillae added more sugar to coffee then those with lower
density and that these high density fungiform papillae drinkers rated sour taste
significantly higher that other coffee drinkers, possibly explaining why sour taste was a

polarizing attribute for the consumers in the current study.

Comparing the PMCATA with traditional drivers of liking identify several similarities
that would promote use of PMCATA due to advantages in time and cost. The PMCATA
and descriptive analysis biplots (Figures 3.1 and 3.2) were very similar with the two main
groupings of coffees having similar descriptors. By both approaches, Factor 1 was driven
by roast and smoke flavors and bitter taste and Factor 2 was driven by nutty and sweet

notes. Coffee differentiation was alsosimilar.

There have been other studies to compare projective mapping to descriptive analysis.
Kennedy and Heyman (2008) DA with PM to evaluate dark and milk chocolates. In this
study DA was observed to explain more variance between the samples with an average of
84 % variance explained using the first two factors. Using projective mapping, an
average of 66 % variance was explained by the first two factors. This result is consistent
with the current coffee study were PMCATA was not as discriminatory as DA butsuitable

for showing sample differences in a rapid method.
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Trained panel profiling was stronger in separation of the coffees (3 groups of coffee vs. 2
by PMCATA). It is not surprising that the training required by DA allows more
discrimination. The application of consumer liking with PMCATA demonstrated that
PMCATA identified similar trends, although not identical. Two of the coffees most
preferred by PMCATA were also in the top grouping by CLT, but the top scoring coffee
by CLT was liked less by PMCATA consumers, probably due to simply fewer consumers.
PMCATA was able to identify many of the drivers of liking revealed by the traditional
preference mapping (DA with CLT): burnt/ashy and bitter were drivers for consumers in
Cluster 1 and 2 by preference mapping (smoky, bitter, ashy, spicy/resin). The one coffee
that was distinct by the two methods for overall liking was coffee P938. This coffee was
polarizing among the clusters identified in the CLT (Table 3.7). This coffee was the top
liked coffee in Cluster 2 but the third least liked coffee in cluster 3. Given the small size
of consumers used to conduct PMCATA, it is hypothesized that cluster 3 (the smallest
cluster at N=59) was under represented within the PMCATA respondents resulting in the
difference of scores. The differences in P938 does point to a caution in using PMCATA
on categories with distinct clusters, given the lower base size in PMCATA and the
difficulty to identify clusters, if a representation of liking clusters are not achieved in
recruiting, the results of total population can be skewed. A future area of research could

be in understanding these coffee consumer clusters and optimizing for them.
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Conclusions

Projective mapping is a good method for rapid profiling of samples and can be used for
even more complex products like coffee as the current study demonstrates. Data from
PMCATA in conjuntion with liking scores was also able to provide liking results that
mostly aligned with those from a large traditional CLT. The methods used here can be
implemented over a large number of samples to get quick descriptive results making
PMCATA a good option for quick category surveys and preference mapping. For finding
drivers of liking or performing higher resolution preference mapping which can identifies
clusters, traditional descriptive analysis with consumer acceptance testing remains the

ideal methodology.
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TABLES AND FIGURES

Table 3.1 Coffee brewing concentrations per 64 0z (1892.71 ml) of spring water.

Identifier Roast Concentration
P529 Medium 2.750z (78.09)
P149 Medium 2.750z (78.09)
P570 Light 3.250z (92.1g)
P938 Dark 3.250z (92.19)
P503 Dark 2.750z (78.09)
P613 Medium 2.750z (78.09)
P190 Dark 3.250z (92.19)
P374 Medium 3.250z (92.19)
P425 Medium 3.250z (92.19)
P719 Medium 2.50z (70.99)

P329 Medium 2.250z(63.80)
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Table 3.2 Coffee descriptors provided for PMCATA.

