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Product differentiation has been integral to the understanding of both
competitive marketing strategy and consumer welfare. However, despites its
ubiquity in theory and practice, product categories are often perceived by consumers
to be homogenous and undifferentiated. Additionally, attempts by businesses to
create differentiation often fail. I argue that understanding how differentiation is
perceived by consumers is vital to understanding why these failures occur, why
categories appear undifferentiated, and how to build successful differentiation
strategies. In the first chapter, I provide an overview of product differentiation
theories and research from both the economics and psychology traditions in
marketing, describing the limitations and gaps within the various approaches. In
the second chapter, I examine an apparent dilemma faced by marketers. Across a
variety of products and categories, features that are more unique (i.e., less common)
are also poorly understood by consumers. Thus, the features with the most potential
to create differentiation are also the least likely to be perceived as such by
consumers. Conversely, the features that are well-understood, and therefore allow a
consumer to assess their value, are too common to create differentiation. However,
this dilemma can be overcome with mechanistic explanations about how unique,
poorly understood features work. In the third chapter, I examine how consumers’
mental representation and comparison processes of products interact with
differentiation attempts by multiple competitors. Specifically, I find that an
undifferentiated product in a category can nevertheless appear to be highly distinct
when multiple competitors are differentiated with poorly understood features.
Again, mechanistic explanations help consumers see the true differentiation.
Overall, the research highlights the importance of consumer cognition in product
differentiation theory. Specifically, utilizing consumers’ propensity to think about
the causal connections between products and the benefits they provide allows for
better outcomes for both businesses and consumers.
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Chapter 1.
PERCEIVED PRODUCT DIFFERENTIATION

1.1 Introduction

“Always remember that you're unique, just like everyone else.”
-Author Unknown

“You are not special. You're not a beautiful and unique snowflake. You're the
same...as everything else.”
-“Tyler Durden,” Fight Club, Chuck Palahniuk

Product differentiation has long been a cornerstone element of marketing
theory. By offering consumers something that competitors cannot, a business can
realize a diverse set of rewards, including a price premium on its products and
increased customer loyalty. However, while businesses may attempt to appear
unique, each in their own way, those attempts typically fail, with the majority of
product categories composed of products and brands that are viewed by consumers
as essentially the same as everything else (Romaniuk, Sharp, and Ehrenberg 2007).

In my dissertation, I investigate how consumers perceive product
differentiation. By learning about some of the cognitive processes that consumers
use to analyze individual products, sets of competitors, and entire categories, the
results of the studies offer mechanisms by which businesses can better differentiate
their offerings. For instance, the research shows that explanations of how a
product’s unique features work and causally relate to potential benefits tend to

make consumers perceive the product as more distinct, relative to competitors.



Additionally, the research has implications for topics beyond marketing
tactics, including consumer welfare. If a business receives additional value from
consumers in response to product differentiation, it should be because the business
provided additional value to those consumers. While brands can differentiate
themselves in meaningless ways that provide no value to customers (e.g.,
Carpenter, Glazer, and Nakamoto 1994), the processes investigated here allow
consumers to perceive differentiation in a way that also helps them better assess
the product’s value. Thus, if a consumer is willing, for instance, to pay a higher
price for the differentiated offering, it is likely because the consumer has reason to
believe it is worth it.

Overall, I argue that understanding perceived product differentiation is a
vital aspect of marketing theory and consumer psychology. The approach taken
adds to a variety of topics within each area. To highlight these topics, the
proceeding sections provide an overview of theories of product differentiation
strategy and its perception by consumers. Then, in my first essay, I examine an
apparent dilemma faced by marketers. Across a variety of products and categories,
features that are more unique (i.e., less common) are also poorly understood by
consumers. Thus, the features with the most potential to create differentiation are
also the least likely to be perceived as such by consumers. Conversely, the features
that are well-understood, and therefore allow a consumer to assess their value, are
too common to create differentiation. However, this dilemma can be overcome with

mechanistic explanations about how unique, poorly understood features work. In



my second essay, I examine how consumers’ mental representation and comparison
processes of products interact with differentiation attempts by multiple competitors.
Specifically, I find that an undifferentiated product in a category can nevertheless
appear to be highly distinct when multiple competitors are differentiated with
poorly understood features. Again, mechanistic explanations help consumers see the

true differentiation.

1.2 Product Differentiation as a Theory of Value

Product differentiation was an early topic of interest within marketing
theory. Indeed, early theorists discussed it extensively as a core function of
marketing. Product differentiation was seen as an approach toward business that
embraces consumer individualism by catering the production and distribution of
product offerings, as well as advertising and communication, toward consumers’
various needs and wants (Cherington 1920, Clark 1922, Shaw 1912). Such an
approach results in product offerings that are perceived to differ from competitors
along any attribute or feature of the product. The perceived product differentiation
allows the seller to benefit by charging a higher price, increasing demand, or
building customer loyalty, since it is rooted in an attempt to better satisfy the needs
of some set of consumers. Indeed, this notion of providing marginal value to
consumers was central to the importance of the strategy and it was described as a
moral responsibility of the marketer (e.g., Cherington 1920, p. 139; Shaw 1912, p.

721; Smith 1776/1910, p. 155)



Economic formalizations of product differentiation, however, were more
ambivalent. Product differentiation was the defining element Edward Chamberlin’s
theory of monopolistic competition, which was optimistic about differentiation’s
economic effects (1933/1949). Chamberlin’s definition of differentiation pioneered
the concepts that it 1s consumers’ perceptions of products, rather than the products
themselves, that determined demand and that consumers perceived and cared
about non-physical attributes of products. These concepts, as well as other aspects
of the theory, imply that consumers have heterogeneous preferences based on
differing needs. Heterogeneous preferences imply that competitors’ product
offerings are not perfect substitutes, which violates the assumptions of the theory of
perfect competition — neoclassical economics’ theory of welfare-maximizing
competition (Arrow 1972). Chief among his arguments was that heterogeneity of
firms’ products, prices, and profits in real-world markets, often attributed to
imperfections and inefficiencies in the market, are actually the result of the degree
to which the suppliers were successful in adapting their business to meet
consumers’ needs. Successful differentiation can thus be characterized, according to
Chamberlin, as providing additional value to consumers.

Contemporaneously, Joan Robinson published the theory of imperfect
competition, which made similar extensions to competition theory but from different

perspectives and with different evaluations and interpretations (1933/1969).1 As the

1 Robinson (1933/1969) focused most of the original theorizing on how imperfect competition resulted
in exploitation of labor markets by employers and did not mention product differentiation explicitly.
Chamberlin (1936) identified the overlap of the two theories. Consequently, “monopolistic” and



name implies, Robinson interpreted imperfect competition as necessarily resulting
1n economic inefficiencies that result in lower general welfare compared to perfect
competition (1953). For example, under perfect competition, the price of a product
offering is equal to its marginal cost, while under imperfect competition, in the
short-run, the equilibrium price is higher than the product’s marginal cost. Paying
higher prices than necessary would be interpreted as welfare decreasing for the
consumer. Additionally, under imperfect competition, firms operate at suboptimal,
higher-than-expected costs, interpreted as welfare decreasing for the firm.
Successful differentiation can thus be characterized, according to proponents of
perfect competition as a prescriptive theory, as resulting from imperfections in the
market? and reducing the welfare of all involved, both in the short and long-run.
The pessimistic interpretation of product differentiation, and monopolistic
competition more broadly, was typical for some time. Within economic research,
product differentiation was viewed as a source of inefficiency. For instance,
competitive advertising was viewed as a wasteful expense (Boulding 1966,
Galbraith 1967), and product feature specifications were described as a contrived,
valueless method of fragmenting markets (Samuelson 1948). This view was also

prevalent within marketing thought. Wendall Smith’s (1956) seminal discussion of

“imperfect” competition have since been used interchangeably, though imperfect competition is also
sometimes used to refer to any non-perfect form of competition, e.g., monopoly/oligopoly.

2 For example, differentiation may be achieved through a novel, patented feature, which is a form of
market entry barrier. Under perfect competition, where there are no barriers to entry, competitors
could add the feature to their product, and the consumer would not have to pay a premium price to
have access to the feature.



the differences between product differentiation and segmentation characterized the
former as “bending demand to the will of supply,” implying that businesses benefit
at the expense of consumers. Product heterogeneity was described as arising from
1maginary differences instilled in consumers by advertising, product names,
packaging, and other superficial or misleading tactics (Lancaster 1979). These
critical views were rooted, in part, in the fact that marketers indeed commonly used
such misleading tactics3 and that monopolistic competition did not give a formal
treatment to the utility gained by consumers through product differentiation.
Monopolistic competition and product differentiation have since risen in
influence both in economic and marketing theory. Modern demand theory models
products not as commodities, which fit the substitutability assumptions of perfect
competition, but as goods which are produced from commodities (Bellante 2004).
Products are seen as bundles of characteristics which yield utility, and there exists
a distribution of consumer preferences over the different bundles (Becker 1965,
Lancaster 1971, Rosen 1974). This distribution implies that there is a socially
optimal degree of product differentiation (Lancaster 1975). Within marketing, the
view of product differentiation shifted from an alternative to segmentation to a
method of achieving segmentation (Dickson and Ginter 1987, Wedel and Kamakura
1998) and theorists have developed models to estimate the conditions of optimal
differentiation (Hauser and Gaskin 1984, Hauser and Shugan 1983, Hauser and

Simmie 1981). Product differentiation has become a core component of competitive

3 For some examples, see Carpenter, Glazer, and Nakamoto (1994).



strategy (Drucker 1954, Levitt 1960, Porter 1980), branding and positioning theory
(Keller 2009), and marketing research (Fader 2012).

Overall, product differentiation was the catalyst for a reconstruction of the
theory of value, extending its formulation from market-defined prices to consumer-
defined perceptions of product features that fulfill their needs. In order to maximize
both the value provided to and received from consumers, firms must understand
how these perceptions work. In the next section, I overview the varied approaches
researcher have taken to investigate and model how consumers perceive product

differentiation.

1.3 Quantitative and Behavioral Models of Perceived Product

Differentiation

Product differentiation arises when consumers perceive valuable differences
in product features between competitors. Achieving a competitive advantage and
implementing a differentiation strategy, therefore, relies on an understanding of
how consumers perceive products and their features. The marketing literature has
examined perceived differentiation from a variety of perspectives. The economic and
quantitative marketing traditions have focused on two, broad areas of research —
how varying assumptions about the perception of differentiation affect market-level,
competitive strategy (e.g., the optimal amount of differentiation in a market) and
how the assumptions affect expected aggregate demand characteristics (e.g., the
market share of a new product). The behavioral tradition has corroborated those

findings, providing evidence for the psychological processes that bring about



perceived differentiation, while also extending the theory of product differentiation
into other meaningful outcomes, such as brand loyalty. The following discussion
provides an overview of these perspectives and identifies areas where the research

in the subsequent essays provides complementary insights.

1.3.1 Economic and Quantitative Marketing Models

Economic and quantitative marketing models of product differentiation fall
into four broad categories — location models (also known as spatial competition or
Hotelling models), perceptual mapping, conjoint analysis, and discrete choice
models. While these classes, as well as their constituent models, differ in terms of
their level of analysis and intended use, they all model consumer perception of
differentiation by the consumers’ utility function for the available products. If
utility differs between products, then by definition there are valuable differences
between the products that consumers must be aware of. Models can differ in terms
of how they define utility, and differences in these assumed utility functions reflect
differences in how consumers evaluate and, therefore, perceive the differentiation.
These differences occur along three characteristics of the functions: utility
constraints (e.g., a maximum willingness-to-pay), source of heterogeneous
preferences (e.g., heterogeneous perception of attributes vs. heterogeneous attribute
weights), and functional form (e.g., linear vs. power utility).

Location models were the earliest models of differentiation. These models

describe the market of consumers as being distributed along some geometric shape,



originally a line (Hotelling 1929, Lerner and Singer 1937), and later a circle (Salop
1979), a set of spokes emanating from a midpoint (Chen and Riordan 2007), and
multidimensional spaces (Ansari, Economides, and Steckel 1998). Competitors
differentiate otherwise identical products on price and location on the market
shape. Location was originally interpreted literally (e.g., where along a street
should two competing retailers place their stores), but it can also represent any
characteristic where differences can be conceptualized by mathematical distance.
Consumer utility for a product decreases as products are farther away from the
consumer and as prices increase. The models are typically analyzed for competitive
equilibrium strategies for product locations. 4 For example, Hotelling’s (1929)
original analysis concluded that the competitors’ incentives are to relocate until
they are as close to each other as possible. However, subsequent analysis showed
that subtle changes, such as imposing a maximum willingness-to-pay, can lead to
substantial differentiation between the competitors (Lerner and Singer 1937), and
that, when competitors compete along multiple attributes, one attribute should be
maximally differentiated and the others minimally differentiated (Ansari,
Economides, and Steckel 1998). For a taxonomy of location models and a partial

annotated bibliography, see Eiselt, Laporte, and Thisse (1993).

4 These models would ideally have joint equilibria for locations and prices, in order to analyze both
normative characteristics of products and the prices firms can charge for them. However, numerous
problems often render such equilibria indeterminable (for a summary of problems and potential
solutions, see MaclLeod, Norman, and Thisse 1988). To avoid such problems, most models either
assume market-wide price parity or that differences in price reflect only the cost differences in
products.
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Perceptual mapping and conjoint analysis, while distinct in assumptions, are
unified in purpose. While location models are used to assess the differentiation
characteristics of entire markets of competitors, the goal of these models is to allow
a single firm to analyze how to optimally design their marketing plan around
consumers’ needs and desires (Shocker and Srinivasan 1979). Perceptual mapping
1s similar to location models in that products and consumers are represented by
points in a multidimensional space, with the dimensions representing important
product attributes (Shocker and Srinivasan 1974). The distance between a product’s
location (i.e., the attribute levels of the product) and a consumer’s location (i.e., the
consumer’s ideal product configuration) is inversely proportional to the consumer’s
utility for the product. The major difference between location models and perceptual
mapping is that the latter does not make assumptions about the distribution of
consumers within the product attribute space. Instead, samples of consumers
provide data that can identify their ideal points in the product attribute space, and
clusters of ideal points can be interpreted as distinct consumer segments, as well as
potentially fruitful product configurations.

Conjoint analysis is a class of techniques that estimates consumers’
preferences for products using overall evaluations of complete products, rather than
product attributes as in perceptual mapping (Green and Rao 1971, Green and
Srinivasan 1978, 1990). The researcher selects a finite number of attributes and
attribute levels and constructs a set of product stimuli composed of various

combinations of the levels for all attributes, using a specific combinatorial design,
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typically a fractional factorial. Samples of consumers then rate individual products,
indicate preferences between subsets of products, or rank the entire set of products.
The consumer responses, combined with the combinatorial design of product
stimuli, allow the researcher to estimate the utility associated with each level of
each attribute, called part-worths. The researcher can then use the part-worths to
estimate consumer utility for different configurations of the product, and use those
utility estimates for other important predictions, such as estimated market share
and revenue.

Discrete choice models of product differentiation are the most ambitious of
the four classes of models by combining the approaches of the previous three classes
in a single model. Discrete choice models aim to describe markets of multiple
competing firms by empirically estimating individual consumers’ utilities for each
product in the market, as well as potential new entrants and outside options (Berry
1994). The basis for the entire model is the utility function of individual consumers.
The function describes utility using five parameters: observed product
characteristics, unobserved product characteristics, price, unobserved consumer
characteristics, and demand characteristics (e.g., the functional form of the utility
function). A typical utility function predicts the utility of a product based on a
linear-additive model of weighted product characteristics and price, with random
error terms for individual products and consumers. These random error terms
capture utility or disutility from products based on attributes unobserved by the

researcher, as well as individual variation in the perceived importance of different
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product characteristics. While a comprehensive description of the rest of the model
1s beyond the scope of this review,? in short, the utility function is used to derive
market shares for each product, and the market shares are combined with a market
size estimate to determine overall demand. The demand model is jointly estimated
with a supply-side model that determines product prices and firm costs. The
resulting grand model can be used both for analyzing competitive equilibria
between firms (Bresnahan 1987), as well as for informing marketing plans for an
individual firm (Chintagunta and Nair 2011).

While the four classes of models vary across a host of characteristics, there
are three sources of differences that reflect assumptions of how consumers perceive
product differentiation. The sources of heterogeneous preferences consist of the
aspects of the utility function that cause the function to predict different utilities for
different consumers. The functional form of the utility function consists of
assumptions about the shape of the function, and thus represents the nature of the
relationship between attribute levels and perceived value. Finally, utility
constraints consist of assumptions about utility that cannot be incorporated into the
formal utility function, often because the assumptions require a discontinuity in
utility.

Researchers typically identify two potential sources of heterogeneous
preference — heterogeneous perceptions of product attributes and heterogeneous

tastes. While research has shown that consumers have considerable heterogeneity

5 For an exhaustive review, see Berry (1994).



13

across both potential sources, product differentiation models tend to only
incorporate one source, likely because of the computational or analytical difficulty in
incorporating other sources (Hauser and Gaskin 1984).¢ Heterogeneous perceptions
are when consumers do not agree about what levels of an attribute a product has.
Two common scenarios where this can occur are when an attribute is non-physical
and, thus, based on a consumer’s judgment (e.g., picture quality on a television) or
when consumers do not evaluate complete products. Of the models reviewed, only
traditional perceptual maps allow for heterogeneous perceptions (Shocker and
Srinivasan 1974). A subclass of perceptual maps called per-dollar maps, which
normalize product attribute levels to the price of the product (Hauser and Shugan
1983), as well as all location, conjoint analysis, and discrete choice models assume
homogenous, perfect perception of product attributes (Ansari, Enonomides, and
Steckel 1998; Hauser and Gaskin 1984; Berry 1994). Heterogeneous tastes are
when consumers have different utility weights for the same attribute.” Location
models, per-dollar perceptual maps, conjoint analysis, and discrete choice models
assume heterogeneous tastes, while traditional perceptual maps assume

homogenous tastes.

6 Hauser and Gaskin (1984) also describe heterogeneous preferences arising from different choice
rules among consumers; however, no model was found that incorporated such qualities.

7The term taste has two common usages with regard to product differentiation. In addition to the
usage here, which is the most typical within the quantitative marketing literature, the other refers
to horizontal differentiation — when consumers do not agree about the ranking of attribute levels. An
example of the difference in definition is that models of vertical differentiation are typically
described as having heterogeneous tastes — consumers agree on the ranking of the attribute levels
but can still differ in terms of how important they view the attribute.
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Functional forms of the utility functions also differ along two key dimensions
— the shape of the utility function and the inclusion of horizontal vs. vertical
differentiation. The modal utility model in product differentiation is linear. While
this contradicts the well-accepted principle of diminishing marginal utility,
researchers adopt this assumption for two reasons. First, nonlinearities in the
hypothetical, true utility curve for a product attribute are often not substantial
within the range of attribute levels investigated (Von Winterfeldt and Edwards
1986). Second, linear utility provides substantial computational and analytical ease.
For example, Hauser and Shugan (1983) assume linear utility partially because it
allows for easy-to-interpret, straight-line indifference curves within the product
attribute space. However, concave functions, which exhibit diminishing marginal
utility, are also common. In location and discrete choice models, concave utility
functions are examples of separating pressures — factors that tend to increase the
amount of differentiation seen in the market (Ansari, Economides, and Steckel
1996). For instance, quadratic utility leads to maximal differentiation between
competitors, while logarithmic and power utility lead to intermediate
differentiation. Finally, conjoint analysis utilizes a unique, piecewise-linear utility
function, which allows the researcher to capture virtually any utility function
shape, at the expense of having to estimate substantially more parameters in the
model (Green and Srinivasan 1978).

Horizontal and vertical differentiation allow researchers to model utility

differently based on a key difference in consumer beliefs about an attribute.
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Typically, a product attribute is defined as horizontally differentiating when
consumers disagree about the quality rankings of the attribute’s levels (e.g., a car’s
color), while the attribute is defined as vertically differentiating when consumers
agree about quality rankings (e.g., a car’s gas mileage; Nevin and Thisse 1990).
Both forms of differentiation are modeled using a variety of functional forms, as
above. The difference i1s what value 1s supplied to the function. Horizontal
differentiation is typically modeled as a function of the distance between a
consumer’s ideal attribute level and the attribute level of the product, and vertical
differentiation is modeled as a function of the raw of attribute level. The primary
exception 1s the part-worth model of conjoint analysis. Since it can directly estimate
the utilities of individual attribute levels, horizontal and vertical differentiation do
not need to be modeled differently.

Finally, while the source of heterogeneity and functional form of the utility
function account for the primary differences in models of perceived product
differentiation, researchers have also examined additional assumptions about
utility by incorporating external constraints on the models. Most of these, such as
examining when consumers purchase more than one of a product (Singh and Vives
1984) or incorporating variety seeking behavior (Sajeesh and Raju 2010), are
tangential to the rest of the research here. However, the most common and relevant
utility constraint in differentiation models is the specification of a maximum price
that consumers are willing to pay for a product. Beyond the maximum price, the

utility for the product is defined as zero. Maximum prices are common in location



models (e.g., Lerner and Singer 1937, Sheth 1973) and perceptual mapping (e.g.,
Gwin and Gwin 2003), because these models conceptualize utility subtractively.
Consumers are assumed to have an unknown, identical utility for their ideal
product configuration and the disutility of price and distance from the ideal point
are subtracted from that quantity. Maximum prices are another factor that
promotes differentiation between competing products in location models (Ansari,
Economides, and Steckel 1996). In perceptual mapping, maximum prices help

define the limits of possible product configurations (Gwin and Gwin 2003,
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Schmalensee and Thisse 1988). While this assumption seems essential in isolation —

consumers have budget constraints that limit the amount they can pay for products

— 1t 1s unnecessary in other models. The maximum price assumption is a way of
normalizing utility across consumers by setting the unknown, identical utility at
each consumer’s ideal point to the maximum price. Conjoint analysis (Green and

Srinivasan 1978), discrete choice models (Berry 1994), and per-dollar perceptual

maps (Hauser and Gaskin 1984) do not require such an assumption, since they can

normalize consumer utility in other ways, such as estimating utility relative to a
baseline product or empirically estimating threshold prices.

Overall, economic and quantitative marketing models of product
differentiation attempt to explain the vast intricacies of consumer differentiation
perceptions via a relatively small number of parameters. While the models differ
substantially in terms of the kinds of data and statistical techniques needed to

estimate the models and the intended uses for the model results, the different
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classes and examples of differentiation models are remarkably similar in terms of
how they describe consumer perceptions of differentiation. Indeed, many of the
differential assumptions between models are made based on tradeoffs between
descriptive accuracy and computational simplicity, rather than differing theories of
how consumers perceive differentiation. Further, other assumptions reflect
circumstances of industries and marketplaces that differ in the real world (e.g.,
some product categories are dominated by horizontal differences between products
while others are dominated by vertical differences).

The models have four primary limitations. First, the models only examine
consumer preference. Consumer perception consists of a utility function that serves
the purpose of determining which product a consumer would purchase within the
stated environment. However, consumers often learn about products in non-choice
and non-evaluative contexts. For instance, a consumer may view an advertisement
and learn about a product without making an overall judgment about the value of
the product. The aspects of the product the consumer learns about may factor into
other processes and behaviors, such as how the consumer talks about particular
brands with friends or how much further information search the consumer will
engage in about the product or category. Second, the models primarily examine
preferences in a one-time or snapshot context. The models cannot describe, for
instance, how perceived differentiation can impact customer loyalty across multiple
purchase occasions. Third, the models primarily examine preferences in stimulus-

based contexts. Utility is determined based on descriptions of products or the
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models assume consumers have perfect knowledge of all attributes for all brands.
However, consumers often have to make decisions by recalling both brands and
attributes from memory (Lynch and Srull 1982). Finally, the models primarily
assume a direct connection between product attributes and utility, without
sufficiently incorporating the concept of perceived benefits. Marketers have long
held that consumers value product benefits rather than product attributes (e.g.,
Haley 1968). Attributes are descriptive characteristics of a product, while product
benefits are events valued by consumers that are caused by the product and its
attributes. With the exception of perceptual mapping, which can utilize described
benefits as a dimension in the perceptual space, these models, at best, incorporate
the product benefit concept in a prohibitively simplified manner via the
mathematical operations of the utility function. However, the process of perceiving
benefits of, for instance, a car with a 35 miles per gallon fuel efficiency is likely
more complicated than that which can be described by merely taking the logarithm
of that numerical value (assuming a logarithmic utility function). Examining the
complex processes by which consumers determine the value of products, including
the contextual influences of those processes and how the processes affect consumers
in different environments, will provide a deeper and more useful understanding of

product differentiation.

1.3.2 Psychological and Behavioral Marketing Approaches
The behavioral marketing and consumer psychology approaches to perceived

product differentiation have sought to provide a more comprehensive description of
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product differentiation, addressing many of the limitations of the quantitative
models. In doing so, these approaches span a broad range of theories, topics, and
findings but are more fragmented than the quantitative literature. This review
structures the various approaches into four categories. First, researchers have
investigated how consumers acquire differentiation-relevant information about
products. The next two categories represent theories of how that information is
structured and processed cognitively — theories of similarity and theories of
categorization and schemas. Much of the research in these first three categories
concerns how differentiation perceptions help shape preferences for products. In the
final category, I summarize research into other important consequences of perceived
differentiation for marketing and consumer behavior.

In order for product differentiation to occur, consumers both have to learn
about attributes of competing products and process those attributes in a way that
consumers can identify meaningful differences between brands. The most basic
element of that process is how consumers learn relationships between products,
attributes, and benefits. Research in this area has coalesced around two primary
approaches — associative learning, derived from classical conditioning theories (e.g.,
Allen and Janiszewski 1989, Janiszewski and Van Osselaer 2000, Van Osselaer and
Janiszewski 2001), and active learning, which investigates how learning is
facilitated and mediated by a variety of cognitive processes, including categorization
and causal reasoning (e.g., Alba and Hutchinson 1987, Fernbach et al. 2013,

Hutchinson and Alba 1991, Meyer 1987). Broadly, both approaches show that
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consumers are often successful in learning about relationships between products,
attributes, and benefits but that certain factors inhibit learning. For example, Allen
and Janiszewski (1989) showed that participants learned brand associations (in this
case, attitudes) through a classical-conditioning-style game that repeatedly
associated the brand name with positive phrases. However, the ability to learn the
association was mediated by a conscious recognition that an association could be
learned. Thus, the study showed that consumers can learn through passive
associations but that conscious, cognitive processing was also necessary.
Noncognitive, subliminal learning was either unlikely or weak, if it occurred at all.
In a study of active learning, Hutchinson and Alba (1991) showed that participants
were able to accurately classify products based on perceptual features. Accuracy
was improved when participants were instructed to learn about the two
classification categories in advance (i.e., active as opposed to passive learning).
Accuracy was also improved when the attributes that were most diagnostic of the
categories were perceptually salient and when participants were not under memory
load. Thus, learning product attribute associations was facilitated by having an
active, intentional goal to learn the association, and that learning was mediated by
attention and memory processes.