Woody Caramel
Spicy Burnt/Ashy
Nutty/Roasted Earthy
Fruity Chemical
Floral Herbal
Vanilla Metallic
Cardboard Chocolate
Bitter Sweet
Acidic/Sour

Adopted from Hayakawa et. al. (2010).
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Table 3.3 Lexicon used for trained panel descriptive analysis of brewed black coffees.

Attribute

Definition

Overall Aroma

The overall orthonasal aroma
intensity of the coffee

Overall flavor

The overall flavor impact
(aromatics and basic tastes) of the
coffee when placed in the mouth

Aromatics associated with wood

Smoky smoke
Aromatics associated with cigarette
Ashy ash

Spicy /Resinous

Aromatics associated with wood
resins such as pine resin

Caramel/Molasses

Sweet aromatics associated with
cooked sugar, caramel and molasses

Green aromatic associated with

Beany uncooked legumes

Aromatics associated with dry
Woody wood

Aromatic associated with roasted
Nutty nuts

Acidic aromatic associated with
Fruity fruits/berries

The basic taste associated with
Bitter caffeine

The basic taste associated with
Sour acids such as citric acid
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Biplot (PMCATA) (axes F1 and F2: 70%) n=47
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Figure 3.1 Multiple factor analysis biplot of PMCATA data on 11 coffees. (N=47 responses).
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Table 3.4 Comparison of overall liking means between CLT and PMCATA.

Coffee CLT (n=150) | PMCATA (n=47)
P529 4.8aCD 4.7aABC
P149 5.5aAB 4.8bABC
P570 5.2aABC 5.0aAB
P938 5.5aAB 5.4aA
P503 4.8aCD 4.7aABC
P613 4.7aCD 4.1aC
P190 5.5aAB 5.7aA
P374 5.6aA 45bBC
P425 443D 4.4aBC
P719 5.2aBC 4.6aBC
P329 5.0aC 45aBC

Liking was scored on a 9 point hedonic scale were 1=dislike extremely and 9 = like extremely. Lowercase
letters denote significant differences between PMCATA and CLT (p<0.05). Capital letters denotes
significance between coffees within a column (p<0.05).
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Table 3.5 Trained panel means for brewed black coffee.

Spicy Sweet /

Overall Overall / Woody | Caramel Sour
Samples | Aroma Flavor Smoky | Ashy | Resin | Twig Molasses Nutty | Beany | Fruity | Bitter | Taste
p938 3.47 4.30 3.40 2.67 2.52 1.08 1.53 ND ND ND 3.77 0.93
p570 2.65 2.79 1.59 1.54 ND 1.04 2.04 ND 1.38 1.98 1.86 2.01
p529 2.22 2.21 0.52 1.77 ND 1.75 1.61 0.72 141 ND 1.56 1.53
p613 2.45 2.62 ND 1.35 ND 0.94 2.48 ND 2.72 ND 1.72 2.35
p503 2.08 2.28 1.27 2.15 ND 1.15 1.15 0.52 ND ND 2.15 1.66
p149 2.84 3.10 1.95 2.06 ND 1.34 2.36 ND 2.09 ND 197 1.85
p190 3.45 4.17 3.41 3.24 1.62 1.02 1.30 0.54 ND ND 3.38 0.75
p374 2.18 2.74 1.69 1.63 0.70 1.22 2.04 1.01 ND 0.76 251 1.38
p425 2.25 2.40 0.59 1.46 ND 0.78 2.08 ND 149 ND 1.56 2.09
p719 1.78 1.74 0.61 1.67 ND 1.66 1.53 ND 1.50 ND 141 171
p329 2.31 2.32 0.85 1.56 0.77 0.93 1.32 0.54 0.77 ND 171 1.95
LSD 0.15 0.18 0.26 0.22 0.18 0.24 0.17 0.23 0.23 0.13 0.20 0.17

LSD: Fisher LSD significant difference p<0.05. Attributes were evaluated on a 0 to 15 point universal intensity scale. ND: Not Detected.
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Figure 3.2 Principal component analysis biplot of trained descriptive panel data on 11 coffees.
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Table 3.6 Consumer results.