While research into modes of learning shows that consumer can learn
information relevant to product differentiation, researchers have also investigated
whether learning such information indeed results in the perception of differentiated

products. Advertising has been one of the most common sources of differentiating
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information studied by marketing researchers. Mitra and Lynch (1995) investigated
whether advertising by all competitors in a market was successful in achieving
product differentiation. They presented participants with advertisements for a set
of brands that contained information about the brands’ unique attributes. They
measured perceived differentiation as consumers’ price sensitivity. Higher price
sensitivity indicates that price is the primary determinant of purchase decisions,
and thus attribute differences between products are perceived as less important.
They found that category-wide advertising has multiple, competing influences on
differentiation perceptions. First, advertising can decrease perceived differentiation
because advertising increases the size of a consumer’s consideration set when
making a decision. Advertising makes consumers aware of more options and helps
consumers recall brands better when making decisions from memory. This
increased consideration set size allows consumers to easily identify acceptable
substitutes. Second, advertising can increase perceived differentiation, because
advertisements can provide information about how brands are different from each
other, leading to differential preferences. These preferences decrease price
sensitivity in two ways. First, if a consumer has a strong preference for a particular
brand, they would be willing to purchase it even if a cheaper alternative is
available. Second, strong preferences reduce the size of consideration sets, since
only a small number of brands are preferred enough to compete for the consumer’s
choice. Thus, advertising can be a source of perceived differentiation when

consumers can learn about unique features of brands. However, background factors
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help determine the net effect of the two competing influences. For example, in a
category where consumers can easily determine their preferences from product
attributes, advertising is likely to increase perceived differentiation. In a category
where consideration sets tend to be drawn from memory rather than physical
displays of alternatives, advertising is likely to decrease perceived differentiation.
Other researchers have found support for advertising’s ability to engender perceived
differentiation across other product categories and using a wide variety of
advertising content strategies (e.g., Chakravarti and Janiszewski 2004, Kalra and
Goodstein 1998). Researchers have also found similar effects when consumers
engage in information search outside of an advertising context. In a study of online
wine retailers, Lynch and Ariely (2000) found that when consumers could more
easily learn about product quality, price sensitivity decreased. Thus, when
consumers learn about unique features that are relevant to the quality of a product,
their perceived differentiation increases. However, search costs for quality
information can also be lowered to the point where consumers can find a large
number of similar alternatives (i.e., a larger consideration set), for instance by using
a computer search algorithm to rank purchase options by their expected quality
given product attributes (Diehl, Kornish, and Lynch 2003). Much like in the
advertising context, this increase in consideration set size leads to an increase in
price sensitivity, since consumers could more easily identify acceptable substitutes.
A notable exception to the findings that consumer preferences are based on

learned product—attribute—benefit relationships is the controversial topic of
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meaningless differentiation. Carpenter, Glazer, and Nakamoto (1994) showed that
adding features to products that offer no apparent benefit (e.g., adding silk fibers to
a hair conditioner) attract consumer preferences. Importantly, the effect remained
even when consumers were told that the feature was irrelevant and offered no
benefit. They argue that, without revelation of the irrelevance, consumers will infer
that the feature will have some relevant benefit, for example silk fibers in hair
conditioner may improve the smoothness of hair. When the irrelevance is revealed,
they argue that the meaningless feature’s raw distinctiveness can still induce
preference for the product. While the argument that consumers may infer benefits
from product features in the absence of knowledge is not controversial, considerable
debate has emerged over the importance of consumer-aware, meaningless
differentiation. Many researchers failed to find significant effects of meaningless
features on preferences in a variety of contexts or found that the revelation of a
feature’s meaningless hurt preferences rather than helped (e.g., Broniarczyk and
Gershoff 1997, Kalra and Goodstein 1998, Meyvis and Janiszewski 2002). Other
studies showed that irrelevant information and meaningless attributes only impact
preferences when there is a minimal degree of meaningful differentiation between
brands and consumers need to base decisions on a tie-breaker attribute (Brown and
Carpenter 2000; Van Osselaer, Alba, and Manchanda 2004). Finally, Broniarczyk
and Gershoff (2003) found that revelation of meaninglessness before a choice was
beneficial to low prestige brands that shared the feature with high prestige brands.

Thus, while some consumers indeed appear to find value in features that they know



24

provide no benefit, the significant moderators and restrictive context limit the
1mportance of the finding in consumers’ lives and the applicability of the finding in
marketing strategy.

In between the processes of learning information about products and using
that information to indicate purchase preferences lies the cognitive processes
consumers use to mentally organize and interact with the information. First,
information about a product is organized in a mental representation. The mental
representation consists of the information a consumer knows about the product,
how the different pieces of information relate to each other (i.e., its structure), and
how the structure is used for relevant judgments. Consumer researchers have
generally relied on the mental representation models within similarity processing
theories (Gentner 1983, Markman and Gentner 1993, Tversky 1977, Zhang and
Markman 1998). Second, information about multiple products is organized into
categories (groups of conceptually similar products; Cohen and Basu 1987) and
schemas (the structure of and relationships between multiple categories; Myers-
Levy and Tybout 1989).

Judgments of similarity are a common and essential aspect of consumers’
lives. With regards to product differentiation, one relevant example is determining
when a product is similar enough to be a substitute. To answer such questions,
psychological theories of similarity processing suggest that consumers compare
mental representations of the relevant products. While the two major theories,

termed the contrast model (Tversky 1977) and structural alignment (Gentner 1983),
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differ in the precise organization of information in these representations, both
suggest that consumers conceptualize products as sets of features. When making
similarity judgments, the sets of features are broken down into commonalities —
features that exactly match between the products being compared — and differences
— features that do not exactly match. Differences can further be broken down into
alignable and nonalignable differences (Markman and Gentner 1993). Alignable
differences are features that are part of the common structure between the products
under comparison but whose precise characteristics are not the same. In general,
alignable differences are attributes that can be compared across the different
products. For example, all computers have a processor speed. If two computers have
different processor speeds, then that is an alignable difference. Nonalignable
differences are features that are independent of any common structure between the
products under comparison. In general, nonalignable differences are attributes that
one product has and the other product does not. For example, one computer may
have a built-in webcam while another does not.

Researchers have found that alignable and nonalignable differences play
differential roles in judgments between products, as well as the subsequent
processing of information. The typical finding shows that marketing strategies that
emphasize alignable differences are superior to those that emphasize nonalignable
differences, unless the consumers are high in involvement or expertise (Nam, Wang,
and Lee 2012; Zhang and Markman 2001). Alignable differences are more likely to

be stored in memory and used in subsequent judgments (Markman and Gentner
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1997). Comparative advertising is more effective when it highlights alignable
differences (Zhang, Kardes, and Cronley 2002). Consumers are more satisfied with
decisions when they are made based on alignable differences (Griffin and
Broniarczyk 2010, Zhang and Fitzsimons 1999). The finding most directly relevant
to product differentiation shows how attribute alignability can help new entrants to
a market overcome the pioneering advantage of established brands (Zhang and
Markman 1998). The pioneering advantage describes how early entrants to a
product category tend to outperform subsequent entrants even after controlling for
traditional entry barriers, such as switching costs (Carpenter and Nakamoto 1989).
Zhang and Markman (1998) showed that new entrants who are superior along
alignable differences gain more market share than new entrants who are superior
along nonalignable differences. Thus, brands that differentiate on alignable
features are more likely to viewed as substitutes than brands that differentiate on
nonalignable features.

While similarity processing theories explain how consumers mentally
represent individual products and make comparisons between small sets of
products, theories of categorization and schemas explain how consumers represent
and make judgments relative to large groups of products and groupings of many
categories. At the basic level, categorization theories are concerned with the
structural characteristics of categories that determine the categories defining
characteristics and how people judge an object’s fit with the category. Two of the

most influential models presume categories are constructed by comparing potential
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members to an abstract, idealized representation of the category, called a prototype,
or by comparing potential members to a small set of concrete, already-existing
members of the category that are top-of-mind or typical, called exemplars (Cohen
and Basu 1987; Loken, Barsalou, and Joiner 2008). Marketing research has found
evidence that, rather than being competing theories, consumers engage in both
types of categorization, prototype categorization when consumers are higher in
involvement for the given scenario or when learning category-defining rules is
important, and exemplar categorization when consumers are lower in involvement
or when learning necessary and sufficient rules is especially difficult (Basu 1993).
Research has also shown that people organize categories into hierarchical
structures called schemas (Loken, Barsalou, and Joiner 2008, Meyers-Levy and
Tybout 1989, Rosch 1973). For example, a consumer may have a mental category
that contains all soda. However, the category may be divided into subordinate
categories such as colas, lemon-lime sodas, root beers, etc., and the soda category is
a constituent part of superordinate categories such as sweetened beverages, all
beverages, consumables, etc.

Categorization and schema research has been influential in explaining a
variety of consumer behaviors. Its most important contribution to perceived product
differentiation is the notion that products can be viewed as too differentiated. While
perceiving differences amongst products is an essential element to product
differentiation, a product’s unique features may be too different and hurt consumer

evaluations of the product, despite objective benefits (Alexander, Lynch, and Wang
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2008; Campbell and Goodstein 2001; Meyers-Levy and Tybout 1989; Perracchio and
Tybout 1996). What defines a feature as too different is the degree to which the
feature fits within a consumer’s core conceptualization of the product category, also
called its congruity (Sujan and Bettman 1989; Jhang, Grant, and Campbell 2012).
Highly incongruous product features can result in consumers categorizing the
product in a niche subcategory rather than as part of the broader, basic category,
which further can result in a lower probability of brand recall (Sujan and Bettman
1989). More generally, consumers are thought to partially infer benefits of products
from the categories that contain the product, as similar products generally serve
similar functions in consumers’ lives (Jhang, Grant, and Campbell 2012).
Consumers have difficulty inferring the benefits of incongruous features because
the feature is not commonly associated with the category or its typical benefits.
However, factors that heighten a consumer’s cognitive flexibility — the ability to
hold multiple representations of a concept or multiple perspectives on a topic in
mind (Spiro 1988) — help consumers to resolve the incongruity, improving
evaluation of the product (Jhang, Grant, and Campbell 2012).

Both the quantitative and behavioral traditions have focused much of the
research into perceived product differentiation on how it influences preferences
between alternatives. This makes sense because preference is a primary
determinant of demand for a product and, therefore, is of utmost importance to
businesses and consumers alike. However, behavioral research has also examined

several other important consequences of perceived product differentiation. First,
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perceived differentiation of products and categories leads to increased involvement
with the product or category (Mittal and Lee 1988, Spiller and Belogolova 2016,
Zaichkowsky 1986). Involvement is the degree to which a person feels a personal
connection to some object or situation and is often measured as the number of
personal connections a person makes during an experience (Krugman 1962,
Zaichowsky 1986). High involvement, in turn, is related to a wide variety of
consumer behaviors including the elicitation of supportive arguments and
counterarguments in response to advertising, the amount of information search
consumers engage in, and how long consumers deliberate before making a purchase
(Zaichowsky 1986). Second, consumers are willing to pay a higher price when they
perceive product differentiation, especially when the product is differentiated
vertically rather than horizontally (Auh and Shih 2009, Kalra and Goodstein 1998,
Spiller and Belogolova 2016). Finally, perceived differentiation is a key influence in
the development of customer loyalty (Dick and Basu 1994, Iyer and Muncy 2005,
Jensen 2011, Steenkamp and Gielens 2003). The variety of attributes in
differentiated products are an attempt by the marketer to better meet the needs of
consumers. Loyalty arises, in part, because consumers judge that other competing

alternatives do not meet their needs as well.

1.3.3 Discussion
Product differentiation was originally conceived to be a business’ attempt at
implementing the marketing concept — that in order to achieve the objectives of the

organization, the organization must discover the needs, wants, and desires of its



30

potential customers and satisfy them better than competitors. Both the quantitative
and behavioral approaches recognize that consumers’ perception of differentiation
results in them valuing product offerings more highly. That value can be expressed
in preference and purchase decisions, as well as through the price paid, continued
loyalty to the brand, and a variety of other judgments and behaviors important to
both consumers and businesses. Further, the process that consumers go through to
determine just how much they value some differentiated offering is complex and
involves psychological processes ranging from low-level sensory perception and
learning to high-level information processing and reasoning. The research in the
proceeding essays builds on this area and sheds new light on various aspects of the
perception of product differentiation.

In the first essay, I combine an analysis of the market in which consumers
find themselves with an analysis of a psychological mechanism that can improve
the perception of differentiation in that market. I show that, in actual categories of
products, the actual features companies incorporate into their products tend to be
poorly understood the more unique they are. In other words, the features that are
the most objectively differentiating, in that only one or a small number of brands
provide that feature and any benefits it conveys, are also the least subjectively
differentiating, in that consumers do not have a basis for assessing the value the
feature provides. I argue that mechanistic explanations of the features, which
provide information on how the feature causally relates to product benefits, are an

important mechanism that can improve the understanding on unique features and
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thereby improve the perceived differentiation of the products that contain them. In
doing so, I build on recent research that investigates the role of causal
understanding in consumers’ perceptions of value (e.g., Fernbach at al. 2013; Long,
Fernbach, and De Langhe 2018), showing that consumers can readily learn
product—benefit relationships through explanations and that these relationships
subsequently impact perceptions of the product. Second, I show how explanations
benefit the recall of non-alignable differences. Whereas past research has shown
that recall for such features is low, in general, but improved when background
factors such as personal involvement are high, this research shows that the
memorability of non-alignable differences can be directly manipulated and
1mproved when consumers are provided a causal explanation of the feature.

In the second essay, I examine how the mental representation of products
and the processes of similarity judgments impact differentiation perceptions when
consumers encounter more than two options. When comparing three or more
products, interesting effect emerge, such as the ability for a product that contains
no unique feature to be viewed as the most distinctive by consumers. This research
expands on similarity processing’s role in perceived product differentiation by
examining the similarity relationships within larger sets of products, rather than
the traditional binary comparison. Additionally, it shows novel relationships

between the similarity judgments and information search behaviors.
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Chapter 2.
THE DIFFERENTIATOR’S DILEMMA

2.1 Introduction

The goal of differentiation is to occupy a unique position by providing benefits
to consumers that other brands either do not provide at all or do not provide as well.
When differentiating a product by adding a feature, the ideal case is for the feature
to be both unique and easily understood. When a feature is easy to understand,
consumers can readily ascertain the feature’s benefit. When it is unique, consumers
can recognize that competitors do not provide the benefit. However, I show that
such features are rare. Instead, marketers are faced with the dilemma of choosing
between unique but difficult to understand features and common but easy to
understand features.

Multiple factors are involved in creating this dilemma. Competition between
brands can result in competitors adopting each others’ best features, causing well-
understood features to be increasingly more common over time. The inverse of this
1s also plausible. As more competitors adopt a new innovation, consumers encounter
1t more and develop more knowledge and a better understanding of the feature
(Alba and Hutchinson 1987). These processes predict that common features should
be well-understood. However, the process of competition also causes businesses to
add new features and develop innovations in an attempt to build differentiation
from competitors. Ideally, these new features would be easy to understand,
facilitating adoption and developing a unique product position for the brand.

However, this likely not the case. Given that competition between brands suggests
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that features should become more common over time, the most likely reason for a
feature to be unique is that it is new. Without exposure to the feature, consumers
are not able to develop a base of knowledge that would indicate understanding.
Recent research has shown that a lack of understanding of a product is associated
with decreased purchase intentions and lower willingness to pay for the product
(Fernbach et al. 2013). With a lack of understanding, consumers are unable to
connect the features to any benefits they may provide, and thus the consumer is
unlikely to perceive any meaningful differentiation with respect to that feature.
Research has also shown that unique features have little influence on brand
and product evaluations (Giirhan-Canli 2003; Markman and Gentner 1997; Zhang
and Markman 1998). This line of research categorizes differences between products
as alignable, where the difference is comparable across products such as a car’s
horsepower, and nonalignable, where the difference I not comparable across
products such as the presence of spoiler. Unique features of a product are thus
nonalignable differences. The primary mechanism used to explain the lack of
influence of unique features is that it is more difficult to process information about
unique features. Processing information about a unique feature requires creating
evaluation criteria for that feature, criteria that are not reusable when evaluating
other products that do not have that feature. Thus, it is more cognitively efficient to
focus on alignable differences, where one set of evaluation criteria can be used for

many products (Hsee and Zhang 2010).
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Mechanistic explanations should make it easier for consumers to process
information about unique features, however. Mechanistic explanations provide
detailed information about how some physical system works, providing the causal
mechanisms necessary to predict some relevant outcome (Fernbach et al. 2013). A
mechanistic explanation of a product feature would describe how the feature leads
to some benefit. For instance, a toothpaste may contain iso-Active technology. This
1s a compound that increases the amount of foam produced when brushing. Foam
can get in between teeth where bristles cannot reach, improving oral hygiene. By
providing detailed information about how a feature works and the benefits it
provides, consumers should be more able to create evaluation criteria for the
features, making them easy to process and, thus, more likely to be used in
evaluations. While all toothpaste brands provide the benefit of oral hygiene,
connecting this benefit to a unique feature suggests the brand provides the benefit
in a unique way.

In addition to affecting perceptions of differentiation and other stimulus-
based judgments, previous research has also found that consumers tend to have
poor recall of nonalignable differences, compared to alignable differences (Glirhan-
Canli 2003; Markman and Gentner 1997). For instance, an attribute like a smart
phone’s processor speed has been found to be more common in memory. However,
more basic-level memory research has shown that people tend to encode and recall
novel information better than non-novel information (Friston 2005; Henson and

Gagnepain 2010; Tulving and Kroll 1995). Novel information can be information
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that a person has not encountered before or information that deviates from a
prediction. For instance, when learning about a new phone, a consumer may
implicitly predict that its processor will have an average speed. If the phone’s new
processor is actually 200 MHz faster than comparable models, this would deviate
from the prediction and be novel information.

Given these findings, consumers should be most likely to recall unique
features of products due to their inherent novelty. Given their uniqueness,
consumers are likely unfamiliar with the information, and given unfamiliarity,
consumers likely would not predict the feature to be present at all. I propose that
the reason this has not been found in the product attribute domain is due to the
moderating role of information relevance. Several studies have found that people
select only information relevant to some task to encode in and recall from memory
and have better recall of brand names when they see advertisements that contain
descriptions of benefits more relevant to the consumer (Dick, Chakravarti, and
Biehal 1990; Feldman and Lynch 1988; Lynch, Marmorstein, and Weigold 1988;
Mynatt, Doherty, and Dragan 1993; Sheinin, Varki, and Ashley 2011). If, as
predicted, unique features tend to be poorly understood by consumers, then
consumers will not be able to judge potential benefits, assess if the product will
work specifically for their needs, or make other relevance-related judgments based
on the presence of the feature. Such features will not be relevant to product
evaluations, and thus those features are less likely to be encoded in and recalled

from memory. However, improving subjective understanding of the features
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through mechanistic explanations should increase the probability of encoding and

recalling unique product features.

2.2 Study 1: Dilemma in the Marketplace

Study 1 investigated whether product features that are unique in the
marketplace are poorly understood. To examine this, the author collected product
features from several categories and compared participants’ subjective
understanding of the features with the prevalence of the feature in the marketplace.
Additionally, participants rated two attitude measures. The results show that the
differentiator’s dilemma exists in the marketplace and that it can have negative

1mpacts on brands.

2.2.1 Method

The author collected a set of product features from all products reviewed by
Consumer Reports in six product categories. For each product, the author recorded
all features listed on the brand’s product description webpage. Table 1 shows the

number of features, products, and brands within the six categories.
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Table 1.
BREAKDOWN OF PRODUCTS AND FEATURES

Category Number | Number of | Number of
of Brands | Products Features

Processors ? 487 n
Credit Cards 4 45 16
Facial Tissue 9 19 11
Hair Dryers 4 5 15
Hatchback Cars 9 27 40
Toothpaste 11 44 23
Total 39 627 116

The author then computed each features’ uniqueness. The uniqueness scores
took into account the imbalanced hierarchical structure of each category. For
instance, the features within the computer processor category were attributes of
products. Products were nested within product lines, which were nested within
product line families, which were nested within brands (e.g., Brand: AMD, Family:
Athlon, Line: X2, Product Version: 240). Uniqueness was computed by determining
the percentage of products that did not contain the feature within the next highest
level of the hierarchy (e.g., the number of products within the AMD Athlon X2 line
that did not contain a particular feature). These percentages were then averaged at
successive levels of the hierarchy until the category level.

To measure perceptions of features, participants from Amazon Mechanical
Turk (N = 201, 92 females, Mage = 33.80, SDage = 11.53) rated ten features randomly
sampled from the 116 available. Participants read the product category the feature

came from and the name of the feature. Participants then completed a three-item
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subjective understanding scale and rated their confidence in and perceived utility of
the feature and its benefits. Table 2 provides item wordings, response scales, and
summary statistics.

Prior to the primary analysis, I conducted exploratory factor analyses on the
three understanding scale items using maximum likelihood factoring. To account
for repeated measurements, I conducted ten separate analyses, separating each
measurement by its order of presentation. The three items loaded highly on a single
factor across all analyses (lowest loading = .85). Similarly, I computed separate
Chronbach’s alpha statistics for each of the ten measurements. The lowest alpha
was .91. Given the results of the factor analysis, I averaged the three items for the

following analyses.

2.2.2 Results

The primary hypothesis of study 1 was that more unique features will tend to
be less well understood. Figure 1 shows the uniqueness and subjective
understanding of each feature, averaged across all participants that rated the
feature. Additionally, Figure 1 shows the regression line implied by the mixed
model described below, as well as the model’s parametric bootstrapped 95%
confidence interval. Indeed, features that are common in their category tended to be

well understood, while more unique features were less well understood.
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Table 2.
SUMMARY STATISTICS AND CORRELATIONS FOR STUDY 1
M SD a
1. Uniqueness 65| .34
2. Subjective Understanding 4.36 | 2.15 | .94
a) Do you know what the feature 1s? 4.60 | 2.26
b) Do you know what benefit the feature provides? 4.45 | 2.25
¢) Do you know how the feature provides the benefit? 4.02 | 2.28
(1: Not at all, 4: Somewhat, 7: Completely)
3. Confidence in Benefits 4.45| 2.06

a) How confident are you the feature provides any benefit?
(1: Not at all, 4: Somewhat, 7: Completely)

4. Utility of Feature 454 | 1.89

a) If you were using this product, how valuable would you
expect this feature to be?
(1: Not at all valuable, 4: Somewhat valuable, 7: Extremely

valuable)
1 2 3

1. Uniqueness
2. Subjective -.25
Understanding
3. Confidence in -.26 .83
Benefits
4. Utility of Feature -.22 .66 .80

Notes: Descriptive statistics were calculated over all observations (N = 2010). Repeated measures
correlations were calculated according to Bakdash and Marusich (2017). All correlations are
significant at the p <.001 level.

To evaluate statistical significance, I conducted analyses using linear mixed
effects models. The model regressed subjective understanding ratings on feature
uniqueness. For this and all other models in this study, participants, product
category, and product feature were all treated as random effects, in order to account
for repeated measurement and stimulus sampling. The model estimated random
intercepts by participant and by features nested within categories. As with all
mixed models reported in this dissertation, models were estimated using the Ime4
package in R (Bates et al. 2015), and degrees of freedom were estimated using the

Kenward-Roger approximation (Kenward and Roger 1997). The results of the model
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indicate that more unique features were associated with significantly lower ratings

of subjective understanding (b = -1.82, t(114.30) = -4.57, p < .001).

UNIQUE PRODUCT FEATURES TEND TO BE POORLY UNDERSTOOD

74

Subjective Understanding

Participants also made two evaluative judgments for each feature —
confidence in the benefits the feature provides and the perceived utility of the
feature. These judgments were analyzed in an exploratory manner to evaluate the

potential effects feature uniqueness and subjective understanding may have on

Figure 1.
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Uniqueness

them. Each chart in Figure 2 displays the values for each product feature, averaged

across all participants that rated the feature. Charts in Figure 2 also display the
regression line and 95% confidence interval for the single-predictor, mixed model

1mplied by each chart (as opposed to the multiple regression models discussed

below). For instance, for the chart depicting the relationship between confidence in
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benefits and uniqueness, the regression line is for a model predicting confidence in
benefits by uniqueness, with random intercepts by participant and by features
nested within categories. These models are also equivalent to the respective
correlations in Table 2. The charts indicate that more unique features are
associated with lower confidence in the feature’s benefits, as well as lower perceived
utility in the feature. Higher levels of feature understanding are associated with
more confidence and more utility.

Finally, confidence and utility judgments were separately modeled in two,
multiple-predictor, linear, mixed models. Initially, each judgment variable was
predicted by feature uniqueness, subjective understanding, and their interaction.
However, neither model had a significant interaction (smallest p > .35), so that term
was removed. For the model predicting confidence in benefits, the results indicate
that, controlling for the other predictor variable, more unique features were
associated with significantly lower confidence in the feature’s benefits (b = -.33,
t(123.38) = -2.59, p < .02), and higher subjective understanding of a feature was
associated with significantly higher confidence in its benefits (b = .78, t(1226.05) =
54.09, p <.001). For the model predicting perceived feature utility, there was not a
significant relationship between uniqueness and perceived utility of the feature
after controlling for understanding (b = -.21, t(121.62) = -1.28, p > .20). However,
controlling for uniqueness, subjective understanding of the features was associated

with significantly higher perceived utility (b = .56, t(1403.63) = 32.17, p < .001).
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Figure 2.
RELATIONSHIPS BETWEEN UNIQUENESS, UNDERSTANDING,
AND FEATURE EVALUATIONS
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2.2.3 Discussion
The results highlight the dilemma that marketers face when differentiating
products using features. Features that are unique in the marketplace, and thus are

more likely to give a product a unique positioning, tended to be poorly understood
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by participants. Participants also had negative attitudes toward unique features, as
measured by their confidence that the feature causes a benefit for them, as well as
the perceived utility of the feature.