P425 P190 P374 P719 P329 P613 P503 P149 P529 P570 P938
N 149 152 149 149 152 150 149 149 149 151 151
APPEARANCE LIKING 5.3ef 6.7ab 6.6ab 5.7de 4.8g 6.1cd 5.5e 6.3bc 5.0fg 6.1c 6.9a
AROMA LIKING 5.3cd 5.9ab 6.3a 5.7bc 5.2d 5.1d 5.2d 6.0ab 5.4cd 5.7bc 5.8b
OVERALL LIKING 4.4d 5.5ab 5.6a 5.2bc 5.0c 4.7cd 4.8cd 5.5ab 4.8cd 5.2abc 5.5ab
OVERﬁlkL”\":éAVOR 4.4e 5.4ab 5.6a 5.2abc 5.1bcd 4.6de 4.8cde 5.5ab 4.8cde 5.2abc 5.5ab
MOUTHFEEL LIKING 5.0d 6.0a 5.9a 5.6ab 5.5bc 5.4bcd 5.2cd 5.9a 5.3bcd 5.4bc 5.9a
BITTERNESS LIKING 4.6e 5.2abc 5.6a 5.1abc Sbcd 4.9cde 4.6de 5.4ab 4.9bcde 4.9cde 5.3abc
How different is this from
the coffee that you normally 3.2a 3.1a 3.2a 3.7a 3.4a 3.7a 3.6a 3.2a 3.6a 3.5a 3.3a
drink?
Too Light 62%efg 9.1%ab 12.9%abc 49.3%def 76.1%g 30%cd 59%efg 26.6%bcd 66.2%fg 39%de 2.1%a
COLOR JAR 35%ab 60.8%cd 65.5%d 46.3%abcd 23.2%a 58.6%bcd 38.1%abc 61.2%cd 30.9%a 56.7%bcd 65.2%d
Too Dark 2.9%a 30.1%bc 21.6%bc 4.4%a 0.7%a 11.4%ab 2.9%a 12.2%abc 2.9%a 4.3%a 32.6%c
Too Weak 58.4%de 7.7%a 15.8%ab 47.8%cde 69.7%e 29.3%bc 56.8%de 30.9%bc 63.3%e 35.5%bcd 2.8%a
AROMA JAR 38.7%abc | 62.9%cd | 62.6%cd | 47.1%abcd | 28.9%a 62.1%cd | 39.6%abc | 56.8%bcd | 34.5%ab | 59.6%cd | 66.7%d
-Sr(tJr?)ng 2.9%a 29.4%c 21.6%bc 5.1%ab 1.4%a 8.6%ab 3.6%a 12.2%abc 2.2%a 5%ab 30.5%c
Too Weak 63.5%e 15.4%ab 30.2%abc 52.9%cde 62%e 47.1%cde 56.8%de 33.1%bcd 69.1%e 46.1%cde 12.1%a
FLAVOR JAR 28.5%a 55.9%c 53.2%bc 41.9%abc 33.1%abc 40%abc 29.5%ab 49.6%abc 26.6%a 36.9%abc 54.6%c
STRENGTH
;g%ng 8.0%a 28.7%b 16.5%ab 5.1%a 4.9%a 12.9%ab 13.7%ab 17.3%ab 4.3%a 17%ab 33.3%b
NOt Bltter 0, 0, 0, 0, 0, 0 0, 0, 0, () 0,
Enough 35%cd 7%ab 13.7%abc 30.1%cd 36.6%d 23.6%bcd 28.8%cd 16.5%abcd 38.1%d 29.1%cd 5.7%a
BITTERNESS JAR 39.4%a 55.2%a 58.3%a 50%a 50%a 47.9%a 40.3%a 60.4%a 48.9%a 47.5%a 50.4%a
Too Bitter 25.5%abc 37.8%bc 28.1%abc 19.9%ab 13.4%a 28.6%abc 30.9%abc 23%abc 12.9%a 23.4%abc 44%c