Additionally, the final models provide evidence that the relationship between
understanding and each attitudinal measure 1s robust to a feature’s uniqueness.
However, the relationship between feature uniqueness and the attitudinal
measures shows less robustness. When predicting a participant’s confidence in the
feature’s benefits, controlling for subjective understanding of the feature, the
reliability of the relationship is still statistically significant but substantially
reduced. When predicting the perceived utility of the feature, the relationship is no
longer statistically significant. While these final analyses were exploratory in
nature, they imply the possibility that understanding mediates the relationship
between feature uniqueness and attitudes toward those features. However, further
research is needed to support this relationship.

Together, these results suggest marketers are left with the unfortunate
options of either adding common features, which consumers have better attitudes
toward but make the product appear more similar to other offerings, or adding
unique features which make the product objectively different from other offerings
but in ways that consumers often cannot perceive. Of course, marketers are not
helpless in this situation. In the proceeding studies, I show how fostering a causal

understanding of how features work improves consumer perceptions.
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2.3 Study 2: Explanations Help Resolve the Dilemma

Study 1 showed the differentiator’s dilemma exists in the marketplace. In
study 2, the author investigated how attribute uniqueness and subjective
understanding affect consumers’ perceptions of product differentiation. This
provides several important insights. First, it generalizes the findings of study 1 to
show that the traits and perceptions of individual attributes affect perceptions of
overall products. Second, it establishes a positive effect of unique attributes on
product perceptions. Previous research has shown that unique features have little
influence on brand and product evaluations, because it is difficult to integrate
information about unique features with information about common or shared
features (Glirhan-Canli 2003; Markman and Gentner 1997; Zhang and Markman
1998). Study 2 shows that unique features have a strong influence on perceptions
when consumers also have a high subjective understanding of the feature and its
benefits. Finally, study 2 provides an additional way by which mechanistic
explanations can influence consumers’ product perceptions and downstream
decision behavior. Fernbach et al. (2013) showed that mechanistic explanations, in
general, improve attitudes toward the product by improving the consumer’s
understanding of the feature and its benefits. Study 2 will show that subjective
understanding can also aid in perceptions of product differentiation through
similarity judgments.

To investigate these ideas, the author adapted a category learning task from

Basu (1993). Consumers learn information about a product category and then are
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presented with a new product. Participants then assess the product’s dissimilarity
to the category. The new product is described with either a unique feature or a
feature that is shared with category members and the feature is either given no

explanation or a mechanistic explanation describing how the feature works.

2.3.1 Method

Participants from Amazon Mechanical Turk were randomly assigned to one
condition in a factorial design. The focal portion of the design had a 2 (Explanation:
no vs. yes) x 2 (Uniqueness: low vs. high) structure. In addition, several other
factors were included in order to bolster external validity. The focal 2 x 2 design was
crossed with a product category factor, using the same six categories as study 1.
Nested within product categories were between three and six target brands,
depending on the category. In total, there were twenty-six category-brand groups.
Finally, each product category contained two unique features used to differentiation
target products. These features were selected from the features used in study 1. In
total, there were 208 conditions (2 explanation levels x 2 uniqueness levels x 52
category-brand-feature groupings). Five participants were nested within each
condition for a total N = 1,040 participants (491 females, Mage = 34.26, SDage =
10.76).

After basic instructions, participants were shown a screen containing two to
five brands, depending on the category. The brands were described using three
attributes and features, as well as product packaging, brand name, and logo. After

examining the category, participants were shown another brand, with the original
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brands still on the screen. They were asked to imagine that the brand was a new
offering and that they would be judging it relative to the brands already available in
the category. The target brand was described with one of two target features for the
category, as well as two additional attributes and features, similar to the other
products. For participants in the explanation conditions, the target feature was
accompanied by a mechanistic explanation of how the feature worked. Below are
two examples.

e Iso-Active Technology is a compound that increases the amount of foam
formed when brushing, which can get in between teeth, cleaning areas that
bristles can’t reach.

e CVT transmissions don't use gears like regular transmissions. Instead, they
work by using a continuously adjustable system leading to more optimal and
efficient power transfer; a smoother, safer ride, less upkeep,; and improved fuel
efficiency.

The other category members were also accompanied by a similar amount of text;
however, the text did not provide informative details about product features. Those
not in an explanation condition received no additional text.

For those in high uniqueness conditions, the target feature was unique to the
target brand. In low uniqueness conditions, all of the target brand’s features were
shared with at least two competitors. Similarly, across all conditions, the features of
competitor brands were arranged such that some features were shared between

some of the brands. Table 3 shows one way that features were distributed within
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the toothpaste category. Feature A, the target feature, was either unique or
possessed by three brands, depending on the uniqueness condition. When Feature
A was unique to the target brand, the other two brands that could contain Feature
A contained the features in parentheses instead. Additionally, Table 3 shows the
packaging, brand names, and logos used for the toothpaste category.

Finally, to measure how differentiated the target brand is perceived to be
within the category, participants indicated dissimilarity on an item adapted from
Tversky and Gati (1979). Participants answered, “How distinct is [brand]’s
toothpaste from other members of the toothpaste category?” on a 1 (Minimally

distinct) to 20 (Maximally distinct) scale.
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FEATURE DISTRIBUTION WITHIN THE TOOTHPASTE CATEGORY
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2.3.2 Results

The primary prediction for study 2 was that the effect of a feature’s

uniqueness on differentiation perceptions will depend on whether the person

received an explanation, since explanations tend to increase subjective

understanding. Figure 3 shows the means of the perceived differentiation item

collapsed across the category, brand, and feature factors. As predicted, simply

having a product feature that is unique among competitors does not necessarily

impact differentiation perceptions in a particular direction. Only after receiving an

informative explanation of how the feature works does feature uniqueness have a
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substantial impact on differentiation ratings. Similarly, the influence of

explanations on differentiation perceptions appears drastically diminished when

the feature is common.

Figure 3.
THE EFFECT OF FEATURE UNIQUENESS ON PERCEIVED
DIFFERENTIATION DEPENDS ON FEATURE UNDERSTANDING
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Note: The error bars represent the standard errors computed during the linear mixed model

analysis.

Again, to improve generalizability and to account for stimulus sampling,
dissimilarity ratings were analyzed using linear mixed effects models. Participants’
dissimilarity ratings were used as the dependent variable and explanation,
uniqueness, and their interaction were the fixed effects. The model estimated
random slopes for all three fixed effects and random intercepts, influenced by three
random factors — product category, brands nested in categories, and product

features nested within categories and crossed with brands.
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The results of the model indicate that there were two main effects qualified
by a significant interaction. On average across levels of uniqueness, explanations
increased perceived differentiation by 1.51 units (Mno = 10.03, Myes = 11.54; t(51) =
7.12; p <.001; d = .44). Across levels of explanations, feature uniqueness increased
perceived differentiation by .53 units (Miow = 10.52, Mhigh = 11.05; t(51) = 2.44; p <
.02; d = .15). However, the interaction term shows that there was a significant
difference in the effect of feature uniqueness when explanations were present
compared to when they were not (t(51) = 4.03; p <.001; d = .23).

Decomposing the interaction, the simple effect of feature uniqueness on
perceived differentiation when explanations were not provided was negative but not
significant (Miow,no = 10.18, Mhigh, no= 9.90; t(51) = -.98, p > .32, d = -.08) and the
simple effect was positive and significant when explanations were provided (Miow,yes
= 10.87, Mhigh, yes= 12.22; t(51) = 4.31, p <.001, d = .39).

In addition to the design discussed and analyzed above, other factors of the
stimuli were analyzed as well. Note that these treatments were not randomly
assigned to stimuli, so they were analyzed in a non-causal, exploratory fashion,
using standard regression and ANOVA models. In all models, dissimilarity ratings
were predicted by the focal variable (described separately for each model),
explanation condition, uniqueness condition, category-brand-feature group, and all
possible interactions. Factors were Helmert coded and continuous variables were

mean-centered.
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First, product categories differed in how many brands were presented to the
participants — ranging from three to six. This was done partially because some
categories had few brands with available data during study 1’s collection. Results
indicated that as more competitor brands are present, the effect of uniqueness on
perceived differentiation is stronger (bNum x Unique = .81, t(832) = 2.05, p <.05). There
was no main effect of the number of competitors, and no other interactions.

Second, categories differed in whether the stimuli contained real or fake
brand names. Real brand names were used for computer processors, cars, and credit
cards, while fake brand names were used for hair dryers, facial tissue, and
toothpaste. Results indicated that the effect of uniqueness on perceived
differentiation was stronger when real brands names were used compared to when
fake brand names were used (bunique| fake = .48, Dunique|real = .60, t(832) = 2.05, p < .05).
There was no main effect of real vs. fake brand names and no other interactions.

Finally, the two target features used within each category differed in terms of
their average subjective understanding ratings from study 1. Within each category,
the feature with the higher average rating from study 1 was coded as feature 1 and
the feature with the lower average rating was coded as feature 2. The results
indicated that features with higher mean understanding ratings were associated
with higher dissimilarity ratings (Miow = 10.45, Mhigh = 11.13, t(832) = 3.47, p <

.001). Feature type did not interact significantly with any other variable.
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2.3.3 Discussion

Study 2 investigated how feature uniqueness and subjective understanding
impacted participants’ subjective perceptions of product differentiation through
similarity judgments. While features that are unique among competitors should
make a product appear highly differentiated, the results indicate that unique
features only affect perceptions of differentiation when the person feels they
understand what the feature does.

Second, study 2 provided some initial evidence of potential boundary
conditions and moderators that can be explored in future research. For practical
purposes, experimental consumer research often involves small sets of potential
decision options. However, consumers often are faced with dozens of alternatives to
process and choose between. Study 2 showed that in such common situations, the
effect of a feature’s uniqueness on differentiation perceptions appears to get
stronger.

Similarly, experimental consumer research often uses fake brand names to
control for beliefs about brands, among other purposes. The results of study 2
showed that when real brand names were used, the predicted effects were stronger.
However, the categories that contained real brand names may also have stronger
brand identities and more brand equity. Future research may look into what
aspects of branding, outside of product characteristics, influence perceived

differentiation.
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2.4 Study 3: The Memory Component of the Dilemma

Study 3 investigated a downstream consequence of increasing perceived
differentiation by adding novel product features. As described in the introduction,
previous research has shown that unique features (labeled nonalignable features in
this study to juxtapose with alignable features) are often not recalled from memory
when considering a product at a later time, while alignable features are readily
recalled (Giurhan-Canli 2003; Markman and Gentner 1997). This improved recall for
alignable features is attributed to their ease of evaluation. One cause for this is that
consumers see several levels of an alignable feature when comparing products
versus only one level of a nonalignable feature. These additional levels provide
reference values that consumers can use to make more informed judgments of
utility (Hsee and Zhang 2010). Without proper evaluation, nonalignable features
become less relevant to judgments, which makes them less likely to be encoded in
and recalled from memory. Mechanistic explanations should aid people in
evaluating attributes, which should improve their recall. Additionally, I predict that
mechanistic explanations should have a stronger influence on nonalignable
differences compared to alignable differences. Consumers tend to have more prior
knowledge about alignable differences compared to nonalignable differences, in part
because more products contain an alignable difference’s underlying attribute (Zhang
and Markman 1998). This can create a differential effect of explanations in two
ways. First, the explanation may not provide as much additional information above

that which the person already knows. Second, research has shown that higher prior
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knowledge can inhibit the learning of new information about innovative products
(Wood and Lynch 2002).

To investigate this, participants examined products and, later, attempted to
recall the products’ attributes. One attribute was cast as either an alignable or
nonalignable feature. Since alignability is a function of the features perceived in
other products, by manipulating the composition of features in competitors’
products, the effect of feature alignability on memory were tested while holding the

actual feature constant.

2.4.1 Method

Participants from Amazon Mechanical Turk were randomly assigned to one
condition in a factorial design. The focal portion of the design had a 2 (Explanation:
no vs. yes) x 2 (Feature Type: alignable vs. nonalignable) structure. As with study 2,
the design also involved additional random factors — six product categories and two
feature replicates nested within categories. In total, there were 96 conditions (2
explanation levels x 2 feature types x 6 categories x 2 feature replicates). Twenty
participants were nested within each condition for a total N = 960 participants (452
females, Mage = 35.07, SDage = 10.94).

After basic instructions, participants were shown two products, each
described with four attributes. Participants were instructed that they will have to
later make judgments about the products without any additional information and,
thus, should learn and memorize the products’ features. One of the features was the

target feature and was subject to the feature type and explanation manipulations.
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To manipulate feature type, the comparison product either contained the same
feature but with a different level (alignable; e.g., 0.09% fluoride content vs. 0.15%
fluoride content in toothpaste) or did not contain the same feature (nonalignable).
Regardless of the condition, the products contained two alignable and two
nonalignable features. To manipulate explanations, the target attribute was either
accompanied by a mechanistic explanation of what the feature does or by a non-
explanatory description. Figure 4 shows an example from the computer processor

category in the nonalignable and no-explanation conditions.
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Figure 4.
TARGET AND COMPARISON PRODUCT FROM STUDY 2

Option A: Intel Core Processor Option B: AMD FX Processor

P

AMD FX PROCESSOR
BLACK EOMION

Speed: 2.8 GHz Speed: 2.6 GHz
Memory Cache: 4 MB Memory Cache: 8 MB
PowerNow QuickTransport
Hyperthreading: 8 total threads Smart caching

Hyperthreading was first introduced in
2002. Intel has updated the technology
significantly to implement it in the Core
series of processors. It is also available
in the Xeon and Atom processor lines.

After examining the two products, participants completed a short filler task.
The task consisted of pretesting stimuli for an unrelated study. There was an
average of 5.23 minutes between examining the products and returning for the
remainder of the study. Upon return, participants were shown brand names and
images of the products with four empty text boxes underneath. Participants were
asked to recall the four product features for each option. After, participants were
shown the original stimuli (as in Figure 4) and asked to rate their subjective
understanding of the target attribute on the same three-item understanding scale

used in study 1 (items labeled what, benefit, and how).
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Recall results were coded by the author. Condition assignments were hidden
from view and the data was sorted base on a random identifier. In order to measure
the overall memorability of the target feature, if the participant mentioned the
target feature in any of the available text boxes the response was scored as a 1 and
otherwise 0. Participants correctly remembered the target feature 44% of the time.

Finally, prior to analysis, the understanding scale underwent exploratory
factor analysis using maximum likelihood factoring. The three items loaded highly
on a single factor (loadings: what = .91, benefit = .91, how = .95). The single factor
model accounted for 85% of the observed variance. The three measures had a
Chronbach’s a = .96. Given the results of the factor analysis, I averaged the three

1items for the analyses below.

2.4.2 Results

Study 3 had several hypotheses. For target feature recall, first, explanations
of a feature should increase the likelihood of a person recalling the feature. Second,
explanations should improve recall better for nonalignable features compared to
alignable features. For the subjective understanding of features, there should be a
similar pattern. Explanations should increase subjective understanding of features
overall; however, they should have a stronger influence on nonalignable features.
Finally, the effect of explanations on feature recall, moderated by feature types,
should be mediated by subjective understanding. That is, explanations should
Increase subjective understanding, which in turn improves recall. However, the

indirect effect should be larger for nonalignable features.
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Figure 5 displays the group means for feature recall (5A) and subjective
understanding (5B), collapsed across product categories and feature replicates.
Supporting the hypotheses, explanations improved both recall and subjective
understanding of the target features. Additionally, explanations have a steeper
slope when the target feature was nonalignable.

To assess the statistical significance of these findings, two models were
created, one for feature recall and one for feature understanding. Feature recall was
modelled using a logistic mixed model. Explanation (no exp. = -1, exp. = 1), feature
type (align. = -1, nonalign. = 1), and their interaction were the fixed effects. The
model estimated random intercepts by product category and feature replicate
nested within categories. The model results indicated that there was a main effect
of explanation, such that explanations, on average, improved feature recall
(P(recall | no exp.) = .38, P(recall | exp.) = .50, z = 3.68, p <.001). Recall was
marginally greater when the target feature was alignable compared to nonalignable
(P(recall | align.) = .47, P(recall | nonalign.) = .42, z = -1.77, p < .08). However, the
significant interaction indicates that the effect to explanations was stronger for
nonalignable features (AP(recall | align.) = .05, AP(recall | nonalign.) = .18, z = 2.15, p
<.04). Explanations did not significantly improve feature recall for alignable
features (P(recall | no exp., align.) = .45, P(recall | exp., align.) = .50, z = 1.10, p >
.27). Explanations did significantly improve feature recall for nonalignable features

(P(recall | no exp., nonalign.) = .33, P(recall | exp., nonalign.) = .51, z = 4.06, p < .001).
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Figure 5.
EFFECTS OF MECHANISTIC EXPLANATIONS AND FEATURE ALIGNABILITY
ON RECALL AND SUBJECTIVE UNDERSTANDING
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Subjective understanding was modelled in the same manner, except using a
linear mixed model, rather than a logistic model. The results indicate two main
effects qualified by a significant interaction. On average across feature alignability,
explanations increased subjective understanding (Mo exp. = 4.19, Mexp. = 5.16, t(945)
=18.03, p <.001, d = .46). Additionally, the features were rated higher in
understanding when they were alignable compared to nonalignable (Malign = 5.02,
Mhonalign = 4.33, t(945) = -12.80, p < .001, d = -.32). However, again, a significant
interaction indicated that the effect of explanations was stronger for nonalignable
features (t(945) = 10.96, p <.001). Explanations improved subjective understanding
of nonalignable features by 1.57 units (Mhno, nonalign = 3.54, Myes, nonalign = 5.11, t(945) =
-20.50, p <.001, d =.73). Explanations also significantly improved subjective
understanding of alignable features, but to a smaller extent (Mo, align = 4.83, Myes,
align = 5.21, t(945) = 5.00, p <.001, d = .18).

Finally, to test whether the effect of explanations on feature recall,
moderated by feature type, was mediated with subjective understanding, I followed
the procedure described by Muller, Judd, and Yzerbyt (2005). Mediated moderation
1s indicated when three effects are significant. First, there must be overall
moderation of the effect of explanations on recall. This is shown in the first model
described above. Second, there must be a moderated effect of explanations on the
mediator (subjective understanding). This is shown in the second model described
above. Finally, the mediator’s effect on recall must be significant, on average across

explanations and feature types. To test this third condition, I estimated a third
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model. Recall was the dependent variable, and the random effects were the same as
previous models. Explanation, feature type, their interaction, subjective
understanding, and the understanding by feature type interaction were the fixed
effects. In this model, subjective understanding was associated with higher recall,
on average across explanations and feature types (b =.08, z = 3.32, p <.001). As a
result, the moderation of the effect of explanations on recall (the explanation x
feature type interaction) was substantially reduced when controlling for subjective
understanding and the understanding by feature type interaction. While the
coefficient was significant previously, the coefficient was no longer statistically

significant in the current model (z = 1.14, p > .25).8

2.4.3 Discussion

Study 3 extended the findings in several ways. First, it showed that
consumers indeed pay attention to and learn about nonalignable product features.
Previous research found that nonalignable features tend to not influence decisions
and that consumers tend to recall only alignable product features from memory.
However, study 3 showed that these findings may have been rooted in the fact that
nonalignable product features tend to be more poorly understood by consumers, and
thus are deemed less relevant. When poor understanding is improved through

explanations, the results of study 3 suggest that nonalignable features are at least

8 MacKinnon, Fairchild, and Fritz (2007) show that the procedure used above can misestimate the
indirect effects of an independent variable on a dichotomous dependent variable. To correct for this
possibility, I also assessed the hypothesized mediated moderation using structural equation
modeling (SEM). See the appendix for this analysis.
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as important in differentiation perceptions as alignable features. Second, study 3
connected the influence of explanations on perceived differentiation to an important
downstream behavior — the ability to store and retrieve product feature information
from memory. Finally, as highlighted earlier, several different streams of research
have highlighted the importance of subjective understanding and subjective
knowledge in consumers’ product perceptions. A common way to improve a person’s
subjective understanding of a product is to provide causal explanations of how it
works. However, the results of study 3 indicate that explanations do not uniformly
improve understanding. While explanations significantly increased understanding
in the alignable feature conditions, its impact was substantially diminished

compared to nonalignable features.

2.5 General Discussion

The studies in this essay showed several important findings relevant to
product differentiation strategy and consumer behavior. In study 1, I found that the
more unique a product feature tends to be, the more poorly it is understood. This is
important not only because it exposes a deficiency in the ability of brands to
differentiate their product offerings, but also because it offers a path to improve
differentiation — by facilitating better understanding of unique product features. In
studies 2 and 3, I showed how relatively short, simple explanations of poorly
understood features can improve understanding and recall of the feature, as well as

increase perceived differentiation of products that contain the feature.
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The research has several limitations that offer opportunities for future
research. First, the audit of features in study 1 came from a relatively small set of
categories that may not be representative of typical or important decisions
consumers make. Future research can examine a wider range of categories and look
for systemic differences in effects across categories that may provide additional
theoretical insights into the role of feature uniqueness and understanding on
perceived product differentiation.

Second, in order to have a manageable set of product information, the studies
only examined product features that fit the definition of nonalignable differences.
While alignable differences were examined in study 3, future research can examine
the role of subjective understanding of alignable differences in similarity judgments
and perceived differentiation. Additionally, future research can look at abstract
features of a brand. For instance, previous research in judicial decision making has
shown that people arrive at judgments by constructing an explanatory, narrative
story (Pennington and Hastie 1988). Applied to a consumer setting, narrative
aspects of a brand, such as the company history or a company’s traditional
manufacturing process, may aid in perceived differentiation by assisting in
incorporating other facts about the brand into judgments and evaluations.

Finally, the studies examined important cognitive processes related to
perceived product differentiation — similarity judgments and memory. However, the
hallmark of perceived product differentiation is reduced price elasticity or

sensitivity. While the research here connected explanations to cognitive aspects of
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perceived differentiation and Fernbach and colleagues (2013) connected explanation
to preference, future research can more directly study the impact of explanations on
perceived product differentiation by measuring the degree to which explanations

focus preference judgments on product attributes compared to price.
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Chapter 3.
THE PLAIN VANILLA EFFECT

3.1 Introduction

Increasingly, consumers have been displaying preferences for simpler
products (Flatters and Willmott 2009). While, on an abstract level, a product loaded
with features seems like it should provide a myriad of benefits, when consumers use
such products they are often disappointed and prefer to have purchased something
simpler (Thompson, Hamilton, and Rust 2005). Additionally, brands that are
positioned as being a master-of-one-trade rather than jack-of-all-trades are viewed
as superior along the dimension they specialize in, even if the jack-of-all-trades
brand has the same attributes and features (Chernev 2007). In this essay, I will
Investigate another consequence of product simplicity by examining how consumers
perceive similarity between competing brands. Brands often differentiate
themselves with novel features. However, if consumers do not understand what the
features do, I show that these features make products look more similar, rather
than more differentiated. Instead, in these environments, plain, “vanilla” products
stand out to consumers.

To model perceived differentiation, I use Tversky’s (1977) contrast model of
similarity processing. The contrast model represents objects as a set of features, and
similarity is assessed as a function of the shared features between two targets, the
unique features of one target, and the unique features of the other target. Thus,
judged similarity is determined by both commonalities and differences between

products. The specific function that represents the similarity judgment is
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S(a,b) = 6f(ANB) - af(A - B) - Bf(B - A)

A and B represent the sets of features of products a and b, respectively. ANB
represents the set of shared features, A — B represents the set of features of A that
B does not have, and B — A represents the set of features of B that A does not have.
The function f maps sets to an interval scale. In this investigation, products will be
simple enough that the specific functional form of f does not change predictions, and
I will use the cardinality function (i.e., the number of elements in the set). Finally,
0, a, and B are weighting parameters. For instance, if a and B were zero, then only
common attributes would factor into similarity judgments. Equal weighting for the
three parameters is common in studies (Tennenbaum and Griffiths 2001). While
studies have found variables that impact the weightings, these variables typically
involve dramatic differences in knowledge between the objects or differences in the
number of features provided — variables that will not be relevant in this
investigation (Tversky and Gati 1978). For simplicity, I will assume equal
weighting. Thus, the equation above simplifies to the following process. To compute
the expected perceived similarity between two products, count the number of shared
attributes, subtract the number of distinct attributes for product A, and subtract
the number of distinct attributes for product B. Table 4 shows a simple example.

The contrast model does not specify rules that determine when features
correspond. Correspondence is whether two attributes or features are directly
comparable. Features do not need to be identical to correspond. For instance, one

brand of toothpaste may be peppermint flavored and another spearmint flavored.
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Since they are both flavorings, the attributes will likely correspond. If the person
does not have a preference between two, they would judge these as a common
feature. However, if the person does have a preference, this would be perceived as a
difference — often called an alignable difference. Finally, when a feature in one
product does not have a comparable feature in the other, the feature does not
correspond — often called a nonalignable difference. For example, in Table 4,

MicroActives in Brand B does not correspond with any feature in Brand A.

Table 4.
SIMILARITY COMPUTATION
Toothpaste Brand A Toothpaste Brand B
Baking Soda Baking Soda
Peroxide Peroxide
MicroActives
Common features 2
Unique features of A 0
Unique features of B 1
Expected Similarity =
Common — Uniquea - 1
Uniques

While determining correspondence is trivially easy for examples like in Table
4, in other cases it is uncertain. For instance, if Brand A had an additional feature
called Micropolishers, would that correspond with Brand B’s MicroActives? The
answer determines whether a consumer perceives the two brands as essentially

identical or significantly differentiated.
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Research has shown that people select and differentiate between pieces of
information based on how diagnostic the information is for some judgment of
interest (e.g., Feldman and Lynch 1988). When consumers have a low sense of
understanding, they make more variable predictions, indicating they do not
perceive much diagnosticity in the information they have (Long, Fernbach, and de
Langhe 2018). Thus, when making judgments of similarity, consumers are less
likely to differentiate features they do not feel they understand, meaning those
features are more likely to correspond, or appear as if they are the same. It follows
that improving understanding of a feature will cause consumers to represent the
features as distinct (assuming the features’ objective qualities are sufficiently
different). Table 5 displays three brands of toothpaste. Below, I compute expected
similarity judgments under different assumptions.