Data represents 150 responses for each coffee from 275 consumers. Liking attributes were scored on a 9-point hedonic scale where dislike extremely =1
and like extremely =9. JAR scales were scored on a 5-point scale where too little =1 or 2, just about right =3, and too much =4 or 5. The percentage of
consumers that selected these options is presented. Different letters in rows following means signify significant differences (p<0.05). Difference from
coffee you usually drink 5=very different, 1=very similar.
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Table 3.7 Overall liking among consumer clusters from the traditional CLT (n=275).

Cluster 1 n=104 | Cluster 2 n=112 | Cluster 3 n=59

5.6aABC 6.1aA 4.3bBC
P938
PE70 5.7aAB 4.8bCD 5.1abABC
P59 5.0aBCD 4.5bD 4.9aABC
503 5.1aBCD 4.4bD 5.0aABC
613 4.9aCD 4.4bD 4.9aABC

6.0aA 5.3bBC 5.6abA
P149
374 6.0aA 5.8aAB 4.9bABC
Pass 4.8aD 4.2bD 4.0bC
719 5.7aAB 4.0cD 5.2bAB
329 5.5aABC 4.2bD 5.1aABC
190 5.9aA 5.8aAB 4.2bBC

Liking was scored on a 9 point scale where 1=dislike extremely and 9=like extremely. Lowercase letters
denote significant differences within rows (p<0.05). Capital letters denote significance between coffees

within a column (p<0.05).
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Figure 3.3 Preference map of PMCATA results for black coffee. Percent represents the estimated percentage of

consumers that would like the product above the mean.

91



Biplot (DA/CLT) (F1 and F2: 74%) n=275
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Figure 3.4 Preference map of trained panel and consumer acceptance scores of black coffee. Results
represent consumer acceptance scores from 150 consumer evaluations for each coffee from 275 consumers.
Percent represents the estimated percentage of consumers that would like the product above the mean.
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Figure 3.5 Preference map for Cluster 1 consumers of trained panel and consumer acceptance scores of

black coffee. Percent represents the estimated percentage of consumers that would like the product

above the mean.
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Biplot (F1 and F2: 74%)
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Figure 3.6 Preference map of Cluster 2 consumers of trained panel and consumer acceptance scores of
black coffee. Percent represents the estimated percentage of consumers that would like the product above
the mean.
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Figure 3.7 Preference map of Cluster 3 consumers of trained panel and consumer acceptance scores of black
coffee. Percent represents the estimated percentage of consumers that would like the product above the
mean.
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Figure 3.8 External preference map by partial least squares (PLS) regression for brewed black coffees.
N=150 consumer evaluations of each coffee. Consumer clusters are identified by C1-C3. Coffees are
indicated by numbers (Table 3.1).
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Descriptive analysis PCA Factor loading score.

F1 F2 F3 F4
Overall Aroma 0.84 -0.48 -0.12 0.09
Overall Flavor 0.90 -0.39 -0.08 0.06
Smoky 0.96 -0.18 0.05 0.15
Ashy 0.92 0.10 -0.16 0.04
Spicy / Resin 0.93 -0.09 -0.13 -0.08
Woody Twig -0.17 0.59 -0.36 0.67
Sweet / Caramel

Molasses -0.44 -0.66 -0.22 0.25
Nutty 0.16 0.69 0.14 0.10
Beany -0.72 -0.47 -0.45 0.16
Fruity -0.14 -0.42 0.74 0.49
Bitter 0.97 -0.10 0.02 -0.01
Sour Taste -0.90 -0.35 0.04 -0.18
% variability explained 55.8 18.5 8.5 7.2
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