Table 5.
THREE BRAND SIMILARITY COMPUTATION

Toothpaste Brand A | Toothpaste Brand B Toothpaste Brand C
Baking Soda Baking Soda Baking Soda
Peroxide Peroxide Peroxide

MicroActives Iso-Active Technology

Comparing Brand A to Brand B or C yields the same value as before (2 — 0 —
1 =1). When comparing Brand B to Brand C, however, the value depends on
whether the features in the bottom row (MicroActives and Iso-Active Technology)
correspond. Assuming a low understanding of the two features, I predict that they
will correspond. Brands B and C would, thus, have three common features and no

unique features and their expected similarity value would be 3 — 0 — 0 = 3. However,
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assuming high understanding, such that MicroActives and Iso-Active Technology
are understood to be distinct features, Brands B and C would have two common
features, and each would have one unique feature. Thus, their expected similarity
value would be 2—-1-1=0.

These values indicate that when people have a high sense of understanding
of the unique features among products, those features increase perceived
differentiation (i.e., lower similarity scores). However, when people have a low sense
of understanding of unique features, the products that contain the features look
more similar to each other, and the plain, undifferentiated alternative (e.g., Brand
A) appears to be different and stands out.

To extend these predictions beyond mere similarity judgments, consider how
similarity judgments impact the orienting of attention. People tend to orient
attention toward information that is novel, unexpected, and distinctive (Roediger
and McDermott 1995; Wallace 1965). In the context of learning about product
alternatives, the most dissimilar product would be the most distinctive and would
receive the most attention. Further, research has shown that people tend to prefer
an option more after attending to it more (Krajbich and Rangel 2011). The
additional attention allows the person to process more information about the
alternative which, assuming the information is positive, improves evaluations.
Thus, when additional information is available, attending to the most dissimilar

option should increase preference for that option.
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I will investigate these predictions in four studies. In studies 1 and 2, I will
show that a product with no distinctive features can nonetheless be perceived as
distinctive when competitors differentiate with poorly understood features. In study
3, I will show that improving understanding of the poorly understood features
reverses this effect. Finally, in study 4, I will show how the increased
distinctiveness of being the plain, vanilla option leads to increased attention and

preference.

3.2 Study 1: The Plain Vanilla Effect

Study 1 investigated how the product features of competitors can influence
perceptions of differentiation in a target brand. A product that shares all of its
features with competitors should be seen as relatively undifferentiated. However, in
study 1, I will show that an undifferentiated product can be seen as highly distinct
what competitors are differentiated with poorly understood features. To investigate
this, participants were presented with information similar to Table 5, where two
products are differentiated with unique features, but features that are poorly
understood. Participants then rated the three pairwise dissimilarities between
brands. I predicted that the plain option will be rated as dissimilar to both
comparison options, while the two comparison options will be rated similar to each

other.
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3.2.1 Method

Participants from Amazon Mechanical Turk (N = 300, Mage = 34.82, SDage =
11.10) were randomly assigned to one of six product categories, borrowed from essay
1 (hatchback cars, hair dryers, computer processors, toothpaste, credit cards, and
facial tissue). Participants examined a table containing three products,
accompanied by an image, brand name, and information about product features.
The brand name and packaging was counterbalanced between subjects.

One product was the plain vanilla option — that is, it had only two features.
The two comparison options had the same two product features that the vanilla
option had, and each had an additional unique feature taken from those recorded in
study 1 from essay 1. Participants rated three pairwise dissimilarities, comparing
the plain vanilla option to each of the comparison options, and comparing the
comparison options to each other. Participants rated dissimilarity on the same 20
point scale used in study 2 of essay 1. Figure 6 shows example stimuli for the

toothpaste category.
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Figure 6.
TOOTHPASTE STIMULI FOR STUDY 1

mosac ] § = M Radent 20
Mosaic DentaFresh Radiant
Contains: Contains: Conhtains:
Flouride Flouride Flouride
Baking Soda Baking Soda Baking Soda

WhiteLock Technology

Dual Silica Technology

3.2.2 Results and Discussion

The primary prediction of study 1 was that the two dissimilarity ratings
between the plain vanilla option and the comparison options will be significantly
higher than ratings between the two comparison options. The data were analyzed
using a linear mixed model. Dissimilarity ratings were the dependent variable.
Product comparison pair was the independent variable. In order to assess the
difference in means across all three comparisons, two sets of contrasts were used.
First, comparisons were dummy coded with Comparison Product A vs. Comparison
Product B as the comparison group. Second, comparisons were dummy coded with
Plain Vanilla vs. Comparison Product A as the comparison group. Finally, the
model estimated random intercepts by product category and by participants nested

within categories.
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Figure 7 displays the mean dissimilarity ratings for each comparison. The
dissimilarity ratings for both the Vanilla vs. Comp. A and Vanilla vs. Comp. B
conditions were significantly higher compared to the Comp. A vs. Comp. B ratings
(Mva=10.20, Mys=10.37, MaB= 9.38; tva,ap(598) = 6.31, p <.001, d = .26;
tve,aB(598) = 7.61, p <.001, d = .31). The Vanilla vs. Comp. A ratings were not
significantly different from the Vanilla vs. Comp. B ratings (tvs.ap(598) = 1.31, p >
.19, d =.05).

Study 1 provided initial evidence of the plain vanilla effect. Participants
encountered a plain, undifferentiated offering in conjunction with multiple products
that are differentiated with poorly understood attributes. Rather than perceiving
the plain offering as non-distinct, participants rated the product as significantly

more distinct than the differentiated offerings.



74

Figure 7.
DISSIMILARITY BETWEEN PLAIN VANILLA AND COMPARISON OPTIONS

111

Dissimilarity
o

Comp. A vs. Comp. B Vanilla vs. Comp. A Vanilla vs. Comp. B

Note: Error bars represent bootstrapped standard errors.

3.3 Study 2: A Conceptual Replication

Study 2 investigated the same phenomenon as study 1, but using a different
procedure. Rather than measuring and comparing pairwise similarities, I varied the
number of alternatives that had differentiating features and measured perceived
differentiation for just the target brand. When only one alternative brand had a

differentiating product feature, the target brand was seen as not very unique.
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However, when all the competitors had low-understanding features, the target

brand, which had no unique features was judged a highly unique.

3.3.1 Method

Participants from Amazon Mechanical Turk (N = 326) were randomly
assigned to one of three competitor context conditions. In the first condition,
participants saw two brands. The target brand was described using five attributes.
The other brand had the same attributes and attribute levels, but also had a
differentiating product feature. The features were rated lowest on subjective
understanding within their category from study 1 of essay 1. In a second condition
(the differentiated condition), the target brand and comparison brand were the
same as the first condition, but four additional comparison brands were included.
These additional brands were essentially identical to the target brand in that they
had the same features and attribute levels. In the third condition (the plain vanilla
condition), all comparison brands had low-understanding, differentiating product
features. After examining the products, participants rated how unique the target
brand was among its competitors on a seven-point scale ranging from 1: Not at all
unique to 7: Very unique. Figure 8 shows the condition stimuli for the hatchback car
category. Participants completed the task for five different product categories
(hatchback cars, hair dryers, computer processors, toothpaste, credit cards).
Participants were randomly assigned to condition for each category. The order of

categories and the horizontal order of brands in the tables was randomized.



Figure 8.
HATCHBACK CAR FEATURES AND ATTRIBUTES

Brand A Brand B
Engine Cylinders 4 4
Horsepower 185 hp 185 hp
Fuel Economy 37 mpg 37T mpg
Transmission Type Automatic Automatic
Transmission Speeds 6 6
Added Features StabiliTrak™ Stability System
Brand A Brand B Brand C Brand D Brand E Brand F
Engine
Cylinders g i 1 5 4 g
Horsepower 185 hp 185 hp 185 hp 185 hp 185 hp 185 hp
Fuel Economy 37 mpg 37 mpg 37 mpg 37 mpg 37 mpg 37 mpg
Tran_?;:;igsion Automatic Automatic Automatic Automatic Automatic Automatic
Transmission
Speeds 6 6 6 6 6 6
Added Ecologic™
Features Fuel System
Brand A Brand B Brand C Brand D Brand E Brand F
Engine
Cylinders x 4 4 i : 4
Horsepower 185 hp 185 hp 185 hp 185 hp 185 hp 185 hp
uct 37m 37m 37 m 37m 37m 37 m
Economy pg pa Pg Pg P pg
Tran_?;;igsion Automatic Automatic Automatic Automatic Automatic Automatic
Transmission
Speeds 6 6 6 6 6 6
Added Sensing™ Xtronic EcoLogic™ StabiliTrak™ SYNC™
Features Control CyTm™ Fuel Stability Entertainment
Sytem Transmission System System System

3.3.2 Results and Discussion

76

Because participants were randomly assigned to condition at the beginning of

each trial, the data is highly unbalanced. This would lead a standard mixed ANOVA

to drop participants that were always in the same condition, and would estimate
both a within-subject effect of condition on uniqueness scores and a between-

subjects effect. Linear mixed models can handle such unbalanced data without
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removing any participants and can compute a single effect of condition on
uniqueness scores. However, unlike in other studies, product category was not
treated as a random variable, because the data did not allow such models to
converge. Instead, uniqueness was the independent variable, competitor context,
category, and their interaction were the independent variables, and the model
estimated random intercepts by participant. There were no significant main effects
of category nor interactions, so I will not discuss them further. As predicted,
uniqueness ratings for target brand were significantly higher in the plain vanilla
condition compared to both the differentiated condition and the two-brands
condition (Myanilla = 4.56, Maitr = 2.94, Mobrands = 3.08; tv.a(312.23) = 3.15; p < .001, tv.
2(312.23) = 2.87; p <.003).

Study 2 shows that consumers’ perceptions of differentiation for a product are
affected by the context the product is in. Without changing any aspect of a product,
the perception of differentiation can be influenced by whether comparison brands
are differentiated with low-understanding product features. While it is not
uncommon for brands to be concerned with competitors adding similar features and
benefits to their products, brands are probably not aware of the potential benefits
when competitors add poorly understood but unique features. In study 3, I extend
the findings of studies 1 and 2 by showing how subjective understanding influences
the plain vanilla effect. Specifically, providing causal explanations for the poorly
understood, differentiating product features can reverse the results and highlight

the distinctiveness of the differentiated products.
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3.4 Study 3: Explanations Reverse the Plain Vanilla Effect

Studies 1 and 2 showed that products with poorly understood features were
perceived as similar to each other, despite being objectively different, or,
equivalently, that plain, undifferentiated options were seen as highly distinct from
products with poorly understood product features. This suggests that participants
were processing the two, unique features of the differentiated options as if they
were actually the same thing (i.e., the features corresponded). In study 3, I
examined whether subjective understanding plays a role in the correspondence
process. Features in studies 1 and 2 were selected such that they were poorly
understood in previous studies. In study 3, participants read mechanistic
explanations for the unique features, similar to those used in essay 1. I predicted
that explanations would increase participants’ subjective understanding of the
benefits a feature provides and how the feature works. This understanding should
make participants more likely to identify the previously poorly understood features
across two options as separate, non-corresponding entities. The participant would,
thus, perceive two points of difference where they otherwise would have perceived a

point of similarity, increasing dissimilarity ratings.

3.4.1 Method

Study 3 (N =480, 228 females, Mage = 35.27, SDage = 10.81) employed a
similar design and method as study 1, except for an additional between-subjects
factor — explanations. Again, participants were randomly assigned to one of six

product categories. The no-explanation condition was identical to study 1.
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Participants saw three brands — a vanilla brand with two features and two

comparison brands that shared the same features as the vanilla brand plus had one

differentiating feature. In the explanation condition, participants read mechanistic

explanations for the differentiating features in the comparison options. The plain,

vanilla option was accompanied by equal-length, non-explanatory text. Figure 9

shows example stimuli for the toothpaste category. Participants rated dissimilarity

for the three pairwise comparisons among brands. Dissimilarity was measured

using the same 20-point scale as in previous studies.

Figure 9.

EXPLANATIONS FOR DIFFERENTIATING FEATURES

=
mosaic [l 1= =N

Mosaic DentaFresh
Contains: Contains:

Flouride Flouride

Baking Soda Baking Soda
WhiteLock Technology
Mosiac toothpaste is a division WhiteLock Technology is a compound

of the OraCare family. It was first that forms a temporary seal around your
introduced in 1967 and now is sold teeth. This seal holds cleaning and

in dozens of countries. Mosaic also whitening compounds close to your teeth
markets lines of toothbrushes, longer, improving their effectiveness.
floss, and mouthwash.

Radiant Dual Si\ic30

Technology

Radiant

Contains:
Flouride
Baking Soda
Dual Silica Technology

Silica is the primary part of toothpaste
that cleans your teeth. It is a mild
abrasive that scrubs plague off. Dual
silica technology also contains an
extra fine silica that polishes teeth
better than standard silica.
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3.4.2 Results and Discussion

Dissimilarity ratings were analyzed using a linear mixed model with
dissimilarity as the independent variable and explanation, comparison pair, and
their interaction as the independent variables. Random intercepts were estimated
by product category and participant nested within categories. I first assessed
whether the no-explanation condition replicated the findings of study 1. Figure 10
displays the mean dissimilarity ratings for the six conditions. Examining the solid
line, which is the three dissimilarity ratings for the no-explanation condition, the
results appear to replicate study 1. Dissimilarity ratings were higher for the two
comparison’s that included the plain vanilla option. The results of the mixed model
confirm that these differences were statistically significant (Mva= 10.42, Mvs=
10.55, Map = 9.53; tva.ap(956) = 5.48, p <.001, d = .21; tve.aB(956) = 6.26, p < .001, d
= .24). However, the dissimilarity ratings for the two vanilla comparisons were not
significantly different from each other (tva,vs(956) = .79, p > .43).

The dashed line in Figure 10 shows the dissimilarity ratings when
explanations were present. While the means for plain vanilla comparisons were
similar after adding explanations, the dissimilarity between the two comparison
products dramatically increased. Indeed, the dissimilarity between the two
comparison products was significantly larger than the dissimilarities between
either pair that included the plain, vanilla option (Mva= 10.52, Mys= 10.25, Map=

11.43; tyaa(956) = -5.53, p <.001, d = -.21; tvp.as(956) = -7.12, p < .001, d = .27).
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The difference between the two comparisons involving the plain, vanilla option was
not significant (tva, ve(956) = -1.60, p > .11).

The primary hypothesis for study 3 was that explanations would significantly
increase dissimilarity ratings between the two comparison options, relative to the
plain vanilla option. Statistically, this is evidenced by a significant interaction
between explanations and comparison pair (t(956) = -9.96, p < .001). Specifically,
the Comp. A vs. Comp. B pair was coded -2 and both pairs involving the plain,
vanilla option were code +1. This contrast compares the comparison brand
dissimilarity to the average of the two, plain, vanilla brand dissimilarities. When
interacted with explanations, the term asks whether there is a significant difference
in slopes between the comparison brand pair and plain, vanilla pairs when
explanations are present. In the no-explanation condition, the simple effect of the
comparison pair contrast was positive and significant, that is, the average plain,
vanilla dissimilarity was greater than the comparison brands dissimilarity (t(956) =
6.78, p <.001). However, in the explanation condition, the contrast was negative
and significant, that is, the dissimilarity between comparison brands was
significantly greater than the average dissimilarity between the plain, vanilla

brand and the comparison brands (t(956) = -7.30, p <.001).
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Figure 10.
EFFECTS OF EXPLANATIONS AND PRODUCT FEATURES ON PERCEIVED
DIFFERENTIATION
131
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ey b ~
C_‘E 111 ~a— ~
5 —_
2 10+
(]
9 4
8 4
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Study 3 showed that subjective understanding of a product feature helps
determine how correspondence between features is determined in similarity
processing. While in many situations it is obvious whether two features correspond
for the purpose of assessing similarity, there are also many cases where it is not
obvious. When consumers do not understand a set of features, they are treated as,
essentially, the same thing. For instance, one toothpaste brand may advertise
WhiteLock technology as a new feature, and another brand may advertise that they

recently added White Seal technology to their toothpaste. Consumers assessing the
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two brands would need to determine if they are corresponding features (for
instance, different trademark names for the same compound). Study 3 illustrated
that explanations which gave differentiating information about the distinctive

features led to increased perceptions of product differentiation.

3.5 Study 4: Plain Vanilla Effect, Attention, and Choice

In study 4, I investigated downstream consequences of the plain vanilla effect
on attention and choice. Participants saw stimuli similar to those from study 1;
however, participants could also choose to read additional, general information
about the brands. People tend to orient their attention toward distinctive objects —
those that are different from their surrounding context (Roediger and McDermott
1995; Wallace 1965). Since the plain, vanilla option tends to be seen as more
dissimilar compared to other products in its context, I predicted that participants
will orient attention toward it by choosing to read additional information more than
for other options. Additionally, since attention and elaboration toward an option
tend to increase preference for that option (Krajbich and Rangel 2011), I predict
that when asked to choose between the options, participants will select the vanilla

option.

3.5.1 Method
Participants from Amazon Mechanical Turk (N = 300, 164 females, Mage =
35.79, SDgage = 12.31) were randomly assigned to one of six product categories.

Participants viewed a set of three decision options similar to those used in studies 1
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and 3. The plain, vanilla option had two product features described and each of the

comparison options had the same two features plus a unique feature not shared

with any other option. The primary difference in stimuli in study 4 was that below

each option, was a button the participants could click to read more information

about the brand. The additional information was adapted from Wikipedia entries

for real brands and 1s meant to provide mildly positive information about the brand.

Figure 11 shows example stimuli for the toothpaste category.

MOSAIC .

Mosaic

Contains:
Flouride
Baking Soda

Figure 11.
PLAIN VANILLA EFFECT STIMULI WITH OPTIONAL ADDITIONAL
INFORMATION
15 =K Radiant =€)
DentaFresh Radiant
Contains: Contains:
Flouride Flouride
Baking Soda Baking Soda
WhiteLock Technology Dual Silica Technology

Click to read more...

Mosaic toothpaste was first
introduced in 1967 and has
always been an approved
brand of American Dental
Association. Mosaic
toothpastes come in mint
and citrus mint flavors.
Mosaic also markets
toothbrushes under the
Oracare brand.

Click to read more... Click to read more...

Participants were asked to examine the products as if they were going to

purchase one and were told that if they would like more information about the

brand, they can click on the button below each option. After the participant was
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ready to make a decision, they could click a button taking them to a new page. The
new page had the same stimuli except the option to read more information was no
longer available. Participants were asked to indicate which option they would
choose to purchase, if they had to purchase one of the three brands, assuming the

three brands had equal prices.

3.5.2 Results and Discussion

The first prediction of study 4 was that more people would engage in
information search with the plain vanilla option than with the other two options.
Figure 12 depicts the proportion of people who engaged in information search for
each option, averaged across product categories. Nineteen percent of participants
chose to read more information about the plain vanilla option, compared to 13% and
14% for comparison options A and B. Information search choices were analyzed
statistically using a generalized logistic mixed model. The dependent variable was
the three search choices each participant made (whether or not to examine
information about the plain vanilla option, comparison option A, and comparison
option B). The target option of the information search choice was the independent
variable, with two orthogonal contrasts: Plain Vanilla = +2, Comp. A, Comp. B=-1;
Plain Vanilla = 0, Comp. A = +1, Comp. B = -1. Finally, the model estimated random
intercepts by product category and participants nested within categories. The
results of the model indicated that participants were significantly more likely to

engage in information search for the plain vanilla option (z = 2.07, p < .04). The
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difference in search likelihood between the two comparison options was not

significant (z = 0.37, p > .71).

Figure 12.
INFORMATION SEARCH AND CHOICE FOR PLAIN AND DIFFERENTIATED
OPTIONS
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Note: error bars in the search chart represent the bootstrapped standard errors computed from the
logistic model. Error bars in the choice chart represent the 95% confidence interval computed from
the binomial test.

Second, I predicted that the plain vanilla option would receive more choice
share than the comparison options. Figure 12 also displays these results. The plain

vanilla option was chosen by 40% of participants, compared to 34% and 24%,
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respectively, for comparison option A and comparison option B. Separate binomial
tests were used to assess statistical significance, with 1/3 as the expected
probability. The plain vanilla option was chosen significantly more than chance (p <
.03), comparison option A was not chosen significantly differently from chance (p >
.90), and comparison option B was chosen significantly less than chance (p <.02).

Finally, I predicted that demand for the plain vanilla option would be
stronger after people choose to view information about the plain vanilla option. To
analyze this question, first, the choice variable was recoded as: plain vanilla = 1,
comparison A, comparison B = 0. Second, this choice variable was used as the
outcome variable of a generalized logistic mixed model. The two independent
variables were an indicator variable for whether the participant engaged in
information search for plain vanilla brand and a variable that measured whether
the participant engaged in search with zero, one, or both of the comparison options.
Finally, the model estimated random intercepts by product category and
participants nested within categories. As predicted, those who chose to view
information for the plain vanilla option were significantly more likely to choose the
plain vanilla option (P(choicevanila | searchyaniina) = .54, P(choicevanila | nosearchvaniia) =
.36, z=2.38, p <.02).

Study 4 showed an important consequence of the plain vanilla effect.
Whereas previous studies examined how providing information changed
participants’ differentiation perceptions, in this study, participants were able to

choose options to receive more information about. Supporting the hypothesis that



88

people orient attention toward distinctive stimuli, participants chose to examine
more information about the plain vanilla option, which previous studies showed is
viewed as more distinctive, compared to other options. Additionally, the act of
viewing more information about the plain vanilla option led to an overall increase in
choice share. Thus, while merely being different may not directly cause consumers
to view a brand as superior, study 4 highlighted an indirect path to preference that

increased perceived differentiation can put a brand on.

3.6 General Discussion

The studies in this essay that the processes by which consumers make
similarity judgments can influence the perceived differentiation of products in
counterintuitive ways. Typically, a brand might try to differentiate itself by adding
a novel feature. However, this research suggests that doing so can backfire. If the
feature is poorly understood by consumers, which studies in essay 1 suggest is
common, it can make the product seem more similar to other products that also
have poorly understood features. Instead, a product that is otherwise
undifferentiated appears highly distinct.

The research has several limitations that offer opportunities for future
research. First, three of the four studies only examined products that contained two
commonalities and one unique feature. This restrictive format may mask more
complex relationships between the attribute structure of products and their

perceived similarity and differentiation. Future research can vary the structures to
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see if relationships are different as the numbers of commonalities and differences
change both within and across competing options. Additionally, the format of the
studies bears a resemblance to context effect paradigms, such the decoy effect
(Huber, Payne, and Puto 1982), in that consideration of more than two alternatives
changes how individual alternatives are processed. Future research can examine
how common context effect paradigms affect dependent variables other than choice,
such as similarity.

Second, as with essay 1, essay 2 did not assess the direct impact the plain
vanilla effect has on preference (study 4 measured preference as an effect of added
attention paid toward the plain vanilla option). One reason for this is that several,
unreported, exploratory studies found mixed results with regards to the effects of
the paradigm used here on preference. Future research can determine conditions
under which the plain, vanilla effect is more likely to increase preference for the
plain, vanilla option directly, rather than as an indirect effect of other cognitive
processes. Subsequently, future research can then investigate the plain, vanilla
effect’s role in price sensitivity.

Finally, all explanations given in study 3 differentiated the features used in
the comparison products. The results indicate that such explanations decreased the
perceived similarity between those products. However, explanations could also be
phrased so that two features seem similar to each other. For instance, two features
could provide the same general benefit or operate along a similar causal process.

While the models discussed here suggest that such explanations should increase the
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similarity between the two products, other relationships are possible. For instance,
despite having the same benefit, different causal routes to that benefit may reduce

similarity.
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APPENDIX

To further assess the mediated moderation relationship hypothesized in
Essay 1, Study 3, I conducted structural equation modeling analysis. The lavaan
package in R was used to estimate the models (Rosseel 2012). The estimated models
correspond to the three models discussed in the original analysis. In the first model,
recall was predicted by explanations, feature type, and their interaction. Software
limitations prevented the model from having additional random effects. To control
for product category and feature replicate, these factors were collapsed into a single
variable. That variable was Helmert coded and included in the model as fixed
effects. The focal test of this model is whether there is overall moderation of the
effect of the explanations on recall (i.e., the interaction between explanations and
feature type), which was indeed significant (standardized estimate = .12, z = 2.15, p
<.03).

The second SEM jointly estimated two regressions, as well as estimated two
latent variables. Rather than using the averaged values of the three understanding
scale items, this model estimated the latent subjective understanding factor
through confirmatory factor analysis. The interaction between subjective
understanding and feature type was also estimated using confirmatory factor
analysis. To do so, each understanding item was mean centered then multiplied by
the feature type contrast code (align. = -1, nonalign. = 1). These products were the

indicators for the understanding by feature-type interaction.
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The two regression equations, again, correspond to the second two mixed
models described in the original analysis. The first predicted subjective
understanding by explanation, feature type, and their interaction. The second
predicted feature recall by explanation, feature type, their interaction, subjective
understanding, and the understanding by feature type interaction. Finally, the
model estimated intercepts for the latent variables.

The overall fit of the second model was good (x2(83) = 42.82, p > .05; RMSEA
=.005; GFI = .99). The three understanding items loaded highly on the latent
variable (standardized loadings > .90). Additionally, the three product indicators for
the understanding by feature type interaction loaded highly on their latent variable
(standardized loadings > .88).

This model also corroborated the prior evidence of mediated moderation.
Feature type significantly moderated the effect of explanations on the mediator,
subjective understanding (standardized estimate = .40, z = 10.86, p < .001), and
subjective understanding was significantly related to recall on average across
explanation and feature types (standardized estimate = .18, z = 3.46, p < .002).
Additionally, when controlling for understanding, the moderated effect of
explanations on recall (i.e., the explanation x feature type interaction) was no longer
significant (standardized estimate = .08, z = 1.25, p > .21).

Finally, this second model allowed for the direct estimation of the indirect
effect of explanations on recall, mediated by subjective understanding. The indirect

effect was significant in both the alignable and nonalignable feature conditions;
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however, as predicted, it was substantially reduced in the alignable feature
conditions. The SEM estimated that explanations increase the probability of recall
by .28 in the nonalignable conditions (standardized estimate = .16, z = 3.42, p <
.002), while the model predicted only a .07 increase in the alignable conditions
(standardized estimate = .01, z = 2.85, p < .005). Thus, explanations have a positive
effect on feature recall; however, this effect is stronger for nonalignable features,
compared to alignable features. Finally, the moderated effect of explanations on

feature recall is mediated by subjective understanding.